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Abstract

Biomarker stratified clinical trial designs are versatile tools to assess biomarker clinical utility 

and address its relationship with clinical endpoints. Due to imperfect assays and/or classification 

rules, biomarker status is prone to errors. To account for biomarker misclassification, we consider 

a two-stage stratified design for survival outcomes with an adjustment for misclassification in 

predictive biomarkers. Compared to continuous and/or binary outcomes, the test statistics for 

survival outcomes with an adjustment for biomarker misclassification is much more complicated 

and needs to take special care. We propose to use the information from the observed biomarker 

status strata to construct adjusted log-rank statistics for true biomarker status strata. These adjusted 

log-rank statistics are then used to develop sequential tests for the global (composite) hypothesis 

and component-wise hypothesis. We discuss the power analysis with the control of the type-I 

error rate by using the correlations between the adjusted log-rank statistics within and between the 

design stages. Our method is illustrated with examples of the recent successful development of 

immunotherapy in nonsmall-cell lung cancer.
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1 | INTRODUCTION

Advancements in cancer biology and genomics-based technologies have revealed that 

patient responses to therapeutics are often heterogeneous as the genetic mechanism of 

cancer can be heterogeneous across patients. There has been a rapidly growing interest in 

biomarker-driven personalized cancer therapy, also known as targeted therapy.1,2 Clinical 

trials utilizing biomarkers in selecting patients for targeted therapies have been developed 

in the past few decades.3–5 Recently, Renfro et al6 provided an excellent review and 

useful examples and references. Among biomarker-based clinical trials, the biomarker-

stratified design is probably one of the most popular designs and has been used in 

many clinical trials.7,8 Typically, patients are stratified into either a marker positive or 

a marker negative subgroup by their biomarker profiles, and then randomized to receive 

either the targeted therapy or the standard therapy within each marker stratum. These 

stratified designs can detect a statistically significant biomarker-by-treatment interaction 

effect, thereby statistically confirm the predictive ability of the biomarker. These designs 

often require a relatively large sample size, as its structure resembles multiple randomized 

trials conducted in parallel.9 However, one practical impediment to the use of biomarker 

stratified designs is that, in some cases, the ascertainment of biomarker status may be subject 

to errors/misclassification, which makes it challenging to evaluate the treatment effect 

and identify/confirm predictive biomarker. Several papers have considered misclassification 

problems with biomarkers but in different contexts. For example, Krisam and Keiser10 

investigated decision rules for selecting target populations and methods for calculating 

sample size to achieve a specified selection probability. Friedlin et al11 reported a Marker 

Sequential Test design and compared with the sequential subgroup-specific design that 

sequentially assesses the treatment effect in the biomarker subgroups. Wang et al,12,13 

focused on misclassification issues in noninferiority trials. Wang and Lim14 applied a 

machine learning algorithm to validate biomarker predictive performance in assessing 

subpopulation-specific treatment effects. Liu et al15 showed that marker misclassification 

may have profound adverse effects on the coverage of confidence intervals, power of the 

tests, and required sample sizes. Zang et al16 proposed a two-stage design where the 

biomarkers are measured by both error-free and error-prone methods in patients enrolled 

in Stage I, and the biomarker is only measured on the error-prone method in patients 

enrolled in Stage II. They investigated the bias in the estimation of prognostic and 

predictive biomarker effects and treatment effects caused by biomarker misclassification 

in the presence of covariates. Zang and Guo17 proposed a two-stage optimal enrichment 

design that utilizes the surrogate marker to correct for the biomarker misclassification. Lin 

et al18 reported a two-stage adaptive enrichment design for continuous endpoints, with an 

adjustment for the misclassification of predictive biomarkers. Those reports focused on the 

misclassification adjustment for continuous and/or binary endpoints. To the best of our 

knowledge, adjustment for misclassification of biomarkers for assessing survival endpoint 

has not yet been reported.

In this paper, we propose a two-stage stratified design with survival outcomes. 

The stratification is based on the observed biomarker status, and specifically, the 

misclassification of a binary predictive biomarker is considered. Similar to Liu et al,15 we 
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assume that the prevalence rate of the biomarker and the sensitivity and specificity of the 

biomarker determination test are known. Compared to continuous and/or binary outcomes, 

the test statistics for survival outcomes with adjustment for biomarker misclassification is 

much more complicated and needs special care. We propose to use the information from the 

observed biomarker status strata to construct adjusted log-rank statistics for true biomarker 

status strata. These adjusted log-rank statistics are then used to develop sequential tests for 

the global (composite) hypothesis and component-wise hypothesis. We discuss the power 

analysis with the control of the type-I error rate by using the correlations between the 

adjusted log-rank statistics within and between the design stages.

This paper is organized as follows: In Section 2, we give the hypotheses of interest. In 

Section 3, we present the proposed two-stage stratified design. First, we describe our method 

to derive the log-rank statistics, adjusted for biomarker misclassification. The correlation 

matrix of the adjusted log-rank statistics within and between the design stages and their 

asymptotic joint distribution are presented. These correlations are crucial in calculating the 

critical values, type I error rates, and power in testing treatment effects. In Section 4, a 

numerical example is used to illustrate our method. Finally, discussion is followed in Section 

5.

2 | PARAMETERS AND HYPOTHESIS

Consider a two-arm randomized controlled clinical trial to assess whether the effect of a 

test treatment is superior to control (standard of care) in terms of survival endpoint (eg, 

time to disease progression, or death). Suppose some baseline genomic biomarker may be 

predictive of a treatment effect. For simplicity, assume that the biomarker is dichotomized 

into either a positive or negative status. Denote the true marker status by D = + for true 

positive and − for true negative status. Denote observed marker status by M = * for observed 

positive and ϕ for observed negative status. The stratified randomization is performed 

based on observed marker status with sensitivity λsen and specificity λspec. In this paper, we 

use observed biomarker positive (or negative) strata, observed positive (or negative) group 

interchangeably.

Let the prevalence of the true marker positive be P D = + = p. Then the proportion of 

observed marker positive is q = P M = * = pλsen + 1 − p 1 − λspec , the positive predictive 

value PPV = P D = + ∣ M = *  is τ = pλsen
pλsen + 1 − p 1 − λspec

= pλsen
q , and the negative 

predictive value NPV = P D = − ∣ M = ϕ  is η = 1 − p λspec
1 − P M = * = 1 − p λspec

1 − q . Note that when 

λsen = λspec = 1, q = p and τ = η = 1.

Let randomization ratio be r to active treatment and 1 − r to placebo treatment, where 

0 < r < 1, and ℎij t  denote the hazard at time t with i = + (positive) or − (negative) for 

true marker status, and j = T  for active treatment or C for control treatment. Assuming 

proportional hazards between treatment and control, we denote the treatment effect for 

true marker positive stratum by δ+ = log ℎ+T t
ℎ+C t , with the corresponding null hypothesis 

H0 + :ℎ+T t = ℎ+C t . Denote the treatment effect for true marker negative stratum by 
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δ− = log ℎ−T t
ℎ−C t , corresponding to null hypothesis H0 − :ℎ−T t = ℎ−C t . The overall treatment 

effect is δ = w1δ+ + w0δ−, where w1 ≥ 0  and w0 ≥ 0  are some weights for treatment 

effect.9 The corresponding null hypothesis is H0a:δ = 0. A natural choice of weight is the 

marker positive prevalence, that is, w1 = p and w0 = 1 − p. The quantity δ = pδ+ + 1 − p δ− is 

interpreted as “treatment utility effect”.9 In our design, the weights are prespecified as w1 = p
and w0 = 1 − p, and this p is a known value.

We are interested in testing the treatment effect in the overall patient population

H0a:δ = 0 vs H1a:δ < 0,

as well as the treatment effect in the true marker-positive cohort

H0 + :δ+ = 0 vs H1 + :δ+ < 0 .

Since we are pursuing either treatment effect in the overall population or only the true 

marker-positive cohort (ie, δ < 0 or δ+ < 0), we are testing the following composite (global) 

hypotheses:

H0:δ = δ+ = 0 H0a ∩ H0 + vs

H1:δ < 0 or δ+ < 0 H1a ∪ H1 + .

