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Abstract

Background Multiple treatment options frequently exist for a single medical condition with no single standard

of care (SoC), rendering a classic randomised trial comparing a specific treatment to a control treatment infeasible.
A novel design, the personalised randomised controlled trial (PRACTical), allows individualised randomisation lists
and borrows information across patient subpopulations to rank treatments against each other without comparison
to a SoC. We evaluated standard frequentist analysis with Bayesian analyses, and developed a novel performance
measure, utilising the precision in treatment coefficient estimates, for treatment ranking.

Methods We simulated trial data to compare four targeted antibiotic treatments for multidrug resistant bloodstream
infections as an example. Four patient subgroups were simulated based on different combinations of patient and bac-
teria characteristics, which required four different randomisation lists with some overlapping treatments. The primary
outcome was binary, using 60-day mortality. Treatment effects were derived using frequentist and Bayesian analytical
approaches, with logistic multivariable regression. The performance measures were: probability of predicting the true
best treatment, and novel proxy variables for power (probability of interval separation) and type | error (probability

of incorrect interval separation). Several scenarios with varying treatment effects and sample sizes were compared.

Results The Frequentist model and Bayesian model using a strong informative prior, were both likely to predict

the true best treatment (Ppesr > 80%) and gave a large probability of interval separation (reaching a maximum

of Pis = 96%), at a given sample size. Both methods had a low probability of incorrect interval separation (Pys < 0.05),
for all sample sizes (N = 500 — 5000) in the null scenarios considered. The sample size required for probability

of interval separation to reach 80% (N = 1500 — 3000), was larger than the sample size required for the probability
of predicting the true best treatment to reach 80% (N < 500).

Conclusions Utilising uncertainty intervals on the treatment coefficient estimates are highly conservative, limit-
ing applicability to large pragmatic trials. Bayesian analysis performed similarly to the frequentist approach in terms
of predicting the true best treatment.
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Background

With rapid advancements in medical science, novel
treatments are increasingly complex and often cater
to specific patient subgroups [1, 2]. This trend towards
individualised care requires stringent enrolment criteria
for conventional two-arm randomised controlled trials
and often makes them infeasible to perform due to high
costs and limited generalisability [3]. In addition, multi-
ple alternative treatment options for the same disease are
often assumed to be of similar efficacy with a lack of clear
evidence showing which is best [4—6]. This means there
are multiple standards of care (SoC), posing challenges
in defining a single control arm for comparison. New
approaches for randomised controlled trials (RCTs) are
needed to overcome these barriers.

Multi-arm trials allow multiple interventions or treat-
ment arms to be compared simultaneously [7]. Such tri-
als offer potential efficiency gains, i.e. time, costs and
participant recruitment efforts, by reducing the need
for separate trials for each new intervention. However,
multi-arm trials impose more stringent eligibility criteria
for participation than a two-arm trial, as a patient often
should be eligible for all treatments in the trial, and they
frequently require a single SoC [8-10].

Magaret et al. [11] proposed a multi-arm trial design
which did not require a single ‘SoC’ treatment. Walker
et al. [12] extended this idea by proposing the “Per-
sonalised Randomised Controlled Trial” (PRACTical)
design. This design allows each trial participant to be
randomised amongst treatments in a “personalised” ran-
domisation list that only contains treatments suitable
for them. Hence, a patient may be enrolled into the trial,
as long as they are eligible for at least two treatments in
the overall ‘master list’ of treatment options. The analy-
sis is likened to a network meta-analysis, where partici-
pants randomised within the same randomisation list
are analogous to a single trial and the multiple different
lists represent the multiple different trials. Both direct
and indirect evidence are used to rank the efficacy of
each treatment across the master randomisation list. The
ongoing NeoSepl trial (ISRCTN 48721236), which aims
to rank antibiotic regimens for neonatal sepsis, is the first
trial to use the PRACTical design.

The initial PRACTical design [13] utilised a multi-
variable logistic regression model which incorporated
both the treatments and patient subpopulations as fixed
effects, using a frequentist approach, to rank treatments.
Alternatively, a Bayesian approach could be utilised to

create such a multivariable logistic regression model,
to allow the inclusion of prior (or historical) informa-
tion gathered from previous observational studies and/
or clinical trials. The main performance measures sug-
gested in the PRACTical design [12—14] were based on
point estimates, as Walker et al. [12] suggest it is more
important to avoid the worst treatment, than pick a sin-
gle best treatment. This approach may be well suited if a
trial only includes treatments which are already approved
and clinically accepted for eligible patients. However, if
a trial includes novel treatments, or one would want to
remove inferior treatments from practice guidelines or a
platform trial, confidence intervals would be important
for considering type I and type II errors.

