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A Literature search

Table A.1: Our search was conducted in PubMed central which allows search
in full text. We decided to search in the full text so as not to miss most
clinical trials that would not have the key Bayesian borrowing keywords in
the title or abstract. As our systematic review focuses on actual clinical trials
using Bayesian borrowing, articles in statistical methodological journals were

excluded.

“Bayesian” [all fields]

[\

“Informed consent” OR “documented consent” [all fields]

"historical data” OR ”external data” OR ”dynamic borrowing” OR
“informative prior” OR ”informative priors” OR ”non-concurrent
control” OR "non-concurrent controls” OR. "historical control” OR
"historical controls” OR “historical information” OR “historical
placebo” OR “informative previous distribution” OR “informative
previous distributions” OR “exchangeability” OR ”evidence synthe-
sis” OR, “Bayesian borrowing” OR “hybrid control” OR “hybrid con-
trols” [all fields]

”phase-11" OR, "phase II” OR " proof-of-concept” OR ”proof of con-
cept” OR ”early phase” OR ”safety and efficacy” OR “efficacy and
safety” OR ”phase-2” OR ”phase 2a” OR “phase 2b” OR “phase 2”
[all fields]

”Pharmaceutical statistics” OR ”Biometrics” OR ” Biometrical jour-
nal” OR ”Statistics in Medicine” OR, ”Statistical Methods in Medical
Research” OR ” Journal of Biopharmaceutical Statistics” OR ”Statis-
tics in Biopharmaceutical Research” OR ”Research Synthesis Meth-
ods” OR ”Biostatistics” OR ”Bayesian Analysis” OR ”Computer
Methods and Programs in Biomedicine” OR ”arXiv” OR ”Canadian
Journal of Statistics” OR ”Computational Statistics & Data Analy-
sis” OR ”Journal of the Royal Statistical Society” OR ”Statistics in
Biosciences” OR ”Statistical science” OR, ”"medRxiv” [journal]

“Posters” OR “abstracts” OR “abstract” OR “abstract book” OR
“poster presentations” OR “Annual meeting” OR “conference ab-
stracts” OR “pre-conference program™” OR “poster session” OR
“oral presentations” OR “abstract presentations” OR “conference”
OR “congress” OR “scientific programme” OR “symposium” OR
“systematic review” OR “literature review” OR “scoping review” OR
“narrative review” OR “ a review” OR “—a review” OR “survey”
[title]

Search
equation

#1 AND #2 AND #3 AND #4 NOT #5 NOT #6




Table A.2: We additionally included the following search in Cochrane Cen-
tral Register of Controlled Trials

1 “Bayesian” [all text field]

"historical data” OR "external data” OR ”dynamic bor-
rowing” OR ”informative prior” OR ”non-concurrent con-
trol” OR ”historical control” OR, “historical information”
OR “historical placebo” OR “informative previous distribu-
tion” OR “exchangeability” OR ”evidence synthesis” OR
“Bayesian borrowing” OR “hybrid control” [all text field]

3 ”phase-II" OR ”phase II” OR ”proof-of-concept” OR ”proof
of concept” OR ”early phase” OR ”safety and efficacy” OR
“efficacy and safety” OR ”phase-2” OR ”phase 2a” OR
“phase 2b” OR “phase 2” [all text field]

Search #1 AND #2 AND #3

equation




Table A.3: List of statistical methodological

searching was done.

papers for which citation

e Schmidli, H. et al. “Robust meta-analytic-
predictive priors in clinical trials with his-
torical control information”. In: Biomet-
rics 70.4 (2014), pp. 1023-1032. por: 10.
1111/biom. 12242

e Ibrahim, J. G. et al. “Power prior distribu-
tions for regression models”. In: Statistical
Science (2000), pp. 46-60. por: 10.1214/
55/1009212673

e Ibrahim, J. G. et al. “The power prior:
theory and applications”. In: Statistics
in Medicine 34.28 (2015), pp. 3724-3749.
DOI: 10.1002/sim.6728

