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Background

Randomized controlled trials (RCTs) are the gold standard for estimating the causal effects 

of treatments on outcomes while non-randomized observational studies fall low on the 

evidence hierarchy. Trauma, stroke, and cardiac arrest are the 3 leading causes of death, 

accounting for 75% of U.S. deaths according to the Centers for Disease Control. In some of 

these acute settings, randomization can be logistically difficult because the timeline for 

making decisions about care is short.1–3 Also, biological concepts underlying acute 

interventions or resuscitation measures may cast substantial doubt on scientific “equipoise” 

necessary to implement an RCT.

As a result, researchers sometimes rely on well-designed prospective observational studies 

with pre-planned statistical analyses for decision-making.2–7 In these settings, cohorts are 

prospectively followed, and analyses preplanned as they would be for an RCT.3,8 The 

analysis plans often invoke methods for causal inference, commonly propensity scoring. 

Propensity scoring is a two-stage procedure: Stage 1 estimates the probability of each patient 

receiving treatment given their baseline covariate profile and Stage 2 adjusts for this 

probability in the outcome model (via matching, stratification, or inverse probability 

weighting by the probability of receiving treatment; e.g., Stuart9). In some instances, this 

allows for unbiased causal effects of treatment on outcome as would have been obtained 

from an RCT. A large body of literature exists on the theoretical underpinnings of propensity 
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score methods in producing causal treatment-outcome estimates,10–12 as well as on the 

application of these methods.13–18 However, the statistical literature does not typically 

explain how to translate theory to practice for real data sets, nor the inherent limitations 

implementing a propensity score analysis where confounding by indication is likely to be an 

important source of bias.19

With rapidly increasing availability of non-randomized prospective, longitudinal, and real-

time clinical data, propensity methods are growing in popularity.20 When assumptions are 

met, propensity scoring can be a reliable way of obtaining unbiased estimates of treatment 

effects on outcomes11,21 and results are useful for the design of future RCTs. However, a 

large body of evidence indicates propensity scoring faces significant analytic challenges.
6–8,22–29 Seeger et al.30 conducted an interim analysis of a sequential cohort study program 

in routine care to monitor safety and effectiveness of dabigatran and warfarin; these authors 

present an approach to interim monitoring along the course of a non-randomized study. 

Others have also implemented pre-planned retrospective analyses for propensity scoring;
31,32 however, there are currently no formal guidelines or remedies for assumption violations 

at interim, especially with application to acute care settings.

To address these challenges, this paper recommends interim monitoring guidelines for non-

randomized prospective studies in acute care that plan to invoke propensity scoring. 

Remedies include: reconsidering inclusion criteria for the study/enrolling patients with more 

varied covariate profiles, improving variation in the propensity score distribution either by 

adding sites to the study, or providing treatments at sites where it was previously not 

available. The example used to demonstrate the proposedguidelines is the Pre-hospital 

Resuscitation on Helicopter Study (PROHS), which assessed the effect of pre-hospital blood 

transfusion (PHT) versus no PHT on mortality, previously described in Holcomb et al.3

Methods

Brief Overview of Propensity Scoring

The propensity score is the probability of treatment assignment conditional on observed 

baseline covariates, X. If certain assumptions are met, propensity score can be used in a 

small variety of ways to estimate unconfounded (causal) effects of treatment on the 

outcome, Y.10 Propensity scores are estimated for each individual in a study, using either a 

parametric or non-parametric (e.g., machine learning) statistical model. Then, matching, 

inverse probability weighting, or stratification by the propensity score are used to estimate 

causal effects of treatment on the outcome, Y.

Many studies have been criticized for the fact that propensity scoring, like other non-

experimental techniques, depends critically on maintained assumptions about the nature of 

the process by which participants select or are assigned into a treatment group.33–35 Less 

understood are the 2 assumptions that underpin the validity of results, and the circumstances 

in which those assumptions are violated.20,36

The 2 key assumptions that must hold in order implement propensity scoring are: 1.) overlap 

of the propensity score (i.e., the probability of being treated) in both treated and untreated 
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patients, and 2.) no unmeasured confounding of the treatment-outcome relationship. Clinical 

data sets frequently violate these assumptions, leading to insurmountable limitations for use 

of propensity score methods to correct bias. For example, Greene et al,7 assessed 5 large 

studies that employed propensity scoring to assess the benefit of pre-hospital transfusion;
6,26,28,29 most studies encountered these issues in the analysis stage. It is not well-

understood that propensity scoring cannot control for selection bias; i.e., it does not alleviate 

flaws in the study design that may have resulted in lack of overlap in covariate space among 

treated and non-treated individuals. An example prevalent in longitudinal observational 

studies is confounding by time.20 While the two above assumptions have extensive 

theoretical underpinnings beyond the scope of this current opinion, the below explains how 

to test them in real world clinical data sets.

