Echo of the Past: The Pre-Specification
Challenge in Hybrid RCT's

Session: Borrowing Strength or Buying Trouble?
Using External Data in Regulatory Context
PSI 2025 - Wembley Stadium, London, UK

Franz Konig, Han Chang Chiam, and Martin Posch

Medical University of Vienna

franz.koenig@meduniwien.ac.at

9-11 June 2025

MEDICAL UNIVERSITY
OF VIENNA




Acknowledgement

e This project is funded by the European Union through
Horizon-MSCA-DN1 Project 101120360. More information is available on
the project’s official website: SHARE-CTD.

e Visit https://www.sharectd.eu/

Funded by SHARE -CTD

the EU ro pean U n ion Cooperate to share and gain

As we are in Wembley, you will see some football quotes...

Toni Polster (all time Austrian hero): "1 greet my father, my mother and especially my parents.”
("Ich griiBe meinen Vater, meine Mutter und ganz besonders meine Eltern.")
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Hybrid Controlled Trials
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e We are used that a RCT generate evidence on its own
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Hybrid Controlled Trials
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e We are used that a RCT generate evidence on its own
e What about information from other trials?

e Why not combine randomized controlled trial (RCT) data with external
controls such as historical control data.

e Increase statistical power and improve treatment effect estimates,
especially in studies with limited sample sizes.

e A comprehensive toolbox of Bayesian and frequentist methods is available
to adjust for potential biases.
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Pre-specification of Design and Analysis of Hybrid trials

e Study populations for the external controls and the RCT

e Inclusion/exclusion criteria

e Sample sizes

e Data sources for external controls and RCT (historic trials, registries,
concurrent trials, site selection)

e Endpoints and intercurrent events

e Methods of analysis to incorporate external data

e Frequentist and Bayesian Methods

e Test-then-pool approaches; Frequentist and Bayesian regression model
approaches; Propensity score approaches and baseline
covariates-adjustments; Power prior and commensurate power prior;
Hierarchical models; Elastic prior, ... (Viele et al. 14, Bofill-Roig et al. 23)

Type 1 error control (Move the goalposts?)

A gain in power using Bayesian borrowing is only possible if an inflation of the type 1 error rate in
certain scenarios is tolerated (Kopp-Schneider et al., 2020)

Lothar Matthaus "We must now just not stick the sand into our head.” (" Wir diirfen jetzt nur
nicht den Sand in den Kopf stecken!”)
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Pre-Specification and Analyses Methods for External Controls

Frequentist Inference Bayesian Inference

e Control of type 1 error rates and e More robust with respect to data
coverage probabilities depend on adaptive design
the assumption of independence e However, if the data on which
of the outcome data and the one conditions is selected
choice of the design and analysis dependent on the data itself,
method. Bayesian inference becomes

e If design and analysis methods flawed.
are chosen based on data from e Priors should be chosen
external controls, the type 1 independently of the external
error rate may be inflated. controls
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Is pre-specification possible when using historic controls?

e Summary data from control groups may already be in published, including

Data on primary and secondary endpoints, data on baseline variables
Subgroup analyses
Safety analysis

L
L
L
e Sample size

e Even if no summary data are available, also other information, such as
stopping decisions in interim analyses or the start of parallel trials, can be
informative.

e Sponsors have access to patient level data of in-house trials.

e Data sharing initiatives provide access to patient level data

Therefore, pre-specification of the design independently of the outcome data is
difficult or infeasible. A quantification of the potentially induced bias is difficult.
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Selection Bias in Hybrid RCT's
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e Several trial with external (historical) data might be available when
planning the prospective trial

e Some knowledge can affect critical Hybrid RCT design choices, such as
sample size and selection of historical controls.

e For example, what if we do not include all available historical data?

e How will outcome-driven ordering and selection of controls affect study

results?
Concerning ordering...
Brian Clough (the best manager England never had): "I wouldn’t say | was the best manager in

the business. But | was in the top one.”
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Historical controls
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response rate of about 20%

