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Goal: To examine performance of alternatives to 

logistic regression for propensity score estimation.



• Definition per the ICH E10 Guidelines: A trial that compares a group of 
subjects receiving the test treatment with a group of patients external 
to the study
– Can be a group of patients treated at an earlier time (historical control) or a 

group treated during the same time period but in another setting.

• Consider an externally controlled trial only when:
1) prior belief in the superiority of the test therapy to all available 

alternatives is so strong that alternative designs appear unacceptable 
&

2) the disease has a well-documented, highly predictable course.

• RCT may not be feasible due to rare disease, small number of patients 
available, high crossover rates, or lack of existing treatment options.

Externally Controlled Trial
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ICH E10: Choice of Control Group and Related Issues in Clinical Trials



• Lack of blinding may lead to differences in investigator 
expectations and methods for assessing outcomes.

• Potential selection bias in external control arms defined 
retrospectively.

• Lack of randomization because the control group is not derived 
from the same population as the treated population. 
– Patients could be sicker in the external arm due to failure to meet stringent 

inclusion criteria. 
– Systematic differences between groups can result in confounding bias

Externally Controlled Trial

Potential biases encountered
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• To minimize the impact of the bias from an external control arm, causal 
inference methods can be employed to ensure comparability between 
groups

• Propensity score: P(T=t | X=x)
– Probability of receiving the treatment given the covariates.
– Goal is to estimate treatment effect without the potential confounding of the 

conditioned covariates. 

• Condition on the propensity score to ensure that patient characteristics 
in the control group resemble those in the experimental group.

Propensity Scores for Causal Inference
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• Traditionally, logistic regression is the method used for estimating 
the propensity score

• Alternative methods have been explored:

• The goal of this project is to examine the performance of alternatives 
to logistic regression for propensity score estimation and to interpret 
these in the context of external control arms in clinical trials

Propensity Scores for Causal Inference
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Method Paper(s) exploring this method

Bagging Lee, Lessler, & Stuart (2010)

Boosting Lee, Lessler, & Stuart (2010), McCaffrey, Ridgeway, & Morral, (2004) 

Recursive partitioning with pruning Lee, Lessler, & Stuart (2010), Setoguchi et al. (2008)

Recursive partitioning without pruning Lee, Lessler, & Stuart (2010), Setoguchi et al. (2008)

Random forests Lee, Lessler, & Stuart (2010) 

Neural networks Setoguchi et al. (2008)



• Neural networks

• Classification and regression tree, executed as far as possible

• Bootstrap aggregated (Bagged) classification and regression tree

• Random forest

• Boosted regression tree

Compare each machine learning method to:

• Logistic regression with no interactions

Machine Learning Methods

7



• A study with a continuous endpoint was constructed with simulated 
data. 
– 500 datasets of n = 500 were generated for each scenario.

• 10 covariates were simulated under 7 scenarios varying in linearity
and additivity.

Reproduction and extension on the studies done by Lee, B. K., Lessler, J., & Stuart, E. A. 
(2009) and Setoguchi, S., Schneeweiss, S., Brookhart, M. A., Glynn, R. J., & Cook, E. F. 
(2008). 

Simulation Study

Overview
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Goal: To examine performance of alternatives to 

logistic regression for propensity score estimation.



Simulation Study

Covariates
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Lee, B. K., Lessler, J., & Stuart, E. A. (2009). Improving propensity score weighting using machine learning. Statistics in Medicine, 29(3), 337–346. 

https://doi.org/10.1002/sim.3782 
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• A: model with additivity and linearity

• B: model with mild non-linearity

• C: model with moderate non-linearity

• D: model with mild non-additivity

• E: model with mild non-additivity and non-linearity

• F: model with moderate non-additivity

• G: model with moderate non-additivity and non-linearity

Simulation Study

Scenarios
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Varying amounts of 

quadratic terms



• A: model with additivity and linearity

• B: model with mild non-linearity

• C: model with moderate non-linearity

• D: model with mild non-additivity

• E: model with mild non-additivity and non-linearity

• F: model with moderate non-additivity

• G: model with moderate non-additivity and non-linearity

Simulation Study

Scenarios
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Varying amounts of 

two-way interaction 

terms



• Propensity score weights were estimated using logistic regression
and 5 machine learning methods.

• Propensity scores were weighted by odds: 
– Treated patients were assigned a weight of 1 and external controls a weight of 

𝑝𝑖

1−𝑝𝑖
. 

– The treatment effect was estimated by subtracting the weighted means.

• Performance metrics:
– Variance: Precision of mean treatment effect 
– Bias: Accuracy of computed mean treatment effect
– MSE: variance + bias2

Simulation Study

Overview
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Particularly important with 

ML methods, which are 

more prone to overfitting 

and bias inflation



Results: Scenario A Variance
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Results: Variance
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Note: y-axis limited 

to show 97+% of 

data due to outliers



Results: Bias
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Note: y-axis limited 

to show 97+% of 

data due to outliers



Results: MSE

16

Note: y-axis limited 

to show 97+% of 

data due to outliers



MSE median consistently lowest for boost method
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Note: y-axis limited 

to show 97+% of 

data due to outliers



LR performs weakest in the presence of non-additivity
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Note: y-axis limited 

to show 97+% of 

data due to outliers



MSE Pairwise Comparisons of LR with ML Methods
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According to MSE, LR is 
performing 
• better than RP1 & Bag
• similarly to RF and NN
• not as well as Boost



