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Abstract

Background In clinical trials, it is not uncommon that the primary analysis fails to achieve the study objective for dem-
onstrating the safety and efficacy of a test treatment under investigation, while a specific sub-population analysis shows a
significant positive result. In this case, whether the observed positive sub-population analysis results can be used in support
of regulatory submission of the test treatment under investigation is an interesting question to both the investigator(s) and
the regulatory medical/statistical reviewers.

Methods In this article, several statistical evaluations for confirming the integrity and validity of the observed sub-population
analysis results were proposed in support of the regulatory submission. Selection bias caused by looking at one subgroup
is adjusted before all statistical evaluations, including reproducibility, consistency between sub-population and the entire
population, generalizability between the promising sub-population and other sub-populations, and sensitivity index when
there are shifts in mean and/or variability between sub-populations. The multiplicity issue is also addressed in measuring
generalizability.

Results A numerical example of a global (multi-regional) clinical trial was presented for illustration purposes. The choice
of applying which estimation approach relies on the scale of test statistics. Recommendations for incorporating statistical
evaluations in measuring sub-population analysis are provided. Finally, we proposed possible solutions such as real-world
data and real-world evidence for regulatory concerns, which may increase the insufficient power.

Conclusion Sub-population analysis can contribute to regulatory submission if it passes the evaluation. This analysis can
also support hypothesis generation and the planning of future clinical trials, though it fails to pass the measurement process.

Keywords Sub-population analysis - Reproducibility - Consistency - Sensitivity analysis - Insufficient power

Introduction

In clinical trials, sub-population (subgroup) analysis is often
conducted to identify any signals, trends, patterns, and/or
possible best clinical benefit to the subgroup. Sub-popula-
tion contains subjects with specific demographics (e.g., age,
gender, and/or race) and/or subject characteristics (e.g., dis-
ease severity and/or stage). For example, a sub-population
in a multi-regional clinical trial (MRCT) could be a sub-
group from a specific region. In clinical development, sub-
population analysis provides valuable information for future
clinical studies with a new target patient population (i.e., the
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population with specific demographic and/or patient charac-
teristics) most likely to respond to the test treatment under
investigation. In practice, sub-population analysis often
lacks sufficient power for detecting a clinically meaningful
difference (or treatment effect) of the test treatment under
investigation because (i) the intended study was not designed
to detect the clinically meaningful difference or treatment
effect of the specific sub-populations, and (ii) the sample
size of a specific sub-population is often smaller than the
planned sample size of the target patient population. Thus,
if positive results are observed, sub-population analysis in
clinical trials is often considered exploratory analysis for
future clinical development planning.

In practice, however, it is not uncommon that the pri-
mary analysis is marginal to achieve the study objective
of confirming the safety and efficacy of the test treatment
under investigation, while a sub-population analysis shows
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exceptionally significant positive results. In this case, the
sponsor may request the use of the positive results obtained
from the sub-population analysis to support their regulatory
submission by providing statistical or scientific justification
to overcome insufficient power. Although the intended trial
was not designed to capture relevant clinical (safety and effi-
cacy) data in the specific sub-populations, this has posed
major challenges to regulatory agencies such as the United
States Food and Drug Administration (FDA) and the Center
for Drug Evaluation (CDE) of China. Thus, subgroup analy-
sis results supporting regulatory submission have become a
debatable issue among regulatory agencies, the pharmaceuti-
cal industry, and academia.

This article addresses the controversial issue of using post
hoc subgroup analysis results to support regulatory submis-
sion according to the current regulatory review and approval
process. For this purpose, we proposed several statistical
evaluations to evaluate the integrity, quality, and validity
of the sub-population analysis compared to the entire target
patient population for regulatory consideration. These sta-
tistical evaluations include, but are not limited to, the assess-
ment of reproducibility, consistency, and sensitivity of the
observed promising data-driven sub-population analysis.
Selection bias and multiplicity issues are also discussed in
measuring reproducibility and generalizability.

In the next section, concerns regarding sub-population
analysis results in support of regulatory submission are out-
lined from a regulatory perspective. “Methods” section takes
selection bias into account and summarizes several proposed
statistical evaluations for sub-population analysis’s integ-
rity, quality, and validity. A numerical example was given
in “Numerical Example” section to illustrate the proposed
statistical assessments in practice. Some discussions and rec-
ommendations are given in “Discussions” section. Finally,
“Conclusion” section provides concluding remarks.

Regulatory Perspectives

Although positive subgroup analysis results are encourag-
ing, there are some concerns from regulatory perspectives.

Representativeness

One of the major criticisms from the regulatory perspec-
tive is that the intended study was not designed to provide
statistical inference on the performance of the test treatment
under investigation. With the observed promising subgroup
analysis results, one can only conclude the subgroup with
specific demographics and/or patient characteristics that
may not represent the entire target patient population under
study. Even in MRCT, assuming no significant heterogene-
ity, the regional variability due to ethnic factors results in
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the selection bias when looking at the most promising sub-
population. Thus, the assessment of safety and efficacy of
the test treatment under investigation based on the results
observed from sub-population analysis may be biased and
misleading.

