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ABSTRACT
The urgency of delivering novel, effective treatments against life-threatening diseases has brought various health authorities to
allow for Accelerated Approvals (AAs). AA is the “fast track” program where promising treatments are evaluated based on surro-
gate (short term) endpoints likely to predict clinical benefit. This allows treatments to get an early approval, subject to providing
further evidence of efficacy, for example, on the primary (long term) endpoint. Despite this procedure being quite consolidated, a
number of conditionally approved treatments do not obtain full approval (FA), mainly due to lack of correlation between surrogate
and primary endpoint. This implies a need to improve the criteria for controlling the risk of AAs for noneffective treatments, while
maximizing the chance of AAs for effective ones. We first propose a novel adaptive group sequential design that includes an early
dual-criterion “Accelerated Approval” interim analysis, where efficacy on a surrogate endpoint is tested jointly with a predictive
metric based on the primary endpoint. Secondarily, we explore how the predictive criterion may be strengthened by historical
information borrowing, in particular using: (i) historical control data on the primary endpoint, and (ii) the estimated historical
relationship between the surrogate and the primary endpoints. We propose various metrics to characterize the risk of correct and
incorrect early AAs and demonstrate how the proposed design allows explicit control of these risks, with particular attention to
the family-wise error rate (FWER). The methodology is then evaluated through a simulation study motivated by a Phase-III trial
in metastatic colorectal cancer (mCRC).

1 | Introduction

Developing a new drug—from early phases to
commercialization—is an extensive journey that requires
substantial economic resources and time. This lengthy process
is essential for rigorously evaluating many clinical aspects to
guarantee the safety and efficacy of experimental treatments.
However, accelerating drug developments becomes imperative
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for drugs filling unmet medical needs, where saving time may
seriously impact the population survival [1].

To address this issue, Group Sequential Designs [2–4] have been
widely used in the last decades, allowing for decision making
at pre-specified milestones during the study. There are many
benefits of including interim analyses in a clinical trial: they
permit the early termination of a trial, potentially reducing the
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number of patients exposed to an ineffective drug, or shortening
the study duration in case of overwhelming efficacy. This pro-
vides the opportunity for patients with medical needs to receive
an effective treatment earlier.

Interim analyses may have a sensible impact in reducing the total
number of randomized patients and the study duration. However,
due to the long time duration from randomization to endpoint
observation in specific contexts such as in oncology, the number
of events collected on the endpoint of interest at such an early
time point is often not sufficiently large to make an informed
decision on stopping or continuing the study. As a consequence,
there is a growing interest in surrogate endpoints, defined as
biomarkers, laboratory measurements, radiographic images, phys-
ical signs or other measures allowing to predict clinical benefit [5,
6]. These surrogate endpoints are linked to the primary endpoint
of interest but can be observed in a shorter time frame.

The latter consideration, along with the urgency of delivering
a prompt solution to life threatening diseases, led the US Food
and Drug Administration (FDA) to institute the Accelerated
Approval regulations in 1992 [5], a special program to give an
early approval based on a surrogate endpoint. Under the current
regulatory framework, AA is typically granted when substantial
evidence of efficacy is demonstrated on a surrogate endpoint
that is “reasonably likely to predict” clinical benefit, such as
objective response rate or progression-free survival (PFS) in
oncology trials [5, 7]. In this framework, confirmatory trials are
then required post-approval to verify actual clinical benefit on
the primary endpoint, commonly overall survival (OS). Despite
the use of surrogate endpoints having many practical advan-
tages, their consistency with the primary endpoint of interest
still needs to be supported by actual data; as a result, once the
AA is obtained—based on scientific relevance supporting the
treatment efficacy on the surrogate endpoint—the company is
required to provide valuable evidence of clinical benefit on the
primary endpoint (under penalty of withdrawal of the product).

In a recent draft guidance by the FDA titled Clinical Trial
Considerations to Support Accelerated Approval of Oncology
Therapeutics—Guidance for Industry [7] (2023), two ways are
detailed to conduct a clinical trial supporting an application for
AA: (i) a two-trial approach where one trial is conducted using a
surrogate endpoint to support AA and a second confirmatory trial
is conducted to verify clinical benefit on the long-term primary
endpoint, and (ii) a one-trial approach where a single random-
ized controlled trial is conducted both to support AA and confirm
clinical benefit. In particular, referring to the latter approach, two
important points are that “the protocol should specify a plan to
strongly control the overall false positive rate (type-I error) for
the endpoint supporting AA and the endpoint supporting veri-
fication of clinical benefit” and “the trial sample size should be
chosen so that it has adequate power to detect a clinically mean-
ingful and statistically significant improvement in both the end-
points for AA and verification of clinical benefit”.

Using a surrogate endpoint as a key endpoint for AA may seem
a natural choice due to its wider and ready availability, however
the validity of the surrogacy assumption and its quantification
might not be easy to assess, potentially leading to incorrect

decision-making when surrogacy is incorrectly assumed. A
review of the main methods for testing surrogacy is presented
in [8]. In oncology, PFS has been demonstrated to be a valid
surrogate for OS in many different cancer settings [9]. In partic-
ular, the surrogacy of PFS for OS in Metastatic Colorectal cancer
(mCRC) has been demonstrated using different methodologies,
for example, using Bayesian meta-analytic regression [10] or via
estimation of the correlation parameters [11].

Even if AA regulation has been vastly used since the program
initiation, resulting in the AA of 192 drugs [12] (66 of which ongo-
ing) as of October 2023, still 26 out of the 122 treatments that
underwent confirmatory analysis failed to meet post-marketing
requirements, leading to a withdrawal of their approval by the
FDA [13, 14]. Aside from safety reasons, this is mainly due to
the lack of correlation between surrogate and primary endpoints.
This shows that improving the current practice for assessing the
AA criterion—based solely on testing a surrogate endpoint—is
desirable. It may be beneficial not only from a regulatory and
patients’ perspective, by preventing noneffective treatments from
entering the market erroneously, but also from a sponsor perspec-
tive, by increasing the chance that an AA is confirmed into a FA.

In this context, the current regulatory paradigm relies exclusively
on hypothesis testing conducted on a surrogate endpoint, even
though partial data on the primary endpoint are often available
at the same time. Formal statistical testing on such incomplete
primary endpoint data is generally not acceptable; however, these
data could provide valuable predictive evidence supporting the
likelihood of ultimate study success.

The main contribution of this work is the introduction of a novel
dual-criterion approach for AA within the one-trial framework.
The first criterion follows the conventional hypothesis testing on
the surrogate endpoint, consistent with current regulatory prac-
tice. The second criterion, which constitutes the main innovation,
introduces a predictive component based on the Predictive Prob-
ability of Success (PPoS) [15–17], that uses interim data from the
primary endpoint to quantify the probability that the study will
ultimately meet its confirmatory objective. The concept of PPoS
has been used in different contexts, for instance in constructing
futility stopping rules [18] or in predicting success of phase III
studies based on phase II data [19]; however, its application in
the context of AA has not been investigated previously.

However, estimating the PPoS can be particularly challenging
when only a few primary endpoint observations are available, as
limited data may lead to unstable or imprecise predictions. In this
sense, leveraging historical or external information can help mit-
igate this limitation by providing additional context and improv-
ing the reliability of interim estimates. A secondary contribution
of this work concerns the use of historical borrowing to inform
the computation of the PPoS. Specifically, building upon existing
borrowing methodologies, we explore how the incorporation of
historical information from multiple sources through a Bayesian
Dynamic Borrowing strategy using a Robust Mixture Prior [20,
21] can be applied in this context. This approach enables partial
information sharing from relevant historical controls while
maintaining robustness against prior-data conflict, thereby
improving the precision and stability of interim predictions.
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The remainder of this article is organized as follows: Section 2
presents a detailed description of the methods. In Section 3, a
motivating case study is introduced. Section 4 reports a simu-
lation study comparing the single-criterion and dual-criterion
approaches (DCA). In Section 5, the incorporation of histor-
ical information is discussed, and its added value within the
dual-criterion framework is investigated through a simulation
study. Section 6 provides a sensitivity analysis, including the
assessment of Bayesian metrics. Finally, Section 7 offers a
discussion and outlines potential extensions of this work.

2 | Methodology

2.1 | Single-Criterion One-Trial Approach
for Accelerated Approval (SCA)

Consider a randomized clinical trial, in which a new promis-
ing treatment is compared with a placebo or a standard of
care using time-to-event endpoints. Suppose that a short(er)
time endpoint—here, Progression Free Survival (PFS)—and a
long(er) time endpoint—here, OS—are monitored along the
trial, and consider PFS as a surrogate endpoint for OS, which
is the primary endpoint of interest. A Group Sequential Design
(GSD) [2–4] is employed, where a certain number of analyses
in the set  = {1, . . . , 𝐼 + 1} (including 𝐼 interim ones, and final
one 𝐼 + 1)—are planned at pre-specified information fractions
on the primary endpoint. Moreover, let us suppose that, among
the 𝐼 interim analyses, some of them in the set AA ⊂  can lead
to an AA request, and some of them in the set FA ⊆  can lead
to FA request.

Let 𝑟𝑘
𝑖,𝑗

and 𝐸𝑘
𝑖,𝑗

be number of events occurred and the total expo-
sure times at the i-th stage of the trial (i.e., 𝑖 = 1 for the first
interim look), for the j-th endpoint (𝑗 ∈ {PFS, OS}) in the k-th
arm (𝑘 ∈ {C, T}, where C and T stands for control and treatment
respectively); and let us define Δ𝑖,𝑗 =

{
𝑟𝑘
𝑖,𝑗
, 𝐸𝑘

𝑖,𝑗
, 𝑘 = 𝐶, 𝑇

}
as the

generic set of data available on the j-th endpoint at the i-th interim
analysis. Note that the total exposure time is defined as the sum of
the individual exposure times across all patients, and each indi-
vidual exposure time corresponds to the duration from random-
ization to either the occurrence of the endpoint or the end of the
study, whichever occurs first.

Suppose the two time-to-event endpoints are exponentially dis-
tributed for both the control and treatment arms, and assume that
the proportional hazards assumption holds. Let 𝛾 and 𝜃 be the
hazard ratios respectively on the surrogate (PFS) and on the pri-
mary (OS) endpoints, and let 𝜆𝐶PFS and 𝜆𝐶OS be the control hazards
on the surrogate and on the primary endpoints respectively. The
number of events on OS, conditional on the model parameters,
has a Poisson distribution

𝑟𝐶
𝑖,OS|𝜆𝐶OS ∼ Poisson

(
𝜆𝐶OS𝐸

𝐶
𝑖,OS

)
𝑟𝑇
𝑖,OS|𝜃, 𝜆𝐶OS ∼ Poisson

(
𝜃𝜆𝐶OS𝐸

𝑇
𝑖,OS

)
(1)

and similarly the number of PFS events at interim analyses

𝑟𝐶
𝑖,PFS|𝜆𝐶PFS ∼ Poisson

(
𝜆𝐶PFS𝐸

𝐶
𝑖,PFS

)
𝑟𝑇
𝑖,PFS|𝛾, 𝜆𝐶PFS ∼ Poisson

(
𝛾𝜆𝐶PFS𝐸

𝑇
𝑖,PFS

)
. (2)

In a standard one-trial approach, the study could be designed so
that FA is requested if efficacy is achieved on the primary end-
point either at any of the interim analysis in the setFA (including
the final analysis 𝐼 + 1), while AA is requested if clinical benefit
is achieved on the surrogate endpoint at any interim analysis in
the set AA.

