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Abstract

Pediatric vaccine efficacy studies face enrollment challenges, often resulting in underpowered
studies to confirm vaccine efficacy. To address the challenge, this paper proposes a novel Two-
Tier Bayesian dynamic borrowing framework that selectively incorporates two heterogeneous
sources of historical data of adult populations into pediatric studies. The method employs simi-
larity metrics based on intermediate outcomes, such as immunological markers, to dynamically
determine borrowing weights via overlap coefficients, ensuring that only comparable data are
utilized. Power priors are constructed with weights reflecting this similarity, while a cap on the
effective sample size helps maintain control of the maximum information to borrow. Simulation
studies demonstrate that the proposed approach improves power, reduces estimation bias and
maintains type I error control, thus offering a robust and practical strategy for pediatric vaccine
study design.
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1 Introduction

Vaccine efficacy trials are designed to assess the protective effect of a novel vaccine by com-
paring disease incidence between a vaccinated group and a control group (placebo or standard
of care). A major challenge arises when the target disease has low incidence, as an extremely
large sample size is required to accrue enough events and achieve adequate statistical power
(Chan and Bohidar, 1998; Jin et al., 2020). This challenge is amplified in pediatric studies,
where strict ethical and regulatory constraints naturally limit enrollment (US Food and Drug
Administration, 2023b). As a result, the tension between needing large sample sizes and facing
restrictive recruitment conditions makes it particularly difficult to conduct adequately powered
vaccine efficacy trials in pediatric populations.

To address these issues, researchers have increasingly turned to innovative study designs
including Bayesian approaches that incorporate prior knowledge from historical data. Following
the 21st Century Cures Act (US Government Publishing Office, 2016), the U.S. Food and Drug
Administration (FDA) issued guidance to support the use of complex trial designs that incorpo-
rate data borrowing through Bayesian frameworks, including documents on leveraging existing
clinical data (US Food and Drug Administration, 2016), the framework for real-world evidence
(RWE) program and use of RWE in drug development (US Food and Drug Administration,
2018, 2023a,c, 2024), and workshop on complex innovative trial design in pediatric therapeutics
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(US Food and Drug Administration, 2021). One prominent method is the power prior proposed
by Ibrahim and Chen (2000), which is also cited by FDA for the use of Bayesian statistics in the
design and analysis of medical device clinical trials (US Food and Drug Administration, 2010).
It permits partial borrowing by adjusting ‘power parameters’ that reflect the similarity between
the historical and current populations. When applied carefully, power priors can increase study
power and have been successfully incorporated into a variety of Bayesian clinical trial designs
(Chen et al., 2011, 2014; Jiang et al., 2015; Li et al., 2015, 2018; van Rosmalen et al., 2018; Yuan
et al., 2022; Chen et al., 2024, 2025; Baumann et al., 2025).

Bayesian dynamic borrowing has been studied through several other related frameworks.
Commensurate priors (Hobbs et al., 2011) provide an adaptive borrowing mechanism by in-
troducing parameters that quantify compatibility between current and historical data, thereby
reducing borrowing under prior-data conflict. Hierarchical and meta-analytic predictive (MAP)
models assume partial exchangeability across studies and can be made more robust through
mixture components to protect against conflict and over-borrowing (Schmidli et al., 2014). In
addition, normalized power-prior (Han et al., 2023) formulations have been developed for dy-
namic borrowing. More broadly, Viele et al. (2014) reviewed several approaches to borrowing
historical control information and emphasized that dynamic borrowing procedures should adapt
to the degree of compatibility between historical and current data, since inappropriate borrowing
may increase bias and inflate type I error even when power is improved.

Recent developments in historical data borrowing for vaccine trials have focused on two
types of historical information: historical control (HC) data and historical vaccine efficacy. For
instance, De Santis and Gubbiotti (2023) proposed a dynamic power prior method for incorpo-
rating HC data in non-inferiority trials for new vaccine. Peng et al. (2023) extended a probability-
based power prior to borrow multiple sources of HC data for vaccine efficacy trials. Additionally,
Callegaro et al. (2023, 2024) proposed robust mixture prior (RMP) models for dynamic HC data
borrowing in vaccine efficacy trials. On the other hand, Jin et al. (2020) proposed a Bayesian
framework specifically designed to borrow historical vaccine efficacy information for vaccine
efficacy trials.

Another important application of Bayesian methods involves borrowing information from
adult populations to support pediatric trial design and analysis. Such historical trials are typi-
cally available due to the unique drug development pathway for pediatric populations, where the
same intervention is first evaluated in adults, followed by adolescents, and subsequently in pedi-
atric populations. Therefore, for pediatric drug development, it is common that historical trials
with the same intervention but different age populations are available. Borrowing information
from adult data in this context is also supported by regulatory guidance (US Food and Drug Ad-
ministration, 2016). Schoenfeld et al. (2009) introduced a hierarchical model in which treatment
effects in adult and pediatric populations are assumed to follow a common normal distribution,
with a prespecified variance controlling the extent of borrowing. Building on this approach, Jin
et al. (2021) extended to accommodate binary endpoints and multiple historical adult trials,
further enhancing its applicability in pediatric vaccine research. In addition, Gamalo-Siebers
et al. (2017) provided a comprehensive summary and practical recommendations for applying
Bayesian methods to design more efficient pediatric trials integrating adult data.