e Neuenschwander, B. et al. “Summarizing
historical information on controls in clini-
cal trials”. In: Clinical Trials 7.1 (2010),
pp- 5—18. DOI: 10.1177/1740774509356002

e Neuenschwander, B. et al. “Use of His-
torical Data”. In: Bayesian Methods
in Pharmaceutical Research. Chapman
and Hall/CRC, Apr. 2020, pp. 111-137.
ISBN: 9781315180212. Dpor: 10 . 1201/
9781315180212-6. URL: http://dx.doi.
org/10.1201/9781315180212-6

e Viele, K. et al. “Use of historical control
data for assessing treatment effects in clin-
ical trials”. In: Pharmaceutical Statistics
13.1 (2014), pp. 41-54. DOI: 10.1002/pst.
1589

e Berry, S. M. et al. “Bayesian hierarchi-
cal modeling of patient subpopulations: ef-
ficient designs of phase II oncology clin-
ical trials”. In:  Clinical Trials 10.5
(2013), pp. 720-734. Dpor: 10 . 1177/
1740774513497539

e Thall, P. F. et al. “Hierarchical Bayesian
approaches to phase II trials in diseases
with multiple subtypes”. In: Statistics in
Medicine 22.5 (2003), pp. 763-780. DOI:
10.1002/sim.1399

e Neuenschwander, B. et al. “Robust ex-
changeability designs for early phase clini-
cal trials with multiple strata”. In: Phar-
maceutical Statistics 15.2 (2016), pp. 123—
134. por: 10.1002/pst.1730

Hobbs, B. P. et al. “Commensurate priors for in-
corporating historical information in clinical tri-
als using general and generalized linear models”.
In: Bayesian Analysis (Online) 7.3 (2012), p. 639.
DOIL: 10.1214/12-ba722

Gravestock, 1. et al. “Adaptive power priors with
empirical Bayes for clinical trials”. In: Pharma-
ceutical Statistics 16.5 (2017), pp. 349-360. DOI:
10.1002/pst.1814

Weber, S. et al. “Applying meta-analytic-
predictive priors with the R Bayesian evidence syn-
thesis tools”. In: arXiv preprint arXiv:1907.00603
(2019). por: 10.18637/jss.v100.119

Lim, J. et al. “Minimizing patient burden through
the use of historical subject-level data in innova-
tive confirmatory clinical trials: review of methods
and opportunities”. In: Therapeutic Innovation €
Regulatory Science 52.5 (2018), pp. 546-559. DOI:
10.1177/2168479018778282

Hobbs, B. P. et al. “Bayesian basket trial design
with exchangeability monitoring”. In: Statistics in
Medicine 37.25 (July 2018), pp. 3557-3572. ISSN:
1097-0258. DOI: 10.1002/sim.7893. URL: http:
//dx.doi.org/10.1002/sim.7893

Jin, J. et al. “Bayesian methods for the analysis of
early-phase oncology basket trials with information
borrowing across cancer types”. In: Statistics in
Medicine 39.25 (July 2020), pp. 3459-3475. ISSN:
1097-0258. DOI: 10.1002/sim.8675. URL: http:
//dx.doi.org/10.1002/sim.8675

Chu, Y. et al. “A Bayesian basket trial design us-
ing a calibrated Bayesian hierarchical model”. In:
Clinical Trials 15.2 (Mar. 2018), pp. 149-158. I1SSN:
1740-7753. po1: 10.1177/1740774518755122. URL:
http://dx.doi.org/10.1177/1740774518755122

Psioda, M. A. et al. “Bayesian adaptive basket trial
design using model averaging”. In: Biostatistics
22.1 (May 2019), pp. 19-34. 1SSN: 1468-4357. DOT:
10.1093/biostatistics/kxz014. URL: http://
dx.doi.org/10.1093/biostatistics/kxz014

Neuenschwander, B. et al. “On the Use of Co-Data
in Clinical Trials”. In: Statistics in Biopharma-
ceutical Research 8.3 (July 2016), pp. 345-354.
ISSN: 1946-6315. DOI: 10.1080/19466315.2016.
1174149. URL: http://dx.doi.org/10.1080/
19466315.2016.1174149
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Table A.4: Data extracted from studies

Study ID

Title of the article

Publication year

Was the article a protocol or report?