Let us define the “double null hypothesis” as the configuration
where there is no treatment effect either on the surrogate nor on
the primary endpoint (e.g., 𝜃 = 𝛾 = 1), while we define an “al-
ternative hypothesis” as the configuration where 𝜃 = 𝜃# < 1 and
𝛾 = 𝛾# < 1 (where 𝜃# and 𝛾#) represent the target hazard ratios on
the primary and surrogate endpoints, respectively. Let us define,
moreover “partial null scenarios” as the configurations where
𝜃 = 1 and 𝛾 < 1, meaning that the treatment is not effective on
the primary endpoint but has some effect on the surrogate. Let
𝜋0
𝜃
(⋅), 𝜋0

𝛾
(⋅), 𝜋0

𝜆𝐶OS
(⋅) and 𝜋0

𝜆𝐶PFS
(⋅) be the prior densities for the model

parameters, properly chosen in order to reflect prior available
information (including the use of vague priors when no prior
information is available).

In a Bayesian framework, the success criterion for requesting a
FA at the i-th interim analysis is defined as

ℙ
(
𝜃 < 1 ||| Δ𝑖,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
> 𝜂OS

𝑖, eff (3)

and the similarly success criterion for requesting an AA at the i-th
analysis is defined as

ℙ
(
𝛾 < 1 ||| Δ𝑖,PFS ; 𝜋0

𝜆𝐶PFS
, 𝜋0
𝛾

)
> 𝜂PFS

𝑖, eff (4)

where 𝜂OS
𝑖, eff and 𝜂PFS

i, eff are the probability thresholds to claim
efficacy, respectively, on the primary endpoint and on the
surrogate endpoint at the i-th stage of the trial. Early stops
for futility at the i-th stage of the trial may be also possi-
ble if ℙ

(
𝜃 < 1 ||| Δ𝑖,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
< 𝜂OS

𝑖, fut. All the probabilities
are computed with respect to the posterior distributions for 𝜃
and 𝛾 , which corresponding posterior densities are denoted by
𝑔𝜃(⋅|Δ𝑖,OS, 𝜋

0
𝜆𝐶OS
, 𝜋0
𝜃
), and 𝑔𝛾 (⋅|Δ𝑖,PFS, 𝜋

0
𝜆𝐶PFS
, 𝜋0
𝛾
).

According to the recommendations in [7], the above-mentioned
probability thresholds should be calibrated in order to control the
overall type I error under the double null scenario.

2.2 | Dual-Criterion One-Trial Approach
for Accelerated Approval (DCA)

In the previous section, a single-criterion one-trial approach for
AA was based on PFS data collected at the time of the interim
analysis. However, a number of events on OS are likely to be
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available at these times and may be employed in order to gen-
erate more convincing evidence that the experimental treatment
has a positive benefit-risk (which is not only based on statistical
but also clinical aspects). Let us assume that some evidence on
OS is available at the time of the interim analysis 𝑖 (among the
ones targeted for AA request), with its posterior density function
𝑔𝜃(⋅|Δ𝑖,OS, 𝜋

0
𝜆𝐶OS
, 𝜋0
𝜃
), but that no enough evidence is available for

an early decision regarding a FA request.

The Predictive Probability of Success (PPoS) of the current trial
at the i-th interim analysis is defined as the probability that the
study demonstrates efficacy on OS at any future analysis (among
the ones targeted for FA), conditional on the partial information
collected at the i-th interim analysis, which is

PPoS𝑖 =
∑

ℎFA∈ℎ≥𝑖+1
PPoS𝑖,ℎ (5)

where PPoS𝑖,ℎ denotes the predictive probability computed at the
i-th interim analysis that the trial is successful at the h-th interim
look and not before, which is

PPoS𝑖,ℎ =

+∞

∫
0
∫
Ω𝑚

1

⎧⎪⎨⎪⎩ℙ
(
𝜃 < 1 ||| Δ̃ℎ,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
> 𝜂OS

ℎ, eff AND

⋂
𝑘∈FA

𝑖+1≤𝑘≤ℎ−1

ℙ
(
𝜃 < 1 ||| Δ̃𝑘,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
< 𝜂OS

𝑘, eff

⎫⎪⎬⎪⎭
𝑓Δ𝑖ℎ

(
Δ̃𝑖+1,OS , . . . , Δ̃ℎ,OS

||| Δ𝑖,OS, 𝜃 = 𝑡
)

𝑔𝜃

(
𝑡
||| Δ𝑖,OS, 𝜋

0
𝜆𝐶OS
, 𝜋0
𝜃

)
dΔihd𝑡 (6)

The notation Δ̃∗,OS =
{
𝑟C
∗,OS, 𝑟̃

T
∗,OS, 𝐸̃

C
∗,OS, 𝐸̃

T
∗,OS

}
refers to the pre-

dictive data at *-th stage in the domain Ω = ℕ2 ×ℝ2, and 𝑓Δ𝑖ℎ
represents the multivariate predictive data distribution at all the
future stages of the study between the i-th (excluded) and the h-th
(included) in the domain Ω𝑚 = Ω × Ω × · · · (𝑚 times, where 𝑚 is
the number of analyses targeted for FA request between the i-th

and the h-th analysis). The probability is computed with respect
to the posterior distribution for the treatment effect parameter on
the primary endpoint 𝑔𝜃(⋅|Δ𝑖,OS, 𝜋

0
𝜆𝐶OS
, 𝜋0
𝜃
) at the i-th look.

A modification of the single criterion for AA at the i-th interim
look is proposed here by supplementing the condition on the sur-
rogate endpoint in Equation (4) with a predictive criterion on the
primary endpoint

PPoS𝑖 > 𝜂PPoS
𝑖

(7)

where 𝜂PPoS
𝑖

may be chosen depending on the desired degree of
confidence needed in the prediction. In the following sections,
the two conditions in Equations (4) and (7) will be referred to
as PFS criterion and PPoS criterion respectively. Note that, unlike
the single-criterion approach (SCA), where the analysis for the
AA request was based solely on meeting the PFS criterion speci-
fied in Equation 4, the proposed DCA requires that both criteria
in Equations (4) and (7) are simultaneously satisfied in order for
the sponsor to request AA. This requirement is more stringent,
but it also provides greater assurance on the efficacy of the exper-
imental drug, hence greater confidence in a FA.

A schematic representation of the primary analyses underlying
the proposed design (here illustrated in the simplified setting
of a single interim analysis) is provided in Figure 1. At the time
of the interim analysis, once a pre-specified number of primary
endpoint events has accrued, the data on the primary endpoint
are analyzed according to the standard procedures employed in
group sequential designs (GSD). A first decision is then made
regarding whether to stop the trial for futility or to seek FA, based
on the Bayesian hypothesis test for the primary endpoint effect
𝜃. If a definitive conclusion cannot be drawn, for example if the
interim data do not provide sufficient evidence to either reject
or retain the null hypothesis, an AA assessment is subsequently
performed by integrating the interim information from both the
surrogate and primary endpoints. This assessment follows the
dual-criterion specified in Equations (4) and (7), and AA is pur-
sued only when both conditions (i.e., statistical significance of the
surrogate endpoint effect and a PPoS exceeding the pre-specified
threshold) are simultaneously met. Regardless of the interim

FIGURE 1 | Illustration of the main analyses within the proposed trial design. One interim analysis—assessing both efficacy and futility—is pre-
sented here for FA based only on evidence on OS (following standard GSD rules); if no decision to stop is made based on interim data, an AA analysis
is performed based on the DCA (Equation 4 and 7) using available evidence on both surrogate and primary endpoints. Only if the dual criterion is
satisfied, the AA is requested. Regardless of the outcome of the AA analysis, if the study is not stopped for efficacy or futility, it continues until the Final
Analysis, where a decision is made to request FA based on OS data only.
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outcome, the study continues to the final analysis, at which point
the decision on whether to request FA is again determined solely
on the basis of the updated primary endpoint data, using standard
hypothesis testing in accordance with the GSD framework.

2.3 | Control of Error Rates

In the design proposed in Section 3.1, an approval may be
requested for the treatment either at one of the interim analysis
times (FA or AA) or at the final analysis time (FA only). Multiple
hypothesis testing due to the interim analyses and the two crite-
ria for AA may lead to type I error inflation; hence, multiplicity
adjustments are needed in order to control the family-wise error
rate (FWER).

In this context, it is important to distinguish between two types
of error: (i) the risk of incorrectly requesting AA, and (ii) the risk
of incorrectly requesting FA. Recall that the latter corresponds to
a conventional hypothesis test on the primary endpoint. In con-
trast, the decision to request AA is based on the joint fulfillment of
two criteria, one of which involves hypothesis testing on the sur-
rogate endpoint. Therefore, rejecting the null hypothesis on the
surrogate endpoint (𝛾 = 1) when it is in fact true is not, in iso-
lation, to be considered an error, since it does not automatically
lead to an AA request unless the second criterion is also satisfied.

We define FWER (also referred to as “Global Type I error” from
now on) in our setting as the probability to be positive in at least
one between FA and AA analysis at any stage of the trial (interim
or final) when there is no treatment effect on the primary end-
point (𝜃 = 1). This quantity should be interpreted as the over-
all risk of incorrect decision-making, either through an incorrect
application for AA or an incorrect request for FA. However, since
a global type I error can arise through multiple pathways, it is
useful to distinguish among the specific sources of error that con-
tribute to this overall risk.

Let us define the following quantities:

• FA rate (denoted as 𝛼FA
𝜃

): the probability to reject the null
hypothesis on the primary endpoint (either at any of the
interim or at the final analysis), regardless of whether AA is
requested or not at any previous stage. Note that this quan-
tity does not depend on the treatment effect on the surrogate
endpoint (see Equation 3). Notice that when there is no effect
on the primary endpoint (𝜃 = 1), this probability represents
the risk of incorrectly requesting FA.

• Accelerated Approval rate (denoted as 𝛼AA
𝛾,𝜃

): the probability
to fulfill the two criteria for FA analysis based on the DCA
(Equations 4 and 7); it depends on both the true treatment
effect on the surrogate endpoint 𝛾 and the true treatment
effect on the primary endpoint 𝜃. Notice that when there is
no effect on the primary endpoint (𝜃 = 1), this probability
represents the risk of incorrectly requesting an AA at any
interim analysis.

• Confirmed Accelerated Approval rate (denoted as 𝛼CAA
𝛾,𝜃

): the
probability that the dual-criterion for AA has been fulfilled
(at any interim analysis), and that the criterion for FA (at
any subsequent analysis) is also fulfilled; it depends on both

the true treatment effect on the surrogate endpoint 𝛾 and
the true treatment effect on the primary endpoint 𝜃. Notice
that when there is no effect on the primary endpoint (𝜃 = 1),
this probability may be intended as the risk of incorrectly
requesting an AA at interim, and FA at any subsequent anal-
ysis.

