N

N
N

HAL

open science

Bayesian predictive probabilities a good way to monitor

clinical trials

David Ferreira, Pierre-Olivier Ludes, Pierre Diemunsch, Eric Noll, K. D. Torp,

Nicolas Meyer

» To cite this version:

David Ferreira, Pierre-Olivier Ludes, Pierre Diemunsch, Eric Noll, K. D. Torp, et al..
predictive probabilities a good way to monitor clinical trials. British Journal of Anaesthesia, 2021,
126, 10.1016/j.bja.2020.08.062 . hal-03797833

HAL Id: hal-03797833
https://hal.science/hal-03797833
Submitted on 22 Mar 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution - NonCommercial 4.0 International License

Bayesian


https://hal.science/hal-03797833
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
https://hal.archives-ouvertes.fr

Version of Record: https://www.sciencedirect.com/science/article/pii/S0007091220307960
Manuscript_1aSb3c7cdae74£5040b9¢4913349bc44

Subedited BJA-2020-00184-PM0071.R2; accepted 30-Aug-2020; 3 Tables, 2 figures

Bayesian Predictive Probabilities: a good way to monitor clinical trials.
David Ferreira '2, Pierre-Olivier Ludes 3, Pierre Diemunsch 3, Eric Noll 3, Klaus D. Torp 4,

Nicolas Meyer 23,

! Anesthesiology and Intensive Care Department, CHU Besangon, F-25000 Besangon, France

2Université de Strasbourg, iCUBE, UMR7357, F-67412 Illkirch Cedex, France

3CHU de Strasbourg, Anesthesiology and Intensive Care Department, IHU-Strasbourg, F-67091

Strasbourg, France

“Department of Anesthesiology, Mayo Clinic, Jacksonville, Florida

>CHU de Strasbourg, Public Health Department, GMRC, F-67091 Strasbourg, France

Corresponding Author: Dr David Ferreira. Département d’ Anesthésie et de Réanimation. CHU

Jean Minjoz. 3 Boulevard A. Fleming. 25030 Besancon Cedex. France.
Phone: +33 3.81.66.91.31 fax: +33 3.81.66.90.13

email: dferreira@chu-besancon.fr

Funding Statement: none

Conflicts of Interest: none to disclose

© 2020 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


https://www.elsevier.com/open-access/userlicense/1.0/
https://www.sciencedirect.com/science/article/pii/S0007091220307960
https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S0007091220307960

Abstract

Introduction: Bayesian methods, with the predictive probabilities (PredP), allow multiple
interim analyses with interim posterior probabilities (PostP) computation, without the need to
correct for multiple looks at the data. The objective of this article is to illustrate the use of PredP
by simulating a sequential analysis of a clinical trial.

Methods: We used data from the Laryngobloc trial that planned to include 480 patients to
demonstrate the equivalence of success between a laryngoscopy performed with the Laryngobloc
® device and a control device. A crossover Bayesian design was used. The success rates of the
two laryngoscopy devices were compared. Interim analyses, computed from random numbers of
subjects, were simulated.

Results: The PostP of equivalence rapidly reached the predefined bound of 0.95. The PredP
computed with an equivalence margin of 10% reached the efficacy bound between 352 and 409
of the 480 included patients. If a frequentist analysis had been made on the basis of 217 out of
480 subjects, the study would have been prematurely stopped for equivalence. The PredP
indicated that this result was nonetheless unstable and that the equivalence was, thus far, not
guaranteed.

