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ABSTRACT

In confirmatory randomized controlled trials of patients with metastatic cancer, progression-free survival (PFS) and overall sur-

vival (OS) are often used as multiple primary endpoints. The overall hierarchical strategy is a typical multiplicity adjustment

method that analyzes PFS once and performs an interim OS analysis at the time of PFS analysis using an alpha-spending
function—only if the statistical significance of PFS is demonstrated. A subsequent final OS analysis is conducted if the interim OS
analysis does not result in early stopping for efficacy. In this study, we focused on the adjustment of conditional bias (CB) in haz-

ard ratio estimates for OS in both interim and final analyses when a trial applied the overall hierarchical strategy. As CB-adjusting
estimators for a single primary endpoint may have limited performance, we extended the conditional mean-adjusted estimator to
the case of an overall hierarchical strategy. Motivated by an actual oncology trial, we evaluated the performance of the proposed

estimators through a simulation study. In the case of early stopping for efficacy, the CB of the proposed estimator was smaller than

that of the existing methods with comparable root mean squared error.

1 | Introduction

In confirmatory randomized controlled trials (RCTs) for patients
with metastatic cancer, progression-free survival (PFS) and over-
all survival (OS) are often used as multiple primary endpoints
[1, 2]. Although an increase in OS is the ultimate goal of can-
cer treatment, PFS is available earlier and captures direct activity
on cancer cells. This motivates the current strategy that first tests
PFS and applies a group sequential test for OS in a hierarchical

manner. One possible approach would be to analyze PFS once
and perform an interim OS analysis at the time of PFS analysis
using an alpha-spending function, only if the statistical signifi-
cance of PFS is demonstrated. According to Glimm, Maurer, and
Bretz [3], this multiplicity adjustment strategy is called the overall
hierarchical strategy. The family-wise error rate is strictly con-
trolled in a strong sense due to the closure principle, and the
other statistical performance of a more general hierarchical test-
ing strategy has been discussed elsewhere [3].
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In this study, we focused on a bias-reduced estimator of the
hazard ratio (HR) for OS when a trial applied the overall
hierarchical strategy. The FLAURA study [4, 5], a confirma-
tory RCT for first-line EGFR mutated advanced non-small cell
lung cancer patients comparing osimertinib (a third-generation
epidermal growth factor receptor inhibitor [EGFRi]) versus a
first-generation EGFRI, is a typical example. This trial used
an overall hierarchical strategy, which resulted in regulatory
approval based on a remarkable gain in PFS, together with the
statistical significance of OS in the final analysis. The HRs for
OS were 0.63 in an interim analysis (not significant) and 0.80
in the final analysis, based on a boundary calculated from the
O’Brien-Fleming type alpha spending function. In the label of
U.S. approval, only the latter value was reported as an HR for
OS [6]. From a statistical viewpoint, the HR for OS in the final
analysis is a conditional estimate, given that the trial continues
until the final analysis following an overall hierarchical strat-
egy (i.e., PFS significance and OS insignificance in the interim
analysis), thus rendering it conditionally biased [7]. Note that if
the study stopped due to efficacy in terms of OS, the reported
HR for OS in the interim analysis also suffers from the same
type of bias conditional on PFS significance. The direction of the
conditional bias (CB) requires caution. CB of treatment effect
for PFS is in the direction of overestimation (i.e., smaller HR)
when there is a significance in PFS. This trend is consistent for
interim OS when there is a significant difference in interim OS
driven by significance in PFS. The direction of CB in the final OS
may go in either direction because the insignificance of interim
OS leads to underestimation in the treatment effect (i.e., larger
HR) of the final OS. Selected reporting similar to that in the
FLAURA study is not rare in actual cancer drug development
programs [8-11], and this may have a greater impact on pricing
and reimbursement decisions after drug approval in some coun-
tries. Additionally, bias adjustment is also an important issue in
adaptive trial designs to produce reliable treatment effect esti-
mates, as discussed in Robertson et al., who reviewed bias adjust-
ment in adaptive designs, including group sequential, sample
size re-estimation, multi-arm multi-stage, response-adaptive ran-
domization, and adaptive enrichment designs [12, 13].

Statistical methodologies for adjusting for the above-mentioned
CB in HR have been proposed [14-20]; however, the under-
lying situation is limited to RCTs with a single primary end-
point. This study proposes a multi-step version of the condi-
tional mean-adjusted estimator (CMAE), which is an existing
CB-adjusted estimator. We then aimed to extend it to situations in
which an overall hierarchical strategy was used. After reviewing
the existing CB-adjusted estimators for group sequential design in
Section 2, the motivating situation and our proposal are detailed
in Section 3. Simulation studies follow in Section 4, which eval-
uate the performance of an ordinally reported maximum likeli-
hood estimator (MLE), existing CB-adjusted estimators, and our
proposed method. An additional simulation study evaluates the
proposed estimator with the mis-specified parameter in Section 5.
An illustration is shown in Section 6. The discussion is provided
in Section 7.

2 | Existing CB-Adjusted Estimators

2.1 | Motivating Trials and Notations

To provide a brief overview of the existing CB-adjusted estimators
for a single primary endpoint, we first motivate an RCT that sets
the OS as the primary endpoint. The trial plans only one interim
analysis to consider stop for efficacy. 5, is denoted as an MLE of
log HR at the I-th analysis (/ = 1: interim analysis, / = 2: final
analysis) using a Cox regression model. HR is defined as the ratio
of the hazard function of the control group to that of the experi-
mental group. If the null hypothesis H,, : 6 < Oisrejected against
the alternative hypothesis H, : > 0, the experimental group is
declared to be significantly superior to the control group. For a
sufficiently large sample size, 3, asymptotically follows a bivari-
ate normal distribution: [21]

%) <an( (0).(F

0, 0 ag 6%
where o7 is the inverse of the observed information /; obtained
from partial likelihood for 6 at the I-th analysis. Let Z, = 8,/T,
be the standardized test statistic and an interval (b, \/Tl , oo) be

the rejection region; thus, R, = (b, o) is the rejection region for
5,. Let M represent the stopping stage

Lifd, € R,
M =
2, otherwise

and let m be its realized value. The null hypothesis H| is rejected
at the I-th analysis if , € R,.

