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Background

With the increasing availability of large-scale electronic health record (EHR) and administrative

claims databases, there has been increasing interests in comparing the performance of various

causal survival methods for analyzing large-scale observational data[1, 2, 3, 5, 6] under different

simulation settings. However, most of the simulations were performed under relatively simplified

scenarios that do not reflect the reality of observational data, and assumptions such as propor-

tionality and random censoring were made for the data generative process that might not hold

in reality. We aims to evaluate the performance of three categories of survival causal methods

in estimating difference in survival probability at discrete time 𝑡 in realistic simulation setting

with computationally feasible algorithm implementations: inverse probability weighting (IPW),

propensity score (PS) methods and the recent development of doubly robust methods. The meth-

ods considered in this study accounts for informative censoring and violations of the proportional

hazards assumption.

Methods

In this section, we will briefly describe the three categories of methods under evaluation, and

introduce the simulation framework. We provide both the simulation framework and the al-

gorithms as an open-source R package CausalSurvival (https://github.com/zeger-nishimura-

lab/CausalSurvival).

IPW[2] adjust for confounding and informative censoring by weighting via the inverse of

propensity score and censoring probability. The consistency of the IPW estimator depends on

the consistent estimation of both PS and censoring probability.

For PS methods, we evaluate the performance of stratified cox model in [4] that assumes

confounding could be adjusted via adjusting for PS strata. To estimate difference in survival

probability with stratified cox model, we performed pooled logistic regression with treatment, PS

strata indicator, time and interaction between PS strata indicator and time component to allow

baseline hazards to vary across PS strata. The consistency of the estimator relies on the correct

specification of the baseline hazards and the assumption on confounding adjustment. We also
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perform weighted pooled logistic regression by weighting observations with inverse of censoring

probability to account for informative censoring. The consistency of the weighted stratified cox

model further relies on the correct estimation of the censoring probability.

Doubly robust estimators combines the outcome regression and inverse weighting estimators

in a way that the estimator remains consistent when either the outcome regression model or

the inverse weighting estimators are estimated consistently[2, 5]. Targeted Maximum Likelihood

Estimation (TMLE) and augmented IPW[2] are the two doubly robust estimation methods under

evaluation in this study.

All methods require the estimation of censoring probability and PS, and doubly robust methods

further require the estimation of survival probability. We focus on the practical implementation of

L1/L2-regularized logistic regression model adjusted for linear combinations of baseline covariates

to estimate PS, survival and censoring distribution while performing automatic variable selection

for confounding adjustment for all methods.

For the simulation study, we use data from the IBM MarketScan Commercial Claims and

Encounters database to compare the efficacy of two of the most common first-line hypertension

treatments, ACE inhibitor and thiazide. To preserve the complex structure of confounding, we

use the exposure status and baseline covariates from the real data in constructing a logistic regres-

sion model to simulate survival time. We derive empirical estimates of the baseline hazards and

treatment effect used in the simulation model by fitting a L1/L2-regularized logistic regression

model to the real data. Our simulation framework reserves potential informative censoring and

non-proportionality in the data.

Results

The dataset includes 1,065,745 individuals, among which about 5000 individuals experienced major

cardiovascular event and 7890 baseline covariates were collected. We coarsen survival time into 50

non-uniform time intervals with each containing roughly 100 events to account for low event rate

and skewed survival time distributions. For the simulation study, we will compute the following

set of metrics to compare and evaluate the performance of the estimation of difference in survival

probability at all 50 discrete time points: mean bias, square root variance, estimated asymptotic

variance, coverage of 95% pointwise confidence intervals and width of confidence interval at 95%

coverage.

Conclusion

We implemented state-of-art causal survival methods that accounts for informative censoring and

non-proportionality, and demonstrated the advantages of doubly robust methods in obtaining

consistent estimations. We also provide a simulation framework that simulate realistic large-scale
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observational data to evaluate the performance of various methods. This work adds to the OHDSI

methods library in population-level estimation and explore alternative causal estimands such as

difference in survival probabillity and difference in restricted mean survival time.
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