What was the intervention type (Drug,
Medical device, surgical, etc)?

What was the disease area? (Oncology, In-
fectious Diseases etc)

If Oncology, what type of cancer?
Was the study a master protocol?

If master protocol, specify which type
Was the statistical model specified?

Was the analytical technique specified?
(e.g. MCMC)

Was the prior distribution specified?
Was the prior distribution justified?

To which did they borrow? (control arm,
treatment effect..)

What was the source of the external data?
(previous trials, real-world evidence, ex-
pert opinion..)

Did they explicitly cite the source of the
external data?

Was this included in the protocol?
For those that used expert opinion elicita-

tion, did they use a formal framework e.g.
SHELF?

How was similarity between historical and current
studies assessed?

Which borrowing method did they use?

For those that used fixed downweighting, how was the
discounting weight arrived at?

For those that used Robust MAP, what weight was
assigned to the informative component?

How was this weight decided upon?

For the trials that used the robust MAP, how vague
was the robust component?

For the trials that used the robust MAP with normal
endpoint, where was the robust component located?

For the trials that used the MAP prior, what prior was
used for the between study heterogeneity parameter?

For trials that used Bayesian hierarchical model, what
prior was used for the heterogeneity parameter?

For those that used commensurate prior, what prior
was used for the commensurability parameter?

Was historical data reported in terms of Effective sam-
ple size?

Which ESS method did they use?

What was the ratio of historical effective sample size
to current data sample size?

Was a sensitivity analysis conducted in addition, to
check the influence of the borrowing parameters on the
results?

Was a central tendency measure reported?

Did they report standard deviation or credible inter-
vals?

Which success criterion did they use?




B Key aspects on borrowing external data

B.1 Source of borrowed data

In borrowing data, the sources of borrowing can be external or internal.
External sources include previous trials, Real-World evidence (RWE) or in-
formation elicited from experts. RWE refers to data obtained outside the
confines of a strictly controlled trial, e.g., patient registries [8]. In elici-
tation from experts, the SHeffield ELicitation Framework (SHELF) [9] is a
commonly used structured approach for experts to express opinions through
probability distributions which can then be used as informative priors. Mor-
gan et al. [10] have conducted a systematic review identifying methods of
expert elicitation used in clinical trials. Internal sources include borrowing
between arms within a trial, for example, in basket trials. Basket trials are
a specific type of a clinical trial where a single therapy is evaluated across
different types of tumors with a common mutation (see e.g. [11-13]). In
such a setting, especially if some arms might have small sample sizes, infor-
mation is borrowed across arms. Platform trials represent a special case of
borrowing within a trial. These trials involve a shared infrastructure allow-
ing multiple treatment arms to be compared to a common control group,
with such interventions able to enter or leave the trial over time (see e.g.
[13-15] for more information on platform trials).

Distinguishing between different sources of external data is important
as different assumptions, for example when evaluating operating charac-
teristics, may be applicable depending on the source of data. Information
obtained from historical trials or elicited from experts would be known at
the design stage. For concurrent and same trial information, however, the
information is obtained alongside the current trial and, therefore, not known
at the design stage. With respect to RWE, while such data may be available,
it may not have been extracted yet.

B.2 Target of borrowing

External information may be borrowed for the control arm of a study: a
clinical trial investigating efficacy of a novel treatment compared to the
standard of care may use the information available on the standard of care
from previous studies. Borrowing external information to the control arm
leads to the so-called hybrid-control designs. As there is usually quite some
information available on the control /standard of care arm, such designs have
seen increased usage [16, 17]. Other times the external information available
may be on the treatment effect directly, for example, as is the case in one
arm trials, or when information is summarized in terms of treatment effect.
In basket trials, as there is typically no control arm, information is borrowed
between the treatment arms of the different baskets.