a) b= (b, ....b,)",

> “n

For n-dimensional vectors a = (al, ..

andx = (x,, ..., x,,)T,we abbreviate multiple integrals over mul-
tiple intervals [al, bl], el [an, b,,] as follows:

b by b,
/f(x)dx::/ / f(xyooux,)dx, .. .dx,

Let ¢,(x;6,X) be a probability density function of the multi-
variate normal distribution with expectation 8 € R" and covari-
ance matrix X € R"™”, and let L,(a, b; 6, X) be the multiple inte-

gral of ¢, (x; 8, X) over the multiple intervals [al, bl], e [an, bn]
given by
6, (x:0,5) = —— 1 exp(—l(x —0'E(x-0))
\Q2r)" det(T) 2

b
L,(a,b;0,X) :=/ ¢,(x;0,X)dx

For univariate normal distribution, the density function and the
cumulative distribution function are denoted as ¢(x) = ¢;(x;0, 1)
and ®(x) = L,(—o0, x; 0, 1), respectively.
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2.2 | CB-Adjusted Estimators

221 | CMAE

The CB of the MLE gm can be written as the difference between
the conditional expectation of é\m, which can be written by the
expectation of truncated normal distribution, and the true treat-
ment effect 6. For m = 1 and m = 2, respectively, the CB is repre-
sented by the following formulas: [22]

E(§1|M= 1) —0=0,

#i @

E(§2|M=2) 9= _<"_§>¢<_6__1)

51

Although an unbiased estimator can be obtained if we know
the true value of 0, the value of § is unknown. Thus, one type
of CB-adjusted estimator is the CMAE proposed by Troendle
and Yu [15]. The CMAE, which we refer to as @EMAE , is rooted
in the mean-adjusted estimator of Whitehead [23], consider-
ing unconditional bias correction. For any value of m (= 1,2),
CMAE is defined as the solution of the formula describing that
E<§M|M = m) is equal to the observed value of 5,,, Here, the
mean parameter 6 is substituted by an unknown quality 8. §MAF
is the solution to the following equation (in 6):

"),

is the solution to

i (2)2)
@)

o) 7

According to previous simulation studies [14-16, 18, 22, 24, 25],
the CMAE tended to have a smaller CB than the MLE when a
two-sided group sequential test was used. This trend was also
observed when M = 2, regardless of the sidedness of the group
sequential test. Conversely, when a one-sided group sequen-
tial test is adopted and M = 1, the CMAE may overcorrect the
CB [20, 25]. That is, é\chAE may have the CB in the opposite

direction compared to the CB of 51: E<§1 -0|M = 1) >0>

ACMAE
E( 07

0+o0,

Similarly, §ZCMAE

—60|M =1). In some cases, the degree of over-

correction can be substantial. This is probably the reason why
the simulation study by Shimura et al. [22] used an estimator,
A~CMAE simple .

0, , given by

¢< §1 _bl )
é‘ICMAE,simple — 51 —0 A"l
Q el_bl
1

This idea is similar to the simple estimator of Guo and Liu [26],
which corrects the unconditional bias for binary outcomes by

estimating the unconditional bias through the substitution of
the MLE for the parameter of interest. The previous simulation

studies [19, 22] suggested that, although 8. "***"""* tends not

to overcorrect CB, 6" corrects CB insufficiently when
51 has large CB. Such situations include an early stop with the
small true effect, or with a small information fraction when the
O’Brien-Flemming type alpha spending function is used [19, 22].
Theoretically, 8. "***"""* was shown to asymptotically leave pos-
itive CB (Supporting Information File S.1). An intuitive expla-
nation is that because CB is a strictly monotonically decreasing
function with 6, substituting the overestimated MLE for the true
parameter 6 might lead to underestimation of CB, resulting in a

remaining CB.

2.2.2 | Penalized MLE

For a trial stopped early for benefit, Marschner et al. [20] pro-
posed a penalized MLE (pMLE), whose support does not include
values implying opposite directions. One may be concerned with
the negative value of the CB-adjusted estimates (CMAE and other
estimators detailed in Supporting Information File S.9), even
though an early stop due to efficacy is demonstrated, that is,
M = 1. To address this problem, the tuning parameter 4 € [0, 1]
isintroduced to the estimating process of conditional MLE, which
can be transformed to CMAE [27]. Conditional MLE with A can
be deformed to the modified version of Equation (2) of CMAE:

()

o) "7 Y

Let the solution of (3), which is a class of CB-adjusted esti-
mator with parameter A, be represented by P(i, 51). P(O, §1>

0+ Aoy

is the MLE and P(l, (31) is the CMAE. Additionally, P(A, 51)
strictly monotonically decreases with A and strictly monotoni-
cally increases with 51 (Supporting Information File S.2); that
is, a larger value of A indicates stronger correction. Then, 4* is

chosen to satisfy P(1*,b,) = 0; as a result, P(/l*, 51) > 0 holds.

P ( A%, §1 ) isthe pMLE, denoted by é\fMLE ,and its value is between
MLE and CMAE.

Other CB-adjusted estimators are summarized in Supporting
Information File S.9.

3 | Adjustment of CBin RCTs Applying an
Overall Hierarchical Strategy

3.1 | Design and Notation

We considered an RCT (allocation ratio 1:1) setting PFS and OS
as the multiple primary endpoints. The trial planned to perform
an interim OS analysis at the same time as the main PFS analysis.
No interim analyses were planned for PFS. Interim OS analysis
will be performed if the PFS is statistically significant. Similarly,
a final OS analysis will be performed if the interim OS analysis
recommends a continuation. This overall hierarchical strategy
never inflates the type I error rate, owing to the closure testing
principle [3].
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Let k represent the primary endpoints (k = 1: PFS, k = 2: 0S) and
I represent the analysis stage (/ = 1: main PFS analysis or interim
OS analysis, / = 2: final OS analysis). 6,; denotes log HR com-
paring the control group with the experimental group. We also
assumed that the true value of 6,; remained unchanged across
the analysis stages (i.e., proportionality of hazards assumption),
and we denoted the true value as 0, and H,, : 6, < 0 as the null
hypothesis for endpoint k. We consider applying a Cox regres-
sion model for estimating 6,;, and let the maximum partial like-
lihood estimate be é\kl. With a sufficiently large sample size,