The objective of this simulation study is to extend the
analysis of the PRACTical design and compare a Bayesian
approach with the previously recommended frequentist
approach. In addition, we will evaluate the feasibility of
a novel performance measure, which considers uncer-
tainty intervals for the treatment coefficient estimates,
against those measures which have been previously
recommended.

Methods

Motivational example

An example for demonstrating the performance of the
PRACTical design is a multicentre randomised trial
comparing effectiveness of treatments for severe Gram-
negative bacterial infections, such as bloodstream infec-
tions. There is no single SoC for the targeted treatment of
highly multidrug resistant Gram-negative bacterial infec-
tions [6] and given the numerous deciding factors behind
antibiotic choice, the PRACTical design would be appro-
priate in this setting.

In the PRACTical design, an individual patient will be
randomised, with equal probability, between treatments
to which they are eligible. This personalised randomisa-
tion list of treatments is referred to as a patient’s pattern
[13], patients who share the same pattern are part of the
same subgroup. In our simulated trial, a patient may not
be eligible for a particular antibiotic treatment due to
allergy or intolerable side effects, and/or because the bac-
terial pathogen(s) cannot be effectively targeted by the
treatment.

The primary outcome of the simulated trial was
60-day mortality (binary). We explored total sample
sizes ranging between 500 and 5,000 patients, recruited
equally among 10 sites, where the distribution of
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Table 1 Possible treatment options and randomisation lists

Antibiotic Pattern S, Pattern S, Pattern S Pattern S,
Treatment, j

A X v X v

B v v v v

C v v v v

D x x 4 v

patient subgroups was assumed equal across sites. The
presumed mortality through our scenarios was mostly
varied between 20 to 50%, similar to what is expected
for patients with highly multidrug resistant Gram nega-
tive bloodstream infections [15, 16].

Notation

Four treatments were denoted by j=A,B,C,D.
Each patient was assigned a subgroup k=1,..,K,
where K =4, based on which treatments they were
eligible for, at each trial siteg = 1, ..., Q, where Q = 10.
Each patient was then only randomised to a treat-
ment within their pattern, Si,, where patients in the
same subgroup shared the same pattern. We assumed
all treatments were available at each trial site, and each
site had patients eligible to the four different patterns.
Hence, each pattern, S, was the same for all sites.

The total trial sample size was denoted by N.
Then, the sample size of each patient subgroup, k,
was 1 = A - N, where A represented the frequency
(%) of each subgroup,k =1,..,4, in the trial. Patient
subgroup and their site allocation were generated from
multinomial distributions, where each patient had a
probability of 1/Q and 4; = 1/K of being from each site
and assigned to each subgroup k, respectively.

The probability of a patient from subgroup k, who
was assigned treatment j, meeting the primary out-
come, was denoted by Py = P(yj = 1), where yj =1
represented 60-day mortality and yj =0 otherwise.
The primary outcome was generated from a binomial
distribution.

Randomisation lists

In our simulated trial, personalised randomisation lists
were drawn from a list of four possible antibiotic treat-
ments, and patients were assigned to one of four sub-
groups (Table 1). In this arbitrary example, there was
a minimum overlap of two treatments between pat-
terns. The treatments in the simulated trial were then

Page 3 of 14

ranked using both direct and indirect evidence across
the patient subgroups.

Analysis

Similarly to network meta-analysis, we analysed all sub-
groups together, making use of direct comparisons (i.e.
comparing treatments within each pattern), as well as
indirect comparisons (i.e. comparing treatments across
patterns) to produce an overall ranking of all the treat-
ments [14]. This assumed that patients were comparable
within subgroups, which was established by randomisa-
tion based on the same pattern. An additional assump-
tion required for network meta-analysis is consistency,
which refers to the agreement between direct and indi-
rect evidence, subject to the expected variation under the
random-effects model for meta-analysis [17]. Here, we
assumed the log odds ratio between treatments’ mortal-
ity probabilities was consistent across all subgroups.

