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Abstract

Generating an external control arm (ECA) using real-world data (RWD) in supporting regulatory 

submissions is becoming an industry trend. This project explored how to use R to support a 

regulatory submission in an ECA study.  

Working with RWD introduces unique challenges that are not present in randomized clinical trials, 

such as confounding, selection bias, and missing data. This project has explored the novel initiative 

of converting these more advanced aspects of the statistical analysis from SAS to R, and contribute 

to the limited R documentation related to ECA studies.

At time of writing, many aspects of an ECA study using propensity score methodologies have been 

successfully implemented in R, such as propensity score generation, multiple imputations, and 

handling IPTW weights in outcome models. Contributions to the existing R methodology will be 

presented, along with outlining some challenges and their solutions as well as potential future 

work.
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Real World Data (RWD) and External Control Arm (ECA)

• RWD: The FDA defines real-world data as healthcare information derived 

from multiple sources outside of typical clinical research settings. This 

data is collected, de-identified, and stored in a variety of sources to be 

later analyzed

• ECA: A cohort created from existing patient-level data, either old 

clinical trial or RWD to be used as a comparator arm
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Background & Motivation of Using External Control Arm

• Randomized Controlled Trials (RCTs) are industry gold standard

— Used to evaluate efficacy and safety of treatments

— Good randomization corrects for confounders and biases

• Barriers to randomization

— Disease rarity

— Scarcity of patients

— Ethical & feasibility considerations

— Temporal & financial costs
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When to Use External Control Arm

• Single-arm Studies

— Uncontrolled studies require context to interpret 

outcomes

— Clinical settings with no standard of care treatment, 

limited options

• Orphan & rare diseases

— Difficult recruitment of patients

• Consider for

— Diseases with highly predictable courses and mortality

— Studies in which the drug effect is self-evident

— Situations when the effect of treatment is substantial
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Real-World ECA Study Challenges

• Randomization does not exist between external control arm and the 

investigational treatment arm

• Common challenges

— Selection bias

— Sample selection does not accurately reflect target population

— Addressed by appropriate ECA study design

— Confounding

— Systematic differences in patient characteristics exist between the 

treatment arm and external control arm

— Missing data

• This presentation focuses on mitigation methods for confounding and 

missing data through programming procedures
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Mitigation Methods for Confounding

Propensity Score Generation:

• Potential confounder list used in PS modeling is prespecified in SAP

• PS balancing is outcome independent (firewall/blinding)

Balancing Methods Implemented:

• Stabilized Inverse Probability of Treatment Weighting (sIPTW) to balance 

patient characteristics between the two arms

— Based on inverse of propensity score (PS) of receiving treatment and 

the proportion of patients from single-arm clinical trial or ECA arm

— Weights used in statistical analysis of outcome data

• Propensity Score Matching (PSM)

— Patients matched based on PS using 1:n greedy nearest neighbor or 

optimal matching with a caliper and sampling without replacement
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Mitigation Methods for Missing Data
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Many Imputed Datasets
• Use multiple imputation method to fill 

in missing values

— Assume missing at random (MAR)

— Systematic process to generate 

plausible numbers derived from 

distributions of, and relationships 

among, observed variables

— This is repeated multiple times to 

reflect the uncertainty around the 

true value

• Analysis is conducted within each 

imputed dataset, and parameter 

estimates obtained from each 

analyzed dataset are then combined 

for inference
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Challenges in Converting SAS Code to R

• Established SAS pipeline leverages the below main procedures to 

perform the statistical analyses:

— proc phreg: used to analyze survival data, ability to handle multiply 

imputed data and weights

— Weighted binomial using proc freq: creates frequency table with 

binomial proportions, ability to handle weights

— proc genmod: fits generalized linear models to the data, ability to 

handle multiply imputed data and weights

• These procedures all have an equivalent R function; however, R does not 

have an established method for handling the added statistical layers 

needed in RWE studies (for example handling multiple imputations or PS 

weights)

• Different default values are used by SAS and R, e.g. censoring, options 

for functions
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Challenge #1: proc phreg
(IPTW Adjusted Survival Endpoints) 
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R has a fixed 

value of 0 for 

censor

group_by didn’t 

work, so a for loop 

was implemented to 

account for multiple 

imputations

coxph and Surv from 

survival package
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Results in R and SAS
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Challenge #2: Weighted Binomial
(IPTW Adjusted Proportions)
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Had to account for weights 

manually before running prop.test

SAS can accept non-integer counts in a 

binomial test

Multiplication by 1000 must be done in R to 

preserve 3 decimal places of precision
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Results in R and SAS
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Challenge #3: proc genmod
(IPTW Adjusted Response Rate)
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GLM for fitting the weighted 

model, then use Coeftest

from lmtest package 

combined with sandwich 

package to obtain robust 

covariance matrix 

estimators
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Results in R and SAS
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Challenge #4: Different Default Values
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Normally as we will not specific this in 

SAS PROC MEANS, the default quantile 

definition is QNTLDEF=5 which 

corresponds to type 2 in all 9 

algorithms complied by Hyndman and 

Fan in 1986.

Default type used in R is type=7

In order to match SAS results in R, we 

need to specify type=2 in R quantile 

function
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Key Takeaways

• Many SAS programs for tables/graphs were successfully converted to R

• Some complex challenges arose related to the more complex propensity 

score methodology and multiple imputation

• This type of project requires close collaboration with the Biostats team

• Challenges can be solved; however, they require more time to investigate

• Attempted procedures in R that still need new packages developed to be 

able to complete (for example a package with a function that can take 

multiple imputations into account without using a loop)

• This project is a great illustration of how innovation and science thrives 

with interdisciplinary collaboration
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Future Work

• Multiple imputation can be done in R using mice package

— However, the results generated by SAS and R are different, even if the same 

random seed is used

— This impacts propensity score generation, with the differences also cascading down 

to impact balancing and matching

• Matching can be performed with the MatchIt package

— However, propensity score matching also yields different results from SAS, even if 

propensity scores in the input data are the same

• Additional work is needed to investigate the disparity between the results generated 

by SAS and R
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Contact Information

Lixiao Chen

• Manager, RWE Statistical Programming

• Email: lixiao.chen@bms.com

Lorraine Fang

• Associate Director, RWE Statistical Programming
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