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INTRODUCTION
Randomized controlled trials (RCTs) are crucial for 

guiding treatment decisions, with the majority using fre-
quentist statistics. Under frequentist methods, the P value 
indicates the probability of observing the data, or more 
extreme results, under a hypothesis of no difference. A 
threshold of less than 0.05 typically indicates statistical sig-
nificance, favoring one treatment over another. However, 

encountering a P value greater than 0.05 suggests non-
significance, which does not definitively indicate the 
absence of a difference but rather that the findings are 
inconclusive.1 This highlights the principle that “absence 
of evidence is not evidence of absence,” especially because 
larger sample sizes might reveal statistically significant 
differences.2

The challenge of establishing conclusive evidence for 
the absence of a difference between two treatments within 
the frequentist framework complicates patient manage-
ment decisions. It also raises uncertainties regarding 
the value of repeating an RCT with a larger sample size. 
Given these limitations, alternative statistical approaches 
that could enhance the insights gleaned from RCTs can 
be considered.3 Bayesian analysis provides an alterna-
tive approach to statistical inference, expressing experi-
ment outcomes as probabilities rather than P values. Trial 
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data are combined with prior knowledge to estimate the 
probability of different treatment effect sizes (posterior 
probability) (Fig. 1). Prior knowledge, often termed the 
“prior,” represents the researcher’s initial belief or knowl-
edge about the likelihood of different hypotheses before 
observing the data. To achieve an unbiased result, a non-
informative prior is used, reflecting minimal prior knowl-
edge or influence on the analysis.

Under a Bayesian framework, the probability of equal 
effect sizes in both treatment groups (ie, null hypothesis) 
and the probability of a difference between treatment 
groups (ie, alternative hypothesis) can be expressed as a 
ratio known as the Bayes factor (Fig. 2). To illustrate this 
concept, consider a hypothetical trial comparing endo-
scopic carpal tunnel release to the open method. The 
null hypothesis assumes no difference between the two 
techniques, whereas the alternative hypothesis posits that 
the endoscopic method reduces recovery time. In this sce-
nario, imagine the Bayes factor (BF01) is 3. This means that 
under the observed data, the null hypothesis is 3 times 
more likely than the alternative hypothesis. Bayes factors 
offer 2 significant advantages over P values. First, frequen-
tist statistics only permit the rejection of the null hypothe-
sis but not its acceptance,4 whereas Bayes factors can assess 
the likelihood of no difference between treatment groups. 
Second, Bayesian factors offer insights into the strength 
or magnitude of the evidence-supporting hypotheses, 
providing a more comprehensive understanding of study 
outcomes. Currently, most clinicians are unfamiliar with 
Bayesian analysis.3,5,6

By reanalyzing trials with nonsignificant results using 
Bayesian approaches, this study aims to examine the rela-
tionship between Bayes factors and P values in nonsig-
nificant trial results and their impact on interpreting trial 
outcomes. This will familiarize physicians and researchers 
with probabilistic thinking and enable better assessment 
of the evidence in nonsignificant results within Plastic 
Surgery. Therefore, we asked the following: (1) What is 
the Bayes factor in nonsignificant Plastic and Reconstructive 

Surgery (PRS) trials, and (2) are P values independently 
associated with Bayes factor in these trials?

METHODS
This cross-sectional study examines the relation-

ship between P values and Bayes factors for statistically 
nonsignificant findings in RCTs within the PRS journal. 
Possessing the highest impact factor in its specialty, PRS 
was chosen to assess the quality of evidence in plastic 
surgery. On August 6, 2023, we systematically searched 
PubMed and MEDLINE databases using key terms includ-
ing “randomized,” “clinical,” and “trial,” along with the 
inclusion of PRS as the journal source, and publication 
dates from 2013 to 2022. Randomized clinical trials report-
ing at least 1 statistically nonsignificant outcome (P ≥ 0.05) 
were included. Exclusion criteria were reply letters, obser-
vational and educational studies, systematic reviews, and 
practice alerts. P values for all studies were recalculated to 
ensure veracity of outcome results. Outcomes that did not 
have reproducible P values because of a lack of reported 
data (eg, SDs) were excluded. Discordant P values, defined 
as a difference of greater than or equal to 0.1, were also 
excluded (Fig. 3).