Conclusions: Based on these interim analyses, we can conclude with a sufficiently high
probability that the equivalence would have been met on the primary outcome before the
predetermined end of this particular trial. If a Bayesian approach using PredP had been used it
would have allowed an early termination of the trial by reducing the calculated sample size by

15-20%.
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Editor’s Key Points

* Bayesian statistical methods equate more closely to how clinicians think and make
decisions

* Unlike frequentist statistics, Bayesian inference updates the probability of an occurrence as
more information becomes available

* Prior beliefs or knowledge are overtly included in a summation that is updated by new data

to create ‘posterior’ beliefs or knowledge, reducing uncertainty



Introduction

Statistical analyses for clinical studies are usually conducted using the frequentist or classical
methods. Frequentist strategies of monitoring are based on interim P values, which cause alpha
risk inflation, and the interim analyses strategy must be planned very carefully before beginning
the study. Moreover, P values boundaries need complex calculations and must be defined
beforehand for each interim analysis, moving us further from any clinical significance !. Indeed,
a frequentist interim design cannot be modified in the light of the evidence accumulated during
the trial and the interim analyses must be done at the time planned. The use of stochastic
curtailment, methods allowing a rigorous intermediate analysis, can be set only at great
computational cost and with heavy consequences on ability to interpret the results that rely on
the null hypothesis test and its limitations 2. Any additional unplanned analysis is “forbidden”.
This prevents the trial investigators to take into account any unexpected but relevant information
that occurs during the course of the trial such as high efficacy or an important level of adverse
effects *. Indeed, an unanticipated high toxicity rate that modifies the course of the trial cannot be
properly managed in the analysis, while a Bayesian inference on such modified trials are valid
5.

Bayesian methods are very flexible tools allowing a much simpler implementation of
sequential analysis.

The use of the principle of Bayesian methods requires to have some knowledge about the
interest parameter (a mean difference for example) 7. This knowledge is more or less precise but
is expressed in the form of a probability distribution, which indicates the probability that the
parameter will take on a certain value. This distribution is called the a priori distribution or
simply "the prior". Pathophysiological knowledge of the phenomenon or previous studies often
provides a good estimate of this prior distribution. This probability distribution then makes it
possible to calculate the probability of observing the data obtained during a clinical trial. This is
a calculation close to, but different from, that of the p-value, which is traditionally used. The
knowledge provided by the data is then combined with the prior knowledge on the parameter to
obtain a so-called a posteriori or posterior probability distribution, which contains everything we
know about the parameter of interest (mean difference or any other parameter) after the study is

carried out. This probabilistic knowledge about the parameter is therefore increased simply by a

manipulation on probabilities.



Among the different Bayesian tools used to monitor a sequential trial, the predictive
probabilities (PredP) and the posterior probabilities (PostP) are of particular interest. They
nevertheless answer different questions. For instance, in an interim analysis of an equivalence
design, the PostP of equivalence is the probability that the two devices are equivalent, based on
the data available at the time of this interim analysis. On the other hand, PredP is the probability
that the two devices are considered equivalent on the future, not yet observed, final observations,
as computed in the sample size, conditional on the observed data at the time of the interim
analysis. In other words, PredP is the probability of observing a specific future outcome (not
necessarily limited to the current conclusion) based on the current knowledge (as summarized in
the current posterior probability distribution). Interim analysis then opens the way to early trial
stopping for futility or efficacy. Futility means there is little chance that the study reaches a
predefined effect size with a high probability, and one can consider to stop the study. Efficacy
means that the study is highly likely to reach a predefined effect size with a high probability,
suggesting the inclusions could be stopped.

As for any Bayesian procedure, PostP and PredP can be computed at any time in the course
of the trial, even if the times have not been pre-specified in the protocol. Thus, the Bayesian
method allows performance of multiple interim analyses with recurrent interim PostP
computation, without the need to correct for multiple looks at the data 8. Given the multiple
advantages, the U.S. Food and Drug Administration (FDA) has issued a guidance for using
Bayesian methods in medical device clinical trials °. Despite this guidance, Bayesian methods
are still rarely used in current medical research for phase III trials, probably due to the lack of
physician knowledge and training !°. However, its use is increasingly common for early phase
trials in drug development, particularly in oncology.

The aim of this study was to illustrate the use of PredP during a clinical trial comparing the
equivalence of two laryngoscopes. Our hypothesis was that the Bayesian method would provide

better guidance to the timing of study termination.