We implemented logistic regression as proposed by
Lee et al. [13], with the binary 60-day mortality out-
come as the dependent variable, and treatments and
patient subgroups as independent categorical vari-
ables, included as fixed effects. This fixed effects model
included a coefficient (the log odds for the risk of
death), ¥, for each treatment, j, for a patient in the
reference subgroup, k7 = 1. It also included a coefficient
(the log of the odds ratio for the risk of death for each
patient subgroup, k = 2, ..., K, in comparison to the refer-
ence subgroup, k7 = 1), In(ay/oy,), for each patient sub-
group, k = 2,.., K.

logit(ij) = In(otg /o) + Yikr

In addition, we further investigated a mixed effects
model, where the treatments were categorised as fixed
effects and the patient subgroups were treated as random
effects (Additional file 1). Neither the fixed effects nor
mixed effects models included a coefficient to account for
the potential difference in treatment mortality probabil-
ity across sites.

We investigated two different analysis methods: a fre-
quentist approach (using the R package ‘stats’ [18] and
a Bayesian approach (via the R package ‘rstanarm’ [19]).
The Bayesian method used three strongly informative
normal priors, based on one representative, and two
unrepresentative historical datasets [20]. We chose to use
both representative and unrepresentative priors because,
in practice, it is unclear whether historical trial data will
reliably represent a new trial. This approach allowed us
to evaluate the impact of different priors on the perfor-
mance of the Bayesian method. The Bayesian approach
used a prior for all seven coefficients (four treatment
coefficients and three subgroup coefficients). The
means of the priors were calculated by fitting a logistic
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Scenario, S

True mortality probability of treatments, Py

S1 series: Various effects across treatments

1.1
Null

1.2:
One best treatment

1.3
Small difference

14
One worst treatment

S2 series: Different effects across subgroups or sites

2.1:
Null, Subgroup effect

2.2%
Small difference, subgroup effect

2.3
Small difference, site effect

All treatments had equal mortality probabilities for all patient subgroups:
Py=37.5%, j = ABCDandk =1,234

Treatment B had a smaller mortality probability than treatments A, C, D for all patient subgroups:
Pgi=35%, k = 1,2,3,4; and
Px=45%, j=A,C,Dandk =1,2,3,4

All 4 treatments had different mortality probabilities, which was equal across patient subgroups:
Pak=30%; Pgx= 35%; Pcy= 40%; Ppx=45%k = 1,2,3,4

Treatment B had a larger mortality probability than treatments A, C, D for all patient subgroups:
Ppe=45%k = 1,2,3,4; and
Pi=35%,j = A C,Dandk = 1,2,3,4

All treatments had equal mortality probabilities, but it was different across the patient subgroups:
Subgroup 1:P;=30%,j = B,C

Subgroup 2:Pp=35%,j = A,B,C

Subgroup 3:P;=40%,j = B,C,D

Subgroup 4:Pjs=45%,j = A, B,C,D

All treatments had different mortality probabilities, which varied across patient subgroups:
Subgroup 1:Pai= NAPgi= 25.0%,Pci= 29.9%,Pp= NA

Subgroup 2:Par= 29.1%,Pgo= 35.4%Pry=41.3%,Ppr= NA

Subgroup 3:Pa3= /\/A,P53: 711 %,ch: 76.0%,PD3: 79.9%

Subgroup 4:Paa= 78.2%,Pga= 82.8%,Pc4= 86.1%,Pps= 88.6%

All treatments had different mortality probabilities, which were constant across patient sub-
groups, which were the same in 8 study sites but different to the other 2 sites:

g=3,.,10:

Pakg= 30%Parg= 35%Pcig= 40%Pprg= 45%k = 1,2,3,4,

g=12

Parg= 20%,Pgrg= 25%,Pckg= 30%,Pprq= 35%k = 1,2,3,4,

Treatments were represented as j, where | = A, B, C, D.Each patient was randomised to a treatment within their pattern,s, . The group of patients who shared
the same pattern,sy, was referred to as a subgroup, k. Unless otherwise stated, treatment mortality probabilities were homogenous across all Q =10 sites and

allK = 4 subgroups

?The use of decimals allows us to keep the treatment difference (the log odds ratio for mortality probability between treatments) roughly equal across the patient

subgroups

regression model to the historical dataset and the stand-
ard deviation of the priors was assigned ‘1’ This standard
deviation value was selected based on preliminary sim-
ulations which showed that it was strongly informative,
but flexible enough to allow the data to influence the pos-
terior distribution when an unrepresentative prior was

utilised.