(@11, §21, §22) follow the trivariate normal distribution,

?11 6,
Oy |~ M 0, | =
05, 0,
o7 Cov[§11,§21] Cov[au,@\zz]
X =|Cov §11,§21 G;l 0'52
Cov §11,§22 652 052

where "1?1 is the inverse of the observed information I;; obtained

from partial likelihood for 6, at the /-th analysis. Accord-
ing to Gou and Xi [28], we assumed that Cov[é\n,@z,] =p-

min (o3, az,)z, where p is defined as Corr 6712, @22 , which equals
the Pearson correlation coefficient of PFS and OS given several
assumptions (see Section S.4.2 in Supporting Information File),
which is hard to verify in actual RCTs. Let Ry; = (b, oo) be the
rejection region for §kl; stopping stage M is defined as:

_ [ Lif6, € R0, € Ry
2,if0), € Ry, 0, & Ry,

In Section 1, we illustrate a motivating example of the FLAURA
study. The labeling itself can be driven by the final OS signifi-
cance. When one concerns a conditional bias due to the signifi-
cance of final OS testing, @22 € R,, should be added for §22. CB
correction in this case is detailed in Section S.5 in the Supporting
Information File.

3.2 | Extension of CMAE

Considering M =m, let m* =1(k=1)+ I(k =2)m, where
I(k=Kk') is the indicator function taking 1 when k = k" and
0 when k # k' (m* keeps 1 irrespective of m when k = 1). Let
B(k,m,0,,0,) represent CB of §,,,. when stopping stage M = m:

b T
/a X [ (k=1)+1(k=2)(m+1) P3 (x; (91,92, 92) ,E)dx

B(k,m,0,,0,) =
v L3<a,b; (.91,92,92)T,2)

_0/(

where a = (b, by, —oo)T and b = (c0, 00, 0)! form = 1landa =
(bu,—oo,—oo)T and b = (oo,b21,oo)T for m = 2. This is in the
form of subtracting the parameter 6, from the first term of the
expected value of the truncated normal distribution. Based on

this expression, the extension of §5MAE may be defined as the solu-
tion to the following simultaneous equations of (6,,8,):

0, + B(2,m,8,,6,) —8,,=0 @
0,+B(1,m,06,,0,) -0, =0

The solution of 8, can be regarded as a CB-adjusted estimator of
OS log HR, and we denote it by @%CMAE . Note that a solution for
0, requires a post hoc adjustment of 6, . For most trials following
an overall hierarchical strategy, an intermediate report, including
the PFS estimate, 511, may be submitted to medical conferences
and/or journals as well as new drug applications for regulatory
agencies regardless of interim OS estimates, 9\21. Nevertheless,
acceptance of such submission can be highly dependent on either
or both OS interim and/or final analysis results simply because
the oncology community always focuses on OS. These consider-
ations imply that, in medical reports or labels, there would be no
doubts about the existence of conditional bias §11 driven by 52,,,.

Similar to §fMAE, @\;‘fnCMAE would become an overcorrected
CB-adjusted estimator (shown by the simulation study in
Section 4). Thus, we next considered the extension of 510 MAE.simple

substituting MLE (511, 52,”) for (6,,6,):

AIMCMAE simple
0, :
m

= §2m - B(Z,m, §11’§2m)

Similar to the §1C MAEsimple 1is estimator corrected CB insuf-

ficiently when 6,, has a large CB (Section 4). Addition-

1ly, 512\/1[CMAE’S""P “ under p =0 was shown to be equivalent to

é\CMAE,simple

N (Supporting Information File S.6).

3.2.1 | Iteration of Correcting CB

In order to balance under-correction of @\gfnCMAE’Simp “ and
over-correction of 512‘:’”CMAE, we propose an iterated correction
method driven by the idea of repeated correction based on
geMAEsimple gCMAESImPIe 5 the estimator substituting 6, for 6 to
approximate CB (1). Given the results that 6. "***""* estimates
0 better than 51, as in some scenarios in the previous simula-
tion study [19, 22], substituting §1CMAE’Simp  for 0 might lead to
a better approximation of CB (1). This method is explained in
Section “Repeated Correction for Single Primary Endpoint” of the
Appendix A. Let 7 € N, be the number of repetition and §f MAE()
be the CB-adjusted estimator at the z-th repetition. It was found
that a large 7 leads to a strong bias correction. Thus, a number
of repetitions would exist that correct CB with some moderate
degree between the overcorrected °MAF and insufficiently cor-

ACMAE simple , 7>
rected 6" (or ).

Given the above property of the iterated adjustment method
for single-endpoint situations, we next consider an extension
to multiple primary endpoint cases, following the notation in
Section 3.1. Let 512\"[” CMAE® be the 7-th CB-adjusted estimator. It

is obtained by the following steps until = reaches the upper limit,
Tmax € N>1-

Step 1. Set 7 = 1.

40f15

Statistics in Medicine, 2025



Step 2. Calculate B(Z,m, §ﬁCMAE(T_1),§2fnCMAE(’_I)> and

B(1.m HMCMAE(r 1)’ elz\iInCMAE(‘r—l)

set as ( 0MCMAE(O) HMCMAE(O)> _ <§117 §2m>

, where the initial values are
> 2m
Step 3. Update the CB-corrected estimators at the t-th iteration:

PMCMAE()

AMCMAE(r—1) AMCMAE(z—1)
e 6,y — B(2.m.0}] 9 )

> 2m

é\i\/liCMAE(r) 9 _ B( é‘;\/lICMAE(r—l)’é‘;\/ICMAE(T—l)>
m

Step 4. Increment t by 1, and if 7 is greater than z

max> Stop the
iteration steps. Otherwise, repeat Step 2.

The integral computation in Step 2 uses the method proposed by

Kan and Robotti [29]. Here, GMCMAE(D isidentical to HMCMAE“MP le
Within the simulation study we conducted, 0 WCMAE(T‘"‘“) with a
large value of 7,,,,, was close to H%CMAE .As 111ustrated in Section 4,

MCMAE(lOO)

the performance of 6, was similar to 63/°M4E Here,

OMMAE®) yas shown not to amplify the overestimation of MLE

because B(k,1,0,,6,) > 0 holds for k = 1,2 under p > 0 (Sup-
porting Information File S.7).