2.1 | Asymptotic distribution of log-rank statistic

When the biomarker assay is perfect, that is, λsen = λspec = 1, the treatment effect can be tested 

using the conventional log-rank test. Specifically, let Y ijk denote the number of subjects at 

risk at the kth distinct event time in the ith true marker stratum and the jth treatment group, 

where i = + for true marker positive and − for true marker negative, and j = T  for active 

treatment or C for control treatment. The unstandardized log-rank statistic for testing the 

treatment effect in the ith marker status stratum can be expressed as

Qi =
k = 1

K
diTk − di ⋅ kY iTk

Y i ⋅ k
,

where i = + or,−, di ⋅ k and Y i ⋅ k denote the total number of events and total number of subjects 

at the kth event time, respectively, and K is the total number of different event times in the 

ith stratum, then

Var Qi =
k = 1

K
Var diTk =

k = 1

K Y iTkY iCkdi ⋅ k Y i ⋅ k − di ⋅ k

Y i ⋅ k
2 Y i ⋅ k − 1 ,
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is a consistent estimator of the asymptotic variance Var Qi  of Qi. It is well known that under 

the null hypothesis: ℎiT t = ℎiC t , the standardized log-rank statistic

Zi = Qi

Var Qi
∼ AN 0,1 .

In Appendix B, based on Schoenfeld’s method,19 under alternative hypothesis ℎiT t ≠ ℎiC t
satisfying log ℎiT t /ℎiC t = O n−1/2 , we have

Zi = Qi

V ar Qi
∼ AN ψi, 1 ,

with

ψi = r 1 − r DilogℎiT
ℎiC

,

and, asymptotically,

E Qi = r 1 − r DilogℎiT
ℎiC

= r 1 − r Diδi,

and

Var Qi = r 1 − r Di,

where Di is the expected total number of events in the ith marker status stratum.

3 | STRATIFIED DESIGN

Now, consider 0 < λsen ≤ 1, 0 < λspec ≤ 1. The above diagram shows the proposed two-stage 

stratified design based on observed marker status. Let N denote the total number of patients 
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of the study. At Stage I, tN patients, 0 < t < 1, are stratified according to their observed 

marker status, and within each observed marker stratum, patients are randomized to either 

the active treatment or the control group with ratio of r to 1 − r. At the interim analysis 

time T1, and the information fraction In, the composite null hypothesis H0 will be tested 

to determine whether to declare superiority early. If H0 is not rejected, we will continue 

following up Stage I patients and enrolling 1 − t N Stage II patients and perform the final 

analysis at time T2.

3.1 | Adjusted log-rank statistics at Stage I

For Stage I, let nmi
1  denote the expected number of patients in the observed marker group 

k with true marker status i, and nm
1  denote the expected number of subjects with observed 

marker status m, where m = * or ϕ and i = + or −. Then n* +
1 = τn*

1  and n* −
(1) = (1 − τ)n*

(1). 

Similarly, nϕ +
(1) = (1 − η)nϕ

(1) and nϕ −
(1) = ηnϕ

(1). At the interim analysis time T1, let the probability 

to observe an event for a true marker i (including both active and control treatment in that 

stratum) be πi
(1), i = + or − for true biomarker status; and let the probability to observe an 

event for the observed marker stratum m (including both active and control treatment in that 

stratum) be πm
(1), m = * or ϕ for observed biomarker status. Then, the expected number of 

events at interim analysis time T1 for observed biomarker positive and negative groups are

n*
(1)π*

(1) = τn*
(1)π+

(1) + 1 − τ n*
1 π−

1 and nϕ
1 πϕ

1 = 1 − η nϕ
1 π+

1 + ηnϕ
1 π−

1 .

When the biomarker assay is imperfect, that is, 0 < λsen < 1 and/or 0 < λspec < 1, the true 

biomarker status is unknown and only the marker appeared status can be observed. To assess 

the treatment effect for the true biomarker status, we start with the conventional log-rank 

statistic and apply it to each marker observed stratum for subjects recruited at Stage I. Let 

Q*
(1) and Qϕ

(1) be the log-rank statistics at the interim analysis for observed marker positive and 

observed marker negative stratum, respectively, then both Q*
(1) and Qϕ

(1) take the same form as 

the log-rank statistic Qi given in Section 2.1. Using Schoenfeld19‘s methods (Appendix A), 

asymptotically we have

E(Q*
(1)) = r 1 − r τn*

1 π+
1 logℎ+T

ℎ+C
+ r 1 − r 1 − τ n*

1 π−
1 logℎ−T

ℎ−C
,

(1)

E(Qϕ
(1)) = r 1 − r 1 − η nϕ

1 π+
1 logℎ+T

ℎ+C
+ r 1 − r ηnϕ

1 π−
1 logℎ−T

ℎ−C
,

(2)

With

Var(Q*
(1)) = r(1 − r)τn*

(1)π+
(1) + r(1 − r)(1 − τ)n*

(1)π−
(1),
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Var(Qϕ
(1)) = r(1 − r)(1 − η)nϕ

(1)π+
(1) + r(1 − r)ηnϕ

(1)π−
(1) .

Note that both E(Q*
(1)) and E(Qϕ

(1)) are a linear combination of log ℎ+T /ℎ+C  and log ℎ−T /ℎ−C . 

Therefore, we can express both log ℎ+T /ℎ+C  and log ℎ−T /ℎ−C  as a function of E(Q*
(1)) and 

E(Qϕ
(1)) in the following,

r(1 − r)n+
(1)π+

(1)logℎ+T
ℎ+C

= τn*
(1) + (1 − η) nϕ

(1)

n*
(1)nϕ

(1) ×
ηnϕ

(1)E Q*
(1) − (1 − τ)n*

(1)E Qϕ
(1)

τ + η − 1

= τq + (1 − η) (1 − q)
q (1 − q) ×

η (1 − q)E Q*
(1) − (1 − τ)qE Qϕ

(1)

τ + η − 1 ,

(3)

r(1 − r)n−
(1)π−

(1)logℎ−T
ℎ−C

= (1 − τ) n*
(1) + ηnϕ

(1)

n*
(1)nϕ

(1) ×
−(1 − η)nϕ

(1) E Q*
(1) + τn*

(1)E Qϕ
(1)

τ + η − 1

= (1 − τ) q + η (1 − q)
q (1 − q) ×

−(1 − η) (1 − q) E Q*
(1) + τqE Qϕ

(1)

τ + η − 1 .

(4)

Notice that the left-hand side of Equations (3) and (4) involve the log hazard ratios of 

treatment vs control arms in biomarker true positive and negative stratum, respectively. 

Then, we construct the following Q+
(1) and Q−

(1) statistics to test the treatment effects 

log ℎ+T /ℎ+C  and log ℎ−T /ℎ−C  in the true marker positive and true marker negative cohorts, 

respectively, by replacing E(Q*
(1)) and E(Qϕ

(1)) by Q*
(1) and Qϕ

(1) based on Equations (3) and (4):

Q+
(1) = τq + (1 − η)(1 − q)

q(1 − q) ×
η(1 − q)Q*

(1) − (1 − τ)qQϕ
(1)

τ + η − 1 .

(5)

Q−
(1) = (1 − τ)q + η(1 − q)

q(1 − q) ×
− (1 − η)(1 − q)Q*

(1) + τqQϕ
(1)

τ + η − 1 .

(6)

Alternatively, Q+
(1) and Q−

(1) can be expressed as

Q+
(1) = τq + (1 − η)(1 − q)

q(1 − q) ×
η(1 − q)

k = 1

K(1)
d*Tk

(1) − d* ⋅ k
(1) Y *Tk

(1)

Y **k
(1) − (1 − τ)q

k = 1

K(1)
dϕTk

(1) − dϕ ⋅ k
(1) Y ϕTk

(1)

Y ϕ ⋅ k
(1)

τ + η − 1 ,

Q−
(1) = (1 − τ)q + η(1 − q)

q(1 − q) ×
−(1 − η)(1 − q)

k = 1

K(1)
d*Tk

(1) − d* ⋅ k
(1) Y *k

(1)

Y * ⋅ k
(1) + τq

k = 1

K(1)
dϕTk

(1) − dϕ ⋅ k
(1) Y ϕTk

(1)

Y ϕ ⋅ k
(1)

τ + η − 1 ,
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where Y ijk
(1) denotes the number of subjects at risk at the kth distinct event time in the ith 

marker appeared stratum and the jth treatment group, and di ⋅ k
(1)  and Y i ⋅ k

(1)  denotes the number of 

subjects at risk at the kth distinct event time in the ith marker appeared stratum, and K(1) is 

the total number of distinct event times in Stage I, for i = * or ϕ, j = T  or C.