Insufficient Power

In practice, the sample size of a specific subgroup is smaller
than the planned sample size of the intended trial. In this
case, it can be expected that the observed difference or treat-
ment effect from the subgroup analysis may not achieve the
desired power, i.e., the probability of correctly detecting
the clinically meaningful difference or treatment effect if
such a difference or treatment effect truly exists. In other
words, sub-population analysis may not have sufficient
power for detecting a clinically meaningful difference or
treatment effect even though the sub-population has been
demonstrated to be predictive of the entire target patient
population.

Treatment-by-Subgroup Interaction

Another regulatory concern for using sub-population
analysis results to support regulatory submissions is the
presence of effects due to treatment-by-subgroup interac-
tion. Statistically, when there are significant quantitative/
qualitative interactions and/or confounding effects between
treatment and some subgroup factors such as demograph-
ics and/or patient characteristics, we cannot draw an over-
all conclusion regarding the safety and efficacy of the test
treatment under investigation [1]. The actual treatment
effect may have been contaminated with the subgroup fac-
tors. Thus, positive results observed from specific sub-pop-
ulations cannot be generalized to the entire target patient
population. Hence, this result may not support the regula-
tory submission.

Secondary Consideration

In clinical trials, subgroup analysis is divided into two
types, data-driven and prespecified. The prespecified
subgroup analysis is designed before observing the data
and aims to obtain insightful information for hypotheses
generation and/or planning of future studies [2, 3]. Data-
driven subgroup analysis is performed after collecting
data and focusing on the treatment effect for a sub-pop-
ulation with common characteristics, which is our main
concern. However, from a regulatory perspective, these
two types of subgroup analysis cannot be regarded as the
primary but secondary considerations supporting regula-
tory submission.



Therapeutic Innovation & Regulatory Science

Methods

To help address the above-described regulatory concerns
and determine if sub-population analysis results can help
with the regulatory submission, we propose the following
statistical evaluations for providing statistical/scientific jus-
tification for applying sub-population analysis results in sup-
port of the regulatory submission. The selection bias caused
by looking for only one subgroup after observing data is
adjusted before reproducibility evaluation.

Identification of Sub-population

After collecting patient data from all the regions and observ-
ing a marginal overall treatment effect, which fails to achieve
the desired objective, investigators may have a closer look
at the most promising sub-population analysis result and
expect this result can be supportive in a regulatory submis-
sion. Since sub-population is different from the entire group,
selection bias may occur and exaggerate the sub-popula-
tion’s performance. Therefore, adjusting the selection bias
before assessing the reproducibility reduces system error.
Guo et al. [4] proposed a model-free bootstrapping infer-
ence approach to re-estimate the treatment effect of the
most promising sub-population and derived confidence
interval. Assume N patients in total, the estimated treat-
ment effect ; is the estimator of the true treatment effect
g; for subgroup i, and i € E, where E is a compact set in
Euclidean space. For post hoc subgroup analysis case, two
measurements of interest are the true treatment effect €, of
the subgroup s that has the largest £;, and the largest sub-
group true treatment effect €, = sup{¢;}. Set the tuning
parameter r € (0,0.5), the most significant treatment effect
1S €y = sup{éi}, and the estimated treatment effect €}
is derived from the bootstrap sample. Assume the adjust-
ment term is d; = (1 = N"%) (¢, — &), and the &, is

max max

. A _» w [ A
re-estimated as £€,4,« = €max — E [sadmax — €nax|» Where
* _ * N .
€ imax = sup{el. + a’i}. Consequently, one can apply € 4, 0

the reproducibility and generalizability assessment. Assump-
tions and theorems supporting bootstrapping method are dis-
cussed in detail in Guo et al. [4].

Evaluation of Reproducibility

Reproducibility evaluation is crucial to address the con-
troversial issue of the contribution of sub-population
analysis in a regulatory submission. This assessment
can confirm that (i) the observed positive sub-population
analysis results are not random chance, and (ii) the results
are reproducible. If the observed positive results are sta-
tistically significant and reproducible, then the positive

sub-population results should be considered robust. For
this purpose, Shao et al. [5] introduced the concept of
reproducibility probability. This concept helps provide
critical information for regulatory agencies in deciding
whether the results of sub-population analysis are suf-
ficient to support regulatory review and approval of the
treatment under investigation. Three approaches, includ-
ing the estimated power, the confidence bounds, and the
Bayesian approach, were proposed to assess the reproduc-
ibility probabilities of the favorable subgroup analysis.

In statistical theory, the power of a hypothesis test iden-
tifies the probability of observing a significant positive
result given the alternative hypothesis H, is true. Assume
the first trial results are significant; the likelihood of fol-
lowing with a considerable result is reproducibility. Infor-
mation from one or more previous trials assists in estimat-
ing the probability of observing a second significant trial,
though they are mutually independent. This reproducibility
probability concept applies information from the former
trial and is slightly different from the definition of power.
Goodman [6] involves the information from the former
trial to estimate an unknown parameter under H, to con-
sider the reproducibility probability in the case of Z dis-
tribution. Therefore, the reproducibility probability can
be extended from the concept of power, referred to as an
estimated power of a future trial using the data from the
previous trial.

