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Background & Motivation

Design and analysis of RCTs in rare disease and/or paediatric indications

— Small sample sizes, underpowered trials

Bayesian information borrowing methods as a remedy to incorporate external information

= Increase efficiency / Reduce sample size in new trial (+)

= Risk of bias / type I error inflation (-)

= FDA draft guidance on Bayesian Methodology in Clinical Trials (Food and Drug Administration, 2026)
Further options to increase efficiency of clinical trials (Day et al., 2018)

= Information-rich endpoints (continuous instead of dichotomous)

= longitudinal data

Only few information borrowing methods for longitudinal data settings
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Method Overview

Bayesian hierarchical modelling
Natural cubic splines for continuous-
time longitudinal modelling
(Donohue et al., 2023)

Robust meta-analytic-predictive
priors for control group information
borrowing (Schmidli et al., 2014)
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Longitudinal Model
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i =1,...,m (subjects), j = 1,...,n, (observations within subject at visit times ¢,,)
Constrained longitudinal data analysis (cLDA) parametrisation (Liang & Zeger, 2000)
= Common intercept 3,, justified by randomisation

by (t;;): Natural cubic spline basis functions

= Number and location of knots

= Treatment effect: A(t*) = Z.~

= Mean difference in change from baseline
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Natural Cubic Splines

Standard basis Value—at—knot basis

Basis function
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= Transformed basis: B(xz) = B(x)B(k)™! (k vector of knot locations)
= Change from baseline interpretation at knot locations
— Similar to MMRM (mixed model for repeated measurements)
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Prior Distributions

Yij = Bo + 23,8 + iy + zj;u; + €5

= Weakly informative prior distributions (Gelman et
al., 2021, chapter 2) / Unit-information priors
(Kass & Wasserman, 1995)
= Ingredients for pre-specification
= 4. Assumed standard deviation of the
outcome at the final visit
= §,: Assumed population mean at baseline
= ¢,.:Assumed population mean at final visit
(control group)
= No borrowing yet!

Bo ~ N(@Oa&/ﬁ>

By ~ N(0,,6), k=1,...,1

" 0= %(Qt* — o)

Y ~ N(0,s;), k=1,...,1

= 5, =0//2—%

u;, ~Ny100,Q,), it=1,...m
Q,=DPD

= D =diag(ry, 7y, T])

= P: Correlation matrix

m, ~ N,.(0,6), k=0,1,..,1
P ~ LKJ(1) (Lewandowski et al., 2009)
o~ N,(0,0)
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Meta-analytic-predictive (MAP) Prior
Yijs = Bo + TijsB + Zijeu; + 2i5,0, + &
= v,:Second level of group effects for between-trial heterogeneity
v, ~ Nja(0,Q,), s=1,..,5

Qv = diag<w07w17'"7wl)
Wi ~ Py, k=0,1,..1

= Priorp,, critical for few or even one study (Réver & Friede, 2026)

= MAP prior: Posterior “predictive” distribution of the population-level effects for a new study 3
(Neuenschwander et al., 2010)

p(Bk | Z)hist) :/ P(Br Vs Wi | Dhist) dvg dy,
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MAP Prior Approximation & “Robustification”

Approximation

MAP prior typically available as set of MCMC
draws

Parametric representation/approximation
required (here student-t distribution)

Bs

Robustification

MAP prior already heavy-tailed and capable of
mitigating moderate prior-data conflicts
Additional protection by adding weakly
informative component (Schmidli et al., 2014)

p(Br) = ka(Bk | ﬂ) + (1 — wi)Pyip (Bre)

Pwip (B ): Unit-information normal prior (Kass &
Wasserman, 1995) or modified version thereof
(Weru et al., 2026)
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Simulation Study Setup

Methods Performance measures
= Bayesian spline model (no borrowing) = Typelerror and power
= Bayesian spline rMAP model (1) = (Bias, MSE)

n (wy, wy, wsy, wz) = (0.5,0.25,0.25,0.25)’ = (CI coverage and width)

= Bayesian spline rMAP model (2)

Computational details
n (wy,wy,wy, ws) = (0.5,0.4,0.25,0.1)’

= 1,000 repetitions for each scenario

Comparators = Bayesian models written and fit in/via Stan

= MMRM current trial (Carpenter et al., 2017) and cmdstanr R package
= MMRM pooled data (Gabry et al., 2025)