Here, historical datasets referred to simulated data

a) Various mortality probabilities per antibiotic, which
was constant across patient subgroups (Scenarios
S1);

b) Various mortality probabilities across patient sub-
groups, with constant log odds ratios between treat-
ments across subgroups (Scenarios S2.1 to 2.2);

c) Various treatment mortality probabilities across trial
sites (Scenarios S2.3).

representing a previous study of sample size 500; ‘repre-
sentative’ referred to the case where the underlying dis-

tribution of the simulated historical dataset was identical
to the simulated current trial dataset; ‘unrepresentative’
referred to the case where the underlying distribution of
the simulated historical dataset was different from the
simulated current trial dataset. (Table SM1 in Additional

file 1).

Simulation scenarios

We simulated 1000 trial datasets based on each of the fol-

lowing scenarios (Table 2):

Baseline mortality probability (probability of mortality
if no treatment was received) was assumed to be higher
than the worst performing treatment per subgroup for all
scenarios. Additional scenarios, varying average mortal-
ity probabilities and patient subgroup frequencies, can be
found in Additional file 1 (Table SM2).

Performance measures

We utilised the following performance measures, listed
in Turner et al. [14] to compare the four analysis meth-
ods across scenarios. Additional performance measures
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from Lee et al. [13] were also reported in Additional
file 1. Here, the expectation,E, was taken with respect
to the 1,000 trial iterations and the hat symbol, , was
used to denote variables estimated from the simulated
data.

The analysis methods explained above were used to
evaluate the best treatment, creating an overall ranking
across the subgroups. Let }'\k = argminjeskﬁjk indicate
the estimated best treatment in pattern S. This was the
treatment with the lowest estimated mortality rate Py,
which would be recommended to patients in subgroup k
[13].

+ Reduction in mortality ratio (RMR): the mean mor-
tality reduction by choosing the top-ranked treat-
ment, jk, to treat a future population compared to
picking a treatment at random, divided by the mean
mortality reduction with the true best treatment
compared to picking a treatment at random, range
-Inf to 1 (desired). Let the observed frequency of
each subgroup &, be written as 4.

RMR =E [Zkik (avejes, Py — zﬁkp} /E [Zkik (avejes, Pjx — minjes, PM
+ Best treatment probability (Py): proportion of sim-
ulations where the top-ranked treatment, ji , was
truly the best treatment. Let I(.) represent an indica-
tor function, range 0 (not true best treatment across
all trial iteraticins) to 1 (desired).
Py = E| Skl (B = minjes; Py )|

+ Improvement over random choice (IORC): propor-
tion of simulations where the top-ranked treatment,
ji» was truly better than a randomly chosen treat-
ment, range 0 (EO difference) to 1 (desired).
IORC = E [zkxkl(% = avejegkp,k)}

In addition, we proposed a proxy variable for power
and type I error. This was based on a comparison of the
treatment coefficients and their 80% Wald confidence
intervals (Cls) for the frequentist method, or 80% central
credible intervals (Crls, sometimes referred to as uncer-
tainty intervals), for the Bayesian methods [19], for each
treatment. When comparing the ClIs/Crls of a pair of
treatments (

A and B) if they were separated (ie did not overlap),
we concluded them to be sufficiently different (where
the treatment with the largest coefficient was selected as
worst), unless there existed a third treatment (C) whose
Cls/Crls overlapped with the ClIs/Crls of the first two
treatments (A and B), and in this case we concluded
equivalence between all three treatments. The same
reasoning was applied if there were a higher number
of treatments. The names we have given to these proxy
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variables depended on the underlying truth of the sce-
nario investigated.

The size of the CIs/Crls used will have an impact on
how these measures perform; increasing the size of the
intervals would produce more overlap and thus, a more
conservative measure, while decreasing their size could
produce less overlap and hence, a more powerful meas-
ure. We chose 80% ClIs/CrIs as this balanced sample size
feasibility.