The P value of the mean difference between study 
groups, group sizes, treatment effect sizes of the 

Takeaways
Question: What is the Bayes factor of nonsignificant out-
comes in plastic surgery clinical trials? Are P values inde-
pendently associated with Bayes factor in these trials?

Findings: Bayes factors for most nonsignificant outcomes 
indicated only weak evidence for the absence of a differ-
ence between study interventions. Higher P values were 
independently associated with large Bayes factors.

Meaning: Bayesian analysis can complement traditional 
methods, enhancing the interpretation of clinical trial 
outcomes and reducing resource wastage in research.

Fig. 1. Hypothetical example of the effect of prior knowledge on the posterior distribution. The graph 
on the left depicts how prior knowledge is combined with the observed data to derive the overall dis-
tribution of the treatment effect size (posterior distribution). The graph on the right illustrates how a 
weakly informative or noninformative prior produces an unbiased result approximating the probability 
distribution of the observed data.
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intervention and comparator, and their respective SDs 
were collected to facilitate the calculation of Bayes fac-
tors and the recalculation of P values. Other recorded 
variables included total sample size, trial type, statisti-
cal test used, intervention types, comparator types,  
outcome types, and whether a power analysis was 
conducted.

To minimize bias, we collected data using a double-
screening approach. Two independent reviewers (G.C.W. 
and C.H.) screened all the publications retrieved and 
applied the inclusion and exclusion criteria (Fig. 1). 
Reviewers started by screening the abstracts for the study 
type. All articles meeting the criteria were read in full. 
Many articles reported more than one statistically non-
significant outcome. To prevent overcorrelation and 
dependency of outcome measures within our sample, we 

included up to three statistically nonsignificant outcomes 
per study. Only outcomes calculated with an independent 
t test, chi-square test, or Fisher exact test, necessary for 
Bayes factor calculation, were considered. For studies 
with multiple nonsignificant outcomes, a standardized 
protocol for outcome selection was developed to ensure 
consistency. In cases where a study presented more than 
3 nonsignificant outcomes, we chose to include the first 
3 nonsignificant outcomes reported by chronological 
order in the text to standardize the data collection pro-
cess across reviewers, based on the assumption that, gener-
ally, outcomes are reported in the order of importance as 
regarded by the study authors. When data were presented 
graphically without exact numbers, the relevant data 
were estimated from the graphs. After data collection was 
completed, the 2 independently collected datasets were 
compared and differences were resolved by consensus. 
Unresolved differences were escalated to a senior author 
(T.T.) for resolution.

We calculated Bayes factors using sample size and treat-
ment effect size. Treatment effect size was calculated based 
on within or between-group differences in mean and SD 
for continuous variables and proportions for dichoto-
mous variables. A BF01 of 1 indicates equal probability 
between hypotheses. BF01 values greater than 1 imply the 
evidence suggests there is no difference between groups, 
whereas values less than 1 indicate the evidence is in favor 
of a likely difference. The magnitude of BF01 reflects the 
strength of the evidence (Fig. 4). In terms of evidence 
for the hypothesis of no difference, values between 1 and 

Fig. 2. BF01 is the ratio of the probabilities of the null hypothesis 
(no difference) over the alternative hypothesis (presence of a dif-
ference) given the observed data. If BF01 is 1, both hypotheses are 
equally likely. If BF01 is greater than 1, there is a higher likelihood 
the null hypothesis is true. If BF01  is less than 1, the alternative 
hypothesis is more likely to be true.

Fig. 3. Study selection flowchart.
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3 indicate weak evidence, whereas values greater than 3 
suggest moderate evidence. Strong evidence is indicated 
by values greater than 10, very strong evidence by values 
exceeding 30, and values more than 100 imply decisive evi-
dence.10 Conversely, values less than 1 indicate evidence 
suggesting the presence of a difference between the stud-
ied groups.

