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Introduction 

• Observational studies are useful for estimating subgroup-specific average 
treatment effects 

• Large sample sizes give more precise effect estimates
• Require statistical methods to control confounders 

• Outcome model (OM)
• Inverse probability weighting 
• Doubly robust 
• Matching methods 

• large sample behaviour is well understood, however, performance with the 
finite sample is less studied  

• A simulation study was conducted to compare the performance of different 
estimators for continuous and binary outcomes



Structural model 

• S- sub-group indicator
• Xi,j- additional basline 

coviaraites
• A- treatment variable 
• Y – observed outcomes
• Xi,j=1…4- confounding 

variables affect A and Y
• Xi,j=5…8- outcome 

predictors affects only Y
• Double-headed arrow 

shows  correlation 
between different 
baseline covariates 



Simulation study 

• Compare the finite sample behaviour of OM, IPW, doubly robust and 
matching 

• Observational studies with no unmeasured confounding and correctly 
specified parametric models

• Examined both continuous and  binary outcomes 

• Different scenarios – variable sample size, subgroup prevalence, the 
magnitude of treatment effects, the correlation between baseline 
covariates 



Targets of inference and measures of 
performance 
• Generated data, applied the estimator and used 100000 replications 

to assess the performance 

• Bias and standard  deviation estimated when using each of the 
estimators

• Multiplied by √n to identify the behaviour of different estimators as n 
increases 



Data generation for S,X, and A

• Subgroup indicator “S” was both considered balance (equal 
prevalence = 0.5)  and imbalance (unequal prevalence = 0.25) 

• Other baseline covariates “X” from an independent standard normal 
distribution

• Case scenario where baseline covariates in “X” correlated with each 
other varying between -0.2 and 0.2

• Treatment choice in each subgroup using a binary indicator “A” but all 
other coefficients of baseline covariates were the same



Data generation for continuous “Y”

• Examined 4 different average treatment effects (ATE) for S=1 namely, 
ATE(S=1) = 0, -0.5,-1, or -2. 

• Each of the treatment effects, 4 different versions of effect 
modification:
• ATE(S=0) = ATE(S=1) ( absence of effect modification);

• ATE (S=0) = -0.5 + ATE(S=1);

• ATE(S=0) =-1 + ATE(S=1); and

• ATE (S=0) = - ATE(S=1)



Model specification in the simulation study 

• Used correctly specified parametric models

• For the probability of treatment
• Logistic regression model (considered all pretreatment covariates, including 

confounding variables and pure outcome indicators, X1,…., X8 and S, and 
product term X1 ⨉ S)

• Logistic regression model – included only confounding variables, X1,…,X4 and 
S, and product term X1 ⨉ S

• For continuous outcome – linear regression model with effects for 
X1,…, X8 and S, the product term X1 ⨉ S, treatment A, and the 
product term A ⨉ S

• All simulations were carried out in Stata version MP/15.1



Simulation Results 



Parameters for continuous outcomes 



Simulation results for continuous outcomes 

• Bias and standard
deviation in OM
and DR was low as
compared to IPW
and MT however
when the sample
size increases it
start to decrease



Simulation results for continuous outcome



Parameters for binary outcomes 



Simulation results for binary outcomes 



Independent baseline covariates 



Coronary Artery Surgery Study (CASS) (August 
1975 – December 1996)

Angiography 2099

Randomization 
780

Observational 
study 
1319

Outcomes 
• 10 years 

mortality risks
• Risk difference 
• Risk ratio among 

subgroups (PMI 
or Ejection 
fraction



Chronic 
CAD

subgroups

Previous 
MI

Left 
Ventricular 

ejection 
fraction

Population Intervention 

Surgery 
and MT

MT

Estimators Findings  

• OM
• IPW
• DR
• MT

Abbreviations: CAD; coronary artery disease; MI; myocardial infarction; MT; medical therapy; OM; outcome model; IPW; 
Inverse probability weighting; DR; doubly robust; MT; matching; POM; potential outcome mean; ATE; average treatment effects 

• POM
• ATE



Baseline covariates 



CASS subgroup (Previous myocardial infarction) 
analysis

Magnitude of effect heterogeneity across subgroups defined by previous MI
was similar in observational and randomized components of CASS



CASS subgroup (ejection fraction ≥ 50%) analysis

Magnitude of effect heterogeneity across subgroups defined by ejection fraction
in observational components is smaller compared with randomized components of CASS
May be due to unmeasured confounding or due to differences in the distribution of effect 
modifiers other than ejection fraction



Conclusion 

• Bias and standard deviation of sampling distributors of estimators 
vary substantially even under the best-case scenario (no confounding 
or unmeasured covariates and no model specification)

• Use multiple estimators in order to asses whether model specification 
choices influence results

• Doubly roboust is particularly attractive as it offers robustness against 
model specification 

• Data adaptive methods ( eg., machine learning methods) may be used 
to estimate the conditional expectation of the outcome or the 
probability of treatment in order to mitigate the risk of model 
specification
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