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Abstract
Introduction

Imagine being able to utilize what we’ve already learned from past studies—how could this transform
the way we test new treatments? Bayesian methods enable seamless integration of historical data.
Specifically, the use of synthetic controls allows sponsors to reduce or replace concurrent control
arms, which can lower costs and speed up the drug development process. Additionally, with fewer
controls required, these methods can reduce patient burden.

In Scope

A comprehensive simulation study is utilized, assuming commensurate power priors for
Gaussian response data, to illustrate the planning and execution of a trial.

Model evaluation and sensitivity analysis are performed rigorously to ensure robustness in
findings.

Results comparison with traditional RCTs to discuss the benefit risk and regulatory aspects
for this methodology.
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1. Introduction
Bayesian adaptive clinical trial methodology has evolved dramatically over the last few
decades.
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Figure : Timeline of Bayesian adaptive clinical trials. Donald Berry at the University of Minnesota,
then Duke University, plus the Cancer & Leukemia Group B (CALGB), and then the University of
Texas M.D. Anderson Cancer Center (MDACC) plus Berry Consultants. Arrows on clinical trials
indicate time of the initial design. Numbers on the arrows indicate the relevant references.

Adaptive Bayesian Clinical Trials: The Past, Present, and Future of Clinical Research. DOI: 10.3390/jcm14155267

In context of borrowing from historical studies, the methods provide a flexible framework for
incorporating external information into clinical trial analyses while formally accounting for
uncertainty. In settings where relevant historical data are available, Bayesian borrowing can
improve efficiency, reduce required sample sizes, and address ethical considerations related to
unnecessary control-arm enrolment. However, inappropriate borrowing may lead to biased
inference and inflation of Type-1 error when historical and current data are not sufficiently
compatible Pocock et al. [1]

Several approaches have been proposed to enable principled borrowing from historical data
while guarding against incompatibility. Commensurate prior model introduced by Hobbes et al.
[2], explicitly link parameters from historical and current studies through a probabilistic
structure, allowing the data to determine the degree of similarity. This framework formalizes the
notation of exchangeability between studies and provides a coherent mechanism for adaptive
borrowing driven by observed agreement between data sources.

In parallel, robust prior formulation, including robust meta-analytic-predictive (MAP) priors
proposed by Schmidli et al.[3], address prior-data conflict by mixing informative priors with
weakly informative and vague components. These approaches emphasize protection against
misspecification of historical information, ensuring that inference reverts to current-trial data
when historical evidence proves unreliable.

In this paper, we propose a two-stage Bayesian adaptive design based on a robust mixture
commensurate prior. The degree of borrowing is quantified through posteriorinference and is
used to guide pre-specified adaptations between trial stages.

To demonstrate the methodology, we consider a simulation study motivated by eGFR slope as a
longitudinal endpoint in chronic kidney disease trials. The simulation evaluates the operating
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characteristics of the design under varying degrees of historical-current compatibility, with
particular emphasis on borrowing behaviour, control-arm sample-size implications and
preservation of frequentist properties.

2. Statistical Methodology

2.1 Objectives and endpoints

We will consider conducting of a trial with an objective to demonstrate that the experimental
drug delays the progression of renal impairment compared to placebo in subjects with chronic
kidney disease (CKD).

Table 2.1: Objectives and endpoint

Objective Endpoint Time Frame
Progression of renal | Annualrate of change in eGFR From randomization (week 0) to 2
impairment (mL/min/1.73m"2 per year) years with repeated

(CKD-EPI) (total eGFR slope) measurements at every 26
weeks.

2.2 One Historical study
A previous CKD Phase 3 trial with eGFR slope as a surrogate endpoint is considered for the
reference historical control.

2.3 Trial Design
The proposed design is a two-stage trial, in which stage-1 data are used to assess the degree of
compatibility between historical and current control data. This assessment informs a pre-
specified adaptation of the control-arm sample size in Stage-2. No adaptation of the control
arm is considered if degree of compatibility between historical and current control data is
significantly small.

Figure 2.3: Trial design diagram
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2.4 Longitudinal Model for eGFR slope

A linear mixed-effects model with subject specific random intercept and random slope is
considered for modelling eGFR for the historical control and current study.

Let’s y;; denotes the eGFR measurement for the subject i at visit j, observed at time t;;

Current study (C)

v = B6 + Byt + yt;I(i € Treatment) + b§; + bt + &f;
Historical control (HC)

ylg}c = plic +ﬂ{”t€§c + bHC +bfithJI-C 4 Sgc

Were:
o B§, BHC :fixed intercept
e Bf, BHC : control slope
e y:treatment difference in annual rate of change in eGFR (primary endpoint)
e bS;, bHE : random intercept for the subject i
e bE, bEC :random slope for the subject i
. (bol, ) ~BVN(®,25), (b, bHC) ~ BVN(D, zgc)
. ij , U ¢:independent residuals with variance o2 and o respectively

2.5 Commensurate Prior

The commensurate prior formulation of Hobbs et al. links the current and historical control
parameters through a single commensurability parameter 7, allowing the data to modulate the
degree of borrowing. While this approach adaptively adjusts borrowing strength, it relies on a
continuous precision parameter and may still permit residual influence of historical information
under substantial prior-data conflict.

