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Ab s t r ac t
�Adequately powered randomized controlled trials (RCTs) are considered the highest level of evidence in guiding clinical practice. Reports 
using Bayesian hypothesis-testing to reanalyze RCTs are increasing. One distinct advantage of Bayesian analysis is that we can obtain a range 
of numerical probabilities that reflect how likely a study intervention is more effective than the alternative after considering both pre-existing 
available evidence and the alternate hypotheses. A recent analysis of critical care trials showed that some trials with an indeterminate result 
according to the frequentist analysis could have a high probability of being effective when reinterpreted by Bayesian analysis. In this perspective 
article, we will discuss the caveats in interpreting the results of Bayesian reanalysis of RCTs before we change clinical practice. When overoptimistic 
hypothesis prior probabilities are used, it carries a risk to translate noises into false signals. Using Bayes factors (BFs) to quantify evidence contained 
in data (by the ratio of the probability of data under each hypothesis) is thus more preferable than using a single prior probability, such that the 
BF approach becomes the mainstream in Bayesian hypothesis-testing. Still, BFs are dependent on the prior parameter distributions; comparing 
different hypotheses would invariably result in different results. 
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Hi g h l i g h ts
•	 Reports using Bayesian hypothesis-testing to reanalyze 

randomized controlled trials (RCTs) are increasing.
•	 The Bayes factor (BF) approach is the mainstream when using 

Bayesian hypothesis-testing to reanalyze results of RCTs.
•	 Bayes factors are dependent on the prior parameter distributions 

and the associated assigned weight or variance, such that 
comparing different hypotheses would invariably result in 
different results that may confound the interpretation of the 
results.

In t r o d u c t i o n
Randomized controlled trials have been considered the gold 
standard in guiding clinical practice in the paradigm of evidence-
based medicine. In superiority RCTs, confirmation of effectiveness 
using a frequentist approach relies on rejecting the null hypothesis. 
The p-value generated from a clinical trial—defined as assuming 
the null thesis is true, what’s the probability of obtaining the trial’s 
data as extreme or more extreme than observed (in a similar trial 
in the future)—is counterintuitive; and as such, dichotomizing the 
p-value into significant or insignificant becomes a default position 
in handling the results of RCTs.1

Reports using Bayesian analysis to reinterpret RCTs, in particular 
those with results that were considered indeterminate according 
to the frequentist analysis, are growing.2–5 This isn’t surprising 
because humans frequently don’t make intuitive decisions 
following the frequentist approach when we face uncertainties.6 
Indeed, educationists have long supported that using a Bayesian 
approach will optimize clinicians’ clinical logic when they face 
uncertainties.7,8 One distinct advantage of Bayesian analysis is that 

we can gather a range of numerical chances that reflect how likely 
the study intervention is more effective than null at a population 
level after taking into account what pre-existing information we 
have and what the alternate hypotheses are. 

A recent analysis of critical care trials showed that some trials 
with an indeterminate result could have a high probability of 
being effective when reinterpreted by Bayesian reanalysis, and 
the conversion rate was heavily dependent on whether previous 
belief about the study intervention’s effectiveness was skeptical, 
uninformative, or enthusiastic.9 As some clinicians and researchers 
aren’t familiar with Bayesian analysis, there’s an implicit risk for 
some to believe that Bayesian analysis could reveal the fact that 
an intervention is truly effective beyond reasonable doubt that has 
not been uncovered by a frequentist analysis. While we agree that 
Bayesian analysis is an extremely useful tool in decision-making it 
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has its own limitations. In this perspective article, we will discuss 
some caveats that should be thoroughly considered before we use 
the results of Bayesian reanalysis of RCTs as a foundation to change 
clinical practice. 

Assuming a trial is impeccably designed and has included the 
use of a clinically plausible effect size to adequately power the 
study,10 a frequentist analysis should be instrumental in assessing 
whether the study intervention is effective or not at a population 
leve. Of course, we admit that the chances of type I and II errors 
are frequently set at 5 and 20%, respectively,11 and that we need to 
appreciate the fact that absence of substantiation of efficacy is not 
the same as substantiation of absence. Thus, there’s an argument to 
use Bayesian approac to reanalyze the data because, by doing so, 
we can put together current with former information, which would 
improve precision of the posterior distribution.12 Note that Bayesian 
procedures can either strengthen or weaken a null hypothesis,13 
not dissimilar to doing a meta-analysis by combining the results of 
a new trial with all previous similar trials. There are two caveats in 
conducting Bayesian reanalysis of RCTs, however. 