A key challenge arises when borrowing from different population to the pediatric trial.
One approach is dynamic borrowing based on the similarity between historical and current tri-
als. Similarity is commonly quantified using the overlap in propensity score (PS) distributions
derived from baseline covariates. These measures can then be incorporated into Bayesian bor-
rowing frameworks, such as the power prior (Wang et al., 2019; Qian et al., 2025; Psioda et al.,
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2025) or MAP prior (Liu et al., 2021), allowing greater borrowing from external patients more
similar to those in the current study. By leveraging PS overlap, these approaches help balance
observed baseline covariates and improve estimation accuracy. However, a major limitation is
that PS overlap-based methods require access to individual-level external data with compara-
ble covariates, treatment definitions, and outcome measures, which are not always available in
practice.

To retain the strengths of PS overlap-based approaches while relaxing the requirement for
individual-level external data, we propose a Two-Tier dynamic borrowing framework based on
the power prior for vaccine efficacy trials in pediatric populations. The framework leverages the
strong association between antibody concentration and vaccine efficacy (Huang et al., 2023),
using antibody concentration as an intermediate outcome to construct similarity metrics that
dynamically determine borrowing weights when incorporating historical data. Our framework
pre-specifies target maximum effective sample size (ESS) and a similarity threshold, ensuring
that only the most relevant historical data are incorporated in a controlled manner, thereby
balancing gains in power with control of bias and type I error rate. This adaptive data-driven
borrowing strategy represents a unique contribution to the design of confirmatory vaccine efficacy
studies in pediatric population, where recruitment challenges necessitate careful integration of
heterogeneous external data.

The remainder of this paper is organized as follows. Section 2 details the proposed Bayesian
approach, including the study design, notations, and the construction of the Two-Tier dynamic
borrowing. Section 3 reports simulation results illustrating how our method controls type I error
while offering substantial gains in power and estimation efficiency under a variety of scenarios.
Finally, Section 4 provides a discussion of practical considerations, and possible extensions of
the proposed approach.

2 Methods

In this section, we outline the design context and procedures and introduce the Two-Tier
Bayesian dynamic borrowing framework.

The objective is to design a two-arm placebo-controlled phase 3 study (“the current study”)
to evaluate vaccine efficacy in the pediatric population. Two heterogeneous historical data
sources—drawn from adult populations—are available for possible information borrowing. These
adult populations can represent distinct age groups or different geographic regions. Our ap-
proach follows Jin et al. (2020)’s Bayesian design framework, which uses binomial models of
vaccine efficacy parameters, power priors, and ESS. In consultation with regulatory agencies, a
maximum number of cases to be borrowed is pre-specified.

The amount of information to borrow from each historical source is captured by power
parameters and determined through the following key steps: 1) intermediate endpoints are used
to quantify the similarity between the current study and historical source in terms of overlapping
coefficients, 2) each similarity metric is evaluated against a predefined threshold to determine
whether borrowing is warranted, 3) if at least one source meets the threshold, the method
proceeds to borrow information, allocating power parameters in proportion to the degree of
similarity, assigning greater weight to sources that are more similar to the current study.
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2.1 Vaccine Efficacy Study Notations

Following the notation from Jin et al. (2020), we assume the allocation ratio to be ¢ : 1 and total
sample size to be N = N; + N, in the current study. Here, Ny and N, represent the sample sizes
in the current control (CC) and current vaccine (CV) groups, respectively, such that ¢ = Ny/N;.
Let p; and p, denote the incidence rates for the CC and CV groups, respectively. The number
of cases in the CC group, X, follows a binomial distribution, X ~ Bin(Ny, p;), and the number
of cases in the CV group, Y, is modeled as Y ~ Bin(N,, p2).

The vaccine efficacy is measured by the relative risk reduction, defined as:

nzl—&.

P1
This measure is often compared with a pre-specified positive lower bound, my. Accordingly, the
hypothesis test for 7 is formulated as:

Hy : m < mg versus H, : m > my. (1)

The true incidence rates, p; and p,, are usually small. As a result, large sample sizes, N,
and N,, are typically required to observe a sufficient number of cases, X and Y, for meaningful
inference. Furthermore, a binomial distribution with a large sample size and a small probability
can be approximated by a Poisson distribution. Thus, letting Nyp; = Ay and Nyp; = A,, the
number of cases X and Y approximately follow two independent Poisson distributions with
parameters A; and Ay, respectively (Chan and Bohidar, 1998). Let T = X + Y denote the total
number of cases in the current study. The conditional distribution of ¥ given T =t follows:

Y | T ~ Bin(T, 6), (2)

where
9 — )\2 . N2p2 . 1—m
S MtA Nipi+Napy et l-7w

Thus, the hypothesis test for 7 in (1) can be reformulated as:

Hy: 60 > 0y versus H; : 6 < 6y, (3)

where 6y = (1 — 7)) /(c + 1 — 7).

At the design stage, the total number of cases, T, can be determined based on the pre-
specified significance level a, the lower bound 7y, the expected efficacy 71, and the target power
1— B (Chan and Bohidar, 1998; Jin et al., 2020). Given the total number of cases T, the expected
efficacy m, the allocation ratio ¢, and the control incidence rate p;, the required sample size for
the vaccine group is: .

Ny=—-——"——+.
(I+c—m)p:

2.2 Two-Tier Dynamic Borrowing

The Two-Tier method dynamically borrows data from two historical data sources by quantifying
the similarity between each historical data and the current study, and calibrating the borrowing
such that the total borrowed information is constrained by a pre-specified maximum ESS.