Probability of incorrect interval separation

For the null scenarios, probability of incorrect interval
separation was used as a proxy variable for type I error.
It was estimated by the proportion of iterations which
incorrectly identified any of the treatments as best, singu-
larly or in combination with any of the other treatments.
As this measure is a proportion it is bound between 0
(desired) and 1.

Each graph in Fig. 1 shows four treatment options
(ordered on the y axis) with their estimated treatment
coefficient and 80% ClIs/Crls (indicated on the x axis).
The first row represents the underlying true (null) sce-
nario. The second row illustrates iterations that would not
commit a Py error, as all four treatments have overlap-
ping CIs/Crls and thus, the correct conclusion of all four
treatments being equivalent is reached. The final three
rows illustrate iterations that would commit a Py  error,
classified into three types: Py (i), (ii), (iii) depending on
if the trial incorrectly concludes 1, 2 or 3 best treatments,
respectively. The three types of probability of incorrect
interval separation have varying degrees of repercus-
sions. For example, it is worse to incorrectly conclude a
single best treatment (i), therefore recommending the
removal of three perfectly adequate treatments from the
SoC, than concluding 3 equally best treatments (iii), thus
removing only one treatment from the SoC guidelines.

We considered that a probability of incorrect interval
separation below some level « (for example 5%), implied
the probability of concluding a difference in treatments
when one does not exist (type I error) is controlled
at the « level, as such, there is no need for multiplicity
adjustment.

Probability of interval separation

Probability of interval separation was used as a proxy
variable for power. It was estimated by the proportion of
iterations which correctly identified differences between
the treatments. This measure is context specific, depend-
ing on if the focus is on correctly identifying the prede-
fined worst treatment(s), the true best treatment(s), or
the true ranking of all included treatments. We chose
to focus on finding the predefined worst treatment(s) in
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order to remove them from practice guidelines. As this
measure is a proportion, it is bound between 0 and 1
(desired).

In the simulation scenario where there were three
worst treatments (Scenario 1.2, Fig. 2a), simulation iter-
ations which concluded that the single predefined best

treatment was indeed best, were considered to have
correctly identified interval separation. In the simula-
tion scenarios where all treatment mortality probabili-
ties were different (Scenarios 1.3, 2.2-2.3, Fig. 2b), we
considered two instances where an iteration would cor-
rectly identify interval separation. In the first, PIS (i),
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Fig. 2 Probability of interval separation, in scenario 1.2 (a) and 1.3 (b)

if the trial correctly identified the true worst treatment
and, to allow for more flexibility in our measure, in the
second, PIS (ii), if the trial correctly identified at least
one of the true bottom two treatments.

Each graph shows four treatment options (ordered
on the y axis) with their estimated coefficient and 80%
ClIs/Crls indicated on the x axis. Each treatment’s true
ranking is colour-coded shown in the legend. The first
row demonstrates the underlying true scenarios. For
Scenario 1.2, the second row illustrates iterations that
would not commit P¢ error, as the true best treatment
is correctly identified. The third and fourth rows illus-
trate iterations that would commit P¢ error, as the true
best treatment is not correctly identified. For Scenario
1.3, the second and third rows each illustrate itera-
tions that would not commit P;¢ under each definition
(i-ii): P (i), iterations which concluded the predefined
worst treatment as worst and P (ii), iterations which
concluded either or both of the bottom two predefined
treatments as worst.

The null scenarios would give zero for the performance
measures: reduction in mortality ratio, best treatment
probability, improvement over random choice and proba-
bility of interval separation, therefore, these performance
measures are not presented for the null scenarios. How-
ever, the null scenarios remain informative for the prob-
ability of incorrect interval separation.

All simulations and analyses were performed in the R
environment version 4.1.1 [18]. All analyses and plots can
be reproduced using codes at https://github.com/moyin
NUHS/practical_BayesSI.

Results

We found that the Bayesian approach performed simi-
larly to the frequentist approach for all scenarios, in all
performance measures. However, as we utilised three dif-
ferent priors based on the three different historical data-
sets, the performance of the Bayesian approaches varied
across scenarios. There were some scenarios when using
an unrepresentative prior outperformed the representa-
tive prior (e.g. scenarios 1.3—1.4). However, all methods
performed similarly, and the only noticeable differences
were at small sample sizes (N=500), where the Bayes-
ian approach performed better. For all methods, in
all scenarios, all the performance measures improved
with increased sample size. The performance measures:
reduction in mortality ratio, best treatment probability,
and improvement over random choice were consistently
closer to 1 than the probability of interval separation, for
all scenarios and all methods for equivalent sample sizes.