3.2.2 | Determinationofr,,,

For M =1, as t, MCMAE(T“““)

max is observed to

~MCMAE

have smaller values, which indicates that 0, () is a mono-

tone decreasing function of z,,.. This examlnation implies that
. . . ’\MCMAE(rmax) .

our proposed iterative estimator 6,, with a large value

of z,,,,, may result in an excessive adjustment, which means that

é\MCMAE(rmX)
21

becomes larger, 0,

can be negative even though the trial rejects H,,.

This can be avoided by incorporating the idea of pMLE into
AMCMAE . . AMCMAE(,, .w*

921 (Fmax) . The resulting estimator, 921 (et ), uses two

additional parameters (7}, ,w"), as detailed in Section “Details

AMCMAE .

of 9 (et in the Appendix A. 7, - was set as the value

of rmax that corrects CB to the degree that it does not con-

tradict the results of hypothesis testing. w* was introduced to
AMCMAE(z}, .w*) ~MCMAE(z,.)

enable 0, to take the value between 0, and
5M CMAE(T”“XH). Thereby, w* set the infimum of éqz\fCMAE(T:"”’w*) as

21
zero, which is the infimum of the values implying the superiority

of the experimental group.

4 | Simulation Study 1

The performance of the proposed method was assessed through
simulation studies motivated by a trial that applies an overall
hierarchical procedure for multiple primary endpoints (PFS and
OS). The trial design was the same as that described in Section 3.1.

The existing methods detailed in Section 2 (CMAE, simplified
version of CMAE, and pMLE) and the MLE were used for OS
estimators as benchmark, although they disregarded the impact
of hierarchical testing on PFS and OS. Note that §CMAE was cal-
culated for M = 1,2 (Sections 4.2.1-4.2.2), and @ ACMAE Simple and

anLE were calculated only for M =1 (Section 4.2.1). We also

used other existing CB-adjusted estimators for a single primary
outcome (Section S.9 in the Supporting Information File).

For the proposed method, we evaluated the proposed estimator

gﬁCMAE(rmax w*) for M = 1 (Section 4.2.1), eMCMAE(Tm) with differ-

ent values of 7,,,, (=1 or 100) for M = 1,2 (Sections 4.2.1-4.2.2),
and 7,,,, = 5 for M = 2 (Section 4.2.2).

The R-code for the simulation is available upon request from the
authors.

4.1 | Settings

We used four evaluation metrics in the scale of HR (i.e., scale of
exp(0)), of which a large value represents a large effect of the
experimental group. The metrics included CB, percentage CB
(%CB), empirical standard error (EmpSE), and root mean squared
error (RMSE), which were calculated as follows:

CB = E[exp(§2M>|M = m] —exp(6,),

_ CB
"CB = exp(@z)’
EmpSE = \/n::l’" E[(exp(§2M) - E[exp(§2M)|M = m] )2|M = m],

and

RMSE = \/E[(exp(§2M> - exp(92)>2|M - m]

The one-sided significance level was set at 0.025. The Fisher
information was approximated by the total number of events
divided by four [30]. For the test of PFS, we set the number of
events with an expected HR exp(—@lo) of 0.65 and a power of 0.9,
resulting in the total required number of events being 227. The
O’Brien-Fleming type or Pocock type alpha spending function
[31] was applied to compute the stopping boundaries for OS anal-
ysis. The number of events for the interim and final OS analyses
was set to achieve a power of 0.8 with an expected HR exp(—&zo)
of 0.7. The timing of the OS interim analysis was an information
fraction (IF) 0f 0.25, 0.5, or 0.75. The true parameters p, 6;, and 6,
were chosen from {0,0.5,0.9} for p, {0.85,0.6} for exp(—0, ), and
{0.9,0.65} for exp(—6, ). Under these settings, (2)\11, 0,,.0,, ) were
generated from a multivariate normal distribution. In each of the

72 scenarios, we obtained 3000 estimates satisfying the condition
M =1 and another 3000 estimates satisfying M = 2.

4.2 | Results

421 | Scenario With Early Termination for Benefit

Table 1 shows the results for M =1 with Pocock and
O’Brien-Fleming type alpha spending functions, IF of 0.5,
HR exp(—6,) of 0.85 for PFS, and HR exp(—6,) of 0.65 for OS.
We first consider the independent scenarios where true p = 0.
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In this scenario, the significance of PFS does not introduce
the CB of MLE (@21) for OS; thus, only the group sequential
test for OS caused a positive CB of the MLE. As shown in the
second and fifth columns in Table 1, the %CB of @f MAEsimple (g
about half of MLE (8,,). For CMAE, MCMAE (§¥°M), and the
repeated correction version of MCMAE (§%CMAE(1°°)), there was a
trend of overcorrection, together with larger EmpSE and RMSE.
Compared to these and other estimators, the %CB of pMLE was
far smaller, with a relatively smaller EmpSE and RMSE. These
trends were highlighted when a larger selection bias was intro-
duced by a more stringent boundary using the O’Brien-Fleming
type alpha spending function (see the second row of Table 1).
For both spending functions, our proposed MCMAE (7% . w*)
showed almost the same performance as pMLE.

For correlated scenarios (true p = 0.5 or 0.9), %CB of MLE (321)
increased due to the selection bias stemming from the PFS signif-
icance. The trend of overcorrection of the CMAE was observed
on a case-by-case basis, although this trend remained for the
MCMAE and its repeated correction version. Except for CMAE,
as p got larger, the magnitude of CB increased. Unlike in p = 0,
%CB of pMLE was non-negligible. For MCMAE (. w*), %CB
was smaller than pMLE with comparable EmpSE to pMLE and

roughly comparable RMSE to §12V11CMAE’MP e,

The performance of MCMAE (77, w*) depends on which selec-
tion was stronger among an earlier stop due to PFS analysis or
OS interim analysis. When the former selection was stronger,
MCMAE (7 . w*) performed better. This is simply because a
larger p introduced a larger CB, which is shown in Table 1. Situa-
tions where the latter selection gets stronger include a case where
the true treatment effect on OS is small (i.e., exp(—6,) = 0.9), as
shown in Table 2. As a whole, p did not substantially alter the
results in Table 2. Although the %CB of the CMAE was far larger

than that in Table 1, a similar trend was observed. These results
were also seen in the other scenarios with a large effect on PFS
(eXp(—Gl) = 0.6) (Tables S1 and S2 in Supporting Information
File, including additional existing methods listed in Section S10).
Nevertheless, the performance of MCMAE (r;:lax, w*) was gener-
ally comparable to pMLE. Tables S3 and S4 present the results,
including those of the additional existing methods. Additionally,
as the IF decreased, the CB of the MLE based on the OS interim
analysis increased (results not shown).