We denote two historical data sources by A and B and set up the power prior framework
for borrowing. In historical data source A, let T4 = X4 + Y4 represent the total number of
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cases, where X denotes the number of cases in the control group and Y4 denotes the number
of cases in the vaccine group. Similarly, in historical data source B, the total number of cases is
Ty = Xp + Yp, where Xp is the number of cases in the control group and Yp is the number of
cases in the vaccine group.

Construct Power Prior

Following the concept of the power prior (Ibrahim and Chen, 2000), we assume that Y, | Ty
and Yp | T each follow a binomial distribution with the same parameter 6 as in the current
study (2):

Yo | T4 ~ Bin(Ty, 0); Yp | Tg ~ Bin(T, 0).

In the power prior framework, the initial prior 77y(0) is usually chosen to be non-informative.
Therefore, we apply Jeffreys’s Prior in our setting, 6 ~ Beta(1/2, 1/2) (Jeffreys, 1998). The power
prior incorporating information from historical sources A and B is then:

mtpp(0) o< L(O | Ya, TA)**L(O | Y, Tp)*"10(0)
x QO‘AYA+“BYB*1/2(1 _ G)WAXA‘H)‘BXB*I/Z’

(4)

equivalently,
0 ~ Beta(aaYa +oapYp +1/2, 04X s +apXp +1/2),

where a4 and ap are power parameters ranging between 0 and 1 for studies A and B, respectively,
which control the degree of borrowing from each study.

The borrowed information is quantified by the prior ESS, which plays a crucial role in
study design. The prior ESS represents the amount of external information contributing to the
inference and, in this setting, reflects the discounted information borrowed from historical trials.
In vaccine efficacy studies, this corresponds to the number of infection cases to be borrowed,
denoted as S. The FDA draft guidance (US Food and Drug Administration, 2026) highlights the
importance of quantifying both the maximum and mean ESS. Accordingly, we propose to cap
the prior ESS at a pre-specified level and adjust the weights of the power parameters to enable
dynamic borrowing. The pre-specified cap S can be determined based on the similarity between
the populations of the historical trials and the current trial, as well as the power required for
the current trial. By adjusting the power parameters a4 and ap, we can cap the prior ESS at
a pre-specified level S. For a Beta(a, b) prior, the ESS is given by ESS = a + b (Malec, 2001;
Morita et al., 2008, 2012; Neuenschwander et al., 2020). Accordingly, the prior ESS for (4) is:

ESS = a4 (Y4 + X4) + 1/24+ap(Yp+ Xg) +1/2 = aaTs +apTp + 1. (5)

The total information from the power prior (4), quantified by (5), comprises three parts:
historical source A (wsTy), historical source B (agTg), and the initial prior mo(0) (a constant
depending on the choice of initial prior).

Determine Power Parameter

The determination of the power parameters a4 and ap aims to achieve two goals. First, the
power parameters must collectively ensure that the prior ESS in (5) is consistent to S, the
number of cases intended to be borrowed at the design stage. Second, the parameters should

allocate more weight to borrowing information from the historical source that is more similar
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to the current study while borrowing less, or not at all, from the less similar study. To achieve
these two objectives, the power parameters are:
S—1 S—1

VA, g =
T4 ’ Tp

Ay = UB, (6)
where vy and vg range from 0 to 1 and satisfy the constraint va 4+ vg = 1 if at least one of
historical sources is similar enough to be borrowed. This ensures that ESS = §, meaning the
total number of borrowed cases equals § when the external data qualifies for borrowing. The
numerators in (6) may vary depending on the choice of the initial prior 7y(60). For instance, if the
initial prior of 6 ~ Beta(l, 1), then 7y(0) = 1, resulting in ESS = a4 T4 +apTg+2. Consequently,
the borrowing weights are given by as = (S — 2)va/T4 and ap = (S — 2)vp/Tg. Furthermore,
by making vs and vp positively associated with the similarity between the current study and
historical sources A and B, respectively, (6) assigns greater weight to the more similar historical
source, thereby contributing more to the ESS in (5).

The similarity between studies can be assessed using a continuous intermediate outcome
which is closely related to the primary outcome, such as antibody concentration when the cor-
relate of protection is established. Specifically, we compute the Overlap Coefficient (OVL) of
intermediate outcomes between studies to quantify their similarity (Inman and Bradley, 1989).
The OVL ranges from 0 to 1, where OVL = 1 indicates identical distributions, and OVL = 0
indicates completely disjoint distributions. Let m represent the intermediate outcome, and let
fe(m) and f,(m) denote the density functions of the current study (C) and historical source A,
respectively. The OVL between the current study and historical source A is defined as:

OVL(C, A) = /00 min [ fe(m), fa(m)] dm.

Similarly, the OVL between the current study and historical source B can be computed as
OVL(C, B).

The weights vs and v can then be determined by normalizing the OVL values and ap-
plying a pre-specified threshold H (H € [0, 1]), which controls the minimum OVL required for
borrowing:

vqa =1{OVL(C, A) > H}x

[ OVL(C, A)

| OVL(C, A) + OVL(C, B)

vg =1{OVL(C, B) > H}x
OVL(, B)

| OVL(C, A) + OVL(C, B)

L{OVL(C. B) > H) + 1 — 1{OVL(C. B) > H}|.
- M

I{OVL(C, A) > H} + 1 — 1{OVL(C, A) > H}|.