Applying the expectations to (5) and (6) and use Equations (3) and (4), we have

E(Q+
(1)) = r 1 − r n+

1 π+
1 logℎ+T

ℎ+C
,

E(Q−
(1)) = r 1 − r n−

1 π−
1 logℎ−T

ℎ−C
.

It can also be derived that

Var Q+
(1) = τq + (1 − η)(1 − q)

q (1 − q) (τ + η − 1)
2

(1 − q)2η2Var Q*
(1) + q2(1 − τ)2Var Qϕ

(1) =
Δ

σ+
(1) 2,

Var Q−
(1) = (1 − τ)q + η(1 − q)

q(1 − q)(τ + η − 1)
2

(1 − q)2(1 − η)2Var Q*
(1) + q2τ2Var Qϕ

(1) =
Δ

σ−
(1) 2 .

Note that Var(Q*
(1)) and Var(Qϕ

(1)) take the same form as Var Qi  given in Section 2.1. Thus, 

Var(Q+
(1)) and Var(Q−

(1)) can be estimated by

Var Q+
(1) = τq + (1 − η)(1 − q)

q(1 − q)(τ + η − 1)
2

(1 − q)2η2
k = 1

K(1)
Y *Tk

(1) Y *Ck
(1) d* ⋅ k

(1) Y * ⋅ k
(1) − d* ⋅ k

(1)

Y * ⋅ k
(1) 2 Y * ⋅ k

(1) − 1
+ q2(1 − τ)2

k = 1

K(1)

Y ϕTk
(1) Y ϕCk

(1) dϕ ⋅ k
(1) Y ϕ ⋅ k

(1) − dϕ ⋅ k
(1)

Y ϕ ⋅ k
(1) 2 Y ϕ ⋅ k

(1) − 1

≜ σ+
(1) 2,

and

Var Q−
(1) = (1 − τ)q + η(1 − q)

q(1 − q)(τ + η − 1)
2

(1 − q)2(1 − η)2
k = 1

K(1)
Y *k

(1)Y *Ck
(1) d* ⋅ k

(1) Y * ⋅ k
(1) − d* ⋅ k

(1)

Y * ⋅ k
(1) 2 Y * ⋅ k

(1) − 1
+ q2τ2

k = 1

K(1)

Y ϕTk
(1) Y ϕCk

(1) dϕ ⋅ k
(1) Y ϕ ⋅ k

(1) − dϕ ⋅ k
(1)

Y ϕ ⋅ k
(1) 2 Y ϕ ⋅ k

(1) − 1

≜ σ−
(1) 2,

respectively. Note that each of Q+
(1) and Q−

(1) corresponding to the true biomarker status is a 

mixture of Q*
(1) and Qϕ

(1), the log-rank statistics for the observed marker positive and observed 
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marker negative groups. Moreover, E(Qj
(1)) = 0 if there is no treatment effect in the true 

marker group i, that is, H0i: log ℎiT
ℎiC

= 0 is true, for i = + or −. Therefore we regard Q+
(1) and 

Q−
(1) as the un-standardized log-rank statistics for testing treatment effect on the true marker 

positive and negative groups, after adjusting for misclassification at the interim analysis time 

T1.

This further implies that the log-rank statistic for testing the treatment effect on the overall 

population H0a at time T1, after adjusting for misclassification, can be constructed as

Q(1) = pQ+
(1)

σ+
(1) + 1 − p

Q−
1

σ−
1 .

with

Var(Q(1)) = p2 + (1 − p)2 − 2p(1 − p)
η(1 − η)(1 − q)2Var Q*

(1) + τ(1 − τ)q2Var Qϕ
(1)

σ+
(1)σ−

(1) =
Δ

σ(1) 2,

which can be estimated by

Var(Q(1)) = p2 + (1 − p)2 − 2p(1 − p)
η(1 − η)(1 − q)2Var(Q*

(1)) + τ(1 − τ)q2Var Qϕ
(1)

σ+
(1)σ−

(1) =
Δ

(σ(1))2

Under H0a, E[Q(1)] = 0. Thus the standardized log-rank statistic for testing the treatment 

effect on the overall population H0a at interim analysis T1, after adjusting for 

misclassification, can be defined as

Z(1) = Q(1)

Var(Q(1))
= Q(1)

σ(1) = pZ+
(1) + (1 − p)Z−

(1)

σ(1) ,

where

Z+
(1) = Q+

(1)

Var(Q+
(1))

= Q+
(1)

σ+
(1) , Z−

(1) =
Q−

(1)

Var(Q−
(1))

=
Q−

(1)

σ−
(1) ,

and Z+
(1) and Z−

(1) are the standardized log-rank statistics for testing treatment effect on the 

true marker positive and negative groups at T1 after adjusting for misclassification, which 

can be estimated by Z(1) = Q(1)

σ̂(1) , Z+
(1) = Q+

(1)

σ̂+
(1) , and Z−

(1) = Q−
(1)

σ̂−
(1) , respectively.

3.2 | Adjusted log-rank statistics at final analysis

If H0 is not rejected at the interim analysis time T1, we will enroll new subjects for Stage 

II while continue following up Stage I subjects to final analysis time. Thus, in the final data 

analysis, the test statistics would involve both Stage I subjects with prolonged follow-up 
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until T2 and Stage II subjects that are recruited after T1 and followed up until T2. In 

the remainder of this paper, the same method to construct the corresponding statistics and 

variance estimates used in Section 3.1 are applied without repeating the form of statistics to 

ease notation.

3.2.1 | Log-rank statistics at final analysis for subjects recruited at Stage 
I—For subjects recruited at Stage I and continued being followed up until T2, let Q*

(1A) and 

Qϕ
(1A) denote the log-rank statistics corresponding to observed marker positive and observed 

marker negative groups at final analysis time T2, and let πi
(1A) denote the probability to 

observe an event in true marker status i = + or − group (including both active and control 

treatments) at final analysis time T2. Using the same arguments in Section 3.1, we can 

construct Q+
(1A) and Q−

(1A) as

Q+
(1A) = τq + (1 − η)(1 − q)

q(1 − q) ×
η(1 − q)Q*

(1A) − (1 − τ)qQϕ
(1A)

τ + η − 1 ,

Q−
(1A) = (1 − τ)q + η(1 − q)

q(1 − q) ×
− 1 − η 1 − q Q*

1A + τqQϕ
1A

τ + η − 1 .

Asymptotically, we have

E(Q+
(1A)) = r 1 − r n+

1 π+
1A logℎ+T

ℎ+C
,

E(Q−
(1A)) = r 1 − r n−

1 π−
1A logℎ−T

ℎ−C
,

with variances

(σ+
(1A))2 = Var(Q+

1A ) = τq + 1 − η 1 − q
q 1 − q τ + η − 1

2
(1 − q)2η2Var(Q*

1A ) + q2(1 − τ)2Var(Qϕ
1A ) ,

σ−
(1A) 2 = Var(Q−

1A ) = 1 − τ q + η 1 − q
q 1 − q τ + η − 1

2
(1 − q)2(1 − η)2Var(Q*

1A ) + q2τ2Var(Qϕ
1A ) .