Estimands and targets = MCMC: 4 chains, 1,000 draws each

= A(t*) at t* = 48 weeks = MMRMs fit via mmrm R package (Sabanes Bove et

= Hy:A@t)>0 vs. H:A@t) <0 (a=25%) al., 2026)
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Data-generating Mechanisms

7 visits (including baseline): t, = 8k, k € {0,1, ...,6} =

(ntrt7 nctrl)/ = (607 30)
Y, ~ No(p, X)

Y: First-order ante-dependence (Gabriel, 1962)

= o, =6.3+0.45k k€ {0,1,...,6}
= p; =0.875+0.0155,5 € {0,1, ..., 5}

10% missing completely at random (MCAR)

Parameter | Description Values #Values
p(t) Longitudinal mean function linear, linear-log, quadratic 3
A Treatment effect at final visit 0,—4 2
Mipist Historical control group sample size | 30, 60,120 3
) Mean difference at final visits 0,¥F1,F2,¥F3 7

Number of scenarios: 126

Two-sample t-test using (complete) final visit data would yield power of 50%
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Data-generating Mechanisms - Mean Functions

Value

30 ~

28+

26

24 1

22 1

204

18 ~

Linear Quadratic Linear-log
Absolute difference at week 48
— 0 1 2 3 4
0 16 24 32 40 48 16 24 32 40 48 16 24 32 40 48

Time



o invznts

Simulation Results - Type I Error

Type 1 error (in %)
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Simulation Results - Power

Power (in %)
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Data Example - Systemic Sclerosis

Treatment effect
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Summary

= Combination of different approaches to increase efficiency of (small-sample) clinical trials
= Longitudinal modelling of continuous endpoints
= Bayesian information borrowing
= Limited number of proposed methods so far, each with limitations
= Parametric modelling assumption (mean trajectories)
= Discrete-time modelling can prohibit information borrowing
= Novel method proposal that is...
Flexible w.r.t. accurately modelling mean trajectories
Efficient by leveraging historical information
Robust in cases of prior-data conflict
Interpretable - Coefficients with change from baseline interpretation (as in MMRM)
= Open tasks/questions
= Prior effective sample size (Neuenschwander et al., 2020)



o invznts

Speaker’s Details

Q-
I I IV Z I I t S F. Hoffmann-La Roche AG, Basel, Switzerland //

University Medical Centre Gottingen, Gottingen,
Germany

david.jesse@roche.com

Thank you for your attention linkedin.com/in/david-j-735b27177

invents-he.eu

INVENTS has received funding from the European Union’s Horizon Europe Funded by the Swiss State Secretariat for Eg Funded by the UKRI Innovative UK under
Research and Innovation program under grant agreement 101136365. Education, Research and Innovation (SERI). Innovate their Horizon Europe Guarantee scheme.
b4


david.jesse@roche.com
https://www.linkedin.com/in/david-j-735b27177
https://www.invents-he.eu

o .
= INvVInts

References



o invznts

Carpenter, B., Gelman, A., Hoffman, M. D., Lee, D., Goodrich, B., Betancourt, M., Brubaker, M., Guo, J., Li, P., & Riddell, A. (2017). Stan: A Probabilistic
Programming Language. Journal of Statistical Software, 76, 1-32. https://doi.org/10.18637/jss.v076.i01

Day, S., Jonker, A. H., Lau, L. P. L., Hilgers, R.-D., Irony, 1., Larsson, K., Roes, K. C., & Stallard, N. (2018). Recommendations for the Design of Small
Population Clinical Trials. Orphanet Journal of Rare Diseases, 13(1), 195. https://doi.org/10.1186/s13023-018-0931-2

Donohue, M. C,, Langford, O., Insel, P. S., van Dyck, C. H., Petersen, R. C,, Craft, S., Sethuraman, G., Raman, R., Aisen, P. S., & Initiative, F. t. A. D. N. (2023).
Natural Cubic Splines for the Analysis of Alzheimer's Clinical Trials. Pharmaceutical Statistics, 22(3), 508-519. https://doi.org/10.1002/pst.2285

Food and Drug Administration. (2026, ). Use of Bayesian Methodology in Clinical Trials of Drug and Biological Products.