Larger values of H impose more restrictive borrowing conditions, whereas smaller values
allow more permissive borrowing. The interpretation of Equation (7) can be summarized into
four possible scenarios:

e Scenario 1 OVL(C, A) < H and OVL(C, B) < H:
In this scenario, v4 = vg = 0, meaning that neither historical source is similar enough to the
current study, and no borrowing will occur.

e Scenario 2 OVL(C, A) > H and OVL(C, B) < H:

Here, v4 = 1 and vg = 0, indicating that borrowing will occur only from historical source A.
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Figure 1: Flowchart of the Two-Tier method.

e Scenario 3 OVL(C, A) < H and OVL(C, B) > H:
In this case, v4 = 0 and vg = 1, meaning that borrowing will occur only from historical
source B.

e Scenario 4 OVL(C, A) > H and OVL(C, B) > H:
In this situation, v4 = OVL(C, A)/[OVL(C, A)+OVL(C, B)], vg = OVL(C, B)/[OVL(C, A)+
OVL(C, B)]. Borrowing will occur from both historical sources A and B, with more weight
assigned to the study that is more similar to the current study.

The intermediate outcome data for the current study can be obtained from earlier-phase
studies conducted in the same pediatric population. Therefore, the power parameters o, and
ap are determined a priori at the design stage, without using any data from the current study.
Figure 1 illustrates the logic of the proposed Two-Tier method.

Inference and Decision Rule Based on Posterior Distribution

With the current data likelihood specified in (2) and the power prior defined in (4), Bayesian
inference can be performed for 6 using its posterior distribution:

m@ Y, T)x L(O|Y, T)wpp(0)
o 9Y+OZAYA+D(BYB—1/2(1 _ 0)X+OlAXA+Ol3XB—1/2

(8)

equivalently,
0 | Y, T ~ Beta(Y+aAYA +OlBYB + 1/2,X+OlAXA +C(BXB + 1/2)

The hypothesis for 6 is described in (3). To test this hypothesis, we use the marginal decision
rule for rejecting the null hypothesis at a two-sided type I error rate of «, based on the posterior
distribution in (8):

Pr(9<90|Y,T)>1—%, (9)

we will reject the null if 8y < 6y, where 6y is the 100(1 — «/2)% quantile of the posterior
distribution in (8).
Since 6 is a one-to-one mapping of 7, it is meaningful to obtain the point estimation and

95% credible interval for the original measure, 7. To achieve this, we proceed as follows:
e Step 1 Draw a sample {6;,i = 1, ..., n} from the posterior distribution of 6 in (8).
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e Step 2 Convert each sampled value 8; back to w; using the transformation:

1—(c+ D
=,
1—6

thereby forming a sample {m;,i =1, ..., n}.

e Step 3 Due to asymmetric distribution of w, the point estimation of 7 is computed as
the median of {m;,i = 1,...,n}. The 95% credible interval of posterior distribution of 7 is
calculated using the 2.5%- and 97.5%-quantiles of {m;,i =1, ..., n}, denoted as 7, and my.

3 Simulation

3.1 Simulation Setting

For simulation purposes, we considered a two-arm randomized controlled study with a 1:1 al-
location ratio as the current study. Therefore, the allocation ratio was ¢ = N;/N, = 1. We
explored two different current sample sizes, N = N; + N, = 2000, 2400, with a fixed num-
ber of cases to be borrowed: S = 9. The control incidence rate was p; = 0.01, and the lower
bound of vaccine efficacy for the new study was set at my = 0.3, and thus 6y = 0.4118. There-
fore, we were testing the hypothesis: Hy : 6 > 0.4118 versus H; : 6 < 0.4118. We explored
four levels of true vaccine efficacy for the current study: = = 0.3,0.5,0.7, 0.9, or equivalently,
6 = 0.4118, 0.3333,0.2309, 0.0909. The type I error rate was computed when 8 = 0.4118, and
power was computed when 6 = 0.3333, 0.2309, 0.0909. The number of cases in the control group,
denoted as X, and in the vaccine group, denoted as Y, for the current study were generated from
binomial distributions:
X ~ Bin(Nl, pl), Y ~ Bin(Nz, pz).

Two historical sources, denoted as historical source A and B, were considered. These sources
included the same vaccine and control interventions but involved two different populations. The
historical sources differed considerably in their total number of cases, with T4 = 250 and T = 50.
We assumed that the control incidence rates in the historical sources were the same as in the
current study, i.e., pa1 = pp1 = p1 = 0.01. We analyzed two scenarios for vaccine efficacy in the
historical sources, w4, mp:

e Scenario 1 w4 > 7mp:
We set mq = 0.9177 and mp = 0.6842, corresponding to Y4 = 19, X4 = T4 — Y4 = 231, and
Yp =12, Xg =Tp — Yp = 38.

e Scenario 2 74 < 7p:
We set m4 = 0.6632 and g = 0.9130, corresponding to Y4 = 63, X4 = T4 — Y4 = 187, and
Yp =4, Xp=Tp — Yp = 46.

The intermediate outcomes for each study were generated from a normal distribution related
to their vaccine efficacy. Let M; denote the intermediate outcome for the ith subject in the
vaccine group. Assuming there were Ny = 50 subjects in each vaccine arm of a previous early-
phase study, the intermediate outcomes associated with the vaccine efficacy m were generated
as follows:

M; ~N(u,1),i =1,..., No;

(10)
7 =0.1+04u,
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Table 1: Parameter settings for current and historical sources.