3.2.2 | Log-rank statistics for subjects recruited at Stage II—Similarly, for 

subjects recruited at Stage II, we use the same arguments in Section 3.1, the log-rank 

statistics corresponding to true marker status i = + or −:

Q+
(2) = τq + (1 − η)(1 − q)

q(1 − q) ×
η(1 − q)Q*

(2) − (1 − τ)qQϕ
(2)

τ + η − 1 ,

Q −
(2) = (1 − τ)q + η(1 − q)

q(1 − q) ×
− (1 − η)(1 − q)Q*

(2) + τqQϕ
(2)

τ + η − 1 ,

where Q*
(2) and Qϕ

(2) are the log-rank statistics at final analysis time T2 for subjects recruited 

at Stage II according to their observed marker status. For Stage II enrolled subjects, let πi

denotes the probability to observe an event in true marker group i = + or − (including both 

active and control treatment). Asymptotically, we have
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E(Q+
(2)) = r 1 − r n+

2 π+logℎ+T
ℎ+C

,

E(Q−
(2)) = r 1 − r n−

2 π−logℎ−T
ℎ−C

,

and variances

Var(Q+
2 ) = τq + 1 − η 1 − q

q 1 − q τ + η − 1
2

(1 − q)2η2Var(Q*
2 ) + q2(1 − τ)2Var(Qϕ

2 ) ,

Var(Q−
2 ) = 1 − τ q + η 1 − q

q 1 − q τ + η − 1
2

(1 − q)2(1 − η)2Var(Q*
2 ) + (qτ)2Var(Qϕ

2 ) .

Again, each of Q+
(1A) and Q−

(1A) is a function of observed statistics Q*
(1A) and Qϕ

(1A), and each 

of Q+
(2) and Q−

(2) is a function of observed statistics Q*
(2) and Qϕ

(2). Moreover, E(Qi
(1A)) = 0 and 

E(Qi
(2)) = 0 if H0i: log ℎiT

ℎiC
= 0 is true, for i = + or −.

3.2.3 | Test statistics at final analysis time T2—To test the treatment effect in the 

final analysis T2, we construct Q+ and Q− for true marker status as

Q+ = Q+
(1A) + Q+

(2) and Q− = Q−
(1A) + Q−

(2),

with variances Var Qi = σi
2 = Var(Qi

(1A)) + Var(Qi
(2)), for i = + or −. We can also use weighted 

combination based on the amount of information from the two stages.

Therefore, to test H0i, the treatment effect in true marker status i at the final analysis time T2, 

for i = + or −, the standardized log-rank statistic is

Zi = Qi

Var Qi
= Qi

(1A) + Qi
(2)

σi
,

where

σ+
2 = τq + (1 − η)(1 − q)

q(1 − q)(τ + η − 1)
2

(1 − q)2η2Var(Q*
(1A)) + q2(1 − τ)2Var(Qϕ

(1A))

+ τq + (1 − η)(1 − q)
q(1 − q)(τ + η − 1)

2
(1 − q)2η2Var(Q*

(2)) + (q(1 − τ))2Var(Qϕ
(2)) ,

and

σ−
2 = (1 − τ)q + η(1 − q)

q(1 − q)(τ + η − 1)
2

(1 − q)2(1 − η)2Var(Q*
(1A)) + q2τ2Var(Qϕ

(1A))

+ (1 − τ)q + η(1 − q)
q(1 − q)(τ + η − 1)

2
(1 − q)2(1 − η)2Var(Q*

(2)) + (qτ)2Var(Qϕ
(2)) .

To test the treatment in the overall population H0a, we construct
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Q = pQ+/σ+ + (1 − p)Q−/σ−,

with

σ2 = Var(Q) = p2 + (1 − p)2 − 2p 1 − p
η(1 − η)(1 − q)2Var(Q*) + τ(1 − τ)q2Var(Qϕ)

σ + σ−
.

where

Q* = τq + (1 − η)(1 − q )
q(1 − q )(τ + η − 1) Q*

(1A) + Q*
(2) and Qϕ = τq + (1 − η)(1 − q )

q(1 − q )(τ + η − 1) Qϕ
(1A) + Qϕ

(2) .

Then we define the standardized log-rank statistic for testing H0a as

Z = Q
Var(Q) = Q

σ = pZ+ + (1 − p)Z−
σ .

Note that, E Zi = 0 under H0i, and E Z = 0 under H0a, for i = + or −. Similar to Section 

3.1, we can use the form of the Qi statistic and the variance estimate Var Qi  in Section 

2.1 to re-express Q+
(1A), Q−

(1A), Q+
(2), Q−

(2), Z, Z+, Z− and their corresponding variance estimates σ
‘s. To ease notation, the expressions of these Q- and Z-statistics and the corresponding 

variance estimates are omitted. Z, Z+
(1) and Z−

(1) are the standardized log-rank statistics for 

testing treatment effect on the overall, true marker positive and negative groups at T2 after 

adjusting for misclassification, which can be estimated by Z = Q
σ , Z+ = Q+

σ+
, and Z− = Q−

σ−
, 

respectively. Moreover, due to the possible marker misclassification and that Stage I subjects 

are followed through the end of Stage II, all the Z statistics constructed previously are 

correlated. Correlations between the standardized log-rank statistics Z(1), Z+
(1), Z−

(1), Z, Z+, and 

Z− are derived in Appendix C, and their asymptotic distributions are given in Appendix 

D. These results are crucial to determine critical values to control the type I error rate, 

calculate the power of the study, and determine the sample size, as discussed in the next a 

few sections.

3.3 | Type I error α allocation and critical values

To test the global hypothesis H0, we can split the overall alpha (eg, α = 0.025) between the 

Stage I and Stage II, following a traditional sequential design. Specifically, at the interim 

analysis, a fraction of the overall alpha, α1, can be allocated to test the global composite 

hypothesis H0:δ = δ+ = 0 H0a ∩ H0 +  for Stage I:

α1 = P Reject H0 ∣ H0 = P0(Z(1) < − c1 or Z+
(1) < − c2)

= P0(Z(1) < − c1) + P0(Z(1) ≥ − c1 and Z+
(1) < − c2) = α1a + α1b

(7)
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The critical value c1, defined as critical value to test overall population at interim analysis, 

can be obtained by allocating α1a, a portion of α1, for testing H0a first, that is, by solving 

P0(Z(1) < − c1) = α1a. Once c1 is determined, c2, defined as critical value to test true positive 

population at interim analysis, can be solved for testing H0 +  in the above equation, or simply 

P0(Z(1) ≥ − c1 or Z+
(1) < − c2) = α1b.

For Stage II, the overall alpha is left with α2 = α − α1, where

α2 = α − α1 = P Not reject H0 at Stage I, Reject H0 at Stage II ∣ H0

= P0(Z(1) ≥ − c1, Z+
(1) ≥ − c2, Z < − b1)

+ P0(Z(1) ≥ − c1, Z+
(1) ≥ − c2, Z ≥ − b1, Z+ < − b2) = α2a + α2 − α2a .

(8)

Then, given c1 and c2 that are determined previously, the critical value b1, defined as critical 

value to test overall population at final analysis, is obtained by allocating α2a, a portion of 

α2, for testing H0a. Then b2, defined as critical value to test true marker positive population 

at final analysis, can be solved for testing H0 +  in the above equation again. Table 1 shows 

the critical values for α = 0.025, α1 = 0.004, α1a = α1/2, α2 = 0.021, α2a = α2/2, r = 0.5, with interim 

analysis at information fraction In at 0.3 or 0.5. Given these α’s, we can see that the critical 

value c1 for testing the treatment effect in the overall population at the interim analysis is 

not affected by the prevalence rate p, sensitivity λsen, specificity λspec or the information time 

In; the critical value c2 for testing marker-positive population at interim analysis is affected 

by p, λsen, λspec, but not by In. However, the critical values b1 and b2 for testing the overall 

population and true marker-positive population at final analysis time are affected by all the 

p, λsen, λspec and In.

3.4 | Global and marginal power

Power for testing the treatment effect in the overall population is

1 − βa = P Reject H0a ∣ H1 = P Reject H0a at Stage I ∣ H1 + P Reject H0a at Stage II ∣ H1

= P1(Z(1) < − c1) + p2a = p1a + p2a .