Methods
To illustrate our comments, we used the Laryngobloc study that is currently being submitted
for publication (clinical trials registration ID NCTO01632085). The main objective of this

randomised controlled trial was to demonstrate the equivalence of success between a



laryngoscopy performed with the Laryngobloc ® device and a control device. Since the order of
use of the laryngoscopic devices may influence the evaluation of the primary outcome due to
uncontrollable procedure-specific criteria (i.e. the assumption that the second laryngoscopy may
be easier than the first), a 2-period, 2-sequence crossover design was used. The success rates of
the two laryngoscopy devices were compared. A mixed model showed that there were neither

period nor order effect. We thus combined the results of the two periods in a single table (table

1).

Two groups were randomized as follows:

R group: A first laryngoscopy was performed with the control device i.e. the single use
Macintosh metal blade and the reusable handle. The second laryngoscopy was performed with
the Laryngobloc® (LB; VBM France), a single-use laryngoscope of the same Macintosh blade
design. This device was named after its single block structure with the blade and the handle
consisting of plastic and form one and the same part, with no hinge, avoiding folding the blade
over the handle.

LB group: A first laryngoscopy was performed with the Laryngobloc® and the second one
was performed with the control device. A Cormack and Lehane classification grade 1 or 2 was

considered as a success and a grade 3 or 4 was considered as a failure.

Statistical Analysis

The hypothesis of the trial was that the laryngoscopy with the Laryngobloc ® and the control
device were equivalent in terms of glottic visualization success rates with a PostP of equivalence
above a threshold of 0.95. This very high threshold was chosen because of the need to have a
high level of confidence in the conclusion for this procedure, which is extremely common in
daily clinical practice, in a study with low risk for the patient. In this article, for illustrative
purpose, we arbitrarily chose a range of equivalence of + - 10 % on the proportion of
laryngoscopy success (grade 1 or 2). Statistically speaking, this equivalence is expressed as a
proportion of discordant outcome that must be less than 10% in absolute value. In table 1, which
displays the parameters for the paired binary outcomes, equivalence occurs when D = P1o + Po1 <

10% ! (figure 1). The estimation of the Cormack and Lehane score on the first and second



attempt (two successive visualizations, one with each device, on the same subject) was
performed.

*insert Table 1 and Figure 1 here

A sample size determination was computed using a classical method, which does not hamper
the use of Bayesian method at the time of analysis !>. A sample size of 457 patients was required,

and was increased to 480 to compensate for potential missing data.

Principles and realisation of the statistical analysis for the PredP based interim analysis

We performed a Bayesian analysis for paired categorical data. In our example, there were
four possible results over the two laryngoscopies, as described on the contingency table (Table
1). In a Bayesian analysis, parameters must be described with probability distributions (Gaussian
distribution for normal data for instance). The Dirichlet distribution is one of the distributions
used in the Bayesian analysis of contingency tables to estimate the parameters, i.e. the
probability of being in a given table cell. This distribution has several parameters which, in the
case of a contingency table, are the frequencies in each cell of the table. For a table with
frequencies x;7, x10, Xo1 and xoo, the distribution is thus a Dirichlet Di(x;7; x10; Xo1; X00). Moreover,
this distribution can be used as prior and as posterior distributions thanks to the properties
mentioned above, that the table frequencies are to be interpreted as the distribution parameters.
The prior distribution was updated by the interim data, to generate an interim PostP distribution.
In the case of a contingency table, the posterior distribution is very easily derived by adding the
observed frequencies to the prior frequencies. In other words, the posterior distribution for the
parameters is easily calculated as the Dirichlet distribution with the hyperparameters equal to the
prior “count” plus the observed count.

The prior parameters distribution was expressed as a table containing a “number” of subjects
of 0.5 in each cell (Dirichlet distribution Di(0.5, 0.5, 0.5, 0.5)). This is equivalent to information
from 2 (= 0.5+ 0.5 + 0.5 + 0.5) patients. This is a way to give a very small weight to the prior so
as not to influence to heavily the posterior distribution.