Assumption 1: Overlap of the propensity score

Overlap means both treated and untreated individuals have a nonzero probability of 

receiving treatment. This ensures that one can estimate the two causal effects of interest – 

the average treatment effect (ATE) and average treatment effect in the treated (ATT) - for all 

values of covariates without relying on extrapolation.37 This assumption is equivalent to 

stating there must be overlap in the covariate space among treated and untreated individuals 

in order to make causal inference. More technically, for all values of the pre-treatment 

covariates, collectively termed X, the probability of receiving either treatment (in the binary 

treatment case), or any level of the treatment (in the multiple or ordinal treatments case), 

must lie between 0 and 1 for all X in the study.

Overlap can be difficult to achieve in clinical research. Due to highly specialized paradigms 

for patient care, it is possible that not every patient in the data set has a nonzero probability 

of receiving any treatment. For example, in Holcomb et al.,3 733 of 899 patients not 

receiving PHT had a zero probability of receiving PHT in final analysis (Figure 1). The 

patient care paradigm may be so standardized across physicians and institutions, that a 

clinical data set demonstrates complete confounding by indication. Thus, one would not be 

able to find patients with similar covariate profiles who received different treatments as these 

patients do not exist, creating a bias that cannot be fully resolved.19

Assumption 2: No unmeasured confounding

The second assumption states that treatment assignment must be independent of the 

observed outcomes, conditional on the confounders used in the propensity model. 

Rosenbaum and Rubin10 call this the “no unmeasured confounders” assumption, i.e., 

treatment assignment is solely based on observable characteristics, i.e., all variables that 
influence treatment assignment and potential outcomes simultaneously are observed by the 
researchers.36,38

This assumption is so crucial to the propensity score’s ability to correct bias from non-

random treatment assignment that systematic reviews have been conducted to assess threats 

to causal inference.7,20 The assumption is untestable in practice unless one has a semi-

randomized study to serve as a validation dataset. Specifically, Yang et al.,37 state that the 

assumption “…has no testable implications” and that “in a particular application the 
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assumption is a substantive one, and often a controversial one.” As warned by Hill,36 “Some 

manifestations of bad practice in propensity-score matching appear to have arisen from a 

failure to correctly define confounders.” Thus, the assumption must be justified both 

quantitatively and qualitatively, that is, by the data itself, and by subject matter experts.

One solution to make this difficult assumption more “plausibly true” is to collect as many 

baseline variables as possible, thereby increasing the dimensionality of the covariate space 

used in estimating the propensity score.10,11,39,40 Note that in acute care settings, one must 

ensure that all covariates included are truly pre-treatment covariates; since treatment is often 

administered rapidly, some seemingly baseline measurements may actually be measured 

post-treatment.7 The inclusion of many covariates into the propensity score model does not 

harm the analysis in the usual way we understand in model building, because in modeling 

the propensity score, accurate prediction of treatment supersedes model generalizeability. 

Since the propensity score focuses on predicting the probability of treatment in the 

population based on the observed sample, the more pre-treatment covariates included in the 

propensity model, the better the prediction. This fact is an important one and may be 

difficult to explain to subject matter experts who, for other applications of statistical 

modeling, are taught to favor model parsimony.

Computing and Using the Propensity Score

Once the assumptions are investigated and upheld, the propensity scores are computed and 

used to make inference. Specifying the correct propensity model is a component of 

propensity scoring but is outside the scope of this paper. In many applications, fitting a 

logistic regression with treatment as the modeled outcome, and all confounders as predictors 

is effective. Recently, machine learning methods have been used to compute the propensity 

score.17,18,41 There are 3 recommended ways to adjust for the propensity score: 1. Matching 

patients across treatment groups who have similar propensity scores, 2. Inverse probability 

weighting of all patients, 3. Stratification by propensity score. We refer the reader to two 

reviews of the large body of adjustment literature.16,17

Results

Proposed Interim Analysis and Remedial guidelines for a Prospective Observational Study

The below are guidelines for an interim analysis plan for a non-randomized observational 

study that intends to invoke propensity scoring for the primary analysis. At the midterm of 

data collection:

1. Estimate propensity scores.

2. Assess overlap between treatment and reference groups.

3. If there is evidence of lack of overlap, examine covariate distributions to assess 

issues with the study design, such as omitted covariates or selection bias.

4. Assess covariate balance.

5. Explore unexpected behavior in propensity scores, i.e., deviations from the two 

assumptions during enrollment.
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One may repeat this at quarter 3, depending on the length of enrollment. Note that in the first 

quarter, there will not be sufficient data to test assumptions; this time should instead be used 

to prepare analytic code. Since the propensity score is the probability of treatment 

assignment, does not use outcome data, and since balance- checking does not invoke 

statistical tests or p-values, there is no “alpha-spending” as occurs with interim analyses of 

outcome data in RCTs.