Scenario 1.1 and 2.1: null scenarios
All methods consistently produced small probabilities
of incorrect interval separation, (i.e.<0.05) concluding
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one, two or three ‘best treatment(s)’ in all the null sce-
narios (Figure SM 1, Table SM 3, in Additional file 1).
The treatments which were included in only two patterns
(treatment A and D) were more likely to be incorrectly
predicted as ‘best, when utilising only the point estimates
to rank the treatments (Figure SM 2, Table SM 3, in Addi-
tional file 1).

Scenario 1.2: one best treatment
When there was one true best treatment and three simi-
larly bad treatments (scenario 1.2, Fig. 3a-c), reduction in
mortality ratio, best treatment probability, and improve-
ment over random choice were large (roughly 0.86, 0.90
and 0.90, respectively, for Bayes representative method
with a sample size of 500). However, even though all
methods often correctly predicted the true best treat-
ment, the probability of interval separation was much
lower due to the overlapping Cls/Crls (Fig. 3d). For
example, the Bayes representative method only reached
a probability of interval separation of 0.80 with a sample
size of roughly 3,250 patients (Table SM 4 in Additional
file 2).

Reduction in mortality ratio (a), best treatment prob-
ability (b), improvement over random choice (c), prob-
ability of interval separation (d) in scenario 1.2, when
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using logistic regression comparing frequentist and
Bayesian approaches for sample sizes ranging between
N=500-5,000.

Scenario 1.3: small treatment difference

When all the treatments had a small difference in mortal-
ity probability (scenario 1.3, Fig. 4a-c), reduction in mor-
tality ratio, best treatment probability, and improvement
over random choice were smaller than in scenario 1.2
where there was one best treatment (for a sample size of
500, the Bayes unrepresentative prior 1 method produced
0.77, 0.83, and 0.86, respectively). The Bayesian approach
using the representative prior only reached a probability
of interval separation (to correctly identify the true worst
treatment) of 0.40 even with a sample size of roughly
5,000 patients (Fig. 4d). Whereas it reached a probability
of 0.80 for a sample size of 4,250 patients, for identifying
one of the true bottom two treatments as worst (Fig. 4e,
Table SM 4 in Additional file 2).

Reduction in mortality ratio (a), best treatment prob-
ability (b), improvement over random choice (c),
probability of interval separation based on worst treat-
ment (i) (d), probability of interval separation based
on bottom two treatments (ii) (e) in scenario 1.3, when
using logistic regression comparing frequentist and
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Fig. 4 Results for scenario 1.3

Bayesian approaches for sample sizes ranging between
N=500-5,000.

Scenario 1.4: one worst treatment
When there was one true worst treatment and three
similarly good treatments (scenario 1.4, Fig. 5a-c), reduc-
tion in mortality ratio, best treatment probability, and
improvement over random choice were the largest of
all scenarios investigated (roughly 0.98, 0.99 and 0.99,
respectively, for a sample size of 500, for the Bayes unrep-
resentative prior 1 method). To secure a probability of
interval separation of 80% for the Bayes unrepresentative
prior 1 method, roughly 3,250 patients were needed, see
Fig. 5d. This scenario also produced the largest probabil-
ity of interval separation (Table SM 4 in Additional file 2).
Reduction in mortality ratio (a), best treatment prob-
ability (b), improvement over random choice (c), prob-
ability of interval separation (d) in scenario 1.4, when
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using logistic regression comparing frequentist and
Bayesian approaches for sample sizes ranging between
N=500-5,000.