• Global Approval rate (denoted as 𝛼G
𝛾,𝜃

): it is the probability to
be positive in at least one among AA analysis and FA anal-
ysis at any of the interim analysis or at the final analysis;
it depends on both the true treatment effect on the surro-
gate endpoint 𝛾 and the true treatment effect on the primary
endpoint 𝜃. Notice that when there is no effect on the pri-
mary endpoint (𝜃 = 1), this probability may be intended as
the risk of incorrectly requesting at least one among AA and
FA, which represents the global type I error rate.

Note that both AA and FA analysis contribute to the global
Approval rate, then the following decomposition holds:

𝛼G
𝛾,𝜃

= 𝛼AA
𝛾,𝜃

+ 𝛼FA
𝜃

− 𝛼CAA
𝛾,𝜃

(8)

Notice that the minus sign arises from the inclusion-exclusion
principle, which states that for any two events𝐴 and𝐵, the prob-
ability that at least one occurs is given by 𝑃 (𝐴 ∪ 𝐵) = 𝑃 (𝐴) +
𝑃 (𝐵) − 𝑃 (𝐴 ∩ 𝐵). In our context, the global type I error is defined
as the probability that a false positive conclusion is reached in at
least one of the two analyses, AA or FA. As such, the probabil-
ity of a type I error in either analysis is expressed as the sum of
the type I error probabilities for the individual analyses (namely
𝛼AA
𝛾,𝜃

and 𝛼FA
𝜃

), minus the probability that both yield false positive
results (namely 𝛼CAA

𝛾,𝜃
). The subtraction term ensures that this last

term 𝛼CAA
𝛾,𝜃

is not counted twice, as it is already included in both
𝛼AA
𝛾,𝜃

and 𝛼FA
𝜃

.

Since 𝛼AA
𝛾,𝜃

depends on the two criteria in Equations (4) and (7),
then we also define

• PFS Accelerated Approval rate (denoted as 𝛼AA-PFS
𝛾

): the prob-
ability to meet PFS criterion for AA, that is, the probability to
claim statistical significance in treatment effect on the surro-
gate endpoint, when the latter is equal to 𝛾 .

• OS Accelerated Approval rate (denoted as 𝛼AA-PPoS
𝛾,𝜃

): the prob-
ability to meet the PPoS criterion for AA, which is the prob-
ability to have a high PPoS on the primary endpoint at the
interim analysis.

Note that the relationship between 𝛼AA
𝛾,𝜃

, 𝛼AA-PPoS
𝜃,𝛾

and 𝛼AA-PFS
𝛾

depends on the patient level correlation between the surrogate
and primary endpoints, in particular the following holds

𝛼AA-PFS
𝛾

𝛼AA-PPoS
𝛾,𝜃

≤ 𝛼AA
𝛾,𝜃

≤ min
(
𝛼AA-PFS
𝛾

, 𝛼AA-PPoS
𝛾,𝜃

)
. (9)

From Equation (8) and (9), it follows that

𝛼G
𝛾,𝜃
< 𝛼AA-PFS

𝛾
+ 𝛼FA

𝜃
(10)

For requesting an AA, a standard requirement imposed by health
authorities [7] is that Global type I error is maintained under
the double null scenario 𝜃 = 𝛾 = 1 [7] under a pre-specified level
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𝜔G. This control depends directly on the choice of the proba-
bility thresholds 𝜂PFS

𝑖, eff and 𝜂PFS
𝑖, fut (which contribute to 𝛼AA-PFS

𝛾=1 ),
𝜂OS
𝑖,eff and 𝜂OS

𝑖,fut (which contribute to 𝛼FA
𝜃=1) and 𝜂PPoS (which con-

tributes to 𝛼AA-PPoS
𝛾=1,𝜃=1 ). Many distinct combinations of the latter may

be employed so that 𝛼G
𝛾=1,𝜃=1 < 𝜔

G.

In our context, exploiting the inequality in Equation (10) in order
to control the global type I error rate under the double null
scenario, we propose to split 𝜔G between 𝛼AA-PFS

𝛾=1 and 𝛼FA
𝜃=1 (so

that 𝛼AA-PFS
𝛾=1 + 𝛼FA

𝛾=1,𝜃=1 = 𝜔G), choosing accordingly the probabil-
ity thresholds for PFS testing (𝜂PFS

𝑖, eff, 𝜂
PFS
𝑖, fut) and for OS testing

(𝜂OS
𝑖,eff and 𝜂OS

𝑖,fut) based on any standard GSD rule for example,
alpha-spending functions [22]. Under this splitting strategy, no
portion of the nominal level 𝜔G is allocated to the PPoS criterion;
therefore, the same allocation can also be applied to the SCA. It is
important to note that the fact that no portion of 𝜔G is allocated
to the PPoS criterion does not imply that the criterion defined
in Equation 7 is without impact. Rather, the PPoS criterion is
applied in addition to the hypothesis test on the surrogate end-
point, with the goal of reinforcing the evidence in support of an
AA request. This strategy also ensures control of the global type
I error rate, even in the presence of potential misspecification of
the PPoS model.

In principle, a control of the global type I error could also be
achieved by splitting 𝜔G exploiting Equation (8). However, not
including 𝛼AA-PPoS

𝛾=1,𝜃=1 in the split driven by Equation (10) has two
main advantages: first it leads to type I error rates strictly below
the nominal level (since it relies on a strict inequality), second
it assures that the Global type I error is maintained non depend-
ing on predictions, but rather based solely on concurrent data. We
acknowledge that this approach is conservative and does not fully
utilize the nominal level 𝜔G. However, the rationale behind this
choice is that allocating a portion of the nominal level explicitly to
the PPoS criterion may be difficult to justify to regulatory author-
ities, given the potential bias arising from the limited amount
of primary endpoint data typically available at the time of the
interim analysis.

As a consequence of this choice the control of the FWER under
the double null scenario is guaranteed for any value of 𝜂PPoS,
which then remains to be set.

Instead, we propose to use the protection of the FWER under par-
tial null scenarios as a rationale for the choice of 𝜂PPoS. Let us
generically define a “safeguard scenario” as any partial null sce-
nario [𝜃 = 1, 𝛾 = 𝛾∗] where it is desirable a control of the false
positive rate, then the PPoS threshold may be set as follows:

𝜂PPoS
∗ = arg min

𝜂PPoS∈[0,1]
𝛼𝐺
𝛾=𝛾∗ ,𝜃=1 s.t. 𝛼𝐺

𝛾=𝛾∗ ,𝜃=1 < 𝜔
SG (11)

where𝜔SG is a pre-determined level of control of the false positive
rate under the “safeguard scenario.” Note that the further “safe-
guard scenario” is from the double null scenario (i.e., 𝛾∗ << 1),
the higher 𝜂PPoS and vice-versa. Additionally, for a given treat-
ment effect on the surrogate endpoint, a lower value of 𝜂PPoS

leads to a higher rate of AA requests, which is favorable if the

treatment is actually effective, but implies an increase in incorrect
AA rates if the treatment has no effect on the primary endpoint.
On the contrary, high values of 𝜂PPoS would decrease the number
of incorrect AA requests in case of noneffective treatments, but
may limit the number of AA in case of effective ones.

We note that, within the framework considered in this work, an
AA request, even if granted by the regulatory authority, does not
guarantee eventual Full Approval (FA). As a result, the parameter
𝜂PPoS does not influence the type I error rate associated with FA.
Nevertheless, high values of 𝜂PPoS are recommended in order to
better align AA requests with FA request, thereby increasing the
probability that an AA ultimately leads to FA.

2.4 | Specification of Prior Distributions

In the single criterion one-trial approach (SCA approach) pro-
posed in Section 2.1, we first propose to use weak priors in the
FA analysis for the hazard ratio 𝜃 and the control hazard 𝜆C

OS,
as well as in the AA analysis for 𝛾 and 𝜆C

PFS. This ensures that
decision-making is approximately entirely driven by concurrent
data, while achieving almost equivalence between Bayesian and
frequentist analyses (e.g., based on the log-rank test). Consis-
tently with the specification mentioned in [23], the following
prior distributions are used:

𝜆C
OS ∼ Lognormal (0, 100) 𝜆C

PFS ∼ Lognormal (0, 100)

𝛾 ∼ Lognormal (0, 4) 𝜃 ∼ Lognormal (0, 4) (12)

The standard deviations in the prior distributions for 𝛾 and 𝜃 are
set such that their effective sample sizes are equal to one. Concep-
tually, this implies that the Fisher information conveyed by each
prior distribution is equivalent to that obtained from observing a
single patient.

In the novel DCA detailed in Section 3.1, the PPoS criterion
is introduced to strengthen the AA analysis by incorporating
data on the primary endpoint. In this approach, for sake of first
evaluation, the same prior distributions employed for the SCA
approach in Formulas (12) are used for 𝜃, 𝛾 , 𝜆C

OS and 𝜆C
PFS. This

choice may be sensible for example when no historical infor-
mation is available for any of the model parameters, or if it is
believed that the available prior information is significantly dif-
ferent from what is expected to be observed in the current trial.
We acknowledge that this assumption is often not reflective of
typical confirmatory settings, which are usually conducted when
some prior information on the model parameters is already avail-
able. Nonetheless, the proposed approach remains a valid option
in cases where the sponsor opts (or the regulator asks) not to
incorporate such information at the analysis stage of the trial.
This does not imply that existing knowledge should be disre-
garded entirely; rather, external data may still play an important
role at the design stage, for example, as inputs for sample size
calculation or other design-related decisions. The use of histor-
ical information to inform the prior distribution employed in the
computation of the PPoS is examined in Section 5.
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3 | Case Study

3.1 | Motivating Example

In this section the proposed methodology will be applied in the
context of a phase III trial in mCRC. Although all the data used
for this example are fictive, the design assumptions made for this
case study are inspired by a real study.

The primary endpoint of our case study is OS, defined as the time
from randomization to death, and the secondary (surrogate) end-
point is Progression Free Survival (PFS), defined as the time from
randomization to disease progression or death (whichever hap-
pens first). The hazard ratio (HR) is used as a measure of the
treatment effect for both endpoints.

The trial compares the experimental treatment to a control using
a 1:1 randomization. The global type I error 𝛼G

𝛾=1,𝜃=1, that is, the
overall probability to requesting a marketing approval for a non-
effective treatment (either via Accelerated or FA) must be con-
trolled at a level 𝜔G = 2.5% one-sided, and an equally weighted
Bonferroni split between 𝛼AA-PFS

𝛾=1 and 𝛼FA
𝜃=1 is chosen according to

Equation (10). This implies that half the nominal level𝜔G = 2.5%
is assigned to the probability to apply for AA and FA.

Assuming a maximum of 500 patients can be enrolled in the
study and an accrual rate of 30 patients per month, supposing a
median OS of 8.5 months for the control arm and targeting a 29%
reduction in OS on the treatment arm (𝜃 = 0.71, corresponding to
3.5 months increase in median OS from baseline), and a 1.25% FA
type I error one-sided, a total of 424 events is required to achieve
90% power. Computation of the sample size has been performed
using the R [24] package ‘rpact’ [25].

One single interim analysis is planned—both to test treat-
ment efficacy on the primary endpoint and to assess the
AA criteria—after 84 (20%) OS events are observed. Assum-
ing a median PFS of 2.1 months for the control arm and a
47.5% reduction in PFS (𝛾 = 0.525, corresponding to 1.9 months
increase in median PFS from baseline), 170 PFS events are
expected at the time of the interim analyses with a marginal
power (probability to get a statistical significant surrogate treat-
ment effect) of 97.5%.