Gabriel, K. R. (1962). Ante-Dependence Analysis of an Ordered Set of Variables. The Annals of Mathematical Statistics, 33(1), 201-212. https://doi.org/10.
1214/aoms/1177704724

Gabry, J., Cednovar, R., Johnson, A., & Bronder, S. (2025). cmdstanr: R Interface to CmdStan. https://mc-stan.org/cmdstanr/
Gelman, A., Carlin, J. B., Stern, H. S., Dunson, D. B., Vehtari, A., & Rubin, D. B. (2021). Bayesian Data Analysis (3rd edn).

Kass, R. E., & Wasserman, L. (1995). A Reference Bayesian Test for Nested Hypotheses and Its Relationship to the Schwarz Criterion. Journal of the
American Statistical Association, 90(431), 928-934. https://doi.org/10.1080/01621459.1995.10476592

Lewandowski, D., Kurowicka, D., & Joe, H. (2009). Generating Random Correlation Matrices Based on Vines and Extended Onion Method. Journal of
Multivariate Analysis, 100(9), 1989-2001. https://doi.org/10.1016/j.jmva.2009.04.008

Liang, K.-Y., & Zeger, S. L. (2000). Longitudinal Data Analysis of Continuous and Discrete Responses for Pre-Post Designs. Sankhya: The Indian Journal of
Statistics, Series B (1960-2002), 62(1), 134-148.

Neuenschwander, B., Capkun-Niggli, G., Branson, M., & Spiegelhalter, D. J. (2010). Summarizing Historical Information on Controls in Clinical Trials.
Clinical Trials, 7(1), 5-18. https://doi.org/10.1177/1740774509356002

Neuenschwander, B., Weber, S., Schmidli, H., & O'Hagan, A. (2020). Predictively Consistent Prior Effective Sample Sizes. Biometrics, 76(2), 578-587.
https://doi.org/10.1111/biom.13252


https://doi.org/10.18637/jss.v076.i01
https://doi.org/10.1186/s13023-018-0931-2
https://doi.org/10.1002/pst.2285
https://doi.org/10.1214/aoms/1177704724
https://doi.org/10.1214/aoms/1177704724
https://mc-stan.org/cmdstanr/
https://doi.org/10.1080/01621459.1995.10476592
https://doi.org/10.1016/j.jmva.2009.04.008
https://doi.org/10.1177/1740774509356002
https://doi.org/10.1111/biom.13252

o .
= INvVInts

Rover, C., & Friede, T. (2026). Meta-Analytic-Predictive Priors Based on a Single Study. Research Synthesis Methods, 1-19. https://doi.org/10.1017/rsm.
2026.10081

Sabanes Bove, D, Li, L., Dedic, J., Kelkhoff, D., Kunzmann, K., Lang, B. M., Stock, C., Wang, Y., James, D., Sidi, J., Leibovitz, D., Sjoberg, D. D., & Krieger, N. L.
(2026). mmrm: Mixed Models for Repeated Measures. https://openpharma.github.io/mmrm/

Schmidli, H., Gsteiger, S., Roychoudhury, S., O'Hagan, A., Spiegelhalter, D., & Neuenschwander, B. (2014). Robust Meta-Analytic-Predictive Priors in
Clinical Trials with Historical Control Information. Biometrics, 70(4), 1023-1032. https://doi.org/10.1111/biom.12242

Weru, V., Kopp-Schneider, A., Wiesenfarth, M., Weber, S., & Calderazzo, S. (2026). Information Borrowing in Bayesian Clinical Trials: Choice of Tuning
Parameters for the Robust Mixture Prior. Statistics in Biopharmaceutical Research, 0(0), 1-25. https://doi.org/10.1080/19466315.2026.2646537


https://doi.org/10.1017/rsm.2026.10081
https://doi.org/10.1017/rsm.2026.10081
https://openpharma.github.io/mmrm/
https://doi.org/10.1111/biom.12242
https://doi.org/10.1080/19466315.2026.2646537

	Flexible and Robust Bayesian Information Borrowing for Clinical Trials with Longitudinal Outcomes
	Background & Motivation
	Method Overview
	Longitudinal Model
	Natural Cubic Splines
	Prior Distributions
	Meta-analytic-predictive (MAP) Prior
	MAP Prior Approximation & "Robustification"
	Simulation Study Setup
	Data-generating Mechanisms
	Data-generating Mechanisms – Mean Functions
	Simulation Results – Type I Error
	Simulation Results – Power
	Data Example – Systemic Sclerosis
	Summary
	
	References