Scenario 2.2: small treatment difference and subgroup
effect

When the mortality probability of the four treatments
differed across subgroups, where the difference was a
constant log odds ratio across subgroups, the reduc-
tion in mortality ratio, best treatment probability and
improvement over random choice were 0.78, 0.83 and
0.86, respectively for a sample size of 500 for the Bayes
representative method (Fig. 6a-c). The Bayes method uti-
lising the unrepresentative prior 1 produced a probability
of interval separation, reaching 45% for a sample size of
N=5,000 when only predicting the true worst treatment
and 80% for N=4,000 when predicting at least one of



Jackson et al. BMC Medical Research Methodology (2025) 25:149

Scenario 1.4

a

0.99

o 0.98
0 o.97

0.96

0.95

500 1000 1500 2000 3000 4000 5000
Sample Size

c 1.000

0.995

0.990

IORC

0.985

0.980

500 1000 1500 2000 3000
Sample Size

4000 5000

o Frequentist

a Bayes Rep

Fig. 5 Results for scenario 1.4

the two true bottom treatments (Fig. 6d-e, Table SM 4 in
Additional file 2).

Reduction in mortality ratio (a), best treatment prob-
ability (b), improvement over random choice (c), prob-
ability of interval separation based on worst treatment
(i) (d), probability of interval separation based on bot-
tom two treatments (ii) (€) in scenario 2.2, when using
logistic regression comparing frequentist and Bayes-
ian approaches for sample sizes ranging between
N=500-5,000.

Scenario 2.3: Small treatment difference and site effect
None of the methods performed well when the mortal-
ity probability of the four treatments differed across
sites. The reduction in mortality ratio, best treatment
probability and improvement over random choice were
all substantially lower than in previous scenarios, only
reaching 0.66, 0.74 and 0.80, respectively, when the sam-
ple size was 5,000 using the Bayes unrepresentative prior
1 method (Fig. 7a-c). Similarly, the probability of interval
separation for the Bayes unrepresentative prior 1 method,
only increased to 0.40 when predicting the single true
worst treatment and 0.69 when predicting at least one of
the two true bottom treatments, both for a sample size of
5,000 (Fig. 7d-e, Table SM 4 in Additional file 2).
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Reduction in mortality ratio (a), best treatment prob-
ability (b), improvement over random choice (c), prob-
ability of interval separation based on worst treatment
(i) (d), probability of interval separation based on bot-
tom two treatments (ii) (e) in scenario 2.3, when using
logistic regression comparing frequentist and Bayes-
ian approaches for sample sizes ranging between
N=500-5,000.

Additional results were obtained comparing the fixed
effects model with the mixed effects model utilising
additional scenarios and performance measures (Figures
SM 1-10 and Tables SM 3-4 in Additional files 1 and
2). Across the majority of scenarios, fixed effect Bayes-
ian methods produced the largest reduction in mortality
ratio (Figure SM 3), best treatment probability (Figure
SM 4) and improvement over random choice (Figure SM
5). Although, the difference between methods was small.
However, Figure SM 7 shows that the mixed effects fre-
quentist method often outperformed the fixed effects fre-
quentist and Bayesian methods in terms of probability of
interval separation, when the treatment mortality prob-
ability did not vary by patient subgroup (scenarios 1.1—
1.4). However, when the treatment mortality probability
did vary by patient subgroup (scenario 2.2) the mixed
effects frequentist and Bayesian methods consistently
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produced zero probability of interval separation. This is
likely due to the unstable estimates (large CI/Crls) pro-
duced by the mixed effects model, probably caused by
the small number of subgroups (4) included as random
effects in the model [21]. Hence, the fixed effect Bayesian
methods performed best in this scenario, although, the
difference between fixed effect methods was small.

Discussion

In this simulation study, we compared frequentist and
Bayesian methods in various real-world scenarios, and
proposed using interval separation to evaluate the
novel PRACTical design. We showed that the Bayes-
ian approach with a strongly informative prior was only
better than the frequentist approach at a small sample
size where the difference in performance was small.
This was the case for most performance measures, in
most scenarios. In terms of performance measures
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indicative of power, the previously proposed measures
(reduction in mortality ratio, best treatment probabil-
ity and improvement over random choice) were much
larger than our novel measure, probability of interval
separation (sample size of 500 to 1000 versus above
3,500 needed to produce power above 80%, respec-
tively), for all scenarios investigated.

Surprisingly, in some scenarios the Bayesian approach
utilising a strongly informative prior calculated using
unrepresentative historical data, performed better
than utilising a prior calculated using representative
historical data. This was highly dependent on how the
historical data was unrepresentative. However, across
all performance measures and scenarios, the difference
in methods was very small. Furthermore, the explora-
tion of non-informative and weakly informative priors
(utilising a standard deviation of ‘5’ for the priors), also
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produced very similar results to the frequentist method
(data not shown).