Assume n; = n; + n, patients are in the promising sub-
population, where treatment and reference group have n,;
and n, patients. The outcomes X;; and X,; are normally
distributed with the mean of u; and p,. Sample variances
s% and s% are the estimators of variance 0']2 and o-% in each
group. Suppose the hypotheses are H, : yu; = u, and

2 2

H, @ py # uy, the test statistic when o7 = o5 is

X, -X
T = 1 2

ev
1 + 1. (nl—l)s%+(n2—l)s§
ny ny ng—=2

If assume unequal variance and large sample size, the
test statistic becomes

To adjust for selection bias, the estimated treatment
effect X, — X, for equal and unequal variance is modified

as (XI—X2>ad=éadmax-s2 because of effect size

€= <§1 - §2>/s2. After replacing the X, — X,, these two

test statistics can be applied to reproducibility and gener-
alizability probability estimation according to variances.
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The estimated power and lower bound approaches derive
from frequentist statistics [5]. With the estimated power
approach, reproducibility probability is

P=1- Tnl_z(to,975;nx_2|T(x)) + /Tnl—Z(_tO.975;nA—2|T(x))
ey

7, »(") is the CDF of t-distribution with n,—2
degree of freedom, 1475, _, is the critical value of
0.975 quantile of t-distribution, x identifies the observed
data, and T(x) is the estimated test statistics given
data using T,,. For unequal variance, Eq. (1) becomes
P =®(T(x) — 29975) + P(~T(x) — 29975), Where () is
the CDF of normal distribution, z, 475 is the critical value
of 0.975 quantile of normal distribution, and T(x) is calcu-
lated from 7,,,. Assume equal variance and well-balanced
groups, numerical results for estimated power approach are
in Table 1. Probability P is almost 1 when |T(x)| is over 4.5
whatever the sample size is.

For lower bound approach, solving for §_ and 8 , given
7:,‘__2(T(x)|0) = 0.975 and 7;,{_2(T(x)|9) = 0.025 derives a
95% confidence interval of § = (é_, 0 .)- When equal vari-
ance, the estimated reproducibility probability is

P_=1- T, 2 (109750 -21101-) + T _2(~to.975, —21101-),

{min{|9_', é+|},é_-é+ >0
N @)

0,0_-6,<0
Suppose unequal variance, Eq. (2) becomes
P_=®(|T(x)| -2 zy975), Where T(x) is from T,,,.
Table 2 presents the numerical results using lower bound

161

approach. When |T(x)| < 4, the P_ is relatively low due to
conservative.

With the Bayesian approach, Shao et al. [5] treat 0,
the parameter under H,, as an unknown random vector
and reproducibility probability is the posterior mean of
P(|T| > Critical Valuel@) for the future trial. Perform Monte
Carlo for T times, u; denotes the standard deviation for the
ith iteration, and 5j is the treatment effect. For common
variance, given the non-informative prior for the variance
is 7r(0'2) = 1/62, the reproducibility probability can be
approximately estimated as

3l

T

A 1 )i

Py=1- T Z, [7;,\72< <_’0A975;n;2|u—;
3

Variance ujz is generated by uf =1/y, 7, ~ GAM((n,-2)/

6i
10,975, 21 = -7,
U

2,2/(n;—2)), and treatment effect is generated by
8 ~N <T(x), ujz), where T'(x) is from T,,. For unequal vari-

ances, one can apply a different non-informative prior
2 2\ _ -2 _-2 p _ 1 X,-X, _ %0915
01,05) =0;%0;% and Py=1 3

T
/4 S D -
<‘ Tlo(%E o)
@(—%—%)], where standard deviation

&=1/(n7}) +1/(ny73), 7} = 072, and 75 = ;. More
specifically, ; is derived by generating 7 ~ GAM((n; —2)
/2.2/(n, —2)) and 22 ~ GAM((n, — 2)/2.2/(n, - 2)).
Effect X, — X, is re-estimated as £ ., * S, for adjusting selec-
tion bias. Assume equal variances and a well-balanced group;

the results of the Bayesian approach are shown in Table 3.

Table 1 Reproducibility

probability with the estimated Sample size per group [T(x)| P Sample size per group |T(x)| P
approach 20 1.0 0.164 40 1.0 0.167
1.5 0.310 1.5 0.316
2.0 0.496 2.0 0.506
2.5 0.683 2.5 0.695
3.0 0.832 3.0 0.842
35 0.927 35 0.933
4.0 0.974 4.0 0.977
4.5 0.992 4.5 0.994
5.0 0.998 5.0 0.999
30 1.0 0.166 50 1.0 0.168
1.5 0.314 1.5 0.318
2.0 0.503 2.0 0.508
2.5 0.691 2.5 0.697
3.0 0.839 3.0 0.844
35 0.931 35 0.934
4.0 0.976 4.0 0.977
4.5 0.993 4.5 0.994
5.0 0.998 5.0 0.999
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Table 2 Reproducibility