B.3 Assessment of external data suitability

As mentioned before, the external data needs careful selection. Pocock [18]
outlined six conditions for historical and current controls comparability:

1. The group must have been treated with exactly the same treatment
as the randomized controls in the current study.

2. The group must have been part of a recent clinical study with the
same requirements for patient eligibility.

3. The methods of treatment evaluation must be the same.

4. The distributions of important patient characteristics in the group
should be comparable with those in the new trial.

5. The historical study must have been performed in the same organiza-
tion with largely the same clinical investigators.

6. There must be no other indications leading one to expect different
results between the current and the historical controls.

In this review, we evaluated whether the studies assessed Pocock’s criteria.
One may also adjust for relevant covariates in the analysis, though this
requires access to the patient-level data.

B.4 Borrowing methods

Even if the external data has been careful selected, there might still be
differences between the current and external information. To mitigate risks
associated with prior-data conflict, different methods have been proposed
for incorporating the external data. A description of the main borrowing
methods is provided below.

Power prior The power prior approach [2, 3] assumes a common param-
eter for the external and current data, but downweights the likelihood of
the external data. Suppose D.,: represents the external data generated by
Oert. Assuming an initial vague prior mg, the posterior distribution for the
external data parameter is obtained as

ﬂ'(eewt‘Dex’t) X L(0€$t|DeJ}t)7T0(0€Z’t)'

With interest in the inference of parameter 6 for the current data, the power
prior assumes 0., = 6, but downweights the external data to fulfill such an
assumption. The posterior distribution above would then form the prior
for the current data with the likelihood of the external data downweighted.



The power prior for the current parameter § would then be constructed as
follows;
(0], Degt) < L(O]Deg)*mo(0),

where a, 0 < a < 1, is the power parameter. The downweighting is, there-
fore, driven by «, with a = 0 corresponding to no inclusion of the external
data and a = 1 corresponding to pooling the current and external data.
Different ways have been proposed for obtaining the value of a. All publica-
tions identified used a fixed value of « apriori (aka conditional power prior),
for instance by eliciting its value from experts, in which case borrowing does
not adapt to drift and is not dynamic. Dynamic approaches could be used,
however. Gravestock et al. [7] propose an empirical Bayes approach where
« is estimated based on the data. A different approach from the above as-
signs a prior for the power parameter (See e.g. Neuenschwander et al. [19]
and Banbeta et al. [20]). Choice of «, therefore, needs to be reported and
justification for the choice provided.

Meta-analytic predictive (MAP) prior Another dynamic borrowing
approach is the meta-analytic predictive (MAP) prior proposed by Neuen-
schwander et al. [4]. Suppose there are K external studies each with data
Dy, modeled by f(Dg|0k), where 6, is the corresponding parameter. Suppose
further that 6 is the current data parameter. The meta-analytic predictive
approach assumes the model parameters of the external and current data to
be exchangeable. Specifically,

01,...,0K,0 ~ N(u,7°%),

where p is the population mean and 72 is the between-trial heterogeneity
parameter. The MAP prior myap(0) = w(6|D1,. .. Dg). The heterogeneity
parameter above drives the borrowing; a small value is akin to pooling the
external and current data, while a large value corresponds to independent
analysis where the external data plays no role. A fully Bayesian approach
is often take with a non-informative prior used for p while an informative
prior is typically given to 72. The half-t prior distributions have been recom-
mended for 7 [21], especially when the number of external studies is small.
The inverse-gamma (v, ) prior has been investigated in the literature as a
potential alternative prior for 72 but has been shown to be very sensitive to
the input parameters o and § [21, 22]. While the MAP prior was initially
designed for multiple external studies setting, Rover et al. [23] illustrate the
MAP prior based on a single study. Derivation of the MAP prior under non-
conjugate prior choices involves MCMC and a translation to a parametric
form is needed. To ease the computational and communication burden as-
sociated with this, it has been proposed to approximate the MAP prior by
a mixture of conjugate priors [1, 24, 25].