4.2.2 | Scenario With Continuation to the Final
Analysis

Table 3 presents the results for M = 2 with the same scenario
as in Table 1: Pocock and O’Brien-Fleming type alpha spend-
ing functions, IF of 0.5, HR exp(—6,) of 0.85 for PFS, and HR
exp(—6,) of 0.65 for OS. Looking at the row of MLE (8,,), the CB
of MLE increased with respect to p. That is, the PFS test intro-
duced the CB in the direction of overestimation. Meanwhile, as
shown in the independent scenario (p = 0) of the same row, MLE
had negative value of CB. In other words, the group sequential
test caused CB in the direction of underestimation. Specifically,
for the correlated scenarios (p = 0.5 or 0.9), existing methods that
did not consider PFS analysis tended to have CB toward over-
estimation, as illustrated in CMAE. Unlike in M =1, MCMAE
(Tmax) did not show monotonic behavior with respect to 7,,.
alz\'lCMAE(IOO) could have too large estimates although the possi-
bility of calculation error accumulated through large number of
iterations could not be excluded. When using an O’Brien-Fleming
type alpha spending function, the CB due to the OS interim
analysis was less than when using the Pocock type alpha spend-
ing function. The RMSE of the CB-corrected estimates was not
smaller than that of the MLE. This was similar to other sce-
narios (Tables S5, S6, S9-S12, S14, and S16 in the Supporting

TABLE2 | Results of simulation study 1in M = 1,IF=0.5, exp(—6, ) = 0.85, and exp(—0,) = 0.9.

Alpha spending function Pocock

p 0 0.5 0.9

P(@u e Rn> 0.231 0.231 0.231

P(B1y € Ryy.0 € Ry ) 0.014 0.032 0.05

0., 0.44 (40%)/0.1/0.45 0.46 (41%)/0.11/0.47 0.45 (41%)/0.11/0.47
geMAEsimple 0.3 (27%)/0.14/0.33 0.32 (29%)/0.15/0.36 0.32 (28%)/0.15/0.35
geMAE —0.23 (~21%)/0.52/0.57 —0.15 (~14%)/0.53/0.55 —0.19 (~17%)/0.53/0.57
oM 0.16 (14%)/0.21/0.27 0.19 (17%)/0.22/0.3 0.18 (16%)/0.22/0.29
MCMAE simple 0.3 (27%)/0.14/0.33 0.31 (28%)/0.15/0.34 0.3 (27%)/0.14/0.34
gricMAraoD —0.13 (=12%)/0.49/0.51 —0.21 (=19%)/0.43/0.48 —0.25 (—23%)/0.48/0.54
@{CMAE —0.18 (—16%)/0.44/0.47 —0.22 (—20%)/0.44/0.49 —0.26 (—24%)/0.49/0.56
LA ") 0.14 (12%)/0.21/0.25 0.15 (14%)/0.19/0.25 0.15 (14%)/0.19/0.25
(T8 e W) (3,0.84) (3,0.22) (3,0.05)

Note: Rows represent the estimators, each column represents the alpha spending functions and the true correlation p, and each cell contains CB(%CB)/EmpSE/RMSE.
P(é’A11 € Ru) = probability of significance of test for PFS, P(@ll €R,.0, € R21) = probability of M = 1,8,, = MLE for OS (Section 2.1), 8-***"™* — simplified version

of CMAE (Section 2.2.1), glCMAE = conditional mean-adjusted estimator (CMAE) (Section 2.2.1), §fMLE = penalized MLE (Section 2.2.2),
= extension of CMAE with iteration number of 100 (Section 3.2.1), @%CMAE = extension of CMAE by Equation (4)

with iteration number of one (Section 3.2),

(Section 3.2), @ifCMAE(T;“’“'X)

AMCMAE(100)
4

AIMCMAE simple
92 1

= extension of CMAE

= extension of CMAE with iteration number of 7 and weight w* determined by the similar way to the pMLE (Section 3.2.2).
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Information File, including additional existing methods listed in
Section S10). Nevertheless, HMCMAE simple . yuld have smaller CB
and RMSE than MLE and the ex1sting methods when the CB due
to OS interim analysis was large, as in the cases with an IF of 0.75
and exp(—6,) of 0.65 (Tables S13 and S15), or when the CB due
to OS interim analysis was small and the CB due to PFS analysis
was large, as in the cases with an IF of 0.25 and exp(—#, ) of 0.85
(Tables S7 and S8).

4.3 |
Results

High Level Summary of the Simulation

For M =1, when the effect of PFS was small, the CB of MLE

and existing methods increased with p. The proposed method

(WCMAE(T'”“X v )) corrected CB due to the significance of PFS and

resulted in a smaller CB. For M = 2, MLE had the least RMSE in
many scenarios, partly because the direction of CB due to the sig-
nificance of PFS and insignificance of OS interim analysis were
opposite and tended to cancel each other. Nevertheless, in some
scenario, 8y, "5 ' could have smaller CB and RMSE than
those of MLE and the existing methods.

5 | Simulation Study 2
We conducted simulation studies 2A and 2B to evaluate the
impact of misspecification of p.

5.1 | Simulation Study 2A

Simulation study 2A was conducted under the same situation as

simulation study 1. We additionally evaluated 6MCMAE(T"“X ) for

M = 1with p specified from {0, 0.1,0.3,0.5,0.7, O 9}, irrespective
CMAE(p o

max

of true p. It was denoted by 6, .For M = 2,we eval-
uated HMCMAES""PIE with p speciﬁed from {0,0.1,0.3,0.5,0.7,0.9},
irrespective of true p, and it was denoted by BMCMAE“'"" (o),

51.1 | Settings

The settings were the same as in simulation study 1.