An O’Brien-Fleming spending function is chosen to set the
probability thresholds for efficacy on the primary endpoint at
the time of the interim analysis and at the time of the final anal-
ysis, which are respectively 𝜂OS

I, eff = 0.9999 and 𝜂OS
I, eff = 0.9875.

No futility interim analyses are set for the sake of simplicity
(𝜂OS

I, fut = 0. According to the Bonferroni split of 𝛼G
𝛾=1,𝜃=1 between

the two endpoints PFS and OS, a threshold 𝜂PFS
I, eff = 0.9875 is

set to keep 𝛼AA-PFS
𝛾=1 below its nominal level 1.25% under 𝛾 = 1

(and accordingly the FWER 𝛼G
𝛾=1,𝜃=1 below 𝜔G = 2.5% under the

double null scenario of 𝛾 = 1 and 𝜃 = 1). A threshold for the PPoS
criterion 𝜂PPoS

∗ = 0.91 is moreover obtained from numerical sim-
ulations in order to control the global type I error rate 𝛼G

𝛾=𝛾∗ ,𝜃=1
at 𝜔SG = 2.5% level under the safeguard scenario of 𝛾∗ = 0.525
and 𝜃 = 1 (corresponding to a situation where the treatment is
not effective on the primary endpoint but it exhibits the target
treatment effect on the surrogate endpoint)). The threshold is
computed assuming that the study data for the control arm
follow the design assumptions (i.e., median OS of 8.5 months).

3.2 | Analysis

To illustrate the practical implementation of the proposed
approach, we present an analysis based on a fictitious trial,
for which the data have been generated numerically. Specifi-
cally, in this example, PFS and OS data are simulated under
the assumption of no treatment effect on the primary endpoint
(𝜃 = 1) and a moderate treatment effect on the surrogate endpoint
(𝛾 = 0.6).

Assume that, for an ongoing phase III trial, the following data are
available at the time of the interim analysis:

• For the surrogate endpoint: 𝑟𝐶1,PFS = 104, 𝐸𝐶1,PFS = 283,
𝑟𝑇1,PFS = 88, 𝐸𝑇1,PFS = 356;

• For the primary endpoint: 𝑟𝐶1,OS = 48,𝐸𝐶1,OS = 495, 𝑟𝑇1,OS = 36,
𝐸𝑇1,OS = 560.

A summary of the results of the analysis is in Table 1.

Testing the treatment efficacy on the primary endpoint at
the interim analysis, we get ℙ

(
𝜃 < 1 ||| Δ1,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
= 0.967,

which is lower than the pre-specified threshold 𝜂OS
1,eff = 0.9999.

Since not enough evidence is provided to stop early for effi-
cacy, we proceed with the AA analysis. Testing the treatment
efficacy on the surrogate endpoint at the interim analysis, we
get ℙ

(
𝛾 < 1 ||| Δ1,PFS ; 𝜋0

𝜆𝐶PFS
, 𝜋0
𝛾

)
= 0.998, which is greater than

the pre-specified threshold 𝜂PFS
1,eff = 0.9875. As a consequence, the

PFS criterion is satisfied (the treatment seems effective in reduc-
ing the risk on PFS), and an AA request is recommended using
the SCA.

Testing the PPoS criterion on the primary endpoint, we obtain a
PPoS of 0.793. Although the PFS criterion is satisfied, the PPoS
is not greater than the pre-specified threshold of 𝜂OS

PPoS = 0.91,
hence, there is not enough evidence to recommend an AA accord-
ing to the DCA, and further data are needed to make a decision.

TABLE 1 | Summary of the case study analysis.

Interim analysis (IF = 0.2) Final analysis

ℙ(𝜸 < 1) 𝜼PFS
I,eff

ℙ(𝜽 < 1) 𝜼OS
I,eff

PPoS 𝜼PPoS ℙ(𝜽 < 1) 𝜼OS
II,eff

0.998 0.9875 0.967 0.9999 0.793 0.9 0.88 0.9875
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At the end of the trial, when 424 planned events on OS have been
observed, let’s assume that we observe on the primary endpoint
𝑟𝐶2,OS = 215, 𝐸𝐶2,OS = 2600, 𝑟𝑇2,OS = 209, 𝑟𝑇2,OS = 2836. Testing the
treatment efficacy on the primary endpoint at the final analysis,
we get ℙ

(
𝜃 < 1 ||| Δ2,OS ; 𝜋0

𝜆𝐶OS
, 𝜋0
𝜃

)
= 0.88, which is lower than

the pre-specified threshold 𝜂OS
2,eff = 0.9875, hence not enough

evidence against the null hypothesis is provided and a FA cannot
be requested.

This example shows the added value of our methodology: while
relying on data on the surrogate endpoint only would have been
misleading (bringing us to an incorrect AA request), reinforcing
the AA request criteria with the PPoS criterion helped us in avoid-
ing the wrong AA request for an ineffective treatment.

4 | Numerical Evaluation

This section presents a simulation study designed to evaluate the
approach introduced in Section 2 across a range of scenarios. The
primary objective is to evaluate and compare the performance of
the DCA relative to the SCA across various parameter settings,
with particular emphasis on potential deviations from the design
assumptions regarding the control parameter and the surrogate
treatment effect parameter.

4.1 | Setting

The design assumptions, as well as the probability thresholds
used for decision making and the available historical informa-
tion, are the same as in Section 3.1.

The performance of the SCA and the DCA, introduced in
Section 2, is evaluated across 12 scenarios (Table 2). The model
parameters 𝜆C

OS, 𝛾 , and 𝜃 are systematically varied to represent
possible deviations from the design assumptions.

Effective treatments (𝜃 = 0.71) are denoted by the letter “A”
(standing for alternative), whereas noneffective treatments (𝜃 =
1) are denoted by the letter “N” (standing for null). Scenarios
labeled with the number “0” represent situations of agreement
between the design assumptions and the concurrent data in terms
of treatment effects 𝛾 and 𝜃, while scenarios labeled with other
indices correspond to deviations of the concurrent data from the
design assumptions.

For each main scenario, three sub-scenarios are further ana-
lyzed, varying the control parameter. In particular, scenarios

labeled “LOW” and “HIGH” correspond to inferior (median(OS)
= 7 months) and superior (median(OS) = 10 months) concur-
rent controls, respectively, with respect to the design assump-
tions, whereas unlabeled scenarios indicate perfect agreement
between the control parameter and the design assumptions. It is
worth noting that scenario N1 represents the previously defined
safeguard scenario used to calibrate the threshold for the PPoS
criterion, 𝜂PPoS.

For this analysis, data were generated assuming no patient-level
correlation between surrogate and primary endpoints; the same
analysis made assuming a correlation of 0.45 is presented in the
Supporting Information as a sensitivity analysis.

For each of the 12 scenarios, 1000 trials are simulated, and results
are obtained making use of an approximation of the posterior dis-
tributions for the model parameters obtained via Markov Chain
Monte Carlo (MCMC) obtain using the R [24] package RJags [26].

4.2 | Evaluation Metrics

The two approaches under comparison, namely the SCA and the
DCA, are evaluated according to the following performance met-
rics:

• Accelerated Approval Rate (AA), which is approximated as
the fraction of the total simulated trials that is positive in the
AA analysis.

AA =
# Accelerated Approvals

# Trials Simulated

• Confirmation Rate (CR) which is approximated as the frac-
tion of the simulated trials passing the FAl Analysis at the
final analysis in Equation (3) among the ones which pass the
AA Analysis.

CR =
# (Accelerated Approval ∩ Full Approval)

# Accelerated Approval

• Full Approval Rate (FA) which is defined as the fraction of
the total simulated trial which is positive in the FA Analysis
(either at the interim or at the final stage) in Equation (3).

FA =
# Full Approval

# Trials Simulated

• Global type I error rate (G-t1E) which is
approximated—only for ineffective treatments (𝜃 = 1)—as

TABLE 2 | Considered scenarios: for three different median OS on current control, 5 scenarios—2 for effective treatment (listed with the letter A)
and 3 for noneffective treatments (listed with the letter N) are simulated varying 𝛾 , 𝜃, and 𝜆OS

C .

Scenarios

A0 LOW A1 LOW N0 LOW N1 LOW A0 A1 N0 N1 A0 HIGH A1 HIGH N0 HIGH N1 HIGH

𝛾 0.39 0.75 1 0.525 0.39 0.75 1 0.525 0.39 0.75 1 0.525
𝜃 0.71 0.71 1 1 0.71 0.71 1 1 0.71 0.71 1 1
median(OS) 7 7 7 7 8.5 8.5 8.5 8.5 10 10 10 10

Note: Median OS for the control is retrieved by the formula median(OS) = log(2)∕𝜆OS
C , which is valid for exponential OS.
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the fraction of the total simulated trial which passes at least
one among FA Analysis in Equation (3) or Accelerated
Approval Analysis.

G-t1E =
# (Full Approval ∪ Accelerated Approval)

# Trials Simulated

4.3 | Results

Table 3 provides a comprehensive summary of the results. Each
row corresponds to a specific scenario defined in Table 2. The
first column, labeled Scenario, identifies the respective scenario,
while the subsequent columns report the four performance met-
rics considered, namely, the Accelerated Approval Rate, Confir-
mation Rate, Full Approval Rate, and Global Type I Error Rate.
For each metric, the results are presented under two methodolog-
ical frameworks: the Single-Criterion Approach (SCA) and the
Dual-Criterion Approach (DCA).

In terms of AA, results show that under the SCA approach, the
probability of passing the analysis for an AA request is consis-
tently high whenever the surrogate endpoint shows meaningful
treatment effects, reaching almost 100% in settings where a
strong surrogate treatment effect is shown (A0 and N1 sce-
narios) and remaining between 39% and 47% under moderate
effects (A1 scenarios). In null scenarios (N0), it closely aligns
with the nominal level of 𝜔G∕2 = 1.25%. When moving to the
DCA, however, the inclusion of the PPoS criterion, based on
partially observed primary endpoint data, substantially lowers
the probability of meeting the conditions for an AA request in
all configurations, often reducing it by half or more compared
with the SCA (e.g., 100% vs. 45.6% in A0-HIGH, 42.8% vs. 19.4%
in A1). This reduction is a direct consequence of the additional
evidentiary requirement introduced by the PPoS, which demands
a consistent signal of efficacy on both the surrogate and the pri-
mary endpoint, even when the latter is only partially observed.
As a result, the DCA acts as a more conservative filter at the

interim stage, considerably limiting the number of trials that
would proceed to an AA request.

This more stringent decision rule also affects the consistency
between the interim and final analyses, as reflected by the Con-
firmation Rate (CR). While the SCA yields CR values around
91%, indicating that roughly one in ten trials that requested
AA would eventually fail to meet the requirements for a FA
request, the DCA increases the CR to approximately 98% across
all scenarios. This improvement means that when a trial passes
the interim analysis under the DCA, it is much more likely to
ultimately meet the conditions for FA. In other words, the DCA
substantially enhances the reliability of the process, ensuring
that interim decisions based on the surrogate and predictive
information are more coherent with the final primary end-
point results. As expected, the FA Rate itself remains virtually
unchanged between the two methods, around the nominal
level of 90% in alternative scenarios and around 1.25% under
the null, since both rely on the same confirmatory analysis of
the primary endpoint. What differentiates the two approaches,
therefore, is not the ultimate probability of final approval, but
the coherence between the intermediate and final phases: the
SCA produces more early requests, with a higher chance of later
rejection, whereas the DCA results in fewer, but more reliable,
requests.