The sample size needed for this study was estimated 
through an a priori power analysis focusing on the 
simplified secondary study question of the relation-
ship between P values and Bayes factor. A similar study 
reported a correlation coefficient of 0.29.11 We antici-
pated a similar effect and powered our analysis to detect 
a correlation coefficient of 0.30. To achieve a power 
(1−β) of 0.80 and a significance level (α) of 0.05 for a 
2-tailed test with an expected Pearson correlation coef-
ficient of 0.30, a minimum sample of 85 outcomes was 
required.

Statistical analyses were performed using JASP ver-
sion 0.18.1 (Department of Psychological Methods 
University of Amsterdam, Amsterdam, the Netherlands) 
and Stata 18 (College Station, TX). P values of the 
included outcomes were recalculated using the indepen-
dent t test for continuous variables and the chi-square 
test for categorical variables. Using JASP, we generated 
Bayes factors with the Bayesian independent samples t 
test function for continuous variables and the Bayesian 
A/B test function for categorical data. A default weakly 
informative Cauchy prior (scale = 0.707) was chosen for 
the independent samples t test.12 For the Bayesian A/B 
testing, we assumed a standard normal prior (μ = 0, σ = 
1), which is the default setting. Prior model probabili-
ties for H0 and H1 were set to 0.5. Bayes factors were also 
stratified and analyzed by outcome type and the pres-
ence of a priori power analysis to evaluate trends in the 
level of evidence. Bivariate analyses were used to iden-
tify important factors influencing the Bayes factors. As 
some trials had more than 1 nonsignificant outcome, the 
nested structure of the data needed to be accounted for. 
Hence, we used a mixed-effects multilevel linear regres-
sion model to nest outcomes within the individual trials. 
P value, sample size, variable type, intervention category, 
comparator category, and trial type were analyzed against 
the Bayes factor. Significant variables on bivariate analy-
sis (P < 0.05) were added to the final model sequentially. 
(See Appendix, Supplemental Digital Content 1, which 
displays individual bivariate analysis using mixed linear 
regression model accounting for nesting. http://links.
lww.com/PRSGO/D680.)

RESULTS
The search retrieved 227 articles from the PRS jour-

nal from 2013 to 2022. Data were collected from July to 
December 2023. After reading the titles and abstracts, 
57 articles were found to not be RCTs and excluded. 
The remaining 170 articles were read in full. Articles 
that did not use the specified compatible statistical tests 
had incomplete data reporting, or only had significant 
outcomes were excluded. After exclusion, there were 73 
articles yielding 176 nonsignificant outcomes (Fig. 1). Of 
the 176 outcomes analyzed, 52 were identified as primary, 
75 as secondary, and 49 did not specify whether they were 
primary or secondary. Additionally, 56% of the included 
articles (41 of 73) conducted a priori power analysis.

The mean sample size of included trials was 108 (SD 
106). 2-arm trials were the most common study design 
making up 86% (63 of 73) of all trials. Medical devices 
and equipment were the most frequently studied experi-
mental treatment comprising 37% (27 of 73) of all 
trials, followed by surgical techniques and drugs both 
comprising 25% (18 of 73) each; 64% (47 of 73) of tri-
als compared the test intervention with the usual care. 
The remaining trials used specific active interventions 
(active controls) and placebos equally. Treatment effect 
sizes were largely expressed in absolute terms (differ-
ence in means, percentage difference) with only a hand-
ful using relative terms (odds ratios, relative risk, effect 
size) (Table 1).