Firstly, both the magnitude and validity of the results of Bayesian 
reanalysis can be heavily influenced by the previous information 
(or the prior) in a multiplicative way. In Equation 1, for ease of 
demonstration, we’ve employed the likelihood rate (LR) approach 
to explain this issue. LR is an estimate grounded on comparing two 
hypotheses – the null and alternate thesis. Mathematically, LR is 
the ratio of the chances of the observed result under the distinct 
alternate and null hypotheses.14,15 It’s easy to interpret because 
RCTs would have generated an alternate hypothesis prospectively 
in their power computation. A more complicated but superior 
approach than the LR approach is to use BF. Bayes factor involves 
integrating the probability of the data across possible priors after 
specifying their weights (and a smaller variance is associated with 
a greater weight).8 

Mat e r i a l s a n d Me t h o d s
When we use LR to estimate post-trial probability – as suggested 
by some authors14 – a second caveat is that how the alternate 
hypothesis is formulated can affect the LR of the new trial. 
Extending Equations 1 and 2 mathematically will help us to 

calculate LR in illustrating how the alternate hypothesis can affect 
post-trial odds and post-trial probability (assuming relative risk or 
hazard ratio outcome data and alternate hypothesis of the trial are 
available).14 Note that post-trial probability is equal to post-trial 
odds/(1 + post-trial odds).

Re s u lts 
Let’s illustrate this by using data from a hypothetical superiority RCT 
with borderline significance according to the frequentist analysis 
(75 events/200 patients in the intervention group vs 91 events/200 
patients in the placebo group, relative risk 0.82 (95% confidence 
interval: 0.65–1.04; p = 0.106) (Table 1).

In scenarios 1–3 when the prior is uninformative (e.g. with 
insufficient prior information and hence no better than tossing 
the coin in determining whether the study intervention is better 

Equation 1:  Post-trial odds is related to pre-trial odds and likelihood 
ratio of the results of the new trial in a multiplicative fashion

Equation 2:  Likelihood ratio can be mathematically calculated
NB: CI, confidence interval. LR, likelihood ratio. Ln, natural logarithm  
function. 
LR is estimated as follows:
Z = Ln (Relative risk observed)/[(width of the natural logarithm of 95% CI 
bound of the observed results)/(2 × 1.96)]
A = Ln (Relative risk proposed in the alternate hypothesis in sample size calculation/[(width 
of the natural logarithm of the 95%CI bound of the observed results)/ 
(2 × 1.96)] 
Ln (LR) = Z*A - (A2/2) → LR = e∧ Z*A - (A2/2)

Table 1: Hypothetical examples illustrating how the pre-trial odds as well as the alternate hypothesis (used for power calculation) can substantially 
affect post-trial odds and post-trial probabilities, exemplified by the vastly different post-trial probabilities in scenarios 6 and 7 that the intervention 
is effective, despite having the same observed new trial results (with a relative risk of 0.82, 95% confidence interval of 0.65–1.04; p = 0.106), based 
on the likelihood ratio equation used in reference 14

Scenario
Pre-trial probability 

of being effective Pre-trial odds
Relative risk for the 

alternate hypothesis
Likelihood ratio 
of the new trial 

Post-trial 
odds

Bayesian post-trial  
probability of being effective 

1 50% 1 (uninformative prior) 0.80 3.854   3.854 79.4%

2 50% 1 (uninformative prior) 0.70 1.646   1.646 62.2%

3 50% 1 (uninformative prior) 0.65 0.535   0.535 34.9%

4 40% 0.67 (pessimistic prior) 0.80 3.854   2.582 72.1%

5 40% 0.67 (pessimistic prior) 0.70 1.646   1.103 52.5%

6 40% 0.67 (pessimistic prior) 0.65 0.535   0.358 26.4%

7 80% 4 (optimistic prior) 0.80 3.854 15.416 93.9%

8 80% 4 (optimistic prior) 0.70 1.646   6.584 86.8%

9 80% 4 (optimistic prior) 0.65 0.535   2.140 68.2%
An online calculator at https://cjdbarlow.au/pages/bf.html can also be used to generate the Bayes factor and assess how different pre-trial probabilities 
affect the post-trial probabilities by entering the trial’s raw outcome data. NB, pre-trial odds = pre-trial probability/(1-pre-trial probability); post-trial 
probability, post-trial odd/(1 + post-trial odds)
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than the placebo), the post-trial probability from the Bayesian 
analysis will theoretically not be different from or no better than a 
frequentist analysis; the post-trial probabilities do vary substantially 
from 34.9 to 79.4% dependent on what alternate hypothesis is used 
to power the study. Having a pessimistic prior (as in scenarios 4–6) 
decreases the post-trial probabilities (to between 26.4 and 72.1%), 
and the extent of this effect will again depend on what alternate 
hypothesis is used to power the study. Conversely, having an 
optimistic prior (as in scenarios 7–9) would substantially increase the 
post-trial probabilities (to between 68.2 and 93.9%). The alternate 
hypothesis used to power the study will still affect the post-trial 
probabilities, but only to a smaller extent compared to when 
uninformative and pessimistic priors are used. Having an unrealistic 
alternate hypothesis (of large effect size) would generate a lower 
post-trial probability in a Bayesian analysis using a LR approach.