5.1.2 | Results

51.21 | Scenario With Early Termination for Benefit.
Table S3, which shows the results of simulation study 1 for M =
1, IF=0.5, exp(—0,) = 0.85, exp(—0,) = 0.65, also includes the
results of simulation study 2A in the last six rows. The last six
rows in the second column represents CB(%CB)/EmpSE/RMSE

SMCMAE(p.ty oi05) )
o with p specified from {0, 0.1,0.3,0.5,0.7,0.9}

with Pocock type alpha spending function under true p = 0. With
wrongly specified p > 0.1, the degree of overcorrection increased.
Little overcorrection was observed with specified p = 0.9 under
true p = 0.5, and no overcorrection under true p = 0.9. EmpSE
decreased with specified p across all combination of true p,
exp(—0,) and exp(—6,) (Tables S1-54).

5.1.2.2 | Scenario With Continuation to the Final
Analysis. For M = 2, Table S11 includes the results of simula-
tion study 2A. Rows 12-17 represent CB(%CB)/EmpSE/RMSE

of GCMAESIMPIW) with p specified from {0,0.1,0.3,0.5,0.7,0.9}.
Slmllar to Table S3 for M =1, the degree of overcorrection
increased with wrongly specified p > 1, and no overcorrection
was observed under true p = 0.9. EmpSE did not necessarily
decrease with specified p, probably because 6MCMAE SImPle) qoes
not change the fixed number of iteration of one depending

AMCMAE(p.55 0% )

specified p as 6, does.

5.2 | Simulation Study 2B

We conducted simulation study 2B to evaluate the impact
of misspecification of p under wide range of 6, and 6,. For
CMAE(/JT

e t)

M =1, we evaluated 0, with p specified from
{0,0.1,0.3,0.5,0.7,0.9} irrespective of true p, and compared it
with @M. For M = 2, we evaluated ;""" “0) \with p speci-
fied from {0,0.1,0.3,0.5,0.7,0.9} 1rrespective of true p, and com-
pared it with §2CMAE. We chose ggMAE as benchmark because
52CMAE performs well under M = 2, unlike é\fMAE under M = 1.

5.2.1 | Settings
The three evaluation metrics defined in simulation study 1 were

used: absolute CB, EmpSE, and RMSE. The differences in each

. ~MCMAE( p,z’ w" ~OMLE
matric between 6, ( i ”> and 6" were calculated for

M =1, and those between é\%CMAE’SimP ) and §2CMAE were cal-
culated for M = 2. True p was chosen from {0,0.5,0.9}. True
exp(—0, ) and exp(—0, ) was respectively chosen from 0.5 to 1.0 by
0.05. The Pocock type alpha spending function [31] was applied
to compute the stopping boundaries for OS analysis. The timing
of the OS interim analysis was an IF of 0.5. The other settings
were the same as in those in the simulation study 1.

5.2.2 | Results

5.2.21 | Scenario With Early Termination for Benefit.
The results of simulation study 2 for M =1 are shown in
Figures 1, 2 and S7-S13 in Supporting Information File.

Figure 1 shows the differences in absolute CB between
~MCMAEp.r;
21

max,p’ /r

and 6 APMLE for M =1 under true p=0.5.

~MCMAE(p.z; -
Each panel represents p for 6, , specified from

{0,0.1,0.3,0.5,0.7,0.9}. Each cell in each sub-figures represents

the differences in absolute CB. Blue cell represents the absolute
,\MCMAE(p oW

max,p’"p

x5

CB of 0 being smaller than that of pMLE. The

AMCMAE<p Tt} )
absolute value of CB of 0, was nearly equal to

or smaller than that of pMLE across all 0, 6, and specified p

SMCMAE(p,55 0 )
for 0,

Figure S7 showed the differences in absolute CB under true p = 0.
When p was truly zero, and true exp(—ez) was smaller than 0.7,
/\MCMAE(;; Wt

max,p’""p

then 0 with positive p specified had larger degree
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. . . . SMCMAE (.5} 0% )
FIGURE1 | Results of simulation study 2 for differences in absolute CB between 6,

_MCMAE(p.z},,. 0" .
IF = 0.5 and Pocock type alpha spending function was used. Each panel represents p for 6, (,, o ) specified from {0, 0.1,0.3,0.5,0.7,0.9}. Each

) SMCMAE(p.55 107
cell represents the difference and blue cell represents that the absolute CB of 6, |

and @fMLE with M =1 under true p = 0.5.

is smaller than that of @?MLE.

of CB than pMLE. The degree of difference tended to increase than that of pMLE across all scenarios (Figure 2, and Figures S9

with true exp(—6,) and these were because of overcorrection. and S13).
Nevertheless, in the other scenarios including the case when true
»MCMAE(P’TSWMZ) 5.2.22 | Scenario With Continuation to the Final

p = 0.9 (Figure S11), the absolute value of CB of 6,

was nearly equal to or smaller than that of pMLE. Analysis. The results of simulation study 2 for M =2 are

shown in Figures S14-S22.

SMCMAE(p.t, 0% )
EmpSE of 6,, tended to be smaller than that of . . .
PPMLE bt lue of 0.5 (Fi S8 and S10) Figure S17 shows the differences in absolute CB between
1 whentruevaiue o *p wa*s Ze10 01 8. (HIgUTes 56 an ’ Q%CMAE’SW" ) and OSMAE for M =2 under true p = 0.5. Blue
AMCMAE (ﬂsfmax.ﬂv“’p ) AMCMAE simple(p)

and RMSE of 6, was nearly equal to or smaller cell represents the absolute CB of 6,, being smaller
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FIGURE2 | Resultsofsimulation study 2 for the differences in RMSE between 6, |
. . AMCMAE (.t} 0, )
and Pocock type alpha spending function was used. Each panel represents p for 0,

. SMCMAB (.55 0% )
represents the difference, and blue cell shows that the RMSE of 0, ’

and §fMLE with M = 1under true p = 0.5.IF = 0.5

specified from {0,0.1,0.3,0.5,0.7,0.9}. Each cell

is smaller than that of §fMLE.

than that of CMAE. Figure S17 showed that §YMAFsimpl® — and S21). Across all scenarios and specified p, the RMSE of
' o pHCMAE simple(p) ly equal t ller than that of CMAE
under exp(—6,) < 0.7 could have smaller absolute CB under 2 Wwas nearly equal to or smaller than that o
exp(—6,) > 0.8 and larger absolute CB under exp(—6,) <0.65  (FiguresS16, 519, and S22).
across all p specified for §£§CMAE’SWP leo) é\%CMAE’SlmP ) could
have larger absolute CB under true p =0 and exp(—6,) <0.7 5,3 |
(Figure S14) and could have smaller absolute CB under true
p = 0.9 and exp(—6,) < 0.7 (Figure S20).

