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ABSTRACT
Introduction The Pragmatic Randomized Optimal 
Platelet and Plasma Ratios (PROPPR) trial failed to 
demonstrate a mortality difference for hemorrhaging 
patients receiving a balanced (1:1:1) vs a 1:1:2 
resuscitation at 24 hours and 30 days. Recent guidelines 
recommend earlier mortality end points for hemorrhage- 
control trials, and the use of contemporary statistical 
methods. The aim of this post hoc analysis of the 
PROPPR trial was to evaluate the impact of a balanced 
resuscitation strategy at early resuscitation time points 
using a Bayesian analytical framework.
Methods Bayesian hierarchical models were created 
to assess mortality differences at the 1, 3, 6, 12, 18, and 
24 hours time points between study cohorts. Posterior 
probabilities and Bayes factors were calculated for each 
time point.
Results A 1:1:1 resuscitation displayed a 96%, 99%, 
94%, 92%, 96%, and 94% probability for mortality 
benefit at 1, 3, 6, 12, 18, and 24 hours, respectively, 
when compared with a 1:1:2 approach. Associated 
Bayes factors for each respective time period were 21.2, 
142, 14.9, 11.4, 26.4, and 15.5, indicating ’strong’ 
to ’decisive’ supporting evidence in favor of balanced 
transfusions.
Conclusion This analysis provides evidence in support 
that a 1:1:1 resuscitation has a high probability of 
mortality benefit when compared with a 1:1:2 strategy, 
especially at the newly defined more proximate time 
points during the resuscitative period. Researchers 
should consider using Bayesian approaches, along with 
more proximate end points when assessing hemorrhage- 
related mortality, for the analysis of future clinical trials.
Level of evidence Level III/Therapeutic.

INTRODUCTION
The Pragmatic Randomized Optimal Platelet and 
Plasma Ratios (PROPPR) trial, published in 2015, 
was a landmark clinical trial that compared two 
different trauma transfusion strategies—a ‘1:1:1’ 
ratio and a ‘1:1:2’ ratio of transfused units of 
plasma, platelets and red blood cells. This study 
demonstrated a 4.2% and 3.7% reduction in 
mortality at 24 hours and at 30 days within the 
1:1:1 transfusion cohort, respectively. These differ-
ences, however, were not statistically significant at 
either of the co- primary end points (p=0.12 and 
p=0.26, respectively) and the null hypothesis—that 
there was no treatment effect based on the transfu-
sion strategy used, that is, no mortality benefit—
could not be rejected at the level of p<0.05.1 The 
PROPPR trial was thus, statistically speaking, 

a ‘negative’ trial based on the study’s primary 
outcomes.

The PROPPR trial was, however, designed more 
than a decade ago. Since its design and publication, 
there have been many methodological advances 
in clinical trial design and analysis. Two key areas 
revolve around the optimal timing of mortality 
outcomes and the increasing popularity of Bayesian 
analytical frameworks.

Recent data from multiple high- quality studies 
suggest that the most frequent causes of trauma- 
related deaths change over time during a patient’s 
resuscitation and hospital course.2–4 Early deaths are 
mostly related to hemorrhage, while later deaths 
are more consistently secondary to traumatic brain 
injuries and multiorgan failure.5–8 It makes biolog-
ical sense that interventions which improve hemor-
rhage control should be studied over the time period 
when bleeding occurs. Recently published guide-
lines for trauma studies—developed at the National 
Heart, Lung, and Blood Institute (NHLBI) and US 
Department of Defense (DoD) convened consensus 
conference—recommend using all- cause mortality 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Despite the trial being the driving impetus 
for the adoption of a balanced transfusion 
strategy for trauma patients during the acute 
resuscitative period, the original trial failed to 
demonstrate a statistically significant mortality 
benefit at 24 hours and 30 days, the studies 
co- primary end points.