- . Sample size
probability with the lower Sample size per group | T(x)| P per group | T(x)| P
bound approach
20 3.0 0.144 40 3.0 0.161
35 0.266 35 0.301
4.0 0.427 4.0 0.479
4.5 0.601 4.5 0.661
5.0 0.754 5.0 0.811
5.5 0.868 5.5 0.910
6.0 0.939 6.0 0.964
30 3.0 0.155 50 3.0 0.165
35 0.289 35 0.308
4.0 0.462 4.0 0.489
4.5 0.641 4.5 0.673
5.0 0.793 5.0 0.821
5.5 0.897 5.5 0918
6.0 0.957 6.0 0.972
Table 3. .Repr.oducibilit.y Sample size
probability with Bayesian Sample size per group | T(x)| f’N per group | T(x)| fDN
approach
20 1.0 0.257 40 1.0 0.262
1.5 0.367 1.5 0.372
2.0 0.496 2.0 0.506
2.5 0.628 2.5 0.637
3.0 0.745 3.0 0.758
35 0.837 35 0.85
4.0 0.904 4.0 0.914
4.5 0.947 4.5 0.956
5.0 0.972 5.0 0.979
30 1.0 0.261 50 1.0 0.263
1.5 0.372 1.5 0.375
2.0 0.504 2.0 0.508
2.5 0.635 2.5 0.642
3.0 0.753 3.0 0.759
35 0.846 35 0.853
4.0 0.911 4.0 0.917
4.5 0.953 4.5 0.957
5.0 0.977 5.0 0.980

For example, given the sample size per group is 30, and
the absolute test statistics is around 4.0, then the reproduc-
ibility probability is roughly 0.911. For all three estima-
tion approaches, selection bias is adjusted by replacing
the estimation of treatment effect with £,,.,, - 5, based
on bootstrapping. The lower bound approach is the most
conservative, which is the most helpful when the first trial
is exceptionally significant, i.e., |T(x)| > 4. The Bayesian
approach is more conservative than the estimated approach
when |T(x)| > 2, but less conservative when |T(x)| < 2.
With the Bayesian approach, a more sensible definition of

reproducibility probability can be obtained given a non-
informative prior.

Test for Consistency

In clinical trials, sub-population analyses are often per-
formed as exploratory analyses, which have become increas-
ingly popular in clinical development. In practice, however,
clinical results observed from some subgroups may not be
consistent with the entire population. This inconsistency
may be because of differences in subgroup factors such as
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demographics and/or patient characteristics or by random
chance due to limited sample size. To evaluate the consist-
ency between clinical results observed from a specific sub-
population and the entire population, Ying et al. [7] summa-
rized several statistical evaluations. These methods include
(i) predictive probability function [8], (ii) consistency index
[9], (iii) sensitivity index [10], (iv) reproducibility probabil-
ity [5], (v) Bayesian approach proposed by Chow et al. [11],
and (vi) a Japanese approach introduced by MHLW [12].
Most of the methods measure numerical consistency, but
the Bayesian approach additionally applies to original aim
consistency except not applicable to binary data [7]. Chow
et al. [11] proposed a Bayesian approach given hypothesis
Hy:p,—p,>0vs.Hy © p,— p, <0, where the outcome
in the target subgroup X, ~ N(u,,02)a = 1,...,n,) and the
outcome in entire population ¥, ~ N(u,,02)(b=1,...,N).
The global sample size is N = ng + n,,, where n, is the sum
of sample sizes for other subgroups. The prior information
7 is a weighted average of non-informative prior 7; = ¢ and
normal prior 7, ~ N(HO, 0'3), ie, 7 =wm + (1 —w)r, and
¢ is a constant. The distribution of x, is determined by the
data from all the other subgroups. The posterior probability
of consistency between the sub-population and the global is
0
Do = P(,ux — u, < Ol|data andprior) =/ n(Dlﬁ)dD, @)

—00

The posterior distribution is

The marginal density is

(1 = wyexp [— 2(([; ;ff;)[z)“ ]

m(ﬁ) =w+
27(6% + o)

where the variance 6% = 6%(1/n, + 1/N) if 6? = 62 = 62,
and 6% =0?/n,+02/N if o?# 2. For example, if
p.>1—a0<a<0.5) and a is predetermined to be
smaller than 0.2, then the sub-population and gloabl are con-
sistent with p, > 0.8. Instruction on how to determine prior
distribution is elaborated with an example in “Consistency”
section, and theorems proving are elaborated in the study
[11]. To help with roughly estimate p,., we derive numerical
results in Table 4 given different i, — fi,, fixed prior distribu-
tion of 7, with 6, = 0.5 and 6} = 180, and 62 = 0.18.
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Table4 The probability of consistency given two Bayesian

approaches

Ho T He Min (p,) Mean (p,)
-1 0.99078 0.99079
-08 0.97030 0.97032
-0.6 0.92129 0.92134
-04 0.82702 0.82709
-02 0.68122 0.68130
0 0.49990 0.49998
0.2 0.31860 0.31866
04 0.17285 0.17288
0.6 0.07864 0.07865
0.8 0.02967 0.02967
1.0 0.00921 0.00921

In Fig. 1, the consistency probability p. almost overlap
in Bayesian Mean and Minimum approaches. Starting by
i, — fi, = —1, the probability of consistency is close to
1. The p, decreases significantly when f, — /i, is within
(—0.5,0.5) and flattens when ji, — i, = 1.