Study P P2 T 0 %

Current 0.010 0.007 0.300 0.412 0.500
0.010 0.005 0.500 0.333 1.000
0.010 0.003 0.700 0.231 1.500
0.010 0.001 0.900 0.091 2.000

Scenario 1

A 0.010 0.001 0.918 0.076 2.044

B 0.010 0.003 0.684 0.240 1.461

Scenario 2

A 0.010 0.003 0.663 0.252 1.408

B 0.010 0.001 0.913 0.080 2.033

where u could be determined once 7 was specified. The intercept was set to 0.1 to account for
unobserved mechanisms between the intermediate and primary outcomes that were not fully cap-
tured by the intermediate outcome. Similarly, the intermediate outcomes for historical sources
A and B were generated by substituting 74 and 7p into (10). Since the OVL of the interme-
diate outcome quantified similarity and was related to vaccine efficacy, multiple heterogeneity
scenarios were considered by varying the vaccine efficacies for both historical and current trials.
Specifically, two scenarios were considered for the two historical trials, representing different
combinations of similarity with the current study. In addition, four values of vaccine efficacy
were evaluated for the current study. Different combinations of vaccine efficacy between the
current study and the two historical trials corresponded to different heterogeneity scenarios.
The parameter settings for current and historical trials under two scenarios were summarized in
Table 1. When the vaccine efficacy in the current study was low, e.g., 7 = 0.3, the current study
was not similar to either historical trial (w4, 7g > 0.6). As the vaccine efficacy in the current
study increased, the similarity between the current and historical trials also increased.

The simulation settings reflected the clinical plausibility of a low-incidence pediatric phase
3 vaccine efficacy trial with limited endpoint accrual, incorporating two heterogeneous adult
historical sources with unequal information sizes, as well as an immunologic intermediate end-
point that was associated with, but did not fully determine, vaccine efficacy. The heterogeneity
scenarios for the historical trials were chosen to represent realistic degrees of similarity between
pediatric and adult populations, ranging from no borrowing to selective borrowing from more
comparable source(s). In addition, the use of a pre-specified similarity threshold and ESS cap
reflected practical design constraints commonly encountered in regulatory decision-making.

For the proposed Two-Tier dynamic borrowing method, we set H = 0.7 as the borrowing
threshold in (7), which indicated that the method would borrow data only when the OVL of
intermediate outcomes between the current study and the historical source exceeded 0.7. The
initial prior for 6 was chosen as Jeffreys’s prior, Beta(1/2, 1/2), which resulted in the same
posterior distribution as derived in (8). Additionally, we conducted a sensitivity analysis for the
Two-Tier method by varying the threshold H (0.5 and 0.9) and comparing the results with the
choice H = 0.7 when the current sample size N = 2000, for both null and alternative hypotheses.

For comparison purposes, we included the “No borrow” method and the “Pool” method to
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evaluate the benefits and risks of borrowing data. The “No borrow” method was identical to the
proposed method but set the borrowing parameters a4 and ag to zero, indicating no borrowing
from historical data. In contrast, the “Pool” method did not distinguish between historical data
sources or assess data similarity. Instead, it pooled and incorporated all available historical data
indiscriminately. To make the “Pool” method comparable to the proposed method, we restricted
it to borrow the same prior ESS as the proposed method. Specifically, we defined the borrowing
parameter as «, = oy = apg = §/T,, where T, = T4 + Tp. With a Beta(1/2, 1/2) prior for 6, the
posterior distribution for the “Pool” method was:

Beta(Y +a,Y, + 1/2, X + a,X, + 1/2),

where Y, =Y, 4+ Yp and X, = X4 + X3.

Since the posterior distributions of 8 for all methods had closed forms following Beta distri-
butions, Bayesian inference was conducted by directly extracting the 2.5%- and 97.5%-quantiles
from the posterior Beta distribution to construct credible intervals. The hypothesis was tested
based on the decision rule described in (9). To compute the point estimations for 6 and 7, we
first drew a sample of size 10,000 from the posterior distribution of . Each sampled value,
{6;,i =1,...,10,000}, was then converted to {m; = [1 — (c + 1)6;]/(1 —6;),i = 1,...,10,000}.
The point estimations for & and m were computed as the medians of the sampled values,
{6;,i =1,...,10,000} and {m;,i = 1, ..., 10,000}, respectively. The OVL for intermediate out-
comes was estimated using the kdensity () function in the kdensity R package, which enabled
flexible univariate nonparametric density estimation with asymmetric kernels (Moss and Tveten,
2019).

A total of 5,000 datasets were generated for each parameter combination. We assessed
the methods based on three key aspects: borrowing capacity, point estimation, and inference
performance. Borrowing capacity was measured by the average of ESS contributed by historical
source A (aaTy4), historical source B («¢pTg), and the average of overall prior ESS, as defined
in (5), respectively. Point estimation was evaluated for both 6 and 7, focusing on bias and mean
squared error (MSE). Inference performance was assessed under 6 by examining type I error and
power. All simulations were conducted using R version 4.4.1.

3.2 Simulation Results

Three methods (No borrow, Two-Tier, Pool) were evaluated across two current sample sizes (N =
2000, 2400), four vaccine efficacy values (7 = 0.3, 0.5, 0.7, 0.9) and two historical data scenarios,
resulting in 16 parameter combinations. Two additional threshold values were considered in a
sensitivity analysis.