In terms of G-t1E, under the SCA, the global type I error is
around the nominal level of 2.5% under the double null scenarios
(with minor deviations due to simulation error) but becomes
severely inflated under the partial null configurations (N1),
reaching values above 95%. This inflation arises from the incon-
sistency between the large treatment effect observed on the
surrogate endpoint and the absence of a corresponding effect
on the primary endpoint, which ultimately results in a high
probability of erroneously proceeding with an AA request when
the treatment provides no true benefit on the primary endpoint.
In contrast, the DCA maintains tight control of the FWER across
all scenarios, consistently keeping it close to the nominal level

TABLE 3 | Comparison between single-criterion approach (SCA) and dual-criterion approach (DCA).

Scenario

Accelerated approval rate Confirmation rate Full approval rate Global type I error rate

SCA
DCA

(no borrowing) SCA
DCA

(no borrowing) SCA
DCA

(no borrowing) SCA
DCA

(no borrowing)

A0 LOW 99.8 40.9 91.3 98.8 91.3 91.3 — —
A1 LOW 39.5 15.8 91.6 98.1 91.3 91.3 — —
N0 LOW 1.1 0.0 — — 1.2 1.2 2.3 1.2
N1 LOW 96.8 1.6 — — 1.2 1.2 96.9 2.6
A0 100 44.1 91.1 98.2 91.1 91.1 — —
A1 42.8 19.4 91.8 97.9 91.1 91.1 — —
N0 1.4 0.0 — — 1.2 1.2 2.6 1.2
N1 97.6 1.5 — — 1.1 1.1 97.7 2.3
A0 HIGH 100 45.6 90.8 98.2 90.8 90.8 — —
A1 HIGH 47.3 21.8 91.1 97.7 90.8 90.8 — —
N0 HIGH 1.0 0.0 — — 1.2 1.2 2.2 1.2
N1 HIGH 99.1 1.8 — — 1.2 1.2 99.1 2.5
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of 2.5% under the safeguard scenarios (N1-LOW, N1, N1-HIGH)
and below the nominal level under the double null scenarios
(N0-LOW, N0, N0-HIGH). This demonstrates the robustness
of the dual-criterion rule in preventing false requests for early
approval and maintaining overall statistical integrity.

Notably, in both approaches, and in the presence of a surrogate
treatment effect, an increase in the AA is observed for larger val-
ues of the median control OS (e.g., 40.9% in scenario A0-LOW,
44.1% in scenario A0, and 45.6% in scenario A0-HIGH). This can
be attributed to the fact that higher survival in the control arm
delays the timing of the interim analysis, which is consequently
performed after a greater number of PFS events have accrued,
ultimately yielding a more precise estimation of the surrogate
treatment effect.

Overall, these results indicate that the DCA framework offers
clear advantages in aligning the outcomes of the AA analysis
with those of the FA analysis, thereby improving the coherence
between AA requests and subsequent FA requests. By integrating
partial information from the primary endpoint through the PPoS,
the DCA limits the number of incorrect or premature requests
while ensuring that those that do proceed are more likely to be
confirmed at the end of the study. However, this greater reliabil-
ity comes at the cost of a marked reduction in the probability of
passing the AA analysis. The high uncertainty associated with the
PPoS, due to the limited amount of primary endpoint data avail-
able at the interim stage, makes the DCA highly conservative in
identifying trials suitable for early submission.

In the next section, we explore how incorporating historical data
can mitigate this limitation by improving the precision of PPoS
estimation, thereby enhancing the efficiency of the DCA while
preserving its robustness.

5 | Augmenting DCA via Historical
Information Borrowing

In the new framework detailed in Section 3.1, the PPoS criterion
is introduced to strengthen the AA analysis by incorporating
data on the primary endpoint. However, the number of events
on the primary endpoint at the time of the interim analysis is
likely to be small, and this may lead to a poor estimation of the
treatment effect (due to the high sampling variance), thus lim-
iting the benefit of the PPoS criterion itself. To avoid this risk,
different types of informative priors can be considered, aiming
to improve the parameter estimation and to enhance the AA
request.

In the following paragraphs, building upon existing historical
borrowing methodologies described in the literature, we pro-
pose two distinct approaches for incorporating historical infor-
mation, namely to borrow information on the control parame-
ter 𝜆C

OS and on the treatment effect parameter 𝜃. This approach
will inevitably make the decision process dependent not only
on the current trial data but also on supportive studies; there-
fore, a careful assessment of the relevance and appropriateness
of the historical information is essential, as well as an ade-
quate handling of potential heterogeneity between current and
external data.

5.1 | Borrowing Historical Control Information

In this section, we adopt the same meta-analytic predictive
(MAP) framework proposed by Roychoudhury et al. [23], as it
provides a coherent Bayesian approach for dynamically borrow-
ing information from historical control data. This methodology
is particularly relevant in our context, where leveraging external
evidence can improve the estimation of control parameters and
enhance the precision of predictive analyses. While Roychoud-
hury et al. describe a general piece-wise exponential model for OS
(OS), we employ a simplified version assuming a single exponen-
tial distribution for OS, which adequately represents the survival
dynamics observed in our data while preserving the core struc-
ture of their approach.

Let us assume that data for the control arm are available, for
example, from a literature review, on the primary endpoint in
𝐻 historical trials. Suppose that we want to leverage informa-
tion from them to inform the control parameter for the current
study in the PPoS estimation. Adopting the notations presented
in Section 2.1 Equation (2), and using the left superscript refer-
ring to the h-th historical trial, we have

ℎ

𝑟𝐶OS

||| ℎ𝜆𝐶OS
∼ Poisson

(
ℎ

𝜆𝐶OS

ℎ

𝐸𝐶OS

)
ℎ = 1, . . . ,𝐻 (13)

where in this context ℎ
𝑟𝐶OS

and ℎ

𝐸𝐶OS
represent respectively the num-

ber of events and the total exposure time at the final analysis of
the h-th historical trial, non-depending on the number of interim
looks.

Following the meta-analytic predictive approach (MAP) detailed
by Roychoudhury and Neuenschwander in [23], we assume that
the historical control hazard and the current control hazard are
drawn from the same lognormal distribution:

𝜆𝐶OS,
1
𝜆𝐶OS
, . . . , 𝐻

𝜆𝐶OS

||| 𝜇, 𝑠 ∼ Lognormal
(
𝜇, 𝑠2) (14)

where 𝜇 represents the across trial mean parameter and 𝑠 repre-
sents the between trial variability. Assuming no prior information
is available for the latter parameters, the following weakly infor-
mative priors are used:

𝜇 ∼ Normal(0, 1) 𝑠 ∼ Half-normal(0, 0.5) (15)

where the prior distribution for 𝑠 is chosen accordingly to [23] in
order to allow a wide range of heterogeneity scenarios a priori.
The choice of the normal prior distribution for 𝜇 is again based
on [23], and the variance parameter is arbitrarily set to reflect lack
of prior information regarding the model parameter.

From the above hierarchical model, a distribution 𝜋MAP
𝜆𝐶OS

for the
current control hazard can be obtained and used to inform PPoS
in Equation (5). Note that only historical data are used for the
construction of the MAP distribution.

Although borrowing historical information may be useful for
improving the posterior estimation of the model parameters,
it may still happen that concurrent data are inconsistent with
historical ones. In this situation—known either as prior-data
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conflict or drift—historical information should ideally be dis-
counted, and estimation should be only driven by concurrent
data. To this purpose, we use a mixture prior approach [27] which
consists in combining the informative MAP prior with a vague
prior in a mixture distribution. The resulting robust meta analytic
prior (rMAP) takes the following form:

𝜋rMAP
𝜆𝐶OS

= 𝑤ℎ𝜋MAP
𝜆𝐶OS

+ (1 −𝑤ℎ)𝜋𝑣𝜆𝐶OS
(16)

where 𝜋𝑣
𝜆𝐶OS

is the vague component of the mixture prior and 𝑤ℎ
is the prior weight on the informative component, reflecting the
prior belief about the exchangeability between the control effect
estimated from historical data and the control effect estimated
from current data. Note that the term robust in the context of
Bayesian dynamic borrowing context refers to reduced sensitivity
to potential inconsistencies between the prior and the observed
data, thereby yielding more reliable posterior inference.

For this approach, the weak priors from the SCA approach in
Equation (12) are used for 𝜃, 𝛾 , and 𝜆𝐶PFS.

For data borrowing on the control arm, OS data from 3 histori-
cal trials are supposed to be available with a sample size of 270
patients each, in particular the observed number of OS events
1
𝑟𝐶F,OS

= 87, 2
𝑟𝐶F,OS

= 80, 3
𝑟𝐶F,OS

= 76, and the related total exposure times
1
𝐸𝐶F,OS

= 950, 2
𝐸𝐶F,OS

= 983, 3
𝐸𝐶F,OS

= 1050 (defined as the sum of all
patients’ exposure times), expressed in days. Note that the data
associated with the three historical trials used for control borrow-
ing are fictitious and were generated so that the prior distribution
for the control parameter 𝜆C

OS match with a median OS of 8.5
months. A prior weight 𝑤ℎ = 0.9 is used in this analysis, reflect-
ing high confidence in the relevance of historical control data for
our trial and a UIP is used as a robustification component.

5.2 | Borrowing Historical Information From
HR(PFS)-HR(OS) Relationship

In this section, we adopt the methodology proposed by
Saint-Hilary et al. [19] and further developed by Fougeray et al.
[18] in the context of GSD. This approach provides a structured
Bayesian meta-analytic framework to model the relationship
between treatment effects on surrogate and primary endpoints,
allowing information from historical trials to inform the estima-
tion of the primary endpoint. The method is particularly relevant
in our setting, as it enables construction of a robust surrogate
prior while accounting for between-trial variability and potential
prior-data conflicts, ensuring that the predictive inference for
the primary endpoint is both informed and reliable.

Consider 𝐻 ′ historical randomized clinical trials, where 𝛾̂ℎ′ and
𝜃̂ℎ′ are the estimates of the true parameters 𝛾ℎ′ and 𝜃ℎ′ for the
treatment effects on PFS and OS respectively in each historical
trial ℎ′ and are available together with their sampling variances
𝛿ℎ′ and correlations 𝜌ℎ′ .

Referring to the methodology detailed in [19]—relying on the
meta analytic approach proposed in [28]—we assume that a
linear relationship holds between log(𝛾) and log(𝜃) (although

the methodology may be adapted for other transformations if
needed). We consider the following bi-variate normal model:(

log(𝜃̂ℎ′ )
log(𝛾̂ℎ′ )

)
∼ Normal

[(
𝑎 + 𝑏 ⋅ log(𝛾ℎ′ )

log(𝛾ℎ′ )

)
,

(
𝜎2
ℎ′
+ 𝜏2 𝜌ℎ′𝜎ℎ′𝛿ℎ′

𝜌ℎ′𝜎ℎ′𝛿ℎ′ 𝛿2
ℎ′

)]
(17)

The joint posterior distribution 𝑓𝑎,𝑏,𝜏 (⋅) of the parameters 𝑎, 𝑏,
and 𝜏—representing respectively the intercept, the slope and
the between trial variability—can be estimated via meta-analytic
regression (see [19] for details). Conditional on the regression
parameters, the distribution of the treatment effect on the pri-
mary endpoint can then be obtained from the treatment effect
on the surrogate endpoint as

log(𝜃) | 𝑎, 𝑏, 𝜏 ∼ Normal
(
𝑎 + 𝑏 ⋅ log(𝛾), 𝜏2) (18)

We note 𝑓log(𝜃) | 𝑎,𝑏,𝜏 (⋅) its density. At the interim analysis, the pos-
terior distribution of 𝛾 is estimated from the data available on the
surrogate endpoint at this stage.