WHAT THIS STUDY ADDS
 ⇒ Subsequent guidelines suggest that earlier 
mortality end points should be used when 
assessing for death secondary to hemorrhage.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ This study, which used a Bayesian approach, 
demonstrated that there was a high probability 
of mortality benefit associated with a 1:1:1 vs 
a 1:1:2 resuscitation strategy at 1, 3, 6, 12, 18, 
and 24 hours and provides quantifiable data in 
support of balanced transfusions at each time 
assessed.

 ⇒ This analysis supports the use of Bayesian 
techniques and more proximate end points 
when assessing hemorrhage- related mortality, 
which should both be considered for use in 
future trauma clinical trials assessing blood 
product resuscitation and hemorrhage.
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at 3–6 hours from arrival as the optimal study end point when 
assessing the treatment effects on mortality secondary to hemor-
rhagic shock.2–4 9 10

The aim of this post hoc analysis was to evaluate the effects 
of a balanced resuscitation strategy (1:1:1) vs a red cell heavy 
(1:1:2) strategy on mortality at earlier time points while using 
Bayesian methods. Although a detailed description of Bayesian 
statistics is outside the realm of this particular paper, a compre-
hensive comparison of Bayesian and frequentist statistical 
approaches structured around the PROPPR trial was recently 
published by our group.11 Briefly, Bayesian approaches offer an 
alternative statistical framework that estimates the probability of 
a treatment effect, as opposed to frequentist statistical methods 
which most often are used to dichotomize results as ‘positive’ or 
‘negative’ based on traditionally selected p values.12 13 This study, 
therefore, sought to conduct a Bayesian analysis of the data from 
the PROPPR trial in order to re- evaluate the effects of a 1:1:1 
resuscitation strategy versus a 1:1:2 approach on mortality at the 
1, 3, 6, 12, 18, and 24 hours resuscitation time points.

METHODS
The PROPPR trial was monitored for safety by an externally 
appointed board via the NHLBI.1 This current study, which 
retrospectively assesses deidentified and publicly available data 
from the original PROPPR trial, qualified as IRB exempt per 
local guidelines.

The PROPPR trial
The PROPPR trial enrolled trauma patients from 2012 to 2013 
who were predicted to require large volume transfusions at 12 
level 1 trauma centers in North America. Patients were random-
ized to receive a 1:1:1 or 1:1:2 transfusion strategy in order 
to assess the effects of blood product ratios on mortality. The 
trial’s co- primary end points, chosen jointly by the investigators 
and regulators, were 24- hour and 30- day mortality. The orig-
inal study was designed to detect a 10% absolute difference in 
24- hour mortality (11% vs 21%) and a 12% absolute difference 
in 30- day mortality (23% vs 35%). The design and results of the 
study have been published.1 14

Proximate mortality end points
The trauma working group of the NHLBI/DoD consensus 
conference, which comprised 26 members, recommended a 
primary outcome of 3–6 hours all- cause mortality for clinical 
trials assessing hemorrhage control interventions. This selection 
was guided by goals of patient- centeredness, expected or demon-
strated sensitivity to beneficial treatment effects, biological plau-
sibility, clinical and logistical feasibility, and broad applicability.4 
Earlier mortality end points have continued to be recommended 
as core outcomes for trauma studies.9 10 In order to illustrate 
temporal relationships, we chose to evaluate mortality data at 
1, 3, 6, 12, 18, and 24 hours from arrival and randomization 
within the trauma bay.

Bayesian statistical approach in ‘plain English’
In brief, this analysis used a multilevel, or hierarchical, non- linear 
regression model. Hierarchical models allow for individual vari-
ables to be analyzed in clusters that can be nestled underneath 
other variables. The influence of the individual variables on one 
another within each cluster, as well as between the separate clus-
ters is considered for the statistical analysis. For this study, the 
individual resuscitation strategy that was received was nestled 
under each of the hospitals within the study. This offered the 

opportunity to account for variations in outcomes between the 
two resuscitation strategies for individual patients and account 
for variations in outcomes between each of the separate hospitals 
within the trial.