(9)

With the critical values used to control the Type I error of α in Section 3.3, the global and 

marginal powers can be found as follows. The global power is

1 − β = P Reject H0 ∣ H1 = P Reject H0a or Reject H0 + ∣ H1

= P1(Z(1) < − c1 or Z+
(1) < − c2) + P1(Z(1) ≥ − c1, Z+

(1) ≥ − c2, Z < − b1)
+ P1(Z(1) ≥ − c1, Z+

(1) ≥ − c2, Z ≥ − b1, Z+ < − b2)
= p1 + p2a + p2 + ,

(10)

where
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p1 = P Reject H0a or Reject H0 + at Stage I ∣ H1

= P1(Z(1) < − c1 or Z+
(1) < − c2),

and

p2a = P Not reject H0 at Stage I and Reject H0a at Stage II ∣ H1

= P1(Z(1) ≥ − c1, Z+
(1) ≥ − c2, Z < − b1) .

Power for testing the treatment effect in the true marker-positive population is

1 − β+ = P Reject H0 + ∣ H1
= P Reject H0 + at Stage I ∣ H1 + P Reject H0 + at Stage II ∣ H1

= P1(Z+
(1) < − c2) + P1(Z(1) ≥ − c1, Z+

(1) ≥ − c2, Z+ < − b2) .

(11)

Figures 1 to 3 show the contour plots of power surfaces for global 

(testing H1), overall population (testing H1a) and true marker-positive 

cohort (testing H1 + ) hypotheses, respectively, across −0 . 10 ≥ δ ≥ − 0.40 and 

−0.10 ≥ δ+ ≥ − 0.40 by N (total enrolled subjects) and p (true prevalence), assuming 

α = 0.025, α1 = 0.004, w+ = p, w− = 1 − p, δ = pδ+ + 1 − p δ−, r = 0.5.

The power increases as N, p, λsen, or λspec increases. For example, with p = 0.5, and 

N = 500, δ = − 0.15, and δ+ = − 0.4, Figure 1A with λsen = λspec = 1 shows power 70%. 

However, Figure 1D shows power only about 45%. We also see the λsen has less impact 

than λspec in terms of power.

Figure 1 shows that the global power increases with increasing treatment effect for overall 

population and positive population (decreasing δ and/or decreasing δ+). Figure 2 shows 

that the power for overall population increases with increasing treatment effect for overall 

population when treatment effect for positive population is fixed (decreasing δ). Figure 3 

shows that the power for positive subgroup increases with increasing treatment effect for 

positive population (decreasing δ+) but decreases with increasing treatment effect for overall 

population (decreasing δ).

3.5 | Sample size calculations

Given the global type I error α and power 1 − β, assuming that we have the estimated 

prevalence rate p, sensitivity λsen and specificity λspec from previous studies, the sample size 

needed to detect the treatment effect can be found based on the formulas in Sections 3.3 

and 3.4, after we specify the design parameters in these sections. Due to the complexity 

in the test statistics, there is no closed form of sample size calculations but needs to rely 

on numerical root finding methods. Specifically, given α, α1, α1a, α2a, the randomization ratio 

r and information time I, one may determine the critical values according to Equations (7) 

and (8) in Sections 3.3. Then, once the critical values are determined and given the global 

power for testing H0, one may determine the total sample size based on prespecified effect 
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sizes δ and δ+, using Equation (10) via numerical root finding methods. Based on the total 

sample size, one may determine the power for testing H0a and H0 +  by Equations (9) and 

(11), respectively.

Appendix E shows the total sample size based on testing the marker-

positive H1 +  with 80% and 90% power, and α = 0.025, α1 = 0.004, r = 0.5, and 

δ = p logθ+ + (1 − p)logθ− = − 0.15, δ+ = logθ+ = − 0.3, − 0.4, or −0.5. Table E1 is useful when 

the study plan sets a sufficient power (eg, 80% or 90%) in testing H1 +  for the marker-

positive cohort. It shows the required total sample size N and the resulting global power and 

the power for testing H1a for the overall population. In this case, the global power is always 

higher since it is to test the composite hypothesis H1. The power for the overall population 

would be low when the emphasis is on the much hopeful marker-positive cohort. This is 

reflected by displaying δ = − 0.15 while δ+ = − 0.3 to −0.5 in this table. In these situations, 

though the power is low for testing the overall treatment effect, the design has sufficient 

power to detect the treatment effect on the marker-positive subset. This implies that fewer 

patients are needed when the main objective of the study is to show treatment effect on the 

marker-positive cohort.

4 | NUMERIC EXAMPLES

Immunotherapy is a new paradigm for the treatment of non-small-cell lung cancer 

(NSCLC), and targeting the PD-1/PD-L1 pathway is a promising therapeutic option.20 

Pembrolizumab is a new immunotherapy that blocks the PD-1 pathway and restores the 

body’s immune response against cancer cells and allows the immune system to recognize 

and kill cancer cells. As an illustration, we used our method to design a two-stage 

stratified trial with the KEYNOTE-10 trial.21 as the prototype. KEYNOTE-10 is a phase 

II/III randomized trial to study Pembrolizumab vs Docetaxel for previously treated, PD-L1-

positive, advanced NSCLC patients21 in which the qualified patients were randomized by 

a biomarker’s tumor proportion score (TPS, 1%–49% vs ≥50%) that measures the extent 

of PD-L1 expression. The companion diagnostic assay for PD-L1 expression was the Dako 

EnVision FLEX+HRP-Polymer kit using the 22C3 antibody clone, which was validated in 

the phase 1KEYNOTE-001trial.22 Here for illustration, we use the phase 1 KEYNOTE-001 

data as the basis to “redesign” the KEYNOTE-10 as an “imaginary” two-stage group 

sequential trial to assess the treatment effect of Pembrolizumab 2 mg (Pem), compared 

to Docetaxel (Dox) as the control (standard-of-care), in PD-L1 positive (TPS > 1%) NSCLC 

patients.

From the phase I KEYNOTE-001 trial, the prevalence was about 0.39 

for TPS <1%, 0.38 for TPS = 1% to 49%, and 0.23 for TPS 

≥ 50%; λsen = λspec = 0.8.22 Thus, we estimated the prevalence rate of the PD-L1 

true “strongly positive” (TPS ≥ 50%) to be p ≈ 0.40, among the PD-L1 positive 

(TPS >1%) NSCLC patients; the observed PD-L1 “strongly positive” prevalence 

was q = P(M = *) = pλsen + (1 − p) 1 − λspec = 0.40 × 0.80 + (1 − 0.40)(1 − 0.80) = 0.44. 

Hence PPV = τ = pλsen
pλsen + (1 − p) 1 − λspec

= pλsen
q = 0.4 × 0.8

0.44 = 0.73, and 
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NPV = η = (1 − p)λspec
1 − P(M = *) = (1 − p)λspec

1 − q = (1 − 0.4) × 0.8
1 − 0.44 = 0.86. The real Phase II/III 

KEYNOTE-10 trial had both overall survival and progression-free survival (PFS) as primary 

end-points. Here we only used PFS as the primary endpoint for illustration purpose. Suppose 

that the overall (one-sided) α = 0.025 and an interim analysis is planned at In = 0.5, with 

α1 = 0.004 allocated for Stage I. As stated in Herbst et al,21 the study aimed to show a benefit 

of Pem over Dox in PFS in patients with TPS ≥ 50% as well as in the whole TPS ≥ 1% 

cohort, so we allocated α1a = α1b = α1
2 = 0.002 which leaves α2 = 0.021 for Stage II; then we 

equally split α2 so that it was 0.0105 for testing the overall population and equally 0.0105 for 

the PD-L1 strongly positive subpopulation.

From Herbst et al,21 the total enrollment time was 19 months for N of 688 subjects. For this 

illustrative trial, we expect a total of 688 × 0.92 = 632 PFS events at the end of the trial. For 

Stage I, we plan to enroll 70% subjects (13.3 months from the start of the study). A decision 

is made at interim analysis T1 (information: In = 0.5, when 316 = 632×0.5 PFS events are 

expected. If the global null hypothesis H0 is not rejected at interim analysis, additional 

30% subjects will be enrolled in the second stage. After the recruitment is completed, the 

study will follow up to calendar time T2 for final analysis: the total number of 632 PFS 

are observed, with 461 PFS events from Stage I enrolled subjects and 171 PFS events from 

Stage II enrolled subjects. The number of PFS events from Stage I and Stage II enrolled 

subjects were determined, to make sure the number of events arrives approximately at the 

same calendar time.

