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Learning objectives 

1. Define the role of causal inference within observational studies

2. Identify the common types of studies and methods used to examine causal 

inference

3. Define common vocabulary associated with causal inference 

4. Outline the strengths and limitations of the methodologies for causal inference
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Causal inference

• Identification and estimation of causal effects in populations

• i.e., numerical quantities that measure changes in the distribution of an 

outcome under different interventions  

• Individual causal effects

• For specific individual ‘i’:

• Average causal effects

• In the the population : 
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Measure of causal effects 

• Causal risk difference (RD)

• Causal risk ratio (RR)

• Causal odds ratio (OR)
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Let’s conduct an RCT of RA treatment A
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Randomization

50:50



RCT: Treatment assignment  
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Randomization

Treatment A

No treatment

50:50



RA remissions occurred (Y=1) in RCT

9
© 2021 Harvard / Brigham Division of Pharmacoepidemiology

Randomization

Treatment A: A=1

No treatment: A=0

50:50

Probability of remission: 0.4 

Pr[YA=1 =1] = 0.4   

Probability of remission: 0.2

Pr[YA=0 =1] = 0.2   

RD: 0.2 

RR: 2.0



How do we interpret RD=0.2 or RR=2.0 in this RCT?

• To infer a causal effect of exposure on outcome, we need to know the risk of 

the outcome in the presence of exposure AND in the absence of exposure given 

all other conditions being same 
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Counterfactual outcome



How do we interpret RR=2.0 in that RCT?

• To infer a causal effect of exposure on outcome, we need to know the risk of 

the outcome in the presence of exposure AND in the absence of exposure given 

all other conditions being same
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Randomization➔ Exchangeability between the 2        

groups



How do we interpret RD=0.2 or RR=2.0 in this RCT?

• To infer a causal effect of exposure on outcome, we need to know the risk of 

the outcome in the presence of exposure AND in the absence of exposure given 

all other conditions being same 

• RD= 0.2 or RR=2.0 in the RCT of Treatment A: is the causal effect of the 

treatment on RA remission

*Number needed to treat (NNT): the average number of individuals that 

need to receive treatment (A=1) to achieve the number of outcomes (Y=1) by 1  

NNT = 1/RD = 1/ {Pr[YA=1 =1] - Pr[YA=0 =1]} 

RD=0.2, NNT=5: on average, one needs to treat 5 RA patients with A to 

achieve 1 remission 
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But we don’t always have ‘randomization’
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Causal inference in non-randomized (observational) studies

• Exposure occurs temporally prior to outcomes → cohort or nested case-control 

studies (No cross-sectional or case series)  

• Individuals are either exposed or unexposed but not both

• No counterfactual outcome available (unless we have a time machine or can 

clone individuals) 

• No randomization → Non-exchangeability

• Then how can we make causal inference about the exposure on outcome in 

non-randomized settings? 
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Key concepts in designing observational studies for causal 

inference 

• Ideally, we would like to compare the exposed to the same exact people had 

they not been exposed, but we don’t have a time machine or cloning technology

• So we need to use the unexposed group that is presumed to be ‘identical’ to 

the exposed group with respect to their risk of outcomes  

• “Conditional exchangeability” –the exposed and the unexposed are 

exchangeable within strata of the measured covariates (within levels of L), 

also assuming no unmeasured confounding

• “Consistency” – if Ai=a, then Yi
a= Yi

A=Yi : an individual treated with ‘a’ has an 

outcome Y equal to his counterfactual outcome Ya

• “Positivity” – the conditional probability of receiving every value of treatment 

is non-zero (>0): e.g., violation of positivity: drug contraindication, no 

appropriate match, small sample sizes and/or high-dimensional data 
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Key concepts in designing observational studies for causal 

inference 

• Well-defined interventions:  One must know which treatments are being 

compared

• For each causal effect of interest, we can imagine a hypothetical RCT to test 

that hypothesis 

• More straightforward if you can design a ’target trial’ (more in the next 

session) 

• When conducting the target trial is not feasible, or ethical, or timely, we can 

consider causal analyses of observational data to emulate the target trial  
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Graphical representation of causal effects 

• We can conceptualize problems using causal diagrams like directed acyclic 

graphs (DAGs)

• Causal DAGs are a way to be explicit about your assumptions about the causal 

structure of the relationships between exposures, potential confounders and 

their consequences.
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Causal DAGs

• Directed: time flows from left to right via directed arrows

• L is temporally prior to A and Y, and A is temporally prior to Y

• L is a common cause of A and Y ➔ L: confounder (lack of exchangeability)

• Acyclic: no cycles/feedback loops, a variable cannot cause itself, either directly 

or through another variable  

• Causal Graphs: 

• An arrow from one node to another indicates ‘a direct causal effect’  
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Examples of causal DAGs

• Conditionally randomized experiment: 