The Bayesian nature of these models is unique in that it 
provides the probability that the 1:1:1 resuscitation strategy is 
superior to the 1:1:2 approach. Based on the data and how the 
models are analyzed, which is outside the scope of this paper, 
a series of possible probabilities are provided and termed the 
posterior probability density distribution. This represents the 
scope of possible outcomes from the model assessed. While one 
probability value is determined to be the most likely, a range of 
possible probabilities are presented to allow for a degree of flex-
ibility within the tested model. Using the associated probability 
density graphs, numerous hypotheses regarding the degree of 
differences between the two resuscitation strategies were tested 
to see how probable each hypothesis was. Detailed descrip-
tions of the statistical analysis are presented in the ‘Statistical 
approach’ section.

Statistical approach
Based on the Bayesian hierarchical regression models, which 
allow for the ability to account for potential site- specific varia-
tions in practice patterns, mortality rates between resuscitation 
groups at each time point were compared. Non- informative 
priors, which represent an approach that assumes a uniform 
distribution of possible outcomes for the data given limited prior 
information, were used for each model in order to minimize 
the potential risk for subjective bias and provide more concep-
tually tangible outcomes for the reader. Posterior probabilities 
and their associated 95% highest density intervals (HDI) for the 
mortality differences between the two resuscitation strategies 
were calculated at each time interval and are presented as prob-
ability density distributions. This allows the data to be visualized 
based on the likelihood of occurrence over a range of values. In 
the context of Bayesian analysis, a ‘posterior probability’ is the 
probability of a particular conclusion after considering the actual 
data in light of prior assumptions. As noted, for this study we 
assumed a non- informative prior distribution that did not bias 
the Bayesian analysis toward either study arm.

Model development and optimization resulted in the resus-
citative strategy being treated as a population- level, or fixed, 
effect, while treatment center was imputed as a group- level 
effect. The models used Markov Chain Monte Carlo modeling 
(4 chains, 1000 iterations burn- in, and 2000 saved iterations per 
chain) with a Bernoulli family distribution. The median 2.5th 
and 97.5th percentiles of the posterior distribution were used to 
obtain the 95% HDI. All models were created using the BRMS 
package in R (R Foundation), V.4.0.3.15 16

Presentation of results
In order to compare the difference between the two resusci-
tation strategies, mortality risk ratio (RR) values between the 
two cohorts were used to provide a more intuitive comparative 
framework for mortality outcomes. Posterior probabilities were 
further calculated over a range of RR thresholds to quantify 
and assess the durability and degree of the reported mortality 
differences between the groups at each time interval. These RR 
parameters spanned from a RR <0.5 to a RR >1, with values 
<1 representing a mortality benefit in favor of the 1:1:1 resus-
citative strategy. As RR, by definition, cannot be a negative 
number, log(RR) was used within the models for comparative 
purposes in order to account for values over the entire potential 
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probability distribution. This allowed for the possibility that the 
1:1:1 approach could display lower or higher mortality rates 
compared with the 1:1:2 cohort. For reporting purposes, the 
RR estimates were obtained by taking the exponential function 
of log(RR).

In order to further illustrate the results, we also calculated 
Bayes factors (BFs). BFs act as a likelihood ratio between the 
competing hypotheses by directly comparing the posterior prob-
abilities of each scenario in ratio form. This strategy represents 
an alternative way to quantify the support for one of two 
opposing hypotheses and compute the strength of the associ-
ated evidence. These are often interpreted using Jeffrey’s Scale 
of Evidence, which divides the possible BF values into readily 
interpretable categories, or grades, and translates them into a 
qualitative judgment based on their associated strength of the 
evidence. Grades range from ‘anecdotal (BF 1–3)’ to ‘substantial 
(BF 3–10)’, ‘strong (BF 10–30)’, ‘very strong (BF 30–100)’ and 
‘decisive (BF >100)’.17