Proposed Remedy for Lack of Overlap in Covariate Space: Application to PROHS

Vincent,42 Grzybowsky,43 and Yang, et al.,37 propose ad hoc remedies for constructing 

subsamples with better overlap in settings where the overlap assumption is violated. The 

most common remedy is to trim the tails of the distribution of propensity scores.44 However, 

such ad hoc methods may throw away the majority of the data such that generalizability to 

the population and covariate space of interest is questionable.36,45 In some cases, trimming 

will not be possible due to extensive lack of overlap. Interim analysis should assess overlap 

– if it appears so extensive that trimming likely cannot be applied, stop enrollment and 

investigate the source; i.e., determine adherence to protocols, whether protocols differ across 

study groups/sites, reconsider patient inclusion criteria, and reconcile where possible. We 

note that new research recognizes trimming at arbitrary cutpoints decreases sample size and 

may introduce bias, for which novel weighting remedies have been very recently proposed; 

while these are beyond the scope of this paper, it is critical that trimming be guided by the 

appropriate statistical literature.45

Figure 2 demonstrates the lack of midterm and quarter 3 overlap from PROHS, for those 

who did and did not receive PHT. At midterm, 442 patients who did not receive PHT, 373 

had 0 predicted probability of PHT from the propensity model. In contrast those receiving a 

PHT were much more evenly distributed in their probability of getting PHT. This clear lack 

of overlap in the propensity score and therefore covariate space for patients receiving and 

not receiving PHT demonstrates that reasonable trimming would not improve overlap. It was 

then determined that site differences were the likely cause of overlap, given that the 

distribution of injury severity score (ISS) differed by blood availability on the helicopter (a 

site variable, Figure 3). One possible remedy would have been to add sites at interim to 

capture data from missing populations (note, this was not performed). The lack of overlap 

was not remedied by final analysis (Figure 1, previously described).

Proposed Remedy for Violation of the Unconfoundendess Assumption: Application to 
PROHS

This assumption has no testable criteria so must be clinically guided via collection of all 

known potential confounders. At both interim and final analysis, sensitivity to the 

assumption that all confounders are measured should be evaluated by assessing balance of 

baseline confounders in the matched/weighted samples. This is achieved by comparing 

standardized mean differences (which should be less than 0.1), using histograms, QQ plots, 

and plotting empirical cumulative distribution functions by treatment group for continuous 

variables, and/or by constructing frequency tables by treatment group for categorical 

variables. If balance in the distributions of covariates is not achieved, there are likely 

unmeasured confounders, or the distribution of confounders in the sample is too narrow.
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Figures 4 and 5 show that imbalance across treatment groups after propensity matching 

existed in PROHS both at midterm and quarter 3 analysis. For example, ISS distribution was 

higher in the PHT vs no PHT helicopters, and the PHT helicopter patients were much more 

likely to receive a life-saving intervention at both midterm (75.0% vs 39.6%) and quarter 3 

(75.9% vs 40.5%). Remedies at midterm analysis would have been to determine omitted 

confounders and add them to the protocol for the remainder of recruitment, to target 

recruitment strategies to enroll patients with more varied covariate distributions, or add PHT 

protocols to more helicopters. Balance for important covariates such as ISS were not 

rectified at final analysis.3

Conclusions and Limitations

This paper outlines an interim monitoring plan for non-randomized prospective studies in 

acute care medicine. A dearth of attention has been paid to designing high quality studies 

that will make use of propensity scoring while adequately attending to limitations due to the 

stringent assumptions of overlap and unconfoundedness. Pre-planned propensity score 

analyses bring a level of uncertainty to any study. For this reason, guidelines for interim 

monitoring will allow us to evaluate whether the two key assumptions hold. Within the 

proposed interim monitoring, the outcome variable is never analyzed or considered. The is 

akin to checking or updating randomization procedures in an RCT, which do not require the 

use of alpha spending functions.

There are several limitations of the approach. First, even if balance is achieved, it does not 

guarantee all confounders are measured. Second, the chosen interim propensity model could 

be different from the final propensity model – thus, midterm analysis does not provide 

definitive information about the propensity score distribution. Third, power is much lower at 

midterm than final analysis, which can be partially mitigated by a 3rd quarter check. 

However, the approach still represents an opportunity to reduce biases inherent in analyses 

of non-randomized prospective studies.
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Figure 1. 
Distribution of the propensity score for the no PHT and PHT groups upon completion of 

PROHS.
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Figure 2. 
Interim analysis: distribution of propensity scores in no PHT (top panel) and PHT (bottom 

panel) groups for midterm (top) and quarter 3 (bottom) interim analyses, resulting from the 

generalized boosting propensity model (GBM).
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Figure 3. 
Distribution of ISS by blood availability upon completion of the PROHS.
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Figure 4. 
Interim analysis: Distributions of important continuous baseline confounders for midterm 

(left) and quarter 3 (right) by blood availability on helicopter.
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Figure 5. 
Interim analysis: Bar plots assessing balance on important select categorical baseline 

confounders for midterm (left) and quarter 3 (right).
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