High Level Summary of the Results
of Simulation 2B

For M =1, the absolute CB of the proposed method
. . . SMCMAE (9,57 07
across all scenarios and specified p (Figures S15, S18, ©,, ’

EmpSE of é\gCMAE’SimP “¢) was equal to or smaller than that of

52CMAE )) was nearly equal to or smaller than that
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of the existing method (§fMLE) across almost all combinations of
0., ,, true p, and specified p. In cases where true 6, was large,
true 6; was small, and p was truly zero, but the value of p was
wrongly specified as positive, the absolute CB of the proposed
method was larger than that of the existing method. Neverthe-
less, such a trend was distinct only when the specified p was quite
larger than the true value of zero (e.g., p > 0.7). Roughly similar
tendency was observed for M = 2, although the difference was
slightly larger absolute CB under true p = 0.5 and both true 6,
and 0, were large. This would be because of insufficient bias
correction of 0MCMAE SImpler) gimilar to CMAE simple compared
to HfMAE. RMSE of proposed methods were nearly equal to
or smaller than existing methods across all scenarios for both
M =1and M =2.

6 | INustration

The FLAURA study [4, 5] is a confirmatory RCT for first-line
EGFR mutated advanced non-small cell lung cancer patients
comparing osimertinib (a third-generation EGFRi) with a
first-generation EGFRi. This trial used an overall hierarchical
strategy. No interim analyses were planned for PFS. Interim anal-
ysis of OS was planned using the O’Brien-Fleming type alpha
spending function. An interim OS analysis was planned to be con-
ducted at the time of the final PFS analysis. Interim OS analysis
was performed if the PFS was statistically significant. Similarly, a
final OS analysis was performed if the interim OS analysis recom-
mended a continuation. The planned number of events for PFS
was 359, and that for OS in the final analysis was 318. From the
results, the test of PFS was significant, with 342 observed events
of 0.46. The OS interim analy-
sis was not significant, with 141 observed events and an estimated

HR exp(—@21 ) of 0.63. The OS final analysis was significant, with

and an estimated HR exp<—§n>

of 0.80.

Again, on the label of U.S. approval, only the latter value was
reported as the HR for OS [6].

321 observed events and an estimated HR exp(—522>

MCMAE (7,,4,) Was applied to the MLE 8, with 7,,,, varied in
{1,5,100} and p varied in {0,0.5,0.9}. This resulted in almost

identical HR estimates. That is, exp( GMCMAE( ) was 0.80

with almost no dependence on 7,,,, and p. This implies that the
uncorrected MLE might not have a large CB. The reported HR of
0.8 for OS in the label of U.S. approval may not need to be cor-
rected from the viewpoint of CB.

To adjust for CB due to the significance of the final OS anal-
ysis in labeling, CB correction mentioned in Section S.5 (Sup-

porting Information File) was adopted. exp( MCMAE(I)) was

0.87 and exp( GMCMAE(5)> was 1.05, almost independence of the
value of p.

For the illustration of early stopping (M = 1), we considered a
hypothetical situation where the OS interim analysis was sig-

nificant with the estimated value of HR exp(—é\m) of 0.5 for

OS. Application of the MCMAE (. w*) produced the esti-
AMCMAE(rmaX w*)

max’
) of 0.55 across the values of p in
{0,0.5,0.9}. ThlS observed independence of p would be because

mates exp(

the observed HR exp<—511> of 0.46 for PFS was much greater

than the critical value exp(—b,; ) 0f0.81 for PFS. When exp(—@11 >

was hypothetically set to 0.8, exp( é\M CMAB(z} 0 0”)

value of 0.55, 0.62, and 0.66 for p = 0,0.5,and 0.9, respectively.
Here, the exp<—§11> value of 0.8 is the value just barely crossing

takes its

the critical value exp(—b;, ) of 0.81. Even in this hypothetical sce-
nario where OS interim analysis was significant in the FLAURA
study, adjustment of CB may not be required. However, other
trials may suffer from large CB. One should be always cautious
about the reporting of point HR estimates when a trial applies
overall hierarchical strategies.

7 | Discussion

In RCTs testing PFS and OS using an overall hierarchical strategy,
a simple version of a CMAE (8; """ ) and pMLE can leave
CB regarding MLE of HR for OS when a trial stopped early for
efficacy (M = 1). This is partly because the existing methods dis-
regard the amount of selection driven by an early stop owing to
PFS testing. This selection bias becomes stronger when the corre-
lation between endpoints is high. Simulation study 1 found thata
simple extension of §"*"**""?  for the multiple primary endpoint
GMCMAEsimple 1ot CB. Compared to this, our
proposed multi-step version of HMCMAE Simple denoted as MCMAE
(T;; o W ) considering the 1dea of existing work (pMLE), had
a smaller CB compared to the existing methods with compara-
ble EmpSE to pMLE. The magnitude of CB correction was high-
lighted, especially when the true PFS effect was small and the trial
was stopped early for efficacy (M = 1).

situations, termed as 9

When the trial continued to the final analysis of OS (M =
2), simulation study 1 found that the existing methods tended
to have CB toward overestimation because they did not con-
sider PFS analysis. From the viewpoint of the RMSE, the MLE
tended to perform better than the CB-adjusted estimators. This
would be partly because the direction of the CB due to the
PFS test and that of the group sequential test were opposite;
thus, they would mutually cancel each other out. Nevertheless,
when the CB due to either OS or PFS is much larger than the
other CB, as in the case of small or large information fraction,
GMCMAESImPLe 15 4 smaller CB and RMSE than MLE and the exist-

2
ing methods.