Table 2 presented the simulation results under the null hypothesis, where # = 7y = 0.3
(equivalently, & = 6, = 0.4118). The one-sided significance level was 0.025. Overall, the Two-
Tier method rarely borrowed data because the true vaccine efficacy m for the current study was
quite different from the historical sources in both scenarios. As a result, the performance of the
Two-Tier method closely aligned with the “No borrow” method. In contrast, the “Pool” method,
which borrowed data every time, introduced more bias since the historical data were dissimilar
to the current study. This bias inflated the type I error rate, with the inflation decreasing as
the sample size grows, because, as the current sample size increases, the borrowed data affect
the inference less. The inflation was more pronounced in Scenario 1 than in Scenario 2. This
was because the “Pool” method aggregated historical data, and in both scenarios, the number
of cases in historical source A was much larger than in study B. Consequently, historical source
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Table 2: Simulation results under the null hypothesis.

N Method Borrowing Point Estimation Inference
0 b4 0
oaaTs apTh ESS Bias MSE Bias MSE Type I Error

Scenario 1

2000 No borrow - — 1.000 0.002 0.014 —-0.090 0.208 0.027
Two-Tier 0.000 0.090 1.090 0.001 0.014 —-0.087 0.206 0.027
Pool 6.667 1.333 9.000 —0.099 0.016 0.223 0.084 0.141

2400 No borrow — — 1.000 0.002 0.012 —-0.070 0.143 0.023
Two-Tier 0.000 0.064 1.064 0.002 0.012 —-0.069 0.143 0.023
Pool 6.667 1.333 9.000 —0.087 0.014 0.199 0.072 0.134

Scenario 2

2000 No borrow - - 1.000 -0.001 0.014 -0.079 0.195 0.026
Two-Tier 0.096 0.000 1.096 —0.002 0.014 -0.076 0.191 0.027
Pool 6.667 1.333 9.000 —0.062 0.010 0.137 0.060 0.054

2400 No borrow - - 1.000 -0.001 0.012 —-0.066 0.159 0.027
Two-Tier 0.094 0.000 1.094 -0.001 0.012 —-0.064 0.158 0.027
Pool 6.667 1.333 9.000 —0.054 0.009 0.120 0.055 0.058

A dominated the analysis. In Scenario 1, the vaccine efficacy in source A, ma, exceeded 0.9,
resulting in worse performance for the “Pool” method compared to Scenario 2, where w4 was
around 0.6. Additionally, the “Pool” method exhibited smaller MSE, owing to the increased
sample size from borrowing, which reduced uncertainty despite introducing bias.

Tables 3 and 4 presented the simulation results under the alternative hypotheses when
7 =0.5,0.7,0.9 (equivalently, 6 = 0.3333, 0.2309, 0.0909) for Scenario 1 and Scenario 2, respec-
tively. In general, the Two-Tier method dynamically borrowed from different historical sources
depending on the true vaccine efficacy 7 in the current study and the similarity of the available
historical data. Overall, the Two-Tier method achieved smaller MSE for both 7= and 0, along
with higher power compared to the “No borrow” method across different current sample sizes
and different scenarios. This demonstrated that the Two-Tier method not only maintained the
type I error around the theoretical value but also achieved higher power than the “No borrow”
method. In contrast, the point estimations for the “Pool” method were heavily influenced by the
difference in vaccine efficacy between historical source A and the current study, making its per-
formance highly dependent on the borrowed historical data. Regarding inference performance,
the “Pool” method inflated the type I error badly under Scenario 1, rendering its power less
meaningful. Under Scenario 2, the power of the Two-Tier and “Pool” methods was comparable
when the current vaccine efficacy was small to moderate (7 = 0.5,0.7). However, when the
current vaccine efficacy was high (7 = 0.9), the power of the Two-Tier method exceeded that of
the “Pool” method around 10%.

We conducted a sensitivity analysis to assess the impact of different threshold choices in the
Two-Tier method. As expected, a smaller threshold (H = 0.5) led to more permissive borrowing,
allowing the incorporation of historical information even when similarity to the current study
was limited. In contrast, a larger threshold (H = 0.9) imposed more restrictive borrowing,
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Table 3: Simulation results under the alternative hypothesis for Scenario 1.

N m Method Borrowing Point Estimation Inference
0 b4 0
asTy agTp ESS Bias MSE Bias MSE  Power

2400 0.5 No borrow - - 1.000 0.004 0.012 —0.057 0.091  0.095
Two-Tier 0.001 6.687 7.688 —0.021 0.007 0.023 0.038 0.149

Pool 6.667 1.333 9.000 —0.069 0.011 0.125 0.038 0.344
0.7 No borrow - - 1.000 0.008 0.012 —0.044 0.052 0.331
Two-Tier 1.930 6.070 9.000 —0.006 0.005 —0.002 0.016 0.510
Pool 6.667 1.333 9.000 —0.039 0.007 0.053 0.016 0.684
0.9 No borrow - - 1.000 0.012 0.006 —0.024 0.012  0.778
Two-Tier 4.151 3.849 9.000 0.031 0.003 —0.042 0.006 0.941
Pool 6.667 1.333 9.000 0.011 0.002 —0.017 0.004  0.970

Table 4: Simulation results under the alternative hypothesis for Scenario 2.