Di s c u s s i o n
The two caveats in interpreting Bayesian reanalysis of a RCT are 
quite obvious in this hypothetical exercise. Higher prior odds lead 
to higher posterior odds. The other is related to the intrinsic nature 
of Bayesian hypothesis testing: comparing different hypotheses 
leads to different “evidence”. Using BFs to incorporate a model 
of the prior distributions with Markov chain Monte Carlo (MCMC) 
convergence, we can compare the null with the range of possible 
alternate hypotheses (instead of a single LR or alternate hypothesis) 
to generate full posterior probabilities.2–4 This can partially bypass 
the limitation of choosing an inappropriate (single) alternate 
hypothesis when the LR approach is used. Still, the BF is affected by 
the weighting (or variances) assigned to different prior parameter 
distributions. As such, sensitivity analyses to assess the robustness 
of the results will be appropriate.8,15 Credible interval is an important 
estimate of Bayesian analysis and is generated from the posterior 
distribution, which can similarly be affected by the accuracy and 
magnitude of the prior16 and, despite its name, should also be 
interpreted with caution.

Finally, determining when a posterior probability is sufficiently 
high to call an intervention as “effective” (or credible, or outside 
the Region of Practical Equivalence) in a Bayesian analysis 
requires careful consideration of the nature of the intervention 
itself, beyond the numerical probability of the intervention being 
more effective than placebo.13,17 As a minimum, some patient-
centered implications, such as patient preferences, whether a 
study intervention is expensive, and its effectiveness exceeding 
the minimal clinically important (or meaningful) difference without 
potential serious harms, should all be thoroughly evaluated.

In conclusion, generating a numerical probability to reflect the 
chance a study intervention is more effective than its alternative in 
a RCT after taking pre-existing evidence into account is appealing 
and may help us overcome the temptation to interpret the p value as 
a dichotomized outcome. However, both the validity and optimism 
of the chosen priors have a direct multiplicative impact on the 
accuracy and magnitude of the posterior (or post-trial) probabilities, 
respectively. Using BFs has some distinct advantages over the LR 
approach and should be used whenever possible. 

In our conservative view, a reasonable high post-trial 
probability (e.g., >90%) in the Bayesian reanalysis of a RCT with 
indeterminate frequentist analysis results should, at best, be 
considered hypothesis-generating similar to a meta-analysis, 
instead of interpreted as being conclusive to change clinical 

practice. This is particularly important if the study interventions 
are expensive and/or potentially harmful, such as Extracorporeal 
Membrane Oxygenation.4 Clinical decisions should not be solely 
determined by posterior distributions but also, importantly, loss 
functions, utilities, and thresholds. Designing a study up front under 
a Bayesian framework by pre-specifying all analytic parameters is 
more preferable than conducting post-hoc Bayesian reanalysis, 
particularly for phase I, II, and dose optimization trials (https://www.
trialdesign.org/#newsSection). With the scarcity of health resources, 
‘Choosing Wisely’ is important, and this requires critical thinking 
and careful consideration of research data in a holistic fashion.

As in most detective stories, “the true culprit is usually someone 
who has a very small prior probability of being guilty”.17 Perhaps this 
may also apply to major scientific discoveries. As always, the best 
way to find the culprit in a crime (or discover effective interventions 
in medical science) is to conduct high-quality investigations (or 
well-designed, adequately powered trials). A carefully generated 
low BF (or LR) will help to eliminate the impossible in favor of a null 
hypothesis. Conversely, a high BF (or LR) will help to reallocate the 
suspicion to the true culprit in a crime (or confirm a truly effective 
intervention). For forensic evidence alone to be conclusive in 
a criminal trial, a BF of at least 1000 is recommended.18 In this 
sense, the quality of our investigation—in either medical research 
or criminal investigation—remains paramount in determining 
whether we can find the truth beyond doubt. Blaming either the 
frequentist or Bayesian would appear to have missed the point.19
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