The mean P value was 0.47 ± 0.28 (range 0.054–1) and 
mean BF01 was 2.4 ± 1.6 (range 0.31–11). Of 176 outcomes 
analyzed, 91% (160 of 176) exhibited Bayes factors point-
ing toward no likely difference between treatment groups 
(BF01 > 1). The majority (63%, 110 of 176) suggested a 
weak level of evidence favoring the absence of a differ-
ence between treatment groups, whereas 27% (48 of 176) 
of outcomes provided moderate evidence suggesting no 
likely difference. Only 1.1% (2 of 176) displayed strong 
evidence for the same conclusion (Table 2). A small pro-
portion of outcomes (9.1%, 16/176) displayed Bayes 
factors supporting a likely difference between treatment 
groups (BF01 < 1). However, all Bayes factors for these 
outcomes indicated weak evidence, with none reaching 
a level of moderate or stronger evidence for a likely dif-
ference between treatment groups. In comparison, when 
analyzing primary outcome variables alone, a similar dis-
tribution of Bayes factors across the evidence levels was 
observed (Table 3).

Stratifying by outcome type, the mean BF01 for primary 
outcomes was significantly lower than secondary outcomes 

Fig. 4. Interpretation of Bayes factors.7–9

http://links.lww.com/PRSGO/D680
http://links.lww.com/PRSGO/D680
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and unspecified outcomes (P = 0.031). The mean BF01 for 
primary outcomes was 1.9 ± 0.86 compared with 2.6 ± 1.8 
for secondary outcomes and 2.5 ± 1.1 for unspecified out-
comes (Table 4). Similarly, outcomes from studies that 
performed a priori power analyses demonstrated signifi-
cantly lower mean BF01 (P = 0.023). The mean BF01 for 
outcomes that had a priori power analysis performed was 
2.1 ± 1 compared with 2.7 ± 1.8 for outcomes that did not 
have a priori power analysis (Table 4).

Mixed linear regression analysis revealed that a higher 
P value was independently associated with a greater Bayes 
factor (β = 2.5; 95% confidence interval, 1.9–3.1; SE = 
0.31; P value < 0.001). This finding suggests that there is 
a positive association between P values and Bayes factors, 
meaning that as the P value increases, the magnitude of 
the Bayes factor also increases. Specifically, for every unit 
increase in P value, the Bayes factor increases by approxi-
mately 2.6 units (Table 5).

DISCUSSION
In more than two-thirds of the nonsignificant trial out-

comes, Bayesian analysis yielded only weak evidence of no 
difference, or the presence of a potential difference. This 
implies that a substantial proportion of the studied RCTs 

failed to deliver conclusive evidence. When stratified by 
outcome type, primary outcomes displayed a lower mean 
Bayes factor compared with secondary or unspecified out-
comes. Although this was statistically significant, it was not 
clinically significance as the mean Bayes factor for pri-
mary outcomes still fell squarely within the weak evidence 
category. In contrast to our findings, a review examining 
43 nonsignificant outcomes from 36 RCTs published in 
the New England Journal of Medicine found that only 7% 
(3 of 43) demonstrated weak evidence of the absence of 
any difference with the rest indicating at least moderate 
evidence for the same conclusion. A larger review stud-
ied 162 nonsignificant RCT outcomes published in the 
New England Journal of Medicine, BMJ, Lancet, JAMA, and 
Annals of Internal Medicine using the likelihood ratio (a 
measure similar to Bayes factors). They found that 11% 
(18 of 169) demonstrated weak evidence indicating no 
difference, whereas the remaining outcomes showed at 
least moderate evidence for the same conclusion.13 Both 
reviews included studies with much larger sample sizes 
(mean 3020, range 33–18,446 and mean 5872, range 100–
202,638), which likely accounts for the disparity with our 
findings (mean sample size 108, range 18–649). Plastic sur-
gery RCTs face significant challenges in design, conduct, 
and recruitment. The inherent difficulties of conducting 
surgical trials—such as issues with patient autonomy, ethi-
cal considerations, and logistical complexities related to 
randomization and blinding—are compounded by the 
smaller patient populations typical of this niche specialty. 
These obstacles exacerbate recruitment issues and make 
conducting robust RCTs in plastic surgery more challeng-
ing, contributing to less conclusive results. Given that sur-
gery inherently entails iatrogenic harm, the importance 
of obtaining conclusive evidence is even greater. Although 
multicenter collaboration and increased funding could 
alleviate some of these obstacles, these solutions are often 
difficult to implement.