N m Method Borrowing Point Estimation Inference
0 b4 0
apTy oapTp  ESS Bias MSE Bias MSE Power
2400 0.5 No borrow - - 1.000 0.005 0.013 —-0.062 0.104 0.104
Two-Tier  6.755 0.011 7.766 —0.019 0.007 0.016 0.043 0.137
Pool 6.667 1.333 9.000 —0.031 0.007 0.048 0.032 0.180
0.7 No borrow - - 1.000 0.008 0.012 —0.044 0.052 0.332
Two-Tier  5.421 2,578 8.998 —0.007 0.005 0.000 0.016 0.510
Pool 6.667 1.333 9.000 0.002 0.005 -0.016 0.017 0.456
0.9 No borrow - - 1.000 0.012 0.006 —0.024 0.013 0.785
Two-Tier  3.050 4.950 9.000 0.027 0.003 —0.037 0.006 0.942
Pool 6.667 1.333 9.000 0.056 0.006 —0.077 0.011 0.870

such that information was borrowed only when the historical trials were highly similar to the
current study. Table 5 summarized the type I error performance of the Two-Tier method for
H = 0.5,0.7, and 0.9. Across both historical scenarios, when H = 0.5, the method tended to
borrow more from the historical trial with more comparable vaccine efficacy: trial B in Scenario
1 (mp = 0.684) and trial A in Scenario 2 (w4 = 0.663). These values were closer to that of the
current study (7 = 0.3 under the null hypothesis). However, because these historical trials had
higher vaccine efficacy than the current study, borrowing leaded to slight type I error inflation,
although performance remained superior to that of the “Pool” method. When H = 0.9, the Two-
Tier method behaved similarly to the “No Borrow” approach. Borrowing was highly restricted,
and under the null hypothesis where both historical trials were insufficiently similar to the
current study, no borrowing occured.
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Table 5: Sensitivity analysis over threshold H for the Two-Tier method (N = 2000) under the
null hypothesis.

Scenario H Borrowing Point Estimation Inference
0 b4 0
oaaTs apTs ESS Bias MSE Bias MSE Type I Error

Scenario 1

0.5 0.021 7.186 8.206 —0.051 0.010 0.104 0.072 0.049

0.7 0.000 0.090 1.090 0.001 0.014 —0.087 0.206 0.027

0.9 0.000 0.000 1.000 0.002 0.014 —-0.092 0.217 0.027
Scenario 2

0.5 7.296 0.038 8.334 —0.046 0.009 0.090 0.078 0.039

0.7 0.096 0.000 1.096 —0.002 0.014 -0.076 0.191 0.027

0.9 0.000 0.000 1.000 0.003 0.014 —0.095 0.215 0.022

Table 6 presented the power performance of the Two-Tier method for H = 0.5,0.7, and
0.9 under the alternative hypotheses, where the true vaccine efficacy in the current study was
7 = 0.5,0.7, and 0.9. Overall, smaller values of H led to larger prior ESS, reflecting greater
borrowing. Consequently, when the true vaccine efficacy was relatively low (7 = 0.5), the Two-
Tier method with H = 0.5 achieved higher power than the settings with H = 0.7 and H = 0.9.
When the true vaccine efficacy was higher (7 = 0.7 or 0.9), the performance of H = 0.5 was
similar to that of H = 0.7, as both thresholds achieved the maximum level of borrowing specified
by S = 9. In contrast, H = 0.9 yielded more conservative borrowing. Although its prior ESS
increased as the true vaccine efficacy increased, it did not reach the maximum borrowing level
across all scenarios. As a result, it consistently exhibited lower power compared with the other
two threshold choices.

In conclusion, the proposed Two-Tier method enables dynamic borrowing from historical
trials based on their similarity to the current study. This approach provides improved control
of type I error compared with the “Pool” method, while achieving higher power than both
the “No Borrow” and “Pool” methods. Furthermore, the threshold H influences the degree
of borrowing restriction in the Two-Tier method. Larger values of H impose more restrictive
borrowing, whereas smaller values allow more permissive borrowing, resulting in different trade-
offs between type I error control and efficiency.

4 Discussion

In this paper, we propose a Two-Tier Bayesian dynamic borrowing framework that enhances
phase 3 vaccine studies by borrowing information from two historical data sources. The borrow-
ing weights are determined by the similarity between current and historical sources, evaluated
over an intermediate endpoint and gated by a pre-specified threshold. Therefore, the method
can improve power and reduce bias. Moreover, by enforcing this pre-specified similarity thresh-
old, the approach further controls the type I error. Overall, our framework serves as a valuable
tool for designing confirmatory studies in pediatric populations, particularly when enrollment
challenges prevent achieving the necessary sample size for confirmatory conclusions.
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Table 6: Sensitivity analysis over threshold H for the Two-Tier method (N = 2000) under the
alternative hypotheses.

Scenario w H Borrowing Point Estimation Inference
0 b4 0
oaaTy apTp ESS Bias MSE Bias MSE Power

Scenario 1
0.5 0.5 2367 5.633 9.000 —0.048 0.009 0.083 0.034 0.205
0.7 0.003 6.631 7.634 —0.024 0.008 0.025 0.053 0.131
0.9 0.000 0.026 1.026 0.002 0.015 —0.064 0.128 0.088
0.7 0.5 3.507 4.493 9.000 —0.020 0.005 0.021 0.016 0.525
0.7 1.954 6.046 9.000 —0.009 0.005 0.003 0.017 0.466
0.9 0.000 4.397 5.397 0.007 0.009 —0.036 0.041 0.334
0.9 0.5 4.084 3916 9.000 0.035 0.004 —0.048 0.007 0.911
0.7 4.152 3.848 9.000 0.036 0.004 —0.049 0.008 0.902
0.9 0.922 0.392 2.314 0.017 0.007 —0.034 0.032 0.715