An informative prior distribution for the primary endpoint 𝜃,
called surrogate prior, is obtained by integrating Equation (18)
over the joint distribution of the regression parameters as follows:

𝜋𝑆log(𝜃)(⋅) = ∫ 𝑓log(𝜃) | 𝑎,𝑏,𝜏 (⋅)𝑓𝑎,𝑏,𝜏 (𝑥, 𝑦, 𝑧)𝑑𝑥𝑑𝑦𝑑𝑧 (19)

A robustification of this surrogate prior is used to handle
prior-data conflicts by combining the distribution in (19) with
a vague component in a mixture distribution, and the resulting
robust surrogate prior can be written as

𝜋rSURR
log(𝜃) = 𝑤𝑠𝜋𝑆log(𝜃) + (1 −𝑤𝑠)𝜋𝑣log(𝜃) (20)

where 𝜋𝑣log(𝜃) is the vague component of the mixture prior and𝑤𝑠
is the informative prior weight, for example, a probability mea-
sure of the prior confidence in the estimated relationship between
the surrogate and the primary endpoints.

For this approach, the weak priors from the SCA approach in
Equation (12) are used for 𝛾 , 𝜆𝐶OS and 𝜆𝐶PFS.

Note that although a linear relationship between a transforma-
tion of the treatment effects on the surrogate and primary end-
points is assumed in the current formulation, the methodology is
flexible and can accommodate deviations from this assumption.
Specifically, the approach can be extended to incorporate any
functional relationship between the parameters by modifying the
mean of the marginal distribution for the treatment effect on the
primary endpoint accordingly.

5.3 | Historical Data

For data borrowing on the control arm, OS data from 3 historical
trials are supposed to be available with a sample size of 270
patients each, in particular the observed number of OS events
1
𝑟𝐶F,OS

= 87, 2
𝑟𝐶F,OS

= 80, 3
𝑟𝐶F,OS

= 76, and the related total exposure times
1
𝐸𝐶F,OS

= 950, 2
𝐸𝐶F,OS

= 983, 3
𝐸𝐶F,OS

= 1050 (defined as the sum of all
patients’ exposure times), expressed in days. Note that the data
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associated with the three historical trials used for control borrow-
ing are fictitious and were generated so that the prior distribution
for the control parameter𝜆C

OS matches a median OS of 8.5 months.
A prior weight of 𝑤ℎ = 0.9 is used in this analysis, reflecting
strong confidence in the relevance of historical control data for
our trial. A UIP is employed as the robustification component,
representing a distribution whose effective sample size [29, 30] is
equivalent to one, thus contributing minimal prior information.

In order to borrow information on the relationship between
PFS and OS, the same Bayesian MAP used in [18] is used, fit-
ting the model in Equation (17) with historical data on the
log-transformation of the treatment effect parameters on the two
endpoints. To this end, a total of 15 randomized trials beyond the
second line in mCRC were employed (12 of which taken from a
systematic literature review of 2018 by Arnold [31] and 3 addi-
tional relevant trials [32–34]), evaluating both PFS and OS in
similar populations (even though not testing the same drug).

The estimates of the hazard ratios and their variability on both
PFS and OS were used to build the model in Equation (17)
(Details are provided in Supporting Information). A prior weight
𝑤𝑠 = 0.9 is used in this analysis, reflecting a high confidence in
the relevance of the estimated relationship estimated from his-
torical information for our trial and a UIP is used as robustifica-
tion component. The Bayesian model was fitted using 5 chains
of 100 000 MCMC sampling iterations (preceded by 50.000 warm
up iterations) with the R [24] package RStan [35]. We assumed
a correlation coefficient 𝜌ℎ′ = 0.05 between the treatment effects
on the two endpoints for all the studies (see discussion in [19,
36] for more details); and improper vague prior distribution are
used for the regression coefficients. The posterior medians of the
regression coefficients 𝑎, 𝑏, and 𝜏 with their credibility intervals
are provided in Figure 2, together with a representation of the
fitted regression line.

5.4 | Revised Simulation Results

In this simulation study, we investigate the effect of incorporating
historical information in the computation of the PPoS criterion
within the DCA. Two variants of the DCA are considered: the
first employs a non-informative prior distribution for the PPoS
calculation (hereafter referred to as DCA (no borrowing)), while
the second utilizes an informative prior distribution (hereafter
referred to as DCA (borrowing)). In the latter, historical borrow-
ing is applied both to the control parameters, as described in
Section 5.1, and to the treatment effect parameters, as described
in Section.

The evaluation is conducted under the same scenarios and oper-
ating characteristics (OCs) considered in the simulation study
presented in Section 4. It is important to note that, in the present
context, the selected scenarios acquire an interpretation in terms
of alignment with historical information. Specifically, scenarios
labeled with the identifier “0” represent alignment between the
concurrent data and the meta-analytical relationship between
HR(PFS) and HR(OS), whereas scenarios labeled with the
identifier “1” correspond to a situation of prior-data conflict
(or drift) between the concurrent data and the meta-analytical
relationship. Similarly, scenarios denoted by the labels “LOW”

FIGURE 2 | Meta-regression to establish a log-linear relationship
between 𝛾 and 𝜃 in mCRC. In red: the regression line (with its credibility
bounds in grey). The sizes of the bubbles are proportional to the inverse
of the standard errors of the estimated log hazard ratio on OS.

and “HIGH” indicate a drift between concurrent and historical
control data, while a basic agreement between concurrent and
historical controls is considered in scenarios A0, A1, N0, and
N1. A graphical representation of the scenarios considered,
with respect to their alignment with historical information, is
provided in the Supporting Information.

Table 4 shows the results corresponding to the comparison
between the DCA without using historical information (DCA (no
borrowing)) and using historical information (DCA (borrowing)).

In the alternative scenarios, where no drift exists between the
historical relationship linking HR(PFS) and HR(OS) and the con-
current data (scenarios A0-LOW, A0, A0-HIGH), the inclusion of
historical information in the borrowing approach proves benefi-
cial. In these situations, historical borrowing leads to a noticeable
increase in the AA rate compared with the no borrowing approach
(e.g., 64.1% vs. 40.9% in scenario A0-LOW, 73.0% vs. 44.1% in sce-
nario A0-HIGH and 79.2% vs. 45.6% in scenario A0-LOW).

This improvement arises because the prior informed by the
historical relationship reduces uncertainty in the PPoS. Conse-
quently, the predictive distribution of the treatment effect on the
primary endpoint becomes narrower and more precise, thereby
increasing the probability of meeting the PPoS criterion required
for AA. However, the magnitude of the increase in AA depends
on the degree of prior-data conflict between concurrent and his-
torical control data. For instance, an approximately 30% increase
in AA is observed when no drift is present, a 35% increase when
the current control outperforms the historical control, and a 25%
increase when the current control underperforms relative to the
historical control. The reason of this is that when the concur-
rent control data are superior to the historical data (scenario
A0-HIGH), the borrowing process tends to underestimate the
control parameter, leading to an overestimation of the treatment
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TABLE 4 | Comparison between the Dual-Criterion Approach without historical borrowing (no borrowing) and with historical borrowing
(borrowing).

Scenario

Accelerated approval rate Confirmation rate Full approval rate Global type I error rate

DCA
(no borrowing)

DCA
(borrowing)

DCA
(no borrowing)

DCA
(borrowing)

DCA
(no borrowing)

DCA
(borrowing)

DCA
(no borrowing)

DCA
(borrowing)

A0 LOW 40.9 64.1 98.8 97.7 91.3 91.3 — —
A1 LOW 15.8 13.2 98.1 97.7 91.3 91.3 — —
N0 LOW 0.0 0.0 — — 1.2 1.2 1.2 1.2
N1 LOW 1.6 1.2 — — 1.2 1.2 2.6 2.2
A0 44.1 73.0 98.2 97.5 91.1 91.1 — —
A1 19.4 18.8 97.9 98.9 91.1 91.1 — —
N0 0.0 0.0 — — 1.2 1.2 1.2 1.2
N1 1.5 1.5 — — 1.1 1.1 2.3 2.2
A0 HIGH 45.6 79.2 98.2 96.5 90.8 90.8 — —
A1 HIGH 21.8 22.1 97.7 98.6 90.8 90.8 — —
N0 HIGH 0.0 0.0 — — 1.2 1.2 1.2 1.2
N1 HIGH 1.8 2.0 — — 1.2 1.2 2.5 2.8

effect. Conversely, when the concurrent control data are infe-
rior to the historical data, the prior distribution on the control
parameter tends to overestimate the control parameter, resulting
in an underestimation of the treatment effect.

Conversely, in scenarios A1-LOW, A1, and A1-HIGH, where a
negative drift is observed between the concurrent and histori-
cal data (indicating that the current treatment effect on the pri-
mary endpoint is smaller than that predicted by the meta-analytic
relationship for the corresponding surrogate treatment effect)
the prior derived from the meta-analytic association between
HR(PFS) and HR(OS) becomes biased toward lower treatment
effects. Consequently, under these scenarios, the advantages of
incorporating the surrogate prior are lost, and accordingly the
AA obtained with the borrowing approach is closely aligned
with that of the no-borrow approach, with only minor differ-
ences attributable to the bias introduced through historical con-
trol borrowing.

Under the partial null scenarios, and in the absence of drift
between the concurrent and historical control data (scenario N1),
the borrowing approach yields the same AA as the no-borrow
approach. In this case, although the surrogate prior is biased
toward higher treatment effects due to discrepancies between the
meta-analytic relationship and the current data, the reduction in
predictive variance achieved through borrowing is offset by the
influence of the prior bias, resulting in an equivalent AA. Con-
versely, when the concurrent controls are inferior to the historical
controls (scenario N1-LOW), the bias introduced by the prior on
the control parameter leads to a decrease in AA (1.2% vs. 1.6%). In
contrast, when the concurrent controls are superior to the histor-
ical controls (scenario N1-HIGH), the same mechanism results in
an inflation of AA (2.0% vs. 1.8%). Under the double null scenar-
ios (N0-LOW, N0, N0-HIGH), both approaches produce identical
results, with an AA equal to zero.

As expected, both approaches yield identical results in terms of
FA, since this metric depends solely on the analysis of the pri-
mary endpoint within the concurrent data, which is identical

across methods. Consequently, any differences in G-t1E between
the borrowing and no-borrow approaches arise exclusively from
differences in their respective AA rates. Accordingly, in scenarios
where a decrease in AA is observed, a corresponding reduction in
G-t1E is also noted (e.g., from 2.6% to 2.2% in scenario N1-LOW).
Conversely, in scenarios where an increase in AA occurs, a cor-
responding inflation in G-t1E is observed (e.g., from 2.5% to 2.8%
in scenario N1-HIGH).