RESULTS
Figure 1 demonstrates the posterior probability density distribu-
tions at each time assessed. These graphs demonstrate the poste-
rior probabilities that compare the balanced resuscitation strategy 

with the 1:1:2 approach. The total area under the curve (AUC) 
in each graph represents the total (100%) probability in relation 
to mortality benefit. The vertical line represents a log(RR) of 0, 
which is equivalent to an RR of 1 corresponding to no differ-
ence between treatments. The AUC to the left of the vertical line 
signifies the probability in favor of a balanced approach over 
a 1:1:2 strategy for each time point. Based on these findings, 
the posterior probabilities associated with a mortality benefit (ie, 
RR <1) represented by the balanced transfusion cohort in the 
setting of non- informative priors were 94% at 1 hour, 99% at 3 
hours, 94% at 6 hours, 92% at 12 hours, 96% at 18 hours, and 
94% at 24 hours (table 1).

The associated BF for the balanced approach demonstrating 
superiority over the 1:1:2 strategy was 21.2 at the 1 hour time 
point, indicating ‘strong’ evidence, 142 at the 3 hours time 
point, indicating ‘decisive’ evidence, and 14.9, 11.4, 26.4, and 
15.5 at the 6 hours, 12 hours, 18 hours, and 24 hours time 
points, respectively, also indicating ‘strong’ evidence in support 
of balanced transfusions when using non- informative priors 
(table 1).

Under non- informative priors, patients receiving a balanced 
transfusion demonstrated a mortality RR of 0.53 (95% 
HDI=0.28–0.98) at 1 hour, 0.50 (95% HDI=0.30–0.80) at 

Figure 1 (A–F) Posterior distribution graphs for all- cause mortality comparing 1:1:1 vs 1:1:2 resuscitation strategies at 1 hour (A), 3 hours (B), 6 
hours (C), 12 hours (D), 18 hours (E) and 24 hours (F) .
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3 hours, 0.70 (95% HDI=0.46–1.03) at 6 hours, 0.72 (95% 
HDI=0.49–1.05) at 12 hours, 0.68 (95% HDI=0.48–0.97) 
at 18 hours, and 0.71 (95% HDI=0.49–1.04) at 24 hours 
following arrival to the trauma bay when compared with those 
who received 1:1:2 resuscitation.

Table 2 shows the posterior probabilities, BFs, and levels of 
evidence for different RR thresholds, down to an RR of <0.5. 
The first column (RR <1) demonstrates the results cited above, 
as well as in figure 1 and table 1. The additional columns corre-
spond to the posterior probability, BF, and level of evidence for 
correlating reductions in RR. For example, column 2 shows that 
the posterior probability of a RR <0.9 is 97% (or ‘very strong’) 
at 3 hours; and 86% (still ‘substantial’) at 6 hours. As expected, 
higher thresholds for RR reduction are associated with lower 
posterior probabilities and greater uncertainty. In temporal 
terms, the results show ‘strong’ to ‘decisive’ evidence in favor of 
a 1:1:1 transfusion strategy (ie, RR <1), compared with a 1:1:2 
strategy, at all time points within the first 24 hours. However, 

this relationship does not follow a linear pattern over the course 
of the first 24 hours. The posterior probability associated with 
a mortality benefit in the balanced transfusion group decreases 
from 99% at 3 hours to 92% at 12 hours, before rising to 96% 
at 18 hours, and then falling again to 94% at 24 hours.

DISCUSSION
Optimal transfusion strategies in trauma remain an area of 
ongoing research. In this post hoc analysis of the PROPPR trial, 
we evaluated the study’s results in terms of more proximate 
end points using the powerful capabilities of Bayesian statistics. 
In doing so, a high probability of mortality benefit associated 
with a balanced transfusion strategy, as opposed to a 1:1:2 
approach, was demonstrated. Furthermore, the high probability 
of mortality benefit associated with balanced transfusion strate-
gies was demonstrated at each of the early time points assessed.