Scenario 2
0.5 0.5 5.312 2.688 9.000 —-0.045 0.008 0.078 0.033 0.187
0.7 6.673 0.007 7.680 —0.019 0.008 0.016 0.045 0.112
0.9 0.018 0.000 1.018 0.005 0.015 —0.078 0.249 0.095
0.7 0.5 4332 3.668 9.000 —-0.019 0.005 0.020 0.015 0.517
0.7 5.348 2.652 9.000 —0.010 0.005 0.005 0.017 0.476
0.9 1.237 0.000 2.237 0.013 0.012 —0.056 0.060 0.281
0.9 0.5 3.659 4.341 9.000 0.037 0.004 —-0.051 0.007 0.900
0.7 3.075 4.925 9.000 0.032 0.004 —-0.044 0.007 0.915
0.9 0.021 3.525 4.546 0.010 0.005 —0.021 0.011 0.811

Our approach does not assume unrestricted exchangeability of vaccine efficacy between adult
and pediatric populations. Instead, borrowing is allowed only when the adult and pediatric data
are sufficiently similar on an intermediate endpoint that is reasonable likely to predict efficacy,
and the amount of borrowing is further limited by the overlap-based weights and the pre-specified
ESS cap. Thus, the method relies on a partial, biologically informed exchangeability assumption
rather than full pooling across populations.

In the design, we require that the maximum targeted ESS to be pre-specified. Subsequently,
the weights are dynamically determined based on the established intermediate endpoints, which
calibrate how much to borrow from each historical data source. This strategy differs from other
Bayesian designs that rely solely on similarity, and it facilitates transparent communication with
regulatory agencies regarding the maximum information that can be borrowed in the phase 3
design. The similarity assessment in our method relies on the assumption that the intermediate
endpoint, such as antibody concentration, is strongly predictive for the primary endpoint, i.e.,
vaccine efficacy in our study. When applying the proposed Two-Tier method, determining an
appropriate intermediate endpoint is essential. In practice, the intermediate endpoint is usually
established as the Correlate of Protection upon completion of the adult registrational study, so
that it would be available for pediatric development as proposed in the Two-Tier approach.
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Another important design parameter is the threshold H € [0, 1], which influences the degree
of borrowing in the Two-Tier method. Values of H close to 1 impose more restrictive borrowing,
whereas values close to 0 allow more permissive borrowing. The choice of H can be determined
during the study design stage through simulation based on historical trial information. Specifi-
cally, type I error and power can be evaluated under a fixed value of H, and different threshold
values can be explored to identify a setting that achieves acceptable type I error control while
maintaining adequate power. Although not implemented in the current paper, the similarity
threshold may be determined in a decision theory framework. Under this approach, the trialist
must specify a plausible parameter space for the 7’s and select the optimal threshold that attains
minimax (or average) power while controlling the type I error rate. The minimax (or average)
rule is necessary because the threshold attaining the maximum power can vary depending on
the specified 7’s.

The Beta form in Equation (4) relies on the assumption that the historical studies and the
current study share a common parameter 6. When this assumption is relaxed and the historical
parameters 64 and 6p differ from 6, the induced prior for 8 is generally no longer Beta and
does not admit a simple closed form. In such cases, posterior inference would require numerical
integration or Markov chain Monte Carlo methods. In this work, we adopt Equation (4) as a
working power-prior specification and address potential violations of this assumption through
the borrowing threshold H. Specifically, we quantify the similarity between the historical trials
and the current study and regulate borrowing via H, such that lower similarity leads to reduced
borrowing. This mechanism effectively discounts the assumption that 64, 65, and 0 are identical,
thereby providing robustness to departures from exchangeability.

The choice of Ny = 50 in the simulation represents the sample size of the earlier phase
immunogenicity data used only for estimating the similarity metric. While this sample size
yielded stable operating characteristics in our numerical study, smaller Ny may produce noisier
OVL estimates and less stable threshold-based borrowing decisions; conversely, larger Ny would
improve the stability of similarity assessment. The threshold H and ESS cap S help mitigate
the downstream impact of such variability on the analysis.

Future work could extend this methodology in several directions. First, the proposed Two-
Tier framework can be generalized to other Bayesian borrowing methods, such as robust mixture
priors, commensurate priors, and MAP priors. Such extensions require careful development to
ensure that the total ESS is restricted to a pre-specified level and that borrowing is dynamically
adjusted based on similarity. Second, the approach could be readily extended to incorporate
multiple historical sources or could be tailored to borrow only from control arms. Similar to the
case with two historical trials, the maximum prior ESS is capped at a pre-specified value, repre-
senting the total amount of information borrowed from all historical trials. Each historical trial is
assigned a trial-specific power parameter. These trial-specific power parameters are determined
based on the similarity of the intermediate outcome to that of the current study. The method
borrows information only from historical trials that exceed a pre-specified similarity threshold,
and greater borrowing occurs from trials that are relatively more similar to the current study.
Similar to Equation (5), each historical trial contributes its infection cases with a corresponding
trial-specific power parameter to the prior ESS.

Moreover, we consider only a univariate intermediate outcome for similarity evaluation in
the current framework. The method can be extended to multivariate scenarios. One possible
approach is to first perform dimension reduction and then compute the OVL as the similarity
measure. Alternatively, the similarity measure could be estimated using other distance metrics,
such as the Mahalanobis distance, which is commonly used to measure the covariates distance for
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matching designs in causal inference (Rosenbaum, 2020). In addition, alternative methods can
be explored to determine power parameters and adaptive weights. Another interesting direction
is the introduction of a specified sequence of borrowing based on priori belief, such as recent
statistical work by Han et al. (2025).

Supplementary Material

The R code used to reproduce the simulation results is provided as online Supplementary Ma-
terial.
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