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Overview 

• Confounding 

• Use of causal graphs to avoid bias in 

observational real-life data analysis 

• Time-depending confounding by indication 

• Dat requirements and challenges 



Department of Public Health & HTA 4 

The Problem of Epidemiologic 

Studies: Confounding 

Alcohol 

consumption 

(Exposition) 

Lung Cancer 

(Outcome) 

Smoking 

(Confounder) 
RR = 6 RR = 10 

RR(crude) = 3 (p<0.05) 
 

RR(adj)= 1.06 (n.s.) 
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Severity of Disease 

Outcome Intervention 

Confounding by Indication 
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Outcome 
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Intervention 
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Example HIV Treatment - 

 

The Multicenter AIDS Cohort 

Study (MACS) 
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Example MACS 

Hernan MA. Brumback B. Robins JM.  

Marginal structural models to estimate the causal effect 

of zidovudine on the survival of HIV-positive men.  

Epidemiology. 11(5):561-70, 2000 

 

Story: Data from 2 small RCTs and the Multicenter 

AIDS Cohort Study (MACS) 
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Example MACS 

• Intervention: Antiviral drug (dose) 

• Outcome: Mortality 

• Study design: Observational study 
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Death 

CD4 

Drug dose 

Example MACS 
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Example MACS 

 

Analysis (high vs. low dose drug) RR Sign. 

Not adjusted for CD4 3.6 p<0.05 

Adjusted for CD4 2.3 p<0.05 

Causal effect estimate ? ? 
 

 

Data from Hernan MA, Brumback B, Robins JM. Epidemiology 2000 
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RR(not adjusted for CD4) = 3.6 (p<0.05)  biased  
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U 
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RR(adjusted for CD4) = 2.3 (p<0.05)  biased  
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+ 
Drug dose 
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Example MACS 

 

Analysis (high vs. low dose drug) RR Sign. 

Not adjusted for CD4 3.6 p<0.05 

Adjusted for CD4 2.3 p<0.05 

Causal effect estimate ? ? 
 

 

Data from Hernan MA, Brumback B, Robins JM. Epidemiology 2000 
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Example MACS 

 

Analysis (high vs. low dose drug) RR Sign. 

Not adjusted for CD4 3.6 p<0.05 

Adjusted for CD4 2.3 p<0.05 

Marginal structural model 
(adjusting for time-dependent CD4) 

0.7 p<0.05 

 

 

Data from Hernan MA, Brumback B, Robins JM. Epidemiology 2000 
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Example HIV Treatment 

Hernan MA. Brumback B. Robins JM. Marginal structural models to estimate the 
causal effect of zidovudine on the survival of HIV-positive men. Epidemiology. 
11(5):561-70, 2000 

Abstract: 

Standard methods for survival analysis, such as the time-dependent Cox model, may 
produce biased effect estimates when there exist time-dependent confounders that 
are themselves affected by previous treatment or exposure. Marginal structural 
models are a new class of causal models the parameters of which are estimated 
through inverse-probability-of-treatment weighting; these models allow for 
appropriate adjustment for confounding. We describe the marginal structural Cox 
proportional hazards model and use it to estimate the causal effect of zidovudine on 
the survival of human immunodeficiency virus-positive men participating in the 
Multicenter AIDS Cohort Study. In this study, CD4 lymphocyte count is both a time-
dependent confounder of the causal effect of zidovudine on survival and is affected 
by past zidovudine treatment. The crude mortality rate ratio (95% confidence interval) 
for zidovudine was 3.6 (3.0-4.3), which reflects the presence of confounding. After 
controlling for baseline CD4 count and other baseline covariates using standard 
methods, the mortality rate ratio decreased to 2.3 (1.9-2.8). Using a marginal 
structural Cox model to control further for time-dependent confounding due to CD4 
count and other time-dependent covariates, the mortality rate ratio was 0.7 (95% 
conservative confidence interval = 0.6-1.0). We compare marginal structural models 
with previously proposed causal methods. 
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Another Example in HIV 

Treatment 

 

Multicenter AIDS Cohort Study 

and Women's Interagency HIV 

Study 
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Example 

• Intervention: HAART vs. No HAART 

• Outcome: AIDS or death 

• Study design: Observational study 
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Data from Cole 

et al. Am J 

Epidemiol 2003 

   ?            ?? 
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*Time-Varying Confounding:  

Inverse-Probability of Treatment Weighting 

Hernán et al., Epidemiology, Nov. 2008 



Department of Public Health & HTA 39 

ISPOR RDB Analysis Task Force 

Cox et al., Value in Health 2009 
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Time-Depending Confounding 

Traditional textbook techniques to control for 

time-independent confounding include restriction, 

stratification, matching, or multivariate regression 

analysis. However, these methods have been 

criticized for being inadequate to control for time-

dependent confounding. Other methods such as 

g-computation, marginal structural models, or 

structural nested models have been suggested as 

approaches to this problem. 

 
Cox et al., Value in Health 2009 
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Conclusions 

• In “real-life” observational data evaluation, need 

to start analysis with a causal graph! 