A sensitivity analyses was performed here by varying the prior distribution Di(x;7; x10; Xo1;
Xo0) using either Di(1,1,1,1), as a minimally informative prior, or Di(10,1,1,10), favoring slightly

the equivalence assumption. The “10” indicates that we are confident, before the study, that the



equivalence is at least as high as the equivalence we would get, if out of 22 subjects, 20 are
classified the same way with both devices (10 successes on both devices and 10 failures on both
devices also). If the results are roughly the same whatever the prior distribution (i.e. prior
knowledge on equivalence), it can be concluded that the data are sufficient to give stable results,
whatever the prior. Thus, different experts, expressing different opinion through different prior

distribution, would logically agree on the results.

The interim posterior distribution was then used to compute the PredP over the future
unobserved data, in the following way (described in figure 2 and in appendix 1) 8:

*insert Figure 2 here

1. All possible future data combinations are listed (all pairs of outcomes for each of
the future patients). For example, if k = 153 patients have already been recruited and
assessed then m = 480 - k = 327 future patients are contemplated, and there are several
million possible outcome tables for these 327 additional patients. Given the data at the
first interim analysis (for k=153 patients, in Table 3) we would expect the outcome for
the next 327 patients to be close to (278, 23, 0, 26) rather than, say, (0, 26, 278, 23) or
(100, 85, 85,107) which suggest to take account of the probability of each specific table.

2. The probability Pt of each of these new tables, conditional on the prior and the
data currently observed, is computed. Although straightforward, the details of the
computation are out of scope of this paper. The sum of the probabilities (Pr) of all these
new tables is naturally equal to 1.

3. For each of the possible new tables, the posterior probability of equivalence Pg
based on this possible new table can be calculated, usually by simulation. In our example,
Pk is the posterior probability that the true value of P1o+ Po; is less than 10% for this
conjectured new table.

4. The decision rule is to claim equivalence if for any new table, Pg is greater than
0.95. All possible tables with Pg > 0.95 are kept and those with Pg < 0.95 are discarded.
The sum of probabilities Pt of tables for which Pg > 0.95 is the predicted probability of

concluding equivalence at the end of the study.



The PredP of equivalence is the probability of concluding equivalence at the end of the study,
considering all possible future data. It may allow early termination of the trial due to futility or
efficacy. A stopping rule is defined before the start of the study. It is predefined by a lower limit
(for futility) and an upper limit (for efficacy). If the PredP of equivalence is above or below these
thresholds, the study may be stopped. If this probability falls between these two thresholds, the
inclusions must continue until a next equivalence PredP calculation is performed with which this
interpretation rule will be reused '3 . In our study, the lower and upper bound were set at 0.10
for futility and 0.99 for efficacy. Those thresholds were motivated by the low risk of the study
for the patients, a quick patient enrolment, and the need for high level of certainty for this very
common medical procedure. PostP and PredP were computed using the ‘2 patients” Di(0.5, 0.5,
0.5, 0.5) prior and by increasing the number of subjects included (the number of patients were
retrospectively and arbitrarily chosen) until PredP exceeded the efficacy or the futility bound.

An interim analysis could have occurred for instance after 153, or after 217, or after 352, or
after 409 patients had been assessed, or any other number of patients, allowing equivalence or
futility to be declared, or inclusion to be continued until next interim analysis or full sample size

is reached.

Results

This distribution of success and failure in the R and the LB groups (with 153 patients) is
presented in table 2. The predefined threshold of PostP (=0.95) was reached during the first
interim analysis with 153 patients (a=131, b=11, c=0, d=11). But the PredP based on the same
data, predicting the results on the complete sample of 480 subjects, was only 0.675 (Table 3).
Computations, with the prior Di(0.5;0.5;0.5;0.5), of PostP and of PredP for the set of arbitrarily
chosen numbers of subjects included computed are described in table 3. The predefined bound of
efficacy of PredP (=0.99) was reached with 409 patients.