To illustrate power calculation, we take the treatment effect information from Herbst 

et al.21 Assume PFS times are exponentially distributed: For marker positive group, 

the hazard rate for treated patients: ℎ+T = 1/9.90, and hazard rate for placebo treated 

patients: ℎ+C = 1/5.85. For marker negative group, the hazard rate for treated patients: 

ℎ−T = 1/5.14 and for placebo-treated patients: ℎ−C = 1/5.85. These design parameters lead 

to the critical values c1, c2, b1, b2 = (2.878, 2.848, 2.269, 2.211) when λsen = λspec = 1; critical 

values c1, c2, b1, b2 = (2.878, 2.874, 2.273, 2.260) when λsen = λspec = 0.8. With a total of N = 688
patients and prevalence rate p = 0.4, we have 97% power to test global hypothesis H1,97% 

power to test H1 + , and 5.7% power to test H1a when λsen = λspec = 1. However, when 

λsen = λspec = 0.8, with a total of N = 688 patients and prevalence rate p = 0.4, we have 72% 

power to test global hypothesis H1,70% power to test H1 + , and 8.0% power to test H1a. If 

λsen = λspec is close to 0.8, say λsen = λspec = 0.775, or 0.825, then we have 66% and 78% power 

to test global hypothesis H1,63% and 76% power to test H1 + , and 8.1% and 8.0% power to 

test H1a, respectively.

To illustrate the sample size calculation, with the same α allocation and the same treatment 

effects shown, assuming λsen = λspec = 0.8: the log-hazard ratio (Dox vs Pem) δ = − 0.128 for 

the overall population, and the log-hazard ratio (Dox vs Pem) δ+ = − 0.528 for the marker 

positive cohort. Trials usually aim a power of either 80% or 90%. Assuming a target of 90% 

power for testing H0 + , then a total sample size N of 1125 is needed. The global power for 

testing the composite hypothesis H0 is 91 %, and the power for testing the overall population 
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is 10%. If the target power for testing H1 +  is 80%, a total sample size N of 855 is needed. 

The global power for testing the composite hypothesis H1 is 82%, and the power for testing 

the overall population H1a is 9.2%.

5 | DISCUSSION

Misclassification of biomarker is common and needs to be properly adjusted in the clinical 

study designs. It is shown in Lin et al18 that biomarker misclassification may have a big 

impact on type I error and power in the design of clinical studies. As shown in Shih 

and Lin,23 stratified design is more efficient than precision medicine design, which is a 

family of complex biomarker-based-strategy designs discussed in, for instance, Mandrekar 

and Sargent24–26 and Young et al.27 However, to the best of our knowledge, no stratified 

study design for survival outcomes, based on predictive biomarkers with an adjustment of 

misclassification, has been proposed in the statistical literature.

A two-stage stratified study design with survival outcomes is proposed in this paper to adjust 

for the misclassification. We use the conventional log-rank statistics based on observed 

marker positive and observed marker negative strata to construct the adjusted log-rank 

statistics for true marker positive and true marker negative strata. Type I error control is 

achieved by utilizing correlation of the adjusted log-rank statistics from the same and/or 

different design stages with appropriate allocation of alpha’s.

At the design stage, we assume that the prevalence rate p, sensitivity λsen and specificity 

λspec are known and are not estimated in the study. As in many clinical study designs, 

these parameters can be externally estimated from the related literature and prior studies. 

In the numerical calculations (eg, Figures 1–3 and Table E1), we have observed that 

power (global, overall population, and marker positive cohort) increases with the prevalence 

rate, sensitivity, and specificity, while the sample size decreases with the prevalence rate, 

sensitivity, and specificity. Therefore, if these design parameters are over-estimated based on 

external resources, it may result in over-estimated power and under-estimated sample size. 

However, if the deviations of these design parameters are not too far off from the true values, 

the impact of power and sample size estimates may not be serious, as suggested by our 

numerical calculations.

Finally, to facilitate the implementation of our method, we have developed R programs to 

calculate power and sample size, in addition to the tables and graphs provided in this paper 

as illustrations. The R programs are available upon request.

Moreover, we plan to extend this misclassification adjustment method to an adaptive 

enrichment design with survival outcome, where we have a futility rule for biomarker 

negative stratum at the interim analysis, and possibly only enroll the biomarker positive 

patients after the interim analysis.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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APPENDIX A.: GLOSSARY OF TERMS

See Table A1.

TABLE A1

Glossary of terms.

Notation Definition

p Prevalence rate of true biomarker positive

q Observed biomarker positive rate

λsen, λspec Sensitivity, specificity of biomarker test, respectively

In Information time for interim analysis

τ Positive predictive value

η The negative predictive value

hij(t) Hazard at time t: i = + (positive) or − (negative) for true marker status, and j = T for active 
treatment or C for control treatment

N Total number of subjects to be enrolled

δ+ and δ− Treatment effect for true biomarker positive: log ℎ+T t
ℎ+C t  and true biomarker negative: 

log ℎ−T t
ℎ−C t , respectively

Q*
1

 and Qϕ
1 Log-rank statistics at the interim analysis for observed marker positive and observed marker 

negative stratum, respectively

Q+
1

, Q−
1

 and Q 1 Log-rank statistics for testing treatment effect on the true marker positive, negative groups, and 
overall population at the interim analysis time, respectively

Q+
1A

 and Q−
1A Log-rank statistics at final analysis time T2 for subjects recruited at Stage I according to their 

observed marker status

Q+
2

 and Qϕ
2 Log-rank statistics at final analysis time T2 for subjects recruited at Stage II according to their 

observed marker status

Q+, Q− and Q Log-rank statistics for testing treatment effect on the true marker positive, negative groups, and 
overall population at the final analysis time, respectively

nmi
1 Expected number of patients in the observed marker group m =* or ϕ and i = + or For example: 

n*+
1 = τn*

1

nmi
2 Expected number of patients in the observed marker group m =* or ϕ and i = + or −, for subjects 

enrolled after interim analysis

r Randomization ratio: r to active treatment and 1 − r to placebo treatment
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Notation Definition

t Proportion of subjects to be enrolled before interim analysis

πi
1 , πi

1A The probability to observe an event in true marker group i : i = + or − for at interim, final 
analysis time for Stage I enrolled subjects

πi The probability to observe an event in true marker group i (including both active and control 
treatment) at final analysis time for Stage II enrolled subjects

c1, c2, b1, and b2 Critical value for overall population, marker-positive population at interim analysis, overall 
population and marker-positive population at final analysis time, respectively

APPENDIX B.: ASYMPTOTIC DISTRIBUTIONS OF THE LOG-RANK TEST 

STATISTIC

Let Hij(t) denote the distribution function of the censoring, and fij(t), and Sij(t) denote the 

density and distribution function of the survival, where i = + or − and j = T  or C. Consider 

the local alternatives (Pitman alternatives)28–30 Ha:ℎiT(t) ≠ ℎiC(t), with H1i: log ℎiT /ℎiC = di/ n, 

for some constant di, for i = + or − and n = total sample size. Then Schoenfeld19 showed 

that under alternative Ha:ℎiT(t) ≠ ℎiC(t), satisfying log ℎiT(t)/ℎiC(t) = O n−1/2 ,

Zi = Qi

Var Qi
∼ AN ψi, 1 ,

(B1)

with

ψi =
ni 0

∞ log ℎiT(t)/ℎiC(t) ri(t) 1 − ri(t) V i(t)dt

0
∞ ri(t) 1 − ri(t) V i(t)dt 1/2 ,

where V i(t) = (1 − r)fiC(t) 1 − HiC(t) + rfiT(t) 1 − HiT(t)  is the process of observing events,

ri(t) = rSiT(t) 1 − HiT(t)
(1 − r)SiC(t) 1 − HiC(t) + rSiT(t) 1 − HiT(t) .

In the proof of (B1) in Schoenfeld,19 using the law of large numbers, it is easy to see that,

1
nQi

P

0

∞

log(ℎiT t /ℎiC t )ri t 1 − ri t V i t dt,

and

1
nV ar Qi

P

0

∞

ri t 1 − ri t V i t dt,

hence
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1
nVar Qi

0

∞
ri t 1 − ri t V i t dt .