The probability of interval separation was less prone
to incorrect conclusions about treatment efficacy when
the treatments were actually equal, compared to pre-
viously proposed measures. These earlier measures,
which relied on point estimates derived from logis-
tic regression, tended to bias away from the null [22],
especially in sparse datasets [23]. In such cases, less
common treatments were more likely to be inaccurately
predicted as the best option. In contrast, the Cls/Crls
for less common treatments were wider, compared to
those for more common treatments, leading to a more
frequent conclusion that all treatments were equally
effective. The size of the CI/Crls could be adapted in
practice depending on clinician judgement and the
particular setting of the trial, which could increase or
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decrease the conservativeness of the interval separation
measure.

Choosing the best performance measure depends on
the goal for the planned clinical trial. The probability of
interval separation is straightforward to interpret, and
it facilitates the conclusions of treatment equivalence
or superiority. Furthermore, the probability of interval
separation could allow the dropping of treatments at
interim analyses in platform trials. Firstly, if the inter-
val separation measure indicates a single best treat-
ment, then the platform trial could be stopped early
for efficacy. Secondly, if it indicates a single (or multi-
ple) worst treatment(s), then specific treatment arm(s)
could be dropped for futility, while allowing the trial
to continue. Finally, as trials are usually set-up to influ-
ence clinical and regulatory decisions, it is important to
control the probability of incorrect interval separation
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(our proxy variable for type I error). The probability
of incorrect interval separation was below 0.05 across
all null scenarios, for all sample sizes and all methods
investigated. Therefore, utilising the interval separation
measure allowed a conclusion of equivalence between
treatments, which was not possible using the previously
proposed measures.

A caveat in the PRACTical design, is that none of the
analytical methods performed well when treatment
mortality probability varied by site (scenario 2.3). The
impact of this heterogeneity in the PRACTical design
is especially important because there is an additional
layer, in that randomisation lists may also vary by site,
not just patient subgroups. Our simulation provides a
useful tool for investigators to explore the relationship
between site heterogeneity and sample size at the trial
design stage.

Our study includes several strengths. We explored
a large number of scenarios, which one could expect
to encounter in real life multicentre trials, and over a
large variety of sample sizes. We compared multiple
approaches (frequentist and Bayesian), and several
analysis models (incorporating the patient subgroups
as a fixed and random effect) within the PRACTi-
cal framework. In addition, we considered the use
of historical data which was both representative and
unrepresentative of the current trial for the Bayesian
approach.

A limitation of our work is that we have not performed
a theoretical analysis. Although our simulations explored
a wide-ranging parameter space which was realistic in
clinical settings, these simulations are still limited to a
finite set of points, which means we cannot extrapolate
results beyond the scenarios tested. Theoretical analy-
sis of the methods explored in this study are beyond the
scope of this manuscript and are left as an avenue of fur-
ther work. An additional limitation of our work is the
arbitrary selection of four patient subgroups and treat-
ments. We did not investigate the impact of the num-
ber of treatments included in each pattern as this was
already explored by Lee et al. [13] and Turner et al. [14].
They found that including fewer treatments per pat-
tern, hence, including less overlap between patterns and
within-pattern information gained, led to lower power
and increased bias. Lastly, further simulations could be
explored such as varying the standard deviation used in
the prior distributions in the Bayesian approaches, the
optimal width of the CIs/Crls to maximise the probabil-
ity of interval separation, while maintaining a probability
of incorrect interval separation below 0.05 adapted to the
specific motivating example and incorporating clinical
judgement, utilising real world data, and including a site
effect in the models.
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Conclusions

Bayesian and frequentist analysis methods could ade-
quately predict the true best treatment, even when we
introduced different treatment mortality probabilities
per patient subgroup. Where the Bayesian methods per-
formed best at smaller sample sizes, regardless of rep-
resentativeness of historical data. Our novel proposed
performance measures probability of interval separation
and probability of incorrect interval separation, which
quantified the precision in treatment estimates, allowed a
conclusion of several ‘best’ treatment(s) or of equivalence
between all included treatments, but would require large
sample sizes. Both the frequentist and the Bayesian anal-
ysis approach, utilising uncertainty intervals, are robust
to allow the PRACTical design to be used in a pragmatic
adaptive platform trial.
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