*insert tables 2 & 3 here

Considering the sensitivity analysis, whatever selected prior, we could not conclude with a
sufficiently high probability that the upper efficacy bound of 0.99 for the PredP would be met on
the primary outcome by the end of the study with only 153 or 217 patients. The results of the

sensibility analysis done by modifying the prior distribution parameters are described in table 3.



The PredP increased with the rise of the sample size and it increased more rapidly with the
optimistic prior (Di(10,1,1,10)). The study could be stopped before 352 subjects when using this
optimistic prior while a larger sample size would be required before stopping accrual if one uses

a neutral prior (Di(1,1,1,1)).

Discussion

According to the interim analyses described, we concluded that the study could be stopped
somewhere between 352 and 409 patients. Indeed, since the PredP exceeded our efficacy bound
in this range of sample size, the PostP predicted to be above the predefined bound of equivalence
by the end of the study. It would thus be useless to continue the accrual and stopping the study
should be considered.

If the PostP of equivalence of 0.95 had been considered alone or if a frequentist analysis had
been made on the basis of 217 out of 480 subjects, the study would have been prematurely
stopped for equivalence. The PredP indicated that this result was nonetheless unstable and that
the equivalence was, thus far, not guaranteed on the target sample size. The observed
equivalence may be attributable to a random variation that had only a small probability of being
confirmed on the final sample.

The sensitivity analysis showed that the PredP increased with increasing sample size and it
increased more rapidly with the optimistic prior (Di(10,1,1,10)) favoring the hypothesis of
equivalence. It thus showed that an informative optimistic prior may have further reduced the
effective sample size than using the original prior. In case of prior information, the gain in
sample size can be substantial.

PredP are effective and flexible solutions for interim analysis of clinical trials. Our example
illustrated this use of the PredP for clinical trial monitoring. PredP provides a way to monitor the
probability that a trial will be conclusive (or not).

PredP have several advantages for interim analyses of clinical trials. One of the most
appealing aspects of PredP is that they allow for early stopping of a trial that shows either a very
efficient or a very inefficient device or drug. This does not mean that any trial using PredP will
systematically have a lower sample size than the same trial run without PredP, but it may
potentially allow for this possibility. On the other hand, if PredP suggests that more patients need

to be enrolled, it may be far easier to enroll in a current study than to add enrollment after the
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maximum enrollment has completed and after the data are analysed. This feature is particularly
attractive, considering the economic aspect of a trial management and the growing pressure to
finish studies as quickly as possible, in competition with other centers. Finally, the ethical issue
may be the most important one in trials involving new drugs or devices in a population of sick
patients.

The use of PredP can be summarised as follows: if the PostP of the outcome is high and the
PredP is also high, then the data can be considered as “stable”, the trial is conclusive and
positive, and there is no need to continue the trial. If, on the other hand, the PostP of the outcome
is high but the PredP is not large enough, this means that the current evidences are poor, the data
are “unstable” and the trial must be continued to the next PredP computation. Our work
demonstrates the particular interest of the use of the PredP, where the PostP of equivalence
between the LB and the R group is rapidly high (0.999), suggesting clearly a trend, with a PredP
which reached the efficacy bound in the range of 352 and 409 included patients. To make a long

story short: the PredP can be seen as an index of the long run stability of the PostP.