• Controlling for time-varying confounding 

– necessary in observational studies on treatment 

– necessary in risk factor intervention studies 

– provides “real” effect size even in RCTs (control for 

compliance) 

– usually requires longitudinal data and causal models 

• Traditional adjustment methods (stratification, 

multivariate regression) may fail to control for time-

dependent confounding 
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Challenges 

• Causal methods are not yet covered in all epi 

textbooks, but first Macros (STATA) available 

• Data analysis requires an epidemiologist familiar 

with causal methods 

• HTA: CAVE meta-analysis of observational 

studies (control for confounding: yes/no/correct?) 

• Decision modeling: CAVE modeling: are model 

inputs for intervened-on variables causal? 
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Other Examples 
• Control for time-varying confounding 

– Witteman JC et al. (1998). G-estimation of causal effects: isolated systolic 

hypertension and cardiovascular death in the Framingham Study. American 

Journal of Epidemiology, 148:390-401.  

• Control for confounding by indication 

– Cole SR et al. (2003). Effect of highly active antiretroviral therapy on time to 

acquired immunodeficiency syndrome or death using marginal structural 

models. Am J Epidemiol 2003;158(7):687-94. 

• Multiple Interventions 

– Robins JM, Hernan M, Siebert U. (2004) Effects of Multiple Interventions. In: 

Ezzati M, Lopez AD, Murray CJL, eds. Comparative Quantification of Health 

Risks: Global and Regional Burden of Disease Attributable to Selected Major 

Risk Factors Vol I. Geneva: Worl Health Organization;2199-2238. 

• Adjust for non-complicance in RCTs 

– Robins JM, Rotnitzky A. (2004). Estimation of treatment effects in randomised 

trials with non-compliance and a dichotomous outcome using structural mean 

models. Biometrika 91: 763-783. 
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Other Examples 
• Adjust for confounding after RCT becomes open label 

– Cook NR et al. (2002). Use of a marginal structural model to determine the effect 

of aspirin on cardiovascular mortality in the Physicians' Health Study. Am J 

Epidemiol;155(11):1045-53. 

• Adjust for different second-line treatments 

– Yamaguchi T, Ohashi Y. (2004). Adjusting for differential proportions of 

second-line treatment in cancer clinical trials. Part I: structural nested models 

and marginal structural models to test and estimate treatment arm effects. Stat 

Med;23(13):1991-2003. 

• Compare results from RCT and observational studies 

– Hernan MA et al. (2008). Observational studies analyzed like randomized 

experiments: an application to postmenopausal hormone therapy and 

coronary heart disease. Epidemiology;19(6):766-79. 

• ITT analysis 

– van der Laan MJ et al. (2007). Causal Effect Models for Realistic Individualized 

Treatment and Intention to Treat Rules. The International Journal of 

Biostatistics 2007;3(1):1-52. 
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APPENDIX 
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Risk Factor Interventions 
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Example: WHO-Project "Causal CHD Web" 

Age 

CHD 

Blood 

pressure 

LDL-Chol 

Diabetes 

BMI 

Fat Intake 

Smoking 

Alcohol 

Physical 

Activity 

BMI: body mass index 
CHD: coronary heart disease 

Robins, Hernan, Siebert 2005# 
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Example: WHO-Project "Causal CHD 

Web" 

Age 

CHD 

Blood 

pressure 

LDL-Chol 

Diabetes 
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Fat Intake 

Smoking 

Alcohol 

Physical 

Activity 

BMI: body mass index 
CHD: coronary heart disease 

Robins, Hernan, Siebert 2005# 
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Causal diagram CHD 
BMI: body mass index 
CHD: coronary heart disease 

 

CHD 

BMI 

Physical 

Activity 

? 
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Causal diagram CHD 
BMI: body mass index 
CHD: coronary heart disease 

 

CHD 

BMI 

Physical 

Activity 

Physical 

Activity 

? 

Confounder 

Post-exposure variable 

“Causal models”: (epidemiologic) models adjusting for variables 

that simultaneously act as confounders and intermediate steps: 

1) Nonparametric g-formula 

2) Parametric g-formula 

3) g-estimation 

4) Marginal structural models 
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Confounding 

Age is a common cause  
of BP and MI 

MI 

Age 

BP 

Confounding 

PA is a common cause  
of BMI and CHD and is 

also affected by BMI 

CHD 

PA 

BMI 

Time-dependent  
confounding 

Traditional stratification 
or regression analysis 

works 

Traditional stratification 
or regression analysis 

fails 
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Cave Decision Analysts! 

Observational  

Dataset 

Statistical  

analysis 

P(Y)=f(X1, X2, X3, …) 

P(Y)=f(X1, X2, X3, …) X1=0 

X1=1 

P(Y)=f(X1, X2, X3, …) 

P(Y)=f(X1, X2, X3, …) 

P(Y)=f(X1, X2, X3, …) 

Action 

(A) 

Outcome 

(Y) 

Effect Estimation and Decision Analysis 

Examples:  

- Framingham risk function 

- Prediction functions in diabetes II 

- Osteoporose risk function 

… 

… 