Adding to the evidence base for balanced transfusion 
strategies
It is noteworthy that, even at 24 hours (one of the trial’s orig-
inal outcomes), there was a 94% posterior probability of benefit 
with a 1:1:1 strategy. This contrasts sharply with the ‘statisti-
cally non- significant’ finding (based on a p value of 0.12) of the 
original analysis, and the authors’ conclusion that ‘administra-
tion of plasma, platelets, and red blood cells in a 1:1:1 ratio 
compared with a 1:1:2 ratio did not result in significant differ-
ences in mortality at 24 hours’.1 While Bayesian and frequentist 
estimates do not coincide exactly, it is worth considering that 
rejecting a frequentist null- hypothesis with a two- sided test at 
p<0.05 is equivalent to rejecting the appropriate one- sided test 
at p<0.025 which is, in turn, analogous to a posterior proba-
bility >97.5%. This discordance highlights both the potential 
limitations associated with frequentist- based statistics and the 
strengths of the Bayesian approach.

Post hoc and ‘what- if ’ analyses of clinical trials should always 
be viewed cautiously. Nevertheless, it stands to reason that alter-
native outcome metrics, and a Bayesian analysis, would have 

Table 1 Posterior probabilities and BFs favoring the 1:1:1 transfusion 
strategy

Time period 
(hour) P(1:1:1>1:1:2) BF Level of evidence*

1 96% 21.2 Strong

3 99% 142 Decisive

6 94% 14.9 Strong

12 92% 11.4 Strong

18 96% 26.4 Strong

24 94% 15.5 Strong

P(1:1:1>1:1:2); posterior probability of balanced transfusion being superior to red 
cell heavy strategy.
*Based on Jeffery’s Scale of Evidence: BFs between 1 and 3 represent anecdotal 
evidence, 3 and 10 represent substantial evidence, 10 and 30 represent strong 
evidence, 30 and 100 represent very strong evidence and >100 represent decisive 
evidence in favor of the alternative hypothesis.
BF, Bayes factor.

Table 2 Risk reduction threshold analysis assessing the PPs, BFs, and LOEs at each risk level evaluated

Time Measure RR <1 RR <0.9 RR <0.8 RR <0.7 RR <0.6 RR <0.5

1 hour PP (%) 96 92 87 78 63 44

BF 21.2 11.2 6.6 3.5 1.7 0.8

LOE Strong Strong Substantial Substantial Anecdotal Anecdotal

3 hours PP (%) 99 97 94 88 74 51

BF 142.0 38.2 15.8 7.1 2.8 1.0

LOE Decisive Very strong Strong Substantial Anecdotal Anecdotal

6 hours PP (%) 94 86 71 52 26 10

BF 14.9 5.9 2.5 1.1 0.4 0.1

LOE Strong Substantial Anecdotal Anecdotal Anecdotal Anecdotal

12 hours PP (%) 92 83 67 46 23 6

BF 11.4 4.9 2.0 0.9 0.3 0.1

LOE Strong Substantial Anecdotal Anecdotal Anecdotal Anecdotal

18 hours PP (%) 96 90 77 54 29 8

BF 26.4 9.1 3.3 1.2 0.4 0.1

LOE Strong Substantial Substantial Anecdotal Anecdotal Anecdotal

24 hours PP (%) 94 85 68 46 22 5

BF 15.5 5.6 2.2 0.9 0.3 0.5

LOE Strong Substantial Substantial Anecdotal Anecdotal Anecdotal

*LOE based on Jeffery’s Scale of Evidence.
†RR values in favor of 1:1:1 compared with 1:1:2 resuscitation strategy with lower RR thresholds representing a stronger benefit seen within a balanced approach.
BF, Bayes factor; LOE, level of evidence; PP, posterior probability; RR, risk ratio.
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cast a very different light on the results of the PROPPR trial. It 
should be noted, however, that despite being a ‘negative study’, 
the PROPPR trial is one of the most influential and widely cited 
studies in support of balanced resuscitation strategies. This likely 
is because of the statistically significant differences in secondary 
outcomes (ie, death secondary to exsanguination) of the original 
trial; however, many statisticians believe secondary outcomes 
should be viewed with caution and skepticism.18 19 Moreover, 
this may also be due to an unrecognized ‘inherent Bayesian anal-
ysis’ conducted by readers of the original study, especially when 
viewing the original Kaplan- Meier survival curves.1 20