• e.g., Patients are randomly assigned to Treatment A depending on the RA 

disease activity (L)

• Marginally randomized experiment: 

• e.g., Patients are randomly assigned to Treatment A regardless of their RA 

disease activity 
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Common cause: confounding

• Observational study (same DAG as conditional RCT): 

• e.g., Patients are prescribed Treatment A depending on the RA disease 

activity (L) 

• Assuming the treatment A depends solely on L, and no other cause of Y 

exists

• 2 sources of associations: 

• Path A → Y : causal effect of A on Y

• Path A → L → Y : backdoor path through their common cause L

• In the presence of L, association is NOT causation

• Must account for L in an analysis to obtain a valid (unbiased) 

estimate of the A-Y relationship   
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Conditioning on a common cause 

• Observational study: 

• e.g., Patients are prescribed Treatment A depending on the RA disease 

activity (L) 

• Assuming the treatment A depends solely on L, and no other cause of Y 

exists

• Conditioning on a common cause L:

• Implies conditional exchangeability within the level of L: blocks the 

backdoor path

• Assuming no unmeasured confounding, only 1 path from A to Y exists: 

causal  
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Example of unmeasured confounding (U) 
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Aspirin StrokeCAD

hypercholesterolemia

Confounding by indication

Smoking

Exercise

Death

SES status



Conditioning on a common effect 

• Common effect: L is a common effect of and Y

• L is a collider on the path A → L  Y 

• No association between A and Y because the collider L blocks the flow of 

association

• Conditioning on a common effect (collider) L 

• Backdoor path is open from Y → L → A 

• Leading to selection bias
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Conditioning on a common cause vs. a common effect 

• Conditioning on a common cause removes confounding. 

• Conditioning on a common effect introduces selection bias.

• Therefore, we need expert knowledge to determine if we should adjust for a 

variable. 

• We need to set the timeline of all these variable measurement correctly. 

• Statistical criteria are insufficient to characterize confounding and 

confounders.

24
© 2021 Harvard / Brigham Division of Pharmacoepidemiology



Mediator 

25
© 2021 Harvard / Brigham Division of Pharmacoepidemiology

A M Y

Mediator

• What happens if one controls for the mediator 

M?

• In the presence of mediator-outcome 

confounding, conditioning on M induces an 

association through a backdoor path: Y → U→

M→ A



Causal DAGs

• We use DAGs to conceptualize problems and help us be explicit about the 

underlying assumptions.

• Your proposed DAG is generally simplified and may or may not correctly 

represent the true state of nature. 

• The analysis that is dictated by a particular DAG estimates the causal effect of 

exposure only if the DAG is correct.
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A hypothetical study question 

• Let’s consider conducting an observational cohort study to assess the effect of 

methotrexate (MTX) on the risk of myocardial infarction (MI) among RA patients 

• % MI among RA patients exposed MTX is observable 

• % MI among RA patients not exposed to MTX is observable 

• But are they comparable/exchangeable?

• In a non-randomized setting, ‘RA patients treated with MTX’ may have 

different MI risk factors versus ‘RA patients not exposed to MTX’.

• LACK of EXCHANGEABILTY or CONFOUDNING

• Then % MI among RA patients not exposed to MTX is not a good proxy for 

the conditional counterfactual outcome: you cannot infer causal effect 

validly   
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Study question

• Does MTX decrease the risk of MI among RA patients ?

• Study population: RA patients

• Data sources: real-world data sources
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Effectiveness Research with Healthcare Databases
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RWD



Study question

• Does MTX decrease the risk of MI among RA patients ?

• Study population: RA patients

• Data sources: real-world data sources - registries, EMR, claims

• Exposure of interest:

• ‘Methotrexate’ versus ‘No methotrexate’ 

• Are these two groups comparable? We must control for confounding to 

ensure ‘conditional exchangeability’ 
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How to control for confounding ?

• By study design 

• New user design 

• Active comparator 

• By statistical methods

• Multivariable adjustment 

• Stratification

• Standardization

• Propensity score methods 
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Observational data on MTX and risk of CVD  
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Am J Cardiol 2011 

Limited by non-user 

comparator +/-

prevalent user design



Observational data on MTX and risk of CVD  
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Why non-user comparator/prevalent user design is bad?
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Yoshida (2015) DOI: 10.1038/nrrheum.2015.30



Well-known example of prevalent user/non-user bias
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Immortal time bias 
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Types of immortal time bias 
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Classical immortal time bias

Ever users

Random-calendar date immortal time bias

Non-users had to survive to the 

end of the cohort accrual block



Study question

• Does MTX decrease the risk of MI among RA patients ?

• Study population: RA patients

• Data sources: real-world data sources - registries, EMR, claims

• Exposure of interest:

• ‘Methotrexate’ versus ‘No methotrexate’ 

• Outcome of interest