In terms of CR, borrowing and no borrowing display comparable
performance, with only minor variations observed across scenar-
ios. Both approaches demonstrate a high likelihood that treat-
ments granted AA would ultimately confirm efficacy at the FA
stage, indicating overall robustness of the dual-criterion design.

Overall, the comparison between borrowing and no borrowing
highlights the trade-off between stability and efficiency. The no
borrowing approach, relying exclusively on concurrent data, pro-
vides consistent but conservative estimates, while the borrowing
approach, through the use of historical and surrogate informa-
tion, enhances decision-making power and improves AA rates
under concordant conditions. However, the latter’s performance
depends critically on the compatibility between historical and
current evidence, as greater inconsistency can attenuate its ben-
efits or even reduce accuracy in decision-making.

6 | Sensitivity Analysis

6.1 | Motivation

When evaluating a given trial design, health authorities typically
request an assessment of the frequentist OCs under pre-specified
scenarios, such as the null scenario for type I error control and
the alternative scenario for power evaluation. However, particu-
larly in settings where historical borrowing is incorporated into
the design, it is a standard regulatory requirement [37, 38] to
report frequentist OCs under additional scenarios that may devi-
ate from both the design assumptions and the historical data

Statistics in Medicine, 2026 13 of 20

 10970258, 2026, 1-2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.70361 by M
arco R

atta - U
niversita D

i B
rescia , W

iley O
nline L

ibrary on [23/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



sources. These evaluations are used by regulators to assess the
robustness of the design with respect to potential violations of the
assumptions underlying the use of external information.

It is acknowledged, however, that not all scenarios are equally
plausible [39]. For instance, a scenario assuming no treatment
effect on the primary endpoint but a very large effect on the sur-
rogate endpoint (e.g., 𝛾 = 0.2, 𝜃 = 1) is less plausible than the
double null scenario (𝛾 = 1, 𝜃 = 1), particularly if the surrogacy
assumption between PFS and OS holds. Similarly, observing a
median OS of 2 months for the current control arm is less credi-
ble than observing a median OS of 8 months, given that a median
OS of 8.5 months is assumed by design.

For this reason, Best et al. [39] advocate for the use of appropriate
Bayesian metrics when evaluating Bayesian designs. These met-
rics involve averaging the frequentist OCs, each computed under
a specific configuration of true parameters, over a so-called design
prior, which represents a prior distribution reflecting the relative
plausibility of different parameter values. In this framework, each
scenario contributes to the overall metric proportionally to its
plausibility, as defined by the design prior. As a result, a high type
I error rate under an implausible scenario has a limited impact on
the overall evaluation metric, whereas the same error rate under
the design assumption would contribute more significantly.

Note that, differently from the analysis prior —which synthesizes
all available information regarding the model parameter and is
employed in the actual analysis of the trial—the design prior
represents an assumption regarding the distribution of the true
parameters and is uniquely used for design evaluation (hence
may or may not be consistent with the prior knowledge regarding
the true parameter).

In this section, an extensive simulation study is conducted to (i)
assess the frequentist OCs of the proposed approaches across a
continuous range of possible scenarios, thereby enabling a quanti-
tative evaluation of the impact of prior-data conflict on these OCs,
and (ii) examine several global properties of the Bayesian meth-
ods, including the Bayesian OCs introduced by Best et al. [39], to
gain a deeper understanding of the trade-off between the over-
all benefits and risks associated with the Bayesian designs under
consideration.

We acknowledge that, in current practice, the assessment of
design performance across different levels of prior-data conflicts
is predominantly qualitative. For example, Type I error control
is commonly evaluated by inspecting a grid of simulated scenar-
ios and visually identifying regions in which inflation may occur.
To this matter, it is important to specify that these global met-
rics should be viewed as means of summarizing the OCs exhib-
ited across this simulation grid. These quantities are not intended
to replace qualitative evaluation; rather, they serve as comple-
mentary measures that enhance and inform the decision-making
process.

6.2 | Setting

Two analyses are performed: in the first, effective treatments are
tested under the alternative hypothesis 𝜃 = 0.71; in the second,

noneffective treatments are tested under the null hypothesis 𝜃 =
1. For both analyses, the OCs are simulated in a 20 by 20 grid of
scenarios, which are set by varying log(𝛾) and median OS for con-
current controls in the set of equispaced values in Γ × Λ, where
Γ = [−2, 0.5] and Λ = [3, 16] (months). The transformation of Λ
on the hazard scale Λ∗ = log(2)

Λ
(following from the assumption

of exponentially distributed 𝜆C
OS) will be used to derive the prior

distribution for the control parameter. The extreme values of the
simulation grid are chosen considering that

• All scenarios where the median OS for concurrent controls
is lower than 2.1 months correspond to situations in which
average PFS is longer than OS (which is impossible since all
OS events (deaths) are also PFS events);

• Values greater than 16 months represent very unlikely sce-
narios in that disease (we remind that a median OS for con-
current control of 8.5 months was assumed by design);

• For 𝛾 , the extreme values correspond to hazard ratios of 0.135
and 1.65, which are considered the thresholds below (respec-
tively, above) which it is implausible to observe values (we
remind that a treatment effect for the surrogate endpoint
𝛾 = 0.525 was assumed by design).

In order to understand the impact of the prior weights in the pro-
posed approaches, the above analyses are performed under dif-
ferent choices of 𝑤ℎ and 𝑤𝑠 in the set  = (0.1, 0.3, 0.5, 0.7, 0.9).

6.3 | Choice of Design Priors

In the context of this work, two distinct types of historical borrow-
ing are considered: one on the hazard parameter for the control
arm, 𝜆𝐶OS, and the other on the treatment effect on the primary
endpoint, 𝜃. Consequently, design priors must be specified for
both parameters.

For the historical control parameter 𝜆𝐶OS, we use the MAP prior
𝜋MAP
𝜆𝐶OS

described in Section 5.1 as design prior, meaning that the
distribution of assumed values for the control hazard employed
for design evaluation is consistent to the prior assumption about
the control parameter used at the analysis stage. This choice is
motivated by the fact that 𝜋MAP

𝜆𝐶OS
represents the most plausible

assumption on the control parameter so far.

On the other hand, historical data introduced in
Section 5.4—even though representing treatment effects—only
inform the relationship between 𝛾 and 𝜃, but they provide
no direct information on the treatment effect of the concur-
rent treatment. A modification of the procedure described in
Section 5.2 can be used in order to determine a design prior for the
parameter 𝛾 .

Let suppose that a dual representation of the bi-variate model in
Equation (17) holds:

(
log(𝛾̂ℎ′ )
log(𝜃̂ℎ′ )

)
∼ Normal

[(
ã + 𝑏̃ ⋅ log(𝜃ℎ′ )

log(𝜃ℎ′ )

)
,

(
𝜎2
ℎ′
+ 𝜏2 𝜌ℎ′𝜎ℎ′𝛿ℎ′

𝜌ℎ′𝜎ℎ′𝛿ℎ′ 𝛿2
ℎ′

)]
(21)
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where in this case the marginal relative to the treatment effect
parameter on the surrogate endpoint is expressed in terms of the
treatment effect on the primary endpoint. Once posterior distri-
butions for the regression parameters ã, 𝑏̃ and 𝜏 are obtained, a
distribution for log(𝛾) conditional on the regression coefficients
takes the following form

log(𝛾) | ã, 𝑏̃, 𝜏 ∼ Normal
(

ã + 𝑏̃ ⋅ log
(
𝜃#
)
, 𝜏2) (22)

where 𝜃# may represent the most likely treatment effect on the
primary endpoint (e.g., the alternative hypothesis). The design
prior for log(𝛾) is finally obtained by marginalising the condi-
tional distribution in Equation (22) over the joint distribution of
the regression parameters:

𝑝log(𝛾)(⋅) = ∫ 𝑓log(𝛾) | ã,𝑏̃,𝜏 (⋅)𝑓ã,𝑏̃,𝜏 (𝑥, 𝑦, 𝑧)𝑑𝑥𝑑𝑦𝑑𝑧. (23)

Note that 𝜃# is a fixed value in this context; however a design prior
distribution for 𝜃# can be used in principle, even though it would
make the derivation of the design prior for log(𝛾) more complex.

6.4 | Evaluation Metrics

For the current analysis first the G-t1E will be evaluated for each
point of the grid in order to analyze the impact of median(OS)
for concurrent controls and the treatment effect on the surrogate
endpoint log(𝛾) on the false positive rate. Moreover, three differ-
ent global metrics are proposed:

• Maximum Global type I Error Rate, defined as the maximum
probability to pass either AA Analysis or FA analysis under
the null hypothesis of no treatment effect on the primary
endpoint, among the scenarios simulated in the grid.

max(G-t1E) = max
𝑥∈Γ
𝑦∈Λ∗

[G-t1E(𝑥, 𝑦)] (24)

• Average Global type I error rate, defined as the probability
to pass either AA Analysis or FA analysis under the null
hypothesis of no treatment effect on the primary endpoint,
averaged over the design priors defined in Section 6.3:

avg(G-t1E) = ∫Λ∗ ∫Γ
G-t1E(𝑥, 𝑦) ⋅ 𝜋MAP

𝜆𝐶OS
(𝑦)𝑝log(𝛾)(𝑥)𝑑𝑥𝑑𝑦

(25)

• Average Accelerated Approval Power, defined as the proba-
bility to pass AA Analysis under the alternative hypothesis,
averaged over the design priors defined in Section 6.3:

avg(AA-Pow) = ∫Λ∗ ∫Γ
AA-Pow(𝑥, 𝑦) ⋅ 𝜋MAP

𝜆𝐶OS
(𝑦)𝑝log(𝛾)(𝑥)𝑑𝑥𝑑𝑦

(26)

where G-t1E(𝑥, 𝑦) = ℙ
[
AA ∪ FA ||| 𝛾 = 𝑥, 𝜆𝐶OS = 𝑦, 𝜃 = 1

]
and

AA-Pow(𝑥, 𝑦) = ℙ
[
AA ||| 𝛾 = 𝑥, 𝜆𝐶OS = 𝑦, 𝜃 = 0.71

]
.

For the computation of the bi-variate integrals in Equations (25)
and (26): a kernel estimation of the density functions corre-
sponding to the design priors is obtained (using the function
density of R [24]); G-t1E(𝑥, 𝑦) and AA-Pow(𝑥, 𝑦) are estimated by

the proportion of trials meeting the criteria out of 3000 simulated
trials in the grid of scenarios; and the trapezoid rule is employed
in order approximate the integrals over the grid.

6.5 | Results

Figure 3 illustrates how the global type I error rate varies as a
bivariate function of the logarithm of the surrogate treatment
effect (x-axis) and the median OS in the control arm (y-axis).
Under the assumption of an exponential distribution for OS,
the median OS is directly related to the control hazard rate 𝜆𝐶OS
through the relationship median(OS) = log(2)∕𝜆𝐶OS. The choice of
representing the y-axis in terms of the median OS, rather than the
hazard rate, is intended to enhance interpretability for applied
readers. The heatmap uses color shading to represent the same
quantity, that is, the simulated global type I error rate at each
combination of surrogate effect and median OS. Namely, green
regions of the space represent values of G-t1E equal or below the
nominal level, while from yellow to red regions represent increas-
ing levels of the latter metric. An equivalent figure displaying
the Accelerated Approval power (AA-Pow) is presented in the
Supporting Information.