To select the method to be adopted, we summarized the
SMCMAE . simple
comparison between our proposed methods (6,, and

AMCMAE(z, 0 AMCMAE,simpl .
0, (o) for M = 1, and G MABSITRE for M = 2) and exist-
gHcMABmpl
simple has

ing methods as described below Theoretically, 0,
a smaller CB than MLE for M =1 and p >0 unless it overcor-
. - /\MCMAE(TWM ) . "
rects CB according to proposition 7. 0, withzy >1
corrects CB stronger than GMCMAE simple , although larger 77 may
lead to overcorrection. For M =2, no theoretical finding was
obtained. According to simulation study 2, unless large p was
specified under true p was zero, §ZCMAE(T;“’W*) d pMCMAEsimp [B,
even with mis-specified p, tended to have smaller absolute CB
than existing methods, " for M =1 and §CMAE for M =

0
MCMAE(T “) for M =1 and OMCMAESWP  for

2, respectively. 0,
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M =2 had nearly equal to or smaller RMSE than @?MLE and
5§MAE , respectively.

The proposed method may be extended to more complex designs
where more than two endpoints are tested hierarchically and
at multiple timepoints. In some situations, an application of
MCMAE (.. w*) may be easy. A typical situation includes
a case where all three primary endpoints are reported as sta-
tistically significant following an overall hierarchical strategy.
However, if any interim analysis is not significant, correcting CB
would be challenging because the third endpoint may be influ-
enced by the negative direction of CB due to the insignificance of
interim analysis and positive direction of CB due to the signifi-
cance of the preceding endpoint.

One limitation is that the proposed method is calculated under
the given p. However, this may not be the case in actual clini-
cal trials. One approach is to calculate the estimator by chang-
ing p within an appropriate range. Then, one can evaluate the
variability of CB with respect to p. Another approach is estimat-
ing p from the data at hand, although the estimation of p may
have CB. The second limitation is that interval estimation was not
addressed. The third limitation is no clear guidance to determine
the maximum number of iterations (z,,,,) for M = 2. For M =1,
we prioritized a criterion that an excess bias correction should
be avoided, which contradicts the study’s main result of reject-
ing the null hypothesis. This criterion is the same as that used
for pMLE. We now consider that this guidance seems appropri-
ate in actual situations; however, the other criteria can be options.
For M = 2, we do not have clear guidance to determine a maxi-
mum number of iterations, and these are future directions. The
fourth limitation is that the setting of multiple interim analyses
was not addressed. If the trial stops early for efficacy at the second
or later interim analysis, the direction of CB will not be known.
Thus, although MCMAE simple would be expanded to the situ-
ation, MCMAE (7*_,w*) would not be expanded because tau

max’

could not be determined as z*

max®
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ences in RMSE between §%CMAE’SimP “0) and §2CMAE with M = 2 under
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Appendix A
Repeated Correction for Single Primary Endpoint

We explain the iterated correction method for a single primary endpoint
following the notation in Section 2. Let 7 € N, be the number of the rep-
etition and §CMAE(’) be the CB-adjusted estimator at the z-th repetition.
The repeated correction can be achieved by the following steps until =

reaches the upper limit, 7, € N,;:

Step 1. Set 7 = 1.
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Step 2. By substituting @fMAE(T*D for 0 in the CB term (1), calculate

ngAE(vl),bl

o1

GOMARGT)_,
[0} 1
o1

Step 3. Update the CB-corrected estimators at the t-th iteration:

¢< gemaEe=y_p, )
~ o1
GEMAE®) _ 5 _ o

2] _
1 1 1 ACMAE(r-1)
o) [ ——
0y

Step 4. Increment t by 1. If 7 is greater than 7,,,,, stop the iteration steps;
otherwise, repeat Step 2.

’O\CMAE(O) 91.

o, , where the initial values are set as

HEMAE() é\CMAE,ximple ses ACMAE(,,)
1 1

Here, is identical to . Additionally, 6,
decreases with respect to 7,,,, (Supporting Information File S.3). Thus,
the following inequality holds for 7,,,, and ) that satisfy z,,,, < 7],

ACMAE(7),.) ACMAE(rW)

8, <8,

This implies that more iteration results in a stronger correction of the CB.
CMAE(1 ,w)

Details of 6 max
HCMAB (o0 ), includ-
! vomaE

ing how to determine z; —and w*. Because 0, ()

function of (511,§21,rmax), let g(é\u,@n,rmax) represent 6,

In this subsection, we explain the details of 6,

is the
MCMAE(f.m)

where (9\11 > by, @21 > by,. Then, g(au,@n,o) represents MLE 921, and

~ A . ~MCMAE
g(eu, 0,51, Tmax) with large 7,,,,, was observed to be close to 9

Additionally, the numerical examlnatlon illustrated in Flgures S1-S6
in the Supporting Information File S.8 suggested that g(§11,§21,1max>

may monotonically increase with respect to 511, @21 and monotonically
decrease with respect to 7,,,,. Note that the calculation error in inte-
gration may affect the estimates under a large 7,,,,. Thus, let 7*
max { € Nyylg(byy. by, 7) > 0}. The following inequality would hold:

g<911v921’7;ax) > g(bu,bn,r;ax) 20

If this formula is true, it implies that g(é\n, @21, T;;ax) would correct CB

to the degree that it does not contradict the results of hypothesis testing.

The infimum of g(@ll, Oy, r;‘m> is not zero but g(byy, by, 77, ), because
7% . IS not a continuous value. Zero may be better for the infimum of the
CB-adjusted estimator, because it is the infimum of the values that imply

the superiority of the experimental group. Thus, let 2 ( 511, 521, T

*
max’ w) be

the weighted mean between g(OH, 0215 T + 1) and g(eu, 0,1, 7, max):

h<é)u, 07t w) = wg(é'u, b, + 1) +(1- w)g(é‘ll, 921,T;;m>

where w € (0, 1]. h(é\ny é\zp 7

max’

w) would monotonically decrease with
respect to w; thus let w* be the value satisfying
h(byy, by, 7l w*) =0

max’
Then, we define the CB-adjusted estimator as:

AMCMAE(t i
3 (et ,_ h(911,921’ L )

HMCMAE(z,, 10" CMAE(7},,10")

Here, the infimum of 0, would be zero (i.e., 6
0); this was true in the s1mulation study (Section 4).

>
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