Conclusion

Using the PredP in the course of the trial may play the role of an internal reproducibility
check and can be used as a tool in the current debate on the reproducibility crisis ' 6. The
interim PredP value must be interpreted for what it is: a prediction of the future, and the better
the prediction, the better the trial. If the PredP is high and if the final PostP, computed on the
complete sample, is high, then the results can be considered, loosely, as reproducible. It is not as
strong an argument as an independent confirmative trial but it is nevertheless a positive
argument. PredP can be used with any type of data, even though it is easier to apply on
qualitative data than on continuous or survival data. Whatever the context, (superiority, non-
inferiority or equivalence, for independent or paired data), a Bayesian approach using PredP can

be a useful approach to monitoring of a clinical trial.
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Appendix 1: pseudo code for predictive probabilities computation

list all possible future tables
calculate the probability PT of each of these tables, knowing the data already observed and the a
priori knowledge of each table
on each table, calculate Pg the probability of equivalence by MCMC method, i.e. by simulation
the predictive probability is the sum of the probabilities of the tables for which equivalence is
concluded: PredP = Pt * 1 where “1” is the indicator function (1 if Pg > 0.95 else equals 0)

if PredP > efficiency threshold: STOP

if PredP < futility threshold: STOP
else, continue inclusions until the next PredP calculation

14



Figure 1 : Description of the posterior probability of equivalence to illustrate the
concepts of the ‘“PostP equivalence threshold” (0.95) and the “equivalence range” (D =
P10 + Po1 < +/- 10%). The curve centred on 0 fall within the + - 10% range almost completely
(95% of the curve) (non-equivalence rejected) while the other would have only 80% of the
area under the curve within the + - 10% range (non-equivalence not rejected).

Proportions of discordant pairs



Figure 2: Diagram describing the computation of predictive probabilities. In the “future
observed” tables, S are success, F are Failure. Pr: probability of occurrence of each of these tables, Pg:
posterior probability of equivalence for each table, PredP: predictive probability.

The probability Pg
is computed for
each potential
future table.

S E Total All possible future data
—_ S E Total combinations are listed
S— S E Total {all possible pairs of
; S— S E Total outcome for each future
o S— S E Total patient).
T S 5 3 Total
—_T| . - 5 E Total
— . - 5 E Total
— . - 5 E Total
— S— s F Total :
— s This generates several
— T— 5 million potentials
- T'—T “future observed” tables
— T
— Total 480 / \
The probability P; of
occurrence of each of
these tables, conditional
on the current data
observed, is computed.
Pr Pg Pg=0,95
0.0065 0.0471 0
The PredP of
0 equivalence is the
cumulated sum of P; on
0.1254 09321 0 each potential future
table for which P is
0.1365 0.9681 1 larger than a pre-
specified threshold
PredP of 1 {0.95)
equivalence
0,0342 0.9968 1




Table 1: description of the possible distribution of study results. LB device: Laryngobloc ®
device. R device: Control device. CL: Cormack et Lehane Grade. X, n: number of patients, P:

probability.
LB
Device Success (1) Failure (0) Total
CL 1-2 CL3-4

Success (1) X1 Xi0 Xi.
CL1-2 P11) (P10) (P1)

R Failure (0) Xo1 Xo0 n- Xo.
CL3-4 (Po1) (Poo) (Po.)
Total X1 n-Xo n

(P1) (Po)




Table 2: description of result distribution at the time of predictive probability (PredP)
computation (n=153). CL: Cormack et Lehane Grade.

LB group
Laryngoscopy Success  Failure

CL 1-2 CL3-4

Success

CL 1-2 131 11
R group  Failure

CL3-4 0 11




Table 3: description of interim analyses, which could have occurred if accrual was allowed to
continue to the target value. The posterior probability of equivalence (PostP) and the predictive

probability (PredP )of declaring equivalence are specified according to various prior.

Number of Patients PostP from a PredP from a PredP from  PredP froma
subjects distribution Di(0.5, 0.5, Di(0.5, 0.5, 0.5, a Di(10,1,1,10)
included 0.5,0.5) 0.5) Di(1,1,1,1)

153 131, 11,0, 11 0.999 0.675 0.676 0.830
217 189, 15,0, 13 0.999 0.776 0.777 0.893
352 311,23,1, 17 0.999 0.974 0.974 0.992

409 365, 26, 1, 17 0.999 0.996 0.995 0.999