MSE Pairwise Comparisons of LR with All ML Methods
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Remember the ~3% outliers
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Note: y-axis limited 

to show 97+% of 

data due to outliers



• Performance of methods is consistent across scenarios

• Logistic regression tends to perform 
• Better than classification and regression tree (RP1) and the bagged tree 
• Similar to random forest and neural networks
• Usually not as well as boosted tree in terms of median MSE

• While the boosted tree has a lower median MSE than logistic 
regression, the chance of inflated error in an “off-the-shelf” 
implementation makes it risky

Analysis

Comparison between methods
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• Improvements over logistic regression are seen in the boosted 
regression tree with particular improvement in the presence of non-
additivity but with a risk of significant variance inflation

• This is further supported by the cited studies
– Lee et al. finds that bagged CART, random forests, and boosted CART methods 

provide better bias reduction and more consistent CI coverage over logistic 
regression under conditions of both moderate non-additivity and moderate non-
linearity. Methods were comparable otherwise.

– Setoguchi et al find that logistic regression methods were robust and neural 
networks achieved the least bias on average.

Conclusion

Recommendations
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• Comparison of “off-the-shelf” methods
– All methods compared were using standard specifications, so it represents how a 

naïve or typical user might approach this.

• The following considerations were not assessed:
– Propensity score overlap
– Variations in percent treated
– Treatment effect heterogeneity
– The impact of the omission of covariates

• Propensity scores were not calibrated, resulting in extreme weights.

Limitations
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• Testing grounds calibrated to realistic data using a simulation paradigm 
with a highly saturated model.

• Variety of data generating processes used, varying in linearity and 
additivity.

• Variety of performance metrics assessed.

Strengths
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• Larger sample size than n=500 & more simulations than N=500

• Calibration techniques to reduce likelihood of extreme weights

• Matching or stratification instead of weighting

• Exploration of the impact of missing data. 

• Test approaches on real data.
– Use data from RCT and data from similar patient population. Employ propensity 

score weighting to match active arm and pseudo-control arm on demographic 
and baseline characteristics. Compute propensity score and assess how closely 
the endpoints align in the pseudo-control and actual control. 

Next Steps
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• The use of off-the-shelf machine learning techniques for propensity 
score estimation could result in improvements in performance.

• Boosted classification and regression tree resulted in the lowest MSE 
across scenarios.

• However, be mindful of the risk of outliers with inflated variance if no 
calibration techniques are employed.

Suggestions for applications
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Any questions?
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Machine Learning Methods

Neural networks
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Input layer Hidden layer 1 Hidden layer 2 Hidden layer 3 Output layer



Machine Learning Methods

Classification and regression tree

33https://go.documentation.sas.com/doc/en/pgmsascdc/9.4_3.3/statug/statug_hpsplit_examples03.htm



Machine Learning Methods

Bootstrap aggregated (Bagged) classification and regression tree

34https://en.wikipedia.org/wiki/Bootstrap_aggregating



Machine Learning Methods

Random Forest
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Machine Learning Methods

Boosted regression tree
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• Scenario A (a model with additivity and linearity): Pr [A = 1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3 + β4W4 + 

β5W5 + β6W6 + β7W7)})−1

• Scenario B (a model with mild non-linearity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3 + β4W4 + β5W5 + 

β6W6 + β7W7 + β2W2W2})−1

• Scenario C (a model with moderate non-linearity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3 + β4W4 + β5W5

+ β6W6 + β7W7 + β2W2W2 + β4W4W4 + β7W7W7)})−1

• Scenario D (a model with mild non-additivity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3 + β4W4 + β5W5 + 

β6W6 + β7W7 + β1×0.5×W1W3 + β2×0.7×W2W4 + β4×0.5×W4W5 + β5×0.5×W5W6)})−1

• Scenario E (a model with mild non-additivity and non-linearity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3

+ β4W4 + β5W5 + β6W6 + β7W7 + β2W2W2 + β1×0.5×W1W3 + β2×0.7×W2W4 + β4×0.5×W4W5 + β5×0.5×W5W6)})−1

• Scenario F (a model with moderate non-additivity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + β3W3 + β4W4 + 

β5W5 + β6W6 + β7W7 + β1×0.5×W1W3 + β2×0.7×W2W4 + β3×0.5×W3W5 + β4×0.7×W4W6 + β5×0.5×W5W7 + 

β1×0.5×W1W6 + β2×0.7×W2W3 + β4×0.5×W4W5 + β5×0.5×W5W6)})−1

• Scenario G (a model with moderate non-additivity and non-linearity): Pr [A=1ǀWi] = (1 + exp{−(β0 + β1W1 + β2W2 + 

β3W3 + β4W4 + β5W5 + β6W6 + β7W7 + β2W2W2 + β4W4W4 + β7W7W7 + β1×0.5×W1W3 + β2×0.7×W2W4 + β3×0.5×W3W5 + 

β4×0.7×W4W6 + β5×0.5×W5W7 + β1×0.5×W1W6 + β2×0.7× W2W3 + β3×0.5×W3W4 + β4×0.5×W4W5 + 

β5×0.5×W5W6)})−1

Simulation Study

Scenarios
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