Robust MAP prior To protect against potential prior-data conflict,
Schmidli et al. [1] proposes to “robustify” the MAP prior above. Specif-
ically, the robust MAP prior is given as follows;

TrRMAP(0) = wrprap(0) + (1 — w)Tpobust (0), (1)

where w is the prior weight assigned to the MAP prior and mopyust(6) is
the robustifying component. The robust MAP above is combined with the
current data D, to yield a posterior distribution of the form

TRMAP (0| D) = wmpap(0|D) + (1 — @) Trobust (0] D). (2)

Dynamic borrowing is then achieved via update of the weight, where the
weight is updated as follows;

meAP<D)
meAP(D) + (1 - w)anobust(l))7

w =

where myap(D) and myopust (D) are the marginal likelihoods of the data
under the MAP and robust component, respectively.

From (1), it is clear that in addition to formulation of the MAP prior, the
prior weight w as well as the robust component need to be chosen. The
prior weight can be elicited from experts, for example using a dedicated
elicitation framework like the Sheffield Elicitation Framework (SHELF) [9].
The choice of my.opyst(#) is also crucial. Weru et al. [26] investigate the choice
of parameters for the robust mixture prior, illustrating how some choices can
lead to undesired performances.

Bayesian hierarchical model (BHM) In basket trials, the Bayesian
hierarchical Model (BHM) is the historically most well-known approach used
to facilitate borrowing in this context [5, 6]. Suppose there is a basket trial
with K baskets/cohorts each of size ni. We consider a binary endpoint since
these are common in basket trials. Suppose yi is the number of responders
in basket k, and

Yk ~ Bin(nk, ﬂ'k),

where 7 is the true response rate in basket k. A logit transformation

of 7y is commonly used, here denoted as 0 = log(77% k) In this model,

0 ~ N(u,72), where u is the population mean and 72 is the between-cohorts
variance. The degree of borrowing is determined by 7, with 0 corresponding
to pooling and 7 — oo corresponding to independent analysis. Again, the
choice of 72 is, therefore, crucial. Similar considerations as in the MAP prior
above for 72 apply.

Clustered BHMs (CBHM) have also been suggested that group similar
cohorts into subgroups such that information is borrowed depending on the
similarity within subgroups. In this context, Chen et al. [27] propose using
a Dirichlet process to dynamically determine the number of clusters.



Fujikawa’s approach Fujikawa et al. [28] proposed another approach to
share information across baskets. The approach proceeds in two steps. In
the first step, the baskets are analyzed individually to obtain the basket-
specific posterior distributions. Suppose there are 7 observed responders
in basket k of size nj; with a true response probability py. Given a beta
prior distribution, Beta(ag,by), for pi, the resulting posterior distribution
in basket k is given as follows;

7w (pk|Dy) = Beta(ay, + ri, by + ng — 71),

where Dy = {rg,ni} is the data for basket k. In the second step, the final
posterior distribution for basket k is obtained where information is now
shared between baskets. Specifically, the posterior distribution for basket
k in this step is a weighted sum of the individual posterior parameters as
follows;

K K
7(px|D) = Beta (Z wii(a; + 1), Z w i (b + 1 — 7"1)> )

i=1 =1

The weights measure similarity between the posterior distributions in step
1 for two baskets. The authors use the Jensen-Shannon divergence (JSD)
to compute the weights as follows;

Wk =

)

(1 = JSD(m(pk| Dy ), w(ps| Di))* if (1 —JSD(w(px|Dy), w(pi| Di))* > ¢,
0 otherwise,

where € and ( are tuning parameters. These need to be specified and justi-
fied.

Adjusting for covariates, e.g. through linear regression or matching ap-
proaches, to correct for measured confounding between the current and ex-
ternal data can also be used. Nonetheless, the dynamic borrowing methods
above help remedy problems associated with unmeasured confounding.