To provide additional robustness, we extend the Hobbs commensurate prior by introducing a
mixture formulation on the commensurability structure itself. Specifically, rather than assuming
a single commensurate relationship between and, we allow the data to select between two
commensurate regimes corresponding to strong and weak borrowing between historical control
slope B¢ and current control slope B¢.

Formally, conditional on a latent indicator z, the current control slope is expressed as:

(ﬂ match z=1

g1t~ |y
N(ﬁ » Tno-— match) z=0

Where:

e z = 1:corresponds to the standard Hobbs commensurate prior with precision T,,4¢cn»
representing strong commensurability.

e z = 0:represents a weakly commensurate prior with fixed low precision T, _matchs
reflecting minimal borrowing.

The latent indicator follows z ~ Bernoulli(m), with  representing the prior probability that the
historical and current control slopes are strongly commensurate.



2.5 Posterior inference and Borrowing Assessment

Posterior inference jointly updates (B¢, B¢, z, 1) using the combined likelihood from
historical and current data. The posterior distribution of the latent indicator z directly quantifies
the evidence in favour of commensurability.

3. Simulation Study

3.1 Simulation Inputs

For simulation of historical and current study we followed the work by wang and du [3] on linear
eGFR decline. For simplicity we have not considered any censoring due to drop-out or lost to
follow-up within the trial duration.

3.1.1 Base Design
The base design to test the new treatment delays the progression of renal impairment
compared to placebo, i.e.

Hy:y =0 againstHyi:y > 0

We used a classical group-sequential design with one-sided a = 2.5% and a planned interim
when 50% of the total participants have completed the treatment course.

Table 3.1.1: Base Design

Stage Information Rate a-Spending Sample Size
Lan-DeMets (LD) Per-arm
1 50% 0.001525 82
2 100% 0.025 164

**Slope difference under alternative: 2 ml/min/1.73m2 per year; slope standard deviation: 5.5;
sample size is computed using RPACT package

The target power is aimed at 90% and the slope difference under alternative is assumed to be 2
mL/min/m”2. The reference historical study is assumed to have 500 relevant control subjects.

3.1.2 Stage-2 Adaptation
Based on stage-1 data we will adapt the stage-2 control sample size as Ny -9 = 82 + (1 — w) ;
where w = median(z) represent the borrowing strength between historical and current control.

3.1.3 Prior Selection for the model parameters

We have considered non-informative priors on the model parameters to minimize the subjective
beliefs and allowing the likelihood function (data) to dominate the posterior distribution. The
commensurate prior for in-favour and not in-favour of borrowing is calibrated to detect small
differences between historical and current control slope.



Table 3.1.3: Prior distribution

Prior Distributions

Intercept and slope difference B§, BHC,y Normal(0, 20)

Commensurate prior in favour Tmatch Gamma(4,0.08)
of borrowing
Commensurate prior in favour Tno—match Gamma(0.1,0.1)
of no-borrowing
Prior probability in favour of s Beta(1, 3)
borrowing
Random intercept variance a’o StudentT (3,0, 5)
Random slope variance o StudentT(3,0,2)
Residual variance o, ofic StudentT(3,0,10)

Note: No correlation between random effects

3.1.4 Sensitivity Analysis
We will consider the simulation under Hy: y = 0 and H;: y > 0 with consideration of “No Bias”
and “Positive Bias” between Current and Historical Control as described in the figure 3.1.2.

Figure 3.1.2: Simulation Scenarios
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A parallel comparison with conventional group-sequential design will be performed assuming
same stage-2 adapted control sample size to show the integrity between the two methods.



3.2 Simulation results

The general expectation is, the more the historical data is like the current control the
less control samples we would need for stage-2 as it can be seen in the figure 3.2.1

Figure 3.2.1: Slope model estimates
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Stage-1 Stage-1

Intercept 52.63 50 55.53 Intercept 513 4863 54.08

Control Slope -2.34 -2.55 21 Control Slope 235 258 2,09

Borrowing strength (W) 0.87 0.01 1 Borrowing strength (W) 0.89 0.01 1
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Resuits based on R simulated data

With the mixture distribution of T we can see a minimum pull on the posterior distribution
towards historical data figure 3.2.2 at stage-1. However, when the historical control differs from
the current the posterior variance is comparatively higher than classical frequentist approach,
and with a carefully chosen historical control this scenario is an indication of existence of an
unknown confounder.

At stage-2 the adaptive sample size on control arm auto adjusts from (low) = (earlier planned
group-sequential sample size) as the likelihood of similarity between observed data and
historical data drops. The final analysis is based on combined stage-1, stage-2 data and the
posterior estimate of T from stage-1.