Support for proximate end points
This study also supports the call for using more proximate 
mortality end points when evaluating hemorrhage control inter-
ventions.2–4 9 10 This notion reflects data showing that early all- 
cause mortality following injury is most frequently the result 
of hemorrhage. This approach avoids the confounding bias of 
other later causes of mortality, such as traumatic brain injury and 
multiorgan failure, and the difficulties inherent in using ‘disease- 
specific’ mortality, which is often difficult to define.5–8

However, the temporal relationship between the posterior 
probability of benefit and time of death is not as clear- cut as we 
had hoped. Conceptually, one might envision that the posterior 
probability of benefit should be highest at 1 hour, and then drop 
off in a predictable manner. Our data do not show this to be 
the case. This may be the consequence of relatively few deaths 
between time periods and the resulting unstable event rates. 
Alternatively, this may be due to different causes of death (which 
may or may not be amenable to the intervention under investiga-
tion) at 1 hour compared with 18 hours, or even 24 hours. This 
issue requires further investigation.

The power of Bayesian analytical frameworks
Bayesian analyses are becoming more widely accepted, both for a 
priori and post hoc analyses of clinical trials.21–25 Although more 
difficult to design, these analyses are conceptually attractive, 
and their output—if presented well—may be easier to compre-
hend than that of traditional, frequentist evaluations. Bayesian 
approaches offer results which can be explicitly interpreted as 
reflecting the weight of evidence, in keeping with intuition, 
increasing the potential to be more clinically impactful, espe-
cially as p values are notoriously misinterpreted throughout the 
medical field.20 26 27

Furthermore, Bayesian studies allow for the ability to assess 
both the null and alternative hypothesis. In doing so, Bayesian 
approaches allow researchers the potential to directly quantify 
the probability of the alternative hypothesis. This is statistically 
impossible using frequentist methods. Thus, Bayesian techniques 
offer the potential for more direct and granular inferences to 
be made, as well as offer the opportunity to directly provide 
evidence in support of a particular hypothesis as opposed to 
simply rejecting its null.

Most importantly, Bayesian analyses avoid the dichotomiza-
tion and oversimplification inherent in frequentist statistics.12 13 
The PROPPR trial is an excellent example of this as we feel that 
a 94% posterior probability of mortality benefit with balanced 
transfusion approaches for trauma is sufficient to satisfy most 
clinicians and is far more informative than a p value of 0.12.

Limitations
Bayesian approaches are not without their limitations.28 A 
lack of familiarity with Bayesian concepts within the medical 

community must be overcome prior to more widespread adop-
tion into clinical practice and incorporation into prospective 
studies.29 Furthermore, many currently published Bayesian anal-
yses represent unplanned, post hoc analyses of primary studies, 
often in an attempt to overcome underpowering. Although these 
reports add to the interpretation of their associated primary 
studies, a key take- away should be that more clinical trials 
should be analyzed primarily using Bayesian techniques as they 
may overcome many challenges clinical researchers face.29 30

CONCLUSION
This analysis provides evidence in support that a 1:1:1 resuscita-
tion has a high probability of mortality benefit when compared 
with a 1:1:2 strategy, especially at the newly defined more 
proximate time points during the initial resuscitative period. 
Researchers should consider using Bayesian approaches, and 
more proximate end points when assessing hemorrhage- related 
mortality, for the analysis of future clinical trials.
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