A priori power analysis, an essential trial design step 
to ensure credible results and limit redundancy, was only 
performed in just over half of the included studies. In 
surgical RCTs, recruitment is a perennial challenge, and 
enrollment often targets the minimum sample size dic-
tated by the power analysis. Although this leads to a study 
being efficient (neither overpowered nor underpowered), 
it can also lead to fragility and compromise reproducibility 
of results.14 One key distinction between Bayesian and fre-
quentist approaches is that Bayesian analysis permits con-
tinuous data analysis, enabling new data to be integrated 
into the analysis as they are collected. Consequently, 
Bayes factors can be updated in real-time, enabling early 
trial termination when sufficient evidence is reached, 

Table 1. Characteristics of Included Articles

Characteristic

No. (%)

Trials Outcomes

Total 73 176
Mean sample size 108  
Trial type   
 � 2-arm 63 (86) 149 (85)
 � Multiarm 9 (12) 24 (14)
 � Factorial 1 (1.4) 3 (1.7)
Type of trial intervention   
 � Medical device/equipment 27 (37) 66 (38)
 � Surgical technique 18 (25) 45 (26)
 � Drug 18 (25) 44 (25)
 � Delivery/dose 4 (5.5) 10 (5.7)
 � Other 6 (8.2) 11 (6.3)
Type of comparator   
 � Usual care 47 (64) 114 (65)
 � Active control 13 (18) 31 (18)
 � Placebo/sham 13 (18) 31 (18)
Variable type   
 � Continuous  100 (57)
 � Categorical  76 (43)
Scale of treatment effect   
 � Absolute (difference in means)  160 (91)
 � Relative (OR, RR, effect size)  16 (9.1)
OR, odds ratio; RR, relative risk.

Table 2. Distribution of Bayes Factors for All Variables
BF01 Evidence Level No. (%) P *

0.3–1 Weak evidence there is likely a difference 16 (9.1) 0.090 (0.065)
1–3 Weak evidence there is likely no difference 110 (63) 0.37 (0.44)
3–10 Moderate evidence there is likely no difference 48 (27) 0.61 (0.28)
10–30 Strong evidence there is likely no difference 2 (1.1) 0.90 (0.0005)
*Values are presented as median (IQR).
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thereby conserving resources. If result fragility is a con-
cern, researchers can opt to continue recruitment until 
the desired level of evidence is achieved. Conversely, if the 
Bayes factor remains inconclusive, trials can be extended 
until a conclusion can be drawn, reducing the waste asso-
ciated with inconclusive results.15

We found an independent association between P 
values and Bayes factors, where an increase in P value 
corresponded with an increase in the Bayes factor. This 
indicates that these 2 statistical measures are not entirely 
independent and can provide complementary insights 
about the strength of evidence in a study. Although pre-
vious research has shown that P values can sometimes 
exaggerate the strength of evidence, these studies illus-
trate how Bayes factors can be used alongside P values 
to provide a more nuanced understanding of trial data, 
particularly when frequentist methods alone may not be 
conclusive.16–18 For example, an RCT comparing avulsion 
versus decompression of the zygomaticotemporal branch 
of the trigeminal nerve for the treatment of bitemporal 
migraines found similar nonsignificant reductions in 
migraine days for both treatments (P = 0.5).19 Although 
this P value might imply the need for a larger trial to 
confirm findings, the corresponding Bayes factor of 4.2 
provides moderate evidence that no difference exists, 
indicating a repeat trial may not be necessary. In con-
trast, another RCT comparing closed-incision nega-
tive pressure therapy to adhesive strips for surgical site 
infections showed a nonsignificant result (P = 0.86) but 
a Bayes factor of 1.9, which indicates weak evidence of 
no difference, suggesting the trial is worth repeating.20 
These examples underscore how Bayesian analysis can 
provide clearer insights into trial results, offering an 

advantage over traditional P values by facilitating more 
informed decisions about whether additional studies are 
warranted. By using Bayesian inference, researchers can 
reduce resource wastage and improve the interpretabil-
ity of trial outcomes.