A summary of the tuning parameters that require specification and justifi-
cation for the different borrowing methods is provided in Table B.5 below.
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Table B.5: Summary of the tuning parameters to be justified for the bor-
rowing methods identified in the review. Depending on the method, tuning
parameters may be fixed or may be assumed to follow a prior (the distribu-
tion of which and hyperparameters to be selected). In contrast to the other
methods, the fixed power prior fixes the strength of borrowing independent
of the drift.

Borrowing method Tuning parameter
Fixed power prior «

Meta-analytic predictive (MAP) prior 72

Robust MAP prior w and Tpopyst (6)
Bayesian hierarchical model (BHM) T

Fujikawa’s approach e and ¢

All borrowing methods rely on parameter settings that regulate the
amount of information borrowed.

B.5 Effective sample size

Quantifying the informativeness and impact of the prior is of key importance.
The informative prior can be translated into a more intuitive metric called
the prior effective sample size (ESS) which represents how many observations
the prior is worth. In simple settings, the ESS can be easily obtained. For
example, for a binomial likelihood with a conjugate Beta(a, b) prior, the ESS
is easily obtained as (a+b). For a normal prior with variance 72 for the mean
of data from a normal distribution with variance o2, the ESS is simply o2 /72
[29]. For more complex settings, different approaches have been suggested
for calculating the ESS of a prior, with computations becoming non-trivial
for non-conjugate priors. A description of the main ESS methods is provided
below.

Suppose the prior of interest is denoted as 7(#). Such a prior can be
thought of as the posterior of an earlier study, denoted as g,,(0|D), where a
vague prior was combined with the data D of sample size m. The approach
by Morita et al. [30] involves obtaining the sample size m by matching the
curvature of these two densities at the mean.

Hobbs et al. [31] propose a computation of the ESS based on the ratio
of posterior precision as follows;

prec(0|D, Deyyt)
* -1,
prec(0|D)

where prec(0|D, D.y) is the posterior precision of # under the model incor-
porating external data , prec(|D) is the posterior precision of 6 under a
reference prior and n is the current data sample size.
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Neuenschwander et al. [32] propose the so-called expected local-information-

ratio (ELIR) ESS. This ESS is a ratio of the information of the prior of inter-
est and the expected Fisher information of one information unit, integrated
over the prior distribution of 8. Specifically,

i(m(9))
ir(0) }’

ESSerLir = Ep {

where if(6) = —Ep, jo{ C1at Uy and i(n(h)) = —Llogr®)

The above ESS metrics are, however, independent of the current data.
Wiesenfarth et al. [33] propose the effective current sample size (ECSS) that
takes into account potential prior-data conflict. They consider a posterior
arising from combining a reference prior with data of sample size k, and a
posterior combining the prior of interest and data of sample size kK —m. The
aim is then to find the m that minimizes the difference in the MSE induced

by the posterior mean of the two posteriors,

MSE{W(H‘Dl(k—mﬂ} - MSE{Wreference<9’D1:k)}-

B.6 Essential items to report in Bayesian analysis

Clear reporting of Bayesian analysis, as with any statistical analysis, is cru-
cial to ensure understanding and transparency of the analysis to readers.
When an informative prior is used, clear explanation of the choice of prior
is needed. To aid in standardized reporting of Bayesian analyses, several
guidelines have been developed. Sung et al. [34] developed the so-called
ROBUST (Reporting Of Bayes Used in clinical STudies) items. ROBUST
is a list of seven items deemed important in reporting Bayesian analysis of
a clinical trial, and grouped into three categories pertaining to the prior
distribution, analysis and results. Spiegelhalter et al. [35] proposed a 10-
item checklist (BayesWatch) in the context of health technology assessment
detailing key items to report in a Bayesian analysis to ensure replicabil-
ity of the analysis. In addition to the usual items like prior distribution
specification, BayesWatch asks for items such as clear description of the
study design as well as the loss function used. Most recently, Kruschke
[36] proposed BARG (Bayesian Analysis Reporting guidelines), which is a
more extensive and general guideline on reporting of Bayesian analysis, and
largely subsumes ROBUST and BayesWatch.
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