Suppose that ℎiT(t)/ℎiC(t) is a constant and HiC(t) = HiT(t) as in log-rank test. Since 

SiT(t) SiC(t), ri(t) r, we have

0

∞
log ℎiT(t)/ℎiC(t) ri(t) 1 − ri(t) V i(t)dt log ℎiT /ℎiC r(1 − r)

0

∞
V i(t)dt

= log ℎiT /ℎiC r(1 − r)πi,

and

0

∞
ri t 1 − ri t V i t dt r 1 − r πi,

where πi = ∫0
∞ V i(t)dt is the combined probability of event. Hence, asymptotically,

E Qi = nilog ℎiT /ℎiC r(1 − r)πi = log ℎiT /ℎiC r(1 − r)Di,

and

V ar Qi = nir(1 − r)πi = r(1 − r)Di,

where Di = niπi is the expected total number of events in ith group, and

ψi = nilog ℎiT /ℎiC r(1 − r)πi

r(1 − r)πi
1/2 = r(1 − r)Dilog ℎiT

ℎiC
,

APPENDIX C.: CORRELATIONS BETWEEN TEST STATISTICS

Because all the Z statistics constructed previously are correlated. Correlations between the 

standardized log-rank statistics Z(1), Z+
(1), Z−

(1), Z, Z+, and Z− are shown below. These results 

are crucial to determine critical values to control the type I error rate, calculate the power of 

the study, and determine the sample size. Let
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A = τq + (1 − η)(1 − q )
q(1 − q )(τ + η − 1) , B = (1 − τ)q + η(1 − q )

q(1 − q )(τ + η − 1) ,

F1 = (1 − q)2η2Var(Q*
(1)) + q2(1 − τ)2Var(Qϕ

(1)), F2 = (1 − q)2η2Var(Q*) + q2(1 − τ)2Var(Qϕ),

G1 = η(1 − η)(1 − q)2Var(Q*
(1)) + τ(1 − τ)q2Var(Qϕ

(1)), G2 = η(1 − η)(1 − q)2Var(Q*) + τ(1 − τ)q2Var(Qϕ),

H1 = (1 − q)2(1 − η)2Var(Q*
(1)) + q2τ2Var(Qϕ

(1)), H2 = (1 − q)2(1 − η)2Var Q* + q2τ2Var Qϕ ,

C1 = p
p2 + (1 − p)2 − 2p(1 − p)G1

, D1 = 1 − p
p2 + (1 − p)2 − 2p(1 − p)G1

,

C2 = p
p2 + (1 − p)2 − 2p(1 − p)G2

, D2 = 1 − p
p2 + (1 − p)2 − 2p(1 − p)G2

,

E = C1C2
σ+

(1)

σ+
+ D1D2

σ−
(1)

σ−
− ABG1(

C1D2

σ−σ1
1 + C2D1

σ+σ−
1 ) .

The correlation matrix between the standardized log-rank statistics is:

Cov((Z(1), Z+
(1), Z−

(1), Z, Z+, Z−)T )

=

1 C1 − ABD1G1

σ+
(1)σ−

(1) D1 − ABC1G1

σ+
(1)σ−

(1) E

1 −ABG1

σ+
(1)σ−

(1) C2
σ+

(1)

σ+
− ABD2G1

σ−σ+
(1)

1 − ABC2G1
+

σ+σ−
(1) + D2σ0

(1)/σ−

1

C1
σ+

(1)

σ+
− ABD1G1

σ+σ−
(1)

σ+
(1)/σ+

−ABG1

σ+σ−
(1)

C2 − ABD2G2
σ+σ−

1

−ABC1G1

σ−σ+
(1) + D1

σ−
(1)

σ−

−ABG1

σ−σ+
(1)

σ−
(1)/σ−

D2 − ABC2G2
σ+σ−

− ABG2
σ+σ−

1

APPENDIX D.: ASYMPTOTIC DISTRIBUTION OF TEST STATISTICS

Given t, N, p, λsen, λspec, then q, τ, η are fixed. Under the alternative, given 

π+
(1), π+

(2), π+, π−
(1), π−

(2), π−, and assumption of proportional hazard logθ+ = log ℎ+T
ℎ+C

, and 

logθ− = log ℎ−T
ℎ−C

. Asymptotically,19,31 we have
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Z+
(1) ∼ AN tNr(1 − r)π+

(1)logθ+

m1
, 1 , Z−

(1) ∼ AN tNr(1 − r)π−
(1)logθ−

m0
, 1 ,

Z(1) ∼ AN tNr(1 − r) pπ+
(1)logθ+/ m1 + (1 − p)π−

(1)logθ−/ m0

p2 + (1 − p)2 − 2p(1 − p)m2/ m1m0, 1
,

Z+ ∼ AN Nr(1 − r) tπ+
(2) + (1 − t)π+

m3
logθ+, 1 ,

Z− ∼ AN Nr(1 − r) tπ−
(2) + (1 − t)π−

m4
logθ−, 1 ,

Z ∼ AN
Nr(1 − r) p tπ+

(2) + (1 − t)π+
logθ+

m3
+ (1 − p) tπ−

(2) + (1 − t)π−
logθ−

m4

p2 + (1 − p)2 − 2p(1 − p)m5/ m3m4

, 1 ,

where

m1 = η2(1 − q)2{τqπ+
1 + 1 − τ qπ−

1 }A2 + (1 − τ)2q2{ 1 − η 1 − q π+
1 + η 1 − q π−

1 }A2,
m0 = (1 − η)2(1 − q)2{τqπ+

1 + 1 − τ qπ−
1 }B2 + τ2q2{ 1 − η 1 − q π+

1 + η 1 − q π−
1 }B2,

m2 = ABη(1 − η)(1 − q)2{r 1 − r tN[τqπ+
1 + AB 1 − τ qπ−

1 ]} + τ 1 − τ q2
{r 1 − r tN[ 1 − η 1 − q π+

1 + η 1 − q π−
1 ]},

m3 = A2η2(1 − q)2{t[τqπ+
(2) + (1 − τ)qπ−

(2)] + (1 − t)[τqπ+ + (1 − τ)qπ−]}
+ A2(1 − τ)2q2{t[ 1 − η 1 − q π+

2 + η 1 − q π−
2 ] + 1 − t [ 1 − η 1 − q π+ + η 1 − q π−]},

m4 = B2(1 − η)2(1 − q)2{t[τqπ+
(2) + (1 − τ)qπ−

(2)] + (1 − t)[τqπ+ + (1 − τ)qπ−]}
+ B2τ2q2{t[(1 − η)(1 − q )π+

(2) + η(1 − q )π−
(2)] + (1 − t)[(1 − η)(1 − q )π+ + η(1 − q )π−]},

m5 = ABη(1 − η)(1 − q)2r(1 − r){tN[τqπ+
(2) + (1 − τ)qπ−

(2)] + (1 − t)N[τqπ+ + (1 − τ)qπ−]}
+ ABτ 1 − τ q2r 1 − r {tN[ 1 − η 1 − q π+

2 + η 1 − q π−
2 ] + 1 − t N[ 1 − η 1 − q π+ + η 1 − q π−]} .

APPENDIX E.: TOTAL SAMPLE SIZE TABLES FOR SELECTED SCENARIOS

TABLE E1

Total sample size when α = 0.025, α1 = 0.004, r = 0.5, and δ = p log θ+ + (1 – p) log θ− = 

−0.15,δ+ = log δ+ = −0.3, −0.4, or − 0.5.