Figure 3.2.2: Distribution — Prior, Posterior & Data
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Figure 3.2.3: Treatment effect - difference annual rate of change in eGFR (mL/min/1.73m"2 per year)
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4. Conclusions

In this work we showed the borrowing from one historical study however without loss of
generality the methodology can be extended for multiple historical studies, alternatively one
can take subset of participants from the study or studies by propensity score matching to get

further refinement in the historical data on the same line as the methodology proposed by Jiang
etal [5]

Another possible improvement can be done at the planning stage sample size computation by
incorporating meta-analytic prior and effective sample size instead of using group-sequential
sample size, Schmidli et al [3].

In favourable situations when historical control and current control are similar, the posterior
estimate of treatment effect can provide much accurate estimates at stage-1 itself which can
help to escalate later phases of drug development.

While the methodology shows promising results by providing data driven flexibility of
incorporating previous knowledge into trial planning, some precautions need to take into
consideration on historical study or prior selection. The primary focus of this paper is to show
borrowing methodology side by side in comparison to a classical RCT trial without stating any
trial success criteria for efficacy, to decide the efficacy threshold rigorous simulation studies
need to be performed to ensure type-1 error is maintained, FDA guidelines on Bayesian
methodology in Clinical Trials, 2026 [6].

5. Appendix
Stan code for Stage-1 analysis

stagel_stan <- "

data {
int<lower=1> N_hist;
int<lower=1> N_subj_hist;
int<lower=1> id_hist[N_hist];
vector[N_hist] time_hist;

vector[N_hist] eGFR_hist; Input data block :

int<lower=1> N_current; . .

intclower=1> N_subj_current; Stage-1 data, Historical control
int<lower=1> id_current[N_current];

int<lower=@,upper=1> treatment[N_current];

vector[N_current] time_current;

vector[N_current] eGFR_current;

}

parameters {

// MM model parameters Historical
real beta@_e;

real betal_e;

vector[N_subj_hist] ue_hist;
vector[N_subj_hist] ul_hist;

// LMM model parameters Current trial

real betae; // intercept

real betal; // control slope - commensurate
real gamma; // treatment effect on slope
vector[N_subj_current] ud_current;
vector[N_subj_current] ul_current;

// Commensurability parameters (Mixture prior for tau)

realclover=0) tau_match; e== Model parameters block
real<lower=@> tau_nomatch;

real<lower=0, upper=1> pi_mix;

//real<lower=e> tau_slope;

/{ variance components
3 owersd) sigma_hist;
1¢lowers> sigma_current;

1<lower=8> sigma_u@_hi
real<lower=8> sigma_ul_hi

realclowersd> sigma_u@ rent;

real{lower=8> sigma_ul current;



model {
/I Priors for fixed effects
/f historical control
betad @ ~ normal(@, 28);
betal_@ ~ normal(@, 20);

/! current
betad ~ normal(@®, 28);
gamna ~ normal(@®, 28);

/{ variance prior

sigma_current ~ student_t(3, 0, 18);
sigma_hist ~ student_t(3, @, 18);
sigma_u@_hist ~ student_t(3, 8, 5);
sigma_ul_hist ~ student_t{3, 8, 2);
signa_ud_current ~ student_t(3, @, 5);
signa_ul_current ~ student_t(3, @, 2)

// random effect

u@_hist ~ normal(@, sigma_ué_hist);
ul_hist ~ normal(®, sigma_ul_hist);
ué_current ~ normal(@, sigma_u@_current);
ul_current ~ normal(@, sigma_ul_current);

// Mixture Commensurate priors

pi_mix ~ beta(l, 3);

tau_match ~ gamma(4, ©.08); // strong borrowing

tau_nomatch ~ gamma(@.1, ©.1); // weak borrowing

target += log_mix(pi_mix,
normal_lpdf(betal|betal_e, inv_sqrt(tau_match)),
normal_lpdf(betal|betal_@, inv_sqrt(tau_nomatch)));

// Likelihood: Current trial
for (n in 1:N_current) {
real mu_current = beta®
+ betal * time_current[n]
+ gamma * time_current[n] * treatment[n]
+ ud_current[id_current[n]]
+ ul_current[id_current[n]] * time_current[n];
eGFR_current[n] ~ normal(mu_current, sigma_current);

}

// Likelihood: Historical data
for (n in 1:N_hist) {
real mu_hist = beta@_e
+ betal_® * time_hist[n]
+ ue_hist[id_hist[n]]
+ ul_hist[id_hist[n]] * time_hist[n];
eGFR_hist[n] ~ normal(mu_hist, sigma_hist);
}
}

generated quantities {
// posterior borrowing probability
real lp_match = normal_lpdf(betal|betal_e, inv_sqrt(tau_match));
real lp_nomatch = normal_lpdf(betal|betal_e, inv_sqrt(tau_nomatch));
real z = 1/(1+((1-pi_mix)*exp(lp_nomatch))/(pi_mix*exp(lp_match)));
real borrowing_strength = z;
real tau = z*tau_match + (1-z)*tau_nomatch;

—— Model block

== Model block

e Adaptive weight

11
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