Our study has limitations. There is potential for selec-
tion bias as studies were excluded because of incomplete 
reporting or incompatible data. Therefore, our results 
may not apply to the field of plastic surgery as a whole, 
but they give a general sense of the studies published in 
the top plastic surgery journal. We minimized these biases 
by ensuring a comprehensive search strategy and rigor-
ous inclusion criteria. Given that we included more than 
1 outcome per trial, there may be some dependency in the 
data. However, we accounted for this by using a multilevel 
model to accommodate the nested structure of the data. 
Finally, Bayesian analysis uses prior knowledge to inform 
the analysis process. In our study, we intentionally adopted 
neutral uninformative priors. The choice of such priors 
has minimal impact on our results.

Bayesian statistics is a powerful tool that is gaining trac-
tion in medical research, yet it remains unfamiliar to many 
physicians. This article not only presents the results of 
our Bayesian reanalysis but also aims to bridge the knowl-
edge gap by introducing the fundamental principles of 
Bayesian analysis (Fig. 5). Unlike traditional frequentist 
methods, which provide a binary outcome of statistical sig-
nificance, the Bayesian framework presents data through 
direct probabilities and credible intervals, offering a more 
intuitive and informative approach. Bayesian methods can 
overcome several challenges commonly faced in plastic 
surgery clinical trials. For instance, Bayesian analysis per-
mits continuous data monitoring, enabling trials to adapt 

Table 3. Distribution of Bayes Factors for Primary Outcome Variables
BF01 Evidence Level No. (%) P *

0.3–1 Weak evidence there is likely a difference 7 (13) 0.088 (0.06)
1–3 Weak evidence there is likely no difference 37 (71) 0.37 (0.29)
3–10 Moderate evidence there is likely no difference 8 (15) 0.55 (0.5)
10–30 Strong evidence there is likely no difference 0 (0) 0 (0)
*Median (IQR).

Table 4. Mean BF01 and P Value Based on Outcome Type and if Power Analysis Conducted
No. (%) Mean BF01 (SD) P Mean P (SD) P

Total 176 2.4 (1.4) — 0.47 (0.28) —
Outcome type  
 � Primary 52 (30) 1.9 (0.86) 0.025* 0.39 (0.27) 0.067*
 � Secondary 75 (43) 2.6 (1.8) 0.52 (0.3)
 � Unspecified 49 (28) 2.5 (1.1) 0.46 (0.26)
Power analysis  
 � Conducted 101 (57) 2.1 (1) 0.041† 0.47 (0.3) 0.96†
 � Not conducted 75 (43) 2.7 (1.8) 0.46 (0.26)
*Kruskal-Wallis test.
†Mann-Whitney U test.

Table 5. Final Mixed Regression Model
BF01 Regression Coefficient Standard Error Z P 95% Confidence Interval

P 2.5 0.31 8.2 <0.001 1.9 3.1 
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based on accumulating evidence. This flexibility can pre-
vent the premature conclusion of studies that have not yet 
reached sufficient evidence, or enable early termination 
when the evidence is strong, thereby conserving resources. 
Figure 5 illustrates the fundamental tenets of designing, 
conducting, interpreting, and reporting a Bayesian trial. 
By familiarizing themselves with these principles, plastic 
surgeons and researchers will have the option of leverag-
ing Bayesian methods to conduct more efficient and infor-
mative trials.

Bayesian analysis offers several advantages over tra-
ditional frequentist methods, particularly in its ability to 
present data more intuitively through direct probabilities 
and credible intervals. This approach can also make clini-
cal trials more efficient by enabling continuous data evalu-
ation and adaptive designs, potentially reducing resource 
wastage. By understanding both the benefits and limita-
tions, researchers can better decide when to use Bayesian 
methods to enhance the quality and efficiency of their 
trials.
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