Concerning the no borrowing approach, variations in the median
OS of the current control arm exert only a minor influence on
the G-t1E, which remains approximately 2.5% across all sce-
narios considered. A slight decrease in G-t1E is observed when
𝛾 ≈ 0 as the median control OS increases. In this setting, higher
control-arm survival results in a greater number of PFS events
being available at the interim analysis, thereby enhancing the
estimation of the surrogate treatment effect, 𝛾 , and consequently
reducing the risk of an incorrect A. It should be noted that this
pattern manifests only when the surrogate treatment effect is
small, as a larger number of observed PFS events can mean-
ingfully improve the estimation. For higher surrogate treatment
effects, the PFS criterion is consistently satisfied, rendering this
effect negligible. Since no historical data are utilized to estimate
the relationship between surrogate and primary endpoints, the
PPoS criterion remains unaffected by log(𝛾). Consequently, varia-
tions of G-t1E along the x-axis are confined to values near log(𝛾) ≈
0, with G-t1E approaching zero for 𝛾 > 0.

Regarding the borrowing approach, distinct patterns emerge in
G-t1E, as summarized below:

– Similar to the no borrowing approach, G-t1E approaches
zero when 𝛾 > 0. This behavior arises from the PFS
criterion, which is consistently unmet in the absence of a
treatment effect on the surrogate endpoint.

– The influence of borrowing information on the control
parameter is observed along the Y-axis: for a given value
of 𝛾 , when the current control is superior (median OS >
8.5 months) relative to historical controls, G-t1E increases,
reaching a maximum when the median OS of the concur-
rent control is approximately 13 months. Conversely, for
inferior current controls, G-t1E decreases, attaining a min-
imum around a median OS of 7 months. Beyond these
thresholds, the impact of prior-data conflict is mitigated by
the robust component of the mixture prior, resulting in a
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(a) (b)

FIGURE 3 | Global type I error rate under different pairs [log(𝛾), median(OSC)] in the simulation grid. Prior weights for historical borrowing on
the concurrent control parameter 𝜆𝐶OS and the surrogate treatment effect 𝛾 are set to 𝑤ℎ = 0.9 and 𝑤𝑠 = 0.9.

decrease in G-t1E for median OS exceeding 13 months and
an increase in G-t1E for median OS below 8 months.

– The influence of borrowing information on the control
parameter is also observed along the X-axis: for a fixed value
of median(OS𝐶 ), when the drift between concurrent data
and the meta-analytic relationship between HR(PFS) and
HR(OS) is small (−0.5 < log(𝛾) < 0), G-t1E is reduced due
to the increased precision afforded by the surrogate prior. In
contrast, as prior-data conflict increases (𝛾 < −0.75), G-t1E
inflates, reaching a maximum around log(𝛾) = −1.75. A
subsequent decrease in G-t1E for more extreme values of 𝛾
is attributable to the robust component of the mixture prior,
which downweights prior information in the presence of
substantial drift.

Since the OCs within the borrowing approach exhibit substantial
variations across the parameter space, the assessment of global
metrics, as proposed in Section 6.4, is convenient in the assess-
ment of benefits and risks of Bayesian designs, particularly with
respect to the choice of the borrowing parameters.

In the Supporting Information, the maximum G-t1E obtained
under different choices of the mixture weights 𝑤ℎ and 𝑤𝑠 is
presented. The results indicate that higher mixture weights are
associated with an increase in the maximum G-t1E. Specifically,
when both weights are small (e.g., 𝑤ℎ = 1, 𝑤𝑠 = 1), the maxi-
mum G-t1E is approximately 4%, whereas for larger weights (e.g.,
𝑤ℎ = 0.9, 𝑤𝑠 = 0.9), the maximum G-t1E exceeds 20%. Notably,
the mixture weight corresponding to the surrogate prior (𝑤𝑠)
exerts a stronger influence on the maximum G-t1E.

Figure 4 (panels (a) and (b)) displays the average G-t1E,
denoted as avg(G-t1E), for both the no borrowing and borrowing

approaches. For the former, this metric remains at the nominal
level of 2.5%, with no variation across different pairs of (𝑤ℎ,𝑤𝑠),
as no information borrowing is implemented. For the latter, an
increase in avg(G-t1E) is observed with increasing values of 𝑤𝑠
(ranging from 2.5% to approximately 4%), while a slight decrease
is noted as 𝑤ℎ increases. Notably, although a mild inflation rel-
ative to the nominal level is detected, the avg(G-t1E) remains
relatively low. This outcome reflects the fact that although large
values of G-t1E are possible, the highest increases in G-t1E occur
in regions of the parameter space that have low probability under
the design prior employed, thus only slightly impact the averaging
process.

Figure 4 (panels (c) and (d)) presents the average Acceler-
ated Approval power, denoted as avg(AA-pow), for both the
no borrowing and borrowing approaches. In the no borrowing
case, avg(AA-pow) is approximately 43%, with no variation
across different combinations of (𝑤ℎ,𝑤𝑠), consistent with the
absence of information borrowing. Conversely, under the bor-
rowing approach, avg(AA-pow) increases with larger values
of 𝑤ℎ and 𝑤𝑠, reaching up to 65% when strong borrowing is
applied (𝑤ℎ = 𝑤𝑠 = 0.9), while lower values (around 47%) are
observed under minimal borrowing (𝑤ℎ = 𝑤𝑠 = 0.1). These
results emphasize the added value of incorporating historical
borrowing in enhancing the evidence supporting an AA request.

In summary, borrowing information within the dual-criterion
framework entails both benefits and risks. Strong borrowing is
associated with higher average AA rates under the alternative
scenario compared with the no borrowing approach; however, it
also carries certain risks, particularly in terms of increases in both
the maximum global type I error and the inflation of the average
global type I error rate. While we acknowledge the importance of
evaluating standard OCs under fixed scenarios, we advocate that
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(a) (b)

(c) (d)

FIGURE 4 | (Top row) Average Global type I error avg(G-t1E) computed for different pairs of the prior mixture weights (𝑤ℎ,𝑤𝑠). (Bottom row)
Average Accelerated Approval Power avg(AA-Pow) computed for different pairs of the prior mixture weights (𝑤ℎ,𝑤𝑠). In both cases, the set of weights
is  = (0.1, 0.3, 0.5, 0.7, 0.9).

the assessment of Bayesian metrics represents a valuable tool for
quantifying the benefits and risks of Bayesian designs, thus ulti-
mately facilitating informed discussions between sponsors and
regulators.

7 | Discussion

In recent decades, the increasing need to deliver effective
treatments for life-threatening diseases has led various health
authorities to implement AA pathways, allowing promising

treatments to enter the market earlier when sufficient evidence
supports their efficacy.

In this context, we proposed a novel approach for AA interim
analyses within phase III GSD. This approach tests treatment
efficacy on a short-term surrogate endpoint alongside the predic-
tive probability of study success (PPoS) on the long-term primary
endpoint. Different strategies are proposed to inform PPoS by (i)
leveraging historical data on the control arm and (ii) borrowing
information from a documented relationship between surro-
gate and primary endpoints, derived from meta-regression on
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historical trials. For historical control borrowing, we employed
the methodology described in [23]. For incorporating histori-
cal information on the endpoints’ relationship, we applied the
methods in [18, 19], where an informative prior (surrogate prior)
for the primary endpoint, derived by combining partial surro-
gate endpoint data and regression parameters, is updated with
primary endpoint data available at the interim analysis.

Numerical results indicate that reinforcing efficacy testing on the
surrogate endpoint through a predictive criterion based on the
PPoS within the DCA reduces the probability of requesting AA
for treatments with no true efficacy. However, this improvement
is associated with a reduction in the probability of meeting the
criteria for an AA request, which may be less favorable from a
sponsor’s perspective.

Within the dual-criterion framework, incorporating historical
information improves performance by maintaining a high prob-
ability of satisfying AA criteria when concurrent and histori-
cal data are consistent, while also keeping a low probability of
requesting AA for ineffective treatments. These findings are sup-
ported by the assessment of Bayesian operating characteristics
proposed by Best et al. [39].

To address potential prior-data conflict in both historical sources,
we applied a robust mixture approach as presented in [27].
This approach requires specification of a prior weight reflect-
ing the relevance of historical data for the current trial. We
conducted a comparative analysis of OCs under different prior
weight choices, which may guide decision-making. Alternative
methods for determining prior weights include empirical Bayes
approaches [40, 41]. Other methodologies for incorporating his-
torical data, such as power priors [42], commensurate priors
[20], or elastic priors [43], could also be considered within this
framework.

A conservative choice for the decision thresholds was applied to
ensure that the global type I error under the double null scenario
is controlled independently of the threshold for the predictive
criterion, providing additional protection under a partial null sce-
nario. Consequently, the global type I error remains below the
nominal level. Less conservative options may be explored, for
example, by selecting the PPoS threshold based on maintaining
the global type I error under the double null scenario. In our pro-
posal, an equal allocation of the nominal type I error rate was
used for the FA analyses and the PFS criterion in AA analyses.
Alternative allocations may be appropriate, such as emphasizing
the early AA analysis when the surrogate endpoint is considered
highly predictive, or prioritizing the FA analysis to reduce the risk
of incorrect AA decisions.

Although our methodology jointly evaluates efficacy on two
endpoints, it is inherently univariate, meaning that potential
patient-level correlations between surrogate and primary end-
points are not explicitly incorporated, and the data are treated
as independent. This assumption is reasonable in settings where
surrogate outcomes from phase II inform future phase III tri-
als [19]. In our context, however, if patient-level data are avail-
able, within-trial correlation could be estimated using concur-
rent data at the interim analysis. Simulations with correlated
datasets indicate that when historical borrowing informs PPoS in

the dual-criterion framework, the impact of correlation is mini-
mal. Without historical borrowing, moderate increases in the AA
rate were observed under alternative scenarios, suggesting that
the independence assumption is conservative.

The methodology presented is based on probabilistic assessments
of treatment differences, but the clinical relevance of observed
hazard ratios should also be discussed with regulatory authori-
ties, considering the clinical context and patient population.

The proposed methodology should be interpreted primarily
as a supportive framework for sponsors in guiding internal
decisions regarding AA applications. Final decisions regard-
ing AA remain with regulatory authorities and are based on
multiple factors, including safety and efficacy. Strengthening
evidentiary criteria for AA may help sponsors reduce the risk of
subsequent withdrawal of approval, while assisting regulators
in avoiding premature commercialization of treatments with
uncertain efficacy. The PPoS criterion could potentially serve as
an additional tool for regulatory evaluation: a high interim PPoS
may inform post-marketing commitments, while a moderate
PPoS may indicate the need for stricter evidentiary requirements
before FA.

In conclusion, although our work uses a Bayesian framework,
the methodology can be adapted to a frequentist setting. This
could involve standard hypothesis tests (e.g., log-rank test) with
predictive probability replaced by a frequentist analogue, such
as predictive or conditional power. Incorporating historical
information in a frequentist framework requires methods that
preserve statistical validity, such as test-then-pool strategies
or hierarchical models that account for heterogeneity while
maintaining type I error control.
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