Study 5 O

Study 6 O

Study 7 &

Study 8 &

0.0 0.1 0.2 03 04 05
Response Rate

MEDICAL UNIVERSITY
OF VIENNA

Franz Konig, Han Chang Chiam, and Martin Posch, Medical University of Vienna



Selection Methods
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Selection Methods
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Selection Methods
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Random selection
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Selection Methods
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Selection method
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Full selection

Utilize all k available histor-
ical trials as external control

Random selection

Randomly drop a historical
control

Drop-the-best

Drop the historical control
with highest response rate

Threshold selection

Select all historical con-
trols with response rates <
threshold (20%)
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Selection Methods

Study 1 @ Selection method Description
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Diffferent trials in different countries...

Andy Modller (1996 European champion here in Wembley): " Milan or Madrid, as long as it is ltaly”
(" Mailand oder Madrid, Hauptsache ltalien”)
lan Rush: "I couldn’t settle in Italy; it was like living in a foreign country.”
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What is the impact on operating characteristics such as T1E rate?

Clinical Trial Simulation Setup: Overview
e Prospective RCT: 1:1 allocation (treatment vs. control)
e Historical Controls: kK =8
e Sample Size per Arm: n = 30, assuming equal sample sizes for historical
controls and the trial's internal control.

e Endpoint: Binary

e Control rate about: 20%
e Moderate between-trial heterogeneity

e Analysis Method: Robust Meta-Analytic-Predictive (MAP) Prior

e Bayesian Decision rule: Pr(7; — m. > 0O|data) > 0.975
me. true treatment response rate,
mc: true control response rate.

Concerning success criteria ...

Christoph Daum (1953-2024): "You don't always have to have the absolute majority behind you,
sometimes 51 percent are enough.” (" Man muss nicht immer die absolute Mehrheit hinter sich
haben, manchmal reichen auch 51 Prozent.")
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Robust Meta-Analytic-Predictive (MAP) Prior

e Robustification of MAP prior:

MAP prior from historical trials
. . N
non—lnformatwe/vague component < I

A K
ﬁH(ﬂ'*) = WRBeta(l, 1) -+ (1 — WR) Z WkBeta(*zr*|ak, bk) (1)
k=1

e Implemented in RBesT package.

e Treatment arm is fitted with vague prior Beta(1,1), while control arm
informed by robust MAP prior (equation 3).

e Decision rule: Pr(my — mc > 0) > 0.975
. posterior mean of treatment response rate, m.: posterior mean of
control response rate.
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Hybrid Controlled Trials with RMAP in a nutshell

e Robust Meta-Analytic-Predictive (MAP) method implements borrowing

(red circle) of historical controls. (Schmidli et al. 2014)
Robust MAP
e
Historical Control 1 ( Historical Control 2 Historica\ContmIaP Historical Control 4

selection

/Robust MAP prior / /Uniform prior/

Internal Control% Treatment Arm

( Posterior inferenceJ
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Hybrid Controlled Trials with RMAP in a nutshell

e Robust Meta-Analytic-Predictive (MAP) method implements borrowing
(red circle) of historical controls. (Schmidli et al. 2014)

e Separate analysis with RCT data only serves as a no-borrowing benchmark
for comparison.

e The treatment effect is calculated as the difference between the
posterior means of the treatment and control arms

Separate Analysis Robust MAP
e —

Historical Control 1 Historical Control 2 Historical Contral 3

Historical Control 4

selection
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Outcome-driven Selections inflate T'ype I Error Rates

Type 1 Error Rates of Various Selection Methods (8 historical studies, n=30)
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Outcome-driven Selections inflate T'ype I Error Rates

Type 1 Error Rates of Various Selection Methods (8 historical studies, n=30)
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Outcome-driven Selections inflate T'ype I Error Rates

Type 1 Error Rates of Various Selection Methods (8 historical studies, n=30)
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