(1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8) (1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8)

(λsen, λspen) 80% power for testing H1+

p δ + Information In = 0.3 Information In = 0.5

0.3 −0.3 N 2162 11 538 2892 23 898 2292 6993 3347 14136

H1 0.904 1.000 0.945 1.000 0.923 1.000 0.971 1.000

H1a 0.557 0.768 0.666 0.920 0.518 0.760 0.628 0.917

−0.4 N 1162 1983 1482 3258 1162 2037 1495 3561

H1 0.836 0.883 0.856 0.934 0.840 0.895 0.862 0.956

H1a 0.252 0.365 0.300 0.489 0.218 0.330 0.264 0.457

−0.5 N 749 1272 949 2031 743 1271 943 2046

H1 0.815 0.836 0.824 0.863 0.816 0.840 0.825 0.870

H1a 0.125 0.167 0.142 0.212 0.104 0.147 0.122 0.194

0.4 −0.3 N 1516 2295 1990 12 127 1538 2474 2085 7285

H1 0.856 0.914 0.893 1.000 0.864 0.935 0.909 0.999
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(1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8) (1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8)

H1a 0.443 0.599 0.544 0.807 0.398 0.564 0.504 0.804

−0.4 N 842 1233 1077 1982 836 1236 1075 2043

H1 0.817 0.840 0.830 0.884 0.818 0.845 0.833 0.897

H1a 0.204 0.277 0.248 0.399 0.170 0.241 0.213 0.361

−0.5 N 547 802 695 1226 541 796 689 1264

H1 0.807 0.816 0.812 0.835 0.807 0.818 0.813 0.839

H1a 0.107 0.136 0.124 0.183 0.085 0.114 0.101 0.159

0.5 −0.3 N 1148 1527 1500 2663 1147 1558 1527 3172

H1 0.827 0.860 0.857 0.945 0.831 0.870 0.867 0.974

H1a 0.396 0.517 0.508 0.754 0.348 0.473 0.464 0.747

−0.4 N 647 852 830 1356 641 847 824 1374

H1 0.807 0.818 0.817 0.854 0.808 0.820 0.818 0.863

H1a 0.201 0.267 0.259 0.420 0.162 0.225 0.217 0.375

−0.5 N 422 557 537 872 417 552 532 868

H1 0.804 0.807 0.806 0.822 0.803 0.808 0.806 0.824

H1a 0.116 0.151 0.145 0.231 0.088 0.120 0.115 0.195

90% power for testing H1+

0.3 −0.3 N 3519 18 317 12 027 30 726 4005 10 829 7159 18195

H1 0.988 1.000 1.000 1.000 0.995 1.000 1.000 1.000

H1a 0.684 0.877 0.756 0.970 0.616 0.872 0.750 0.969

−0.4 N 1561 2820 2027 14 594 1567 3055 2072 8538

H1 0.930 0.967 0.946 1.000 0.933 0.978 0.951 1.000

H1a 0.316 0.464 0.377 0.555 0.256 0.394 0.313 0.541

−0.5 N 988 1697 1256 2751 980 1705 1250 2837

H1 0.912 0.929 0.919 0.949 0.912 0.933 0.920 0.957

H1a 0.153 0.209 0.175 0.270 0.118 0.171 0.139 0.230

0.4 −0.3 N 2106 7276 3025 18 426 2159 4727 3354 10 901

H1 0.947 1.000 0.978 1.000 0.953 0.998 0.988 1.000

H1a 0.549 0.698 0.666 0.905 0.474 0.670 0.598 0.903

−0.4 N 1116 1662 1440 2828 1107 1676 1440 3082

H1 0.914 0.933 0.925 0.968 0.914 0.937 0.927 0.980

H1a 0.254 0.349 0.311 0.503 0.197 0.285 0.250 0.429

−0.5 N 719 1059 915 1685 710 1051 907 1693

H1 0.906 0.913 0.909 0.927 0.904 0.913 0.909 0.931

H1a 0.128 0.167 0.150 0.228 0.093 0.129 0.114 0.186

0.5 −0.3 N 1546 2147 2096 11083 1543 2224 2161 6592

H1 0.923 0.952 0.949 1.000 0.924 0.959 0.956 1.000

H1a 0.491 0.631 0.620 0.862 0.414 0.563 0.551 0.862

−0.4 N 855 1133 1101 1865 845 1125 1093 1914

H1 0.906 0.915 0.914 0.945 0.905 0.916 0.914 0.951

H1a 0.249 0.334 0.323 0.522 0.187 0.265 0.255 0.445

−0.5 N 555 734 707 1157 549 726 700 1152
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(1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8) (1, 1) (1, 0.8) (0.8, 1) (0.8, 0.8)

H1 0.903 0.906 0.905 0.917 0.902 0.905 0.905 0.918

H1a 0.139 0.185 0.177 0.289 0.097 0.136 0.129 0.227
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FIGURE 1. 
Contour plot of global power surface. (A) For λsen = 1 and λspec = 1 by p and N; (B) For 

λsen = 1 and λspec = 0.8 by p and N; (C) For λsen = 0.8 and λspec = 1 by p and N; (D) For λsen = 0.8
and λspec = 0.8 by p and N.
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FIGURE 2. 
Contour plot of power surface for overall population. (A) For λsen = 1 and λspec = 1 by p and 

N; (B) For λsen = 1 and λspec = 0.8 by p and N; (C) For λsen = 0.8 and λspec = 1 by p and N; (D) 

For λsen = 0.8 and λspec = 0.8 by p and N.
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FIGURE 3. 
Contour plot of power surface for marker positive subgroup. (A) For λsen = 1 and λspec = 1 by 

p and N; (B) For λsen = 1 and λspec = 0.8 by p and N; (C) For λsen = 0.8 and λspec = 1 by p and N; 

(D) For λsen = 0.8 and λspec = 0.8 by p and N.
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TABLE 1

Critical values when α = 0.025, α1 = 0.004, α1a = α1/2, α2 = 0.021, α2a = α2/2, r = 0.5.

λsen λspec p

Information In = 0.3 Information In = 0.5

c 1 c 2 b 1 b 2 c 1 c 2 b 1 b 2

1.0 1.0 0.3 2.878 2.866 2.287 2.255 2.878 2.866 2.271 2.240

0.4 2.878 2.848 2.286 2.224 2.878 2.848 2.269 2.210

0.5 2.878 2.816 2.284 2.178 2.878 2.816 2.266 2.164

0.95 0.95 0.3 2.878 2.871 2.288 2.267 2.878 2.871 2.272 2.252

0.4 2.878 2.857 2.286 2.238 2.878 2.857 2.270 2.224

0.5 2.878 2.826 2.285 2.192 2.878 2.826 2.266 2.177

0.9 0.9 0.3 2.878 2.875 2.288 2.276 2.878 2.875 2.273 2.261

0.4 2.878 2.864 2.287 2.252 2.878 2.864 2.271 2.237

0.5 2.878 2.836 2.285 2.205 2.878 2.836 2.267 2.191

0.85 0.85 0.3 2.878 2.877 2.289 2.283 2.878 2.877 2.274 2.268

0.4 2.878 2.870 2.288 2.264 2.878 2.870 2.272 2.249

0.5 2.878 2.845 2.286 2.219 2.878 2.845 2.268 2.205

0.8 0.8 0.3 2.878 2.878 2.289 2.287 2.878 2.878 2.274 2.272

0.4 2.878 2.874 2.288 2.274 2.878 2.874 2.273 2.259

0.5 2.878 2.854 2.286 2.233 2.878 2.854 2.269 2.219

0.75 0.75 0.3 2.878 2.878 2.289 2.289 2.878 2.878 2.274 2.274

0.4 2.878 2.877 2.288 2.282 2.878 2.877 2.274 2.267

0.5 2.878 2.861 2.270 2.231 2.878 2.861 2.270 2.231

0.7 0.7 0.3 2.878 2.878 2.290 2.290 2.878 2.878 2.275 2.275

0.4 2.878 2.878 2.274 2.272 2.878 2.878 2.274 2.272

0.5 2.878 2.867 2.287 2.258 2.878 2.867 2.271 2.243

1 0.8 0.3 2.878 2.876 2.288 2.279 2.878 2.876 2.273 2.264

0.4 2.878 2.865 2.287 2.253 2.878 2.865 2.271 2.239

0.5 2.878 2.835 2.285 2.204 2.878 2.835 2.267 2.189

0.8 1 0.3 2.878 2.872 2.288 2.268 2.878 2.872 2.272 2.254

0.4 2.878 2.860 2.287 2.245 2.878 2.860 2.270 2.231

0.5 2.878 2.834 2.285 2.202 2.878 2.834 2.267 2.188

Notes: c1, c2, b1, and b2: critical value for overall population, true marker-positive population at interim analysis, overall population, and true 

marker-positive population at final analysis time, respectively.
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