Assessment of Generalizability

Generalizability evaluates the ability to generalize an
observed sub-population analysis result across sub-popu-
lations. As described in “Evaluation of Reproducibility”
section, reproducibility measures the robustness of one
population, while generalizability assesses the reproduc-
ibility across two similar but slightly different populations.
For example, regional differences in MRCT may lead to
inconsistency though no heterogeneity is supposed.

In clinical trial exploration and drug expansion, after a
drug product is proved effective in a target population, it
is common to study a similar and slightly different patient
population to see if the positive result from the original
population can be reproducible to another population.
This assessment supports regulatory submission for new
drug applications and regulatory evaluation of bridging
studies (for example, generalizing the efficacy from Euro-
pean to Asian). However, multiplicity issues may arise in
assessing generalizability due to multiple comparisons
between subgroups. After multiple tests, the probability
of false positive results will increase, and a significant
effect may come from the Type I error rate inflation [13].
Especially for confirmatory subgroup analysis, the strict
control for family-wise error rate is the most concerned
[14].
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14 N0 =

Type of approach
0.50 - Bayesian Mean

Bayesian Minimum

Probability of consistency (pc)

2 0 1
Estimated treatment effect difference

Fig. 1 The line chart of consistency probability using two different approaches

Shao et al. [5] introduced generalizability probability Table 5 Effects of changes in mean and variances on A
that apply when one of the populations deviates slightly

from the other. The signal-to-noise ratio in the study [5] le/ ] C Range of A

numerically measures the difference between two popula-
tions. Assume treatment effect in target subgroup is y, with <5% 0.5 1.900-2.100
variance o-sz. The true mean treatment effect of the other 0.6 1.583-1.750
subgroup is u, = u, + € and the population variance is 0.7 1:357-1.500
o2 = C*¢?(C > 0), where £ and C are, respectively, the shift 0.8 1187-1.312
in location and scale parameter. The signal-to-noise ratio is 0.9 1.056-1.167
|us| /o, for original study and |u, + €|/Co, = A|u,| /o, for 1.0 0.950-1.050
the second trial, where A = (1 + e/ys)/C is the change in 2 5% but < 10% 0.5 1.800-2.200
signal-to-noise ratio. An example of the effects of changes 0.6 1:500-1.833
in € and C on A is shown in Table 5. 0.7 1.286-1.571
Suppose the power of the previous trial is p(6) and that of 0.8 1125-1.375
the future trial is p(A@), where 6 is the non-centrality param- 0.9 1.000-1.222
eter. With the estimated power approach, the generalizability 1.0 0.900-1.100
probability P A 1s estimated by replacing 7'(x) in Eq. (1) with 2 5% but < 15% 0.5 1.700-2.300
AT(x). In lower bound approach, the generalizability prob- 0.6 1417-1.917
ability P A 18 estimated by using AT'(x) in estimating |#|_ and 0.7 1.214-1.643
replacing non-centrality parameter as A|@|_. For the Bayes- 08 1.062-1.437
ian approach, PAN given equal variance is 0.9 0.944-1278
1.0 0.850-1.150

T
N 1 A(S_. AS.:
Pyy=1- T Z [7:1—2 (t0,975;nv—2|u__]> - 7;1—2<_’0A975;nj—2|u_]

J J

®
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Assume unequal variance, Eq. (5) becomes

Piv=— - 7
YT A V2g V2
_ _ (6)
o _A(X1 -X,) s
V2 V2

Controlling type I error in multiple testing is critical to
avoid multiplicity issue. There is no dependency across sub-
groups in the context of MRCT; therefore, chain procedure
proposed by Millen et al. [15] is applicable. Assume k — 1
tests are performed (k subgroups in total), the descending
order of A determines testing order. For simplicity, assume
the initial type I error a;,i = 1, ...,k — 1, are equally attrib-
uted. For example, the estimated A between subgroup 1 and
subgroup s is the largest, then apply a/(k — 1) to calculate
P - If the generalizability probability is over the predeter-
mined assurance probability p, = 0.8, then the second test
applies a/(k — 1) + a/(k — 1) to determine P,, or the Type
I error rate for the next is still a/(k — 1).

Fix the sample size per group in target region is 40, and
10 regions in total, then the initial a; = 0.05/9 = 0.0056,
i=1,...,9.GivenA; =0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,
the generalizability probabilities are in Table 6. If A is
unknown, it is necessary to consider different A-values in
a sensitivity index.

The lower bound approach is too conservative to apply
when test statistic is small, which is the same as suggested
by Shao et al. [5]. As|7T'(x)|increases, the Bayesian approach
is more appropriate than the estimated approach in measur-
ing generalizability.

Controlling for Sensitivity Index

In most cases, satisfying all these statistical evaluations is
challenging because the generalizability probability takes
the variances into concern. If the outcome is marginal and
requires further evaluation, sensitivity analysis can be the
additional test, which extends the concept of generalizability
but be more conservative. The generalizability probability
proposed by Shao et al. [5] focuses on calculating the power,
and the sensitivity index introduced by Lu et al. [16] esti-
mates the effect size difference.

Sensitivity index measures the effect size variation
between two populations after adjusting for the standard
deviation. Assume the two sub-populations have true treat-
ment effect y, and y,, with variance o and o2. The sen-
sitivity index is A = (1 + £/ys)/C, where shift in mean
€ = u, — u, and shift in scale parameter C = o0, /0. If the
confidence interval for |A|is within (0.8, 1.2), then the effect
sizes of the two populations are considered comparable. The
estimation of sensitivity index is different among three dif-
ferent scenarios in practical problems: (1) € is random and C
is constant, (2)  is constant and C is random, (3) € and C are

Table 6 Generalizability

el & P he ke mw s B P N
4 0.1 0.009 0.006 0.006 6 0.1 0.015 0.006 0.006
0.2 0.023 0.007 0.006 0.2 0.055 0.008 0.006

0.3 0.055 0.011 0.006 0.3 0.155 0.016 0.006

0.4 0.113 0.023 0.006 0.4 0.333 0.044 0.006

0.5 0.206 0.053 0.006 0.5 0.561 0.119 0.006

0.6 0.333 0.118 0.006 0.6 0.770 0.281 0.010

0.7 0.483 0.237 0.006 0.7 0.907 0.527 0.028

0.8 0.636 0411 0.007 0.8 0.972 0.769 0.088

0.9 0.770 0.609 0.016 0.9 0.994 0.922 0.244

8 0.1 0.023 0.006 0.006 10 0.1 0.036 0.006 0.006
0.2 0.113 0.009 0.006 0.2 0.206 0.011 0.006

0.3 0.333 0.024 0.006 0.3 0.561 0.035 0.006

0.4 0.636 0.078 0.006 0.4 0.870 0.129 0.010

0.5 0.870 0.229 0.013 0.5 0.982 0.380 0.036

0.6 0.972 0.508 0.044 0.6 0.999 0.729 0.143

0.7 0.996 0.797 0.151 0.7 1.000 0.942 0.432

0.8 1.000 0.952 0.170 0.8 1.000 0.995 0.814

0.9 1.000 0.994 0.190 0.9 1.000 1.000  0.870
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both random. Lu et al. [16] discussed these three scenarios
in detail.

Numerical Example

To illustrate how these approaches being applied in real
data, we take the example of an MRCT, which ensures no
overlapping across sub-populations. Double-blind rand-
omized trials were conducted in eight regions to compare
the efficacy and safety of a new and a standard treatment
targeting patients with excessive Helicobacter pylori (Hp).
Global test is performed by combining and analyzing all
data. The primary endpoint is the change amount of Hp
in C14 breath test, which aims to compare the effects of
the new and standard treatment. Suppose no difference
in baseline characteristics and demographics within each
region. For simplicity, assume common variance within
each region but variance varies by regions. The change of
Hp after treatment for two groups are simulated by param-
eters in Table 7.

Table 7 Simulation parameters for eight regions

Treatment group Reference group

Difference
n, Difference (after— n, (after—
before) before)
1 83 N(=7,3% 81 N(-3,3%
2 34 N(=7,2% 29 N(-14,3?%)
3 20 N(—1,6%) 19 N(12,6%)
4 84 N(=3,1%) 82 N(=6,1?)
5 81 N(—45,5% 78 N(-16,5%
6 38 N(=15,1?) 39 N(=3,1%
7 80 N(4,1?) 85 N(-15,1?)
8 64 N(=9,5% 68 N(=20,5?%)

For example, in region 4, the change score is normally
distributed with a mean of — 3 and variance of 1. Table 8
presents the estimates and metrics of interest.

The p-value of the global test is 0.06563, which is mar-
ginally over 0.05 and fails to testify the efficiency of the
new drug compared with the standard.

Identifying Promising Region

To identify the most encouraging region that has the larg-
est effect size and contributes to the overall treatment
effect, bootstrap methods can be applied to reduce selec-
tion bias. Let tuning parameter r = 0.4, the |§I - f2|/S2
for region 6 reduces from 13.55 to 12.46. The treatment
effect )_(1 - }_(2 is re-estimated as -10.83, which adjusts test
statistic in following evaluations.

Reproducibility Probability

Within the most promising region (region 6), the average
changes in Hp amount for treatment and reference group are
X, = —15.03 and X, = —3.24, with variances S% = 0.93 and
S% = (.76. Test statistic T = —51.83 is derived from 7, due
to common variance assumption.

Using the estimated power approach, reproducibility
probability is estimated by using 7 = —51.83 as the non-
centrality parameter in Eq. (1) and P = 1, which is due to
excessively large |7|. Even for the most conservative
approach (the lower bound), the reproducibility probability
P_ =1 and the probability is conditional on |#]|_ = 17.88.
With the Bayesian approach, we use the Monte Carlo to
repeat generating ul2 and ¢; for T = 10,000 times and obtain
Py = 1. In this example, the power of the second trial in
region 6 is likely to be significant, which is resulted from
extremely large |T| and all three approaches are applicable.
However, lower bound approach is too conservative when
|T| < 4. Keeping other conditions and let |T| = 4, the three

Table 8 Estimates for eight

Treatment group

Reference group

regions
n X, s n, X, 52 X=X, S T (x)
1 83 -173 7.7 81 -2.99 7.73 —4.32 771 —9.93
2 34 -7 3.55 29 —1431 3.01 7.01 3.28 15.93
3 20 - 14 35.17 19 12.06 3339 —12.74 3429 =717
4 84 —-3.09 0.85 82 —-6.01 0.85 2.89 0.85 20.35
5 81 —45.64 20.9 78 —1589 2233 —29.49 21.72  —40.35
6 38 —15.03 0.93 39 —3.24 076  —11.78 084 —56.38
7 80 3.9 0.84 8  —14.99 0.87 18.90 085  131.15
8 64 -9.68 22.02 68 —19.46 2095 10.22 21.72 12.12
Global 484 —-11.74 265.24 481 —-10.21 67.85 - 153 166.85 —1.84
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~

probabilities become P =0.977, P_=0477 , and
Py =0915.

Consistency

To evaluate the consistency between region 6 and the global,
the global data set is the combination of all eight regions.
Ying et al. [7] suggested applying the Bayesian Mean and
Bayesian Minimum Constant approach simultaneously, and
this example is Category I because region 6 is more favora-
ble than global region. The estimate of treatment effect dif-
ference is D = ji, — fi, = —10.248 and the variance
&2 = 0.184 given unequal variances between region 6 and
the entire population. Let the weight w ranges from (0.1, 1)
and predetermine p, = 0.8, i.e., consistency is valid if and
only if p. > p, = 0.8. Data from other seven regions deter-
mine the prior distribution 7, ~ N (6, 67 ). More specifically,
8

the estimate of mean 8, = ¥(4; — fi,)/7 = 0.453 and vari-

8 8"
ance 6'3 = ;(ni - 1)Vi2/ z‘i(ni — 1) = 177.431, where i # 6,

n; is the total sample size for region i, and V? = 67 + 62
After calculation, the probability of consistency p,. = 1 for
both Bayesian Mean and Bayesian Minimum Constant
approaches. Therefore, the efficacies of region 6 and the
entire population are considered consistent.

Table 9 Results of parameters in measuring population differences

Generalizability Probability

To measure the generalizability between region 6 and other
sub-regions, the difference in signal-to-noise ratio is appli-
cable. The mean shift €, = y, — y,, the standard deviation

alteration C, = 1/02/02, and A are in Table 9, where y,

denotes the true treatment effect inregionr (r =1, ...,5,7,8
).

The estimated power approach is the most aggressive,
which is applicable when the test statistic is not extremely
large, while the lower bound approach is suitable for large
statistics. In Table 10, the generalizability probabilities
between region 6 and region 2, region 5, and region 7 are
over 0.8 with the estimated power and Bayesian approach.
However, region 2 is eliminated when applying the lower
bound approach. Therefore, the choice of these three
approaches is based on the scale of test statistics and real
situation. Regardless of the method used, region 6 fails to
generalize positive results to at least 50% of the sub-regions
with p, = 0.8.

Discussions

If sub-population analysis achieves the desired statistical
level, it is worth discussing how to incorporate it into regu-
latory submissions. For other unhelpful results in regulatory
submission, they still provide valuable information for future
studies. Therefore, several recommendations are proposed.

Regions o Cr A Application of the Proposed Statistical Evaluations
R6 and R1 8 3 0.111
R6 and R2 19 2 -0.292 Appropriate use of the statistical evaluations will improve
R6 and R3 -1 6 0.181 the validity of evaluating sub-population analysis. There-
R6 and R4 15 1 —-0.250 fore, we proposed the statistical assessments and criteria
R6 and R5 - 17 5 0.483 (Table 11). The choice of calculation approach is flexibly
R6 and R7 31 1 —1.583 determined by real situations. Bayesian or lower bound
R6 and R8 23 5 —0.183
Table 1.0. Generali.zability Estimated power Bayesian Lower
probabl.hty for region 6 to other approach approach bound
sub-regions approach

Regions A i’A i’AN f’A_

R6 and R1 0.111 0.999 0.022 0.010

R6 and R2 —-0.292 1.000 0.942 0.694

R6 and R3 0.181 1.000 0.166 0.007

R6 and R4 —0.250 1.000 0.699 0.344

R6 and RS 0.483 1.000 1.000 1.000

R6 and R7 —1.583 1.000 1.000 1.000

R6 and R8 —0.183 1.000 0.178 0.060
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Table 11 Summary of statistical
evaluations

Statistical evaluation

Calculation approach Proposed criteria

Reproducibility probability

Consistency
Generalizability probability

Sensitivity analysis

Estimated power > 90%
Bayesian

Lower bound

Bayesian > 80%
Estimated power > 80%
Bayesian

Lower bound

Confidence interval 08<CI<1.2

methods are recommended for large test statistics, and vice
versa for the estimated power approach.

Reproducibility probability is the most fundamental stage,
which measures the validity of the specific subgroup analy-
sis itself. De Martini [17] suggested that an analysis result
can be counted for regulatory submission if the reproducibil-
ity probability exceeds 90%. Therefore, the sub-population
analysis can proceed to the consistency test if the reproduc-
ibility probability is over 0.9. For consistency, Ying et al.
[7] reasonably assumed the posterior probability should be
higher than 80% for the Bayesian approach. According to
this theoretical threshold, the subgroup analysis result can
pass if the consistency probability between the sub-popula-
tion and the entire population surpasses 0.8. Generalizability
evolution across sub-populations is the upgraded stage after
consistency testing. Shao et al. [5] defined generalizability

probability as a variant reproducibility probability concern-
ing population variation. In the same context, generaliz-
ability evaluation is more challenging than reproducibility
assessment. Therefore, given the assurance probability for
reproducibility is 0.9, The credibility of the subgroup analy-
sis is verified if at least 80% of the other subgroups could be
generalized with a probability of 0.8 or higher. A more con-
servative evaluation, the sensitivity index, is required when
the generalizability test is marginal. Lu et al. [16] proposed
an equivalent test acceptance domain (0.8, 1.2) supported
by FDA. Sub-population analysis results are supportive of
regulatory submission if the confidence interval of estimated
sensitivity index falls in this domain. The way of applying
these four statistical evaluations in assessing sub-population
analysis results is presented (Fig. 2).

Fail

Fail
[ Not supportive
A

Fail

S

Reproducibility probability ]

l Pass

Consistency

l Pass

Generalizability probability ]

{ Sensitivity analysis ]

Pass

Fail

Pass

D[ Supportive ]

Fig.2 Flow diagram of sub-population analysis evaluation
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Table 12 Regulatory concerns

. . Regulatory concerns
and possible solutions

Proposed solutions to regulatory concerns

Representativeness
Insufficient power

Treatment-by-subgroup interaction

Secondary consideration

In-range sensitivity index

RWD/RWE and reproducibility probabil-
ity with selection bias adjustment

High consistency

Convincing generalizability probability

Proposed Solutions to Regulatory Concerns

In response to the four regulatory perspectives in “Regu-
latory Perspectives” section, we correspondingly propose
possible solutions (Table 12).

Measuring the difference between the sub-population and
the global is feasible for representativeness. The sensitiv-
ity index compares two populations by testing the shift in
location and scale parameters. If the confidence interval of
the estimated sensitivity index is within a predetermined
domain, the demographic difference is negligible. Real-
world data (RWD) and reproducibility probability with
selection bias adjustment may compensate for the second
concern, i.e., insufficient power. Chow et al. [18] argued
that the reproducibility probability is a power given previous
information. So, the power can be re-evaluated by reproduc-
ibility probability that reflects the credibility of sub-popula-
tion analysis results. Real-world data (RWD) and real-world
evidence (RWE) can also be helpful by providing additional
clinical information, as detailed in “The Use of RWD/RWE”
section. For the Treatment-by-Subgroup Interaction concern,
eliminating all the interactions is challenging. However, if
the consistency probability is favorable, this issue is ignor-
able because these subgroup factors have no impact on the
efficacy evaluation. High generalizability probability is con-
ducive to strengthening the credibility of the sub-population
analysis in a regulatory submission. The generalizability pre-
sents the robustness of the sub-population analysis results,
positive results can contribute more to the regulatory process
if the generalizability probability is high.

The Use of RWD/RWE

With a limited sample size for subgroup analysis, the
observed treatment effect may not achieve sufficient power.
Therefore, we can only establish “not inconsistency” and
need to collect more information to rule out the probability
of inconclusiveness before we can conclude consistency.
Real-world data (RWD) are the data related to patient health
status and health care provision in real. With data analy-
sis of RWD, these data can be transformed into real-world
evidence (RWE), which can support a regulatory decision
by providing clinical information about medical products.

@ Springer

Thus, information from RWD/RWE can give more evidence
in evaluating the credibility of subgroup analysis in support
of the regulatory submission.

Conclusion

In principle, clinical data collected from subjects who par-
ticipated in a clinical trial should be accounted for demon-
stration of the safety and efficacy of the test treatment under
investigation. This article proposes statistical evaluations
for the observed positive subgroup analysis results regard-
ing their reproducibility, consistency, generalizability, and
sensitivity before the observed positive subgroup analysis
results can support regulatory submission in a global or
multi-regional clinical trial. In other words, the subgroup
analysis results can be a part of substantial evidence for
demonstration of safety and efficacy of the test treatment
under investigation provided that (i) the observed clinical
results are not purely by chance alone and are reproducible,
(i1) the observed clinical benefits are not contaminated by
interaction/confounding factors such as demographics and/or
patient characteristics (i.e., consistency across subgroups),
and (iii) the observed clinical data can be generalized to
other similar but slightly different populations.

However, although the subgroup analysis results may
not meet regulatory requirements for approval of the test
treatment under investigation, it provides valuable informa-
tion regarding hypothesis generation and the planning of
future clinical trials. For example, it may be used as a bio-
marker to identify patients most likely to respond to the test
treatment in clinical trials utilizing enrichment design. In
addition, it can still be used to determine the required sam-
ple size of a specific population in future trials. Therefore,
positive subgroup analysis results must not be ignored and
accounted for in the test treatment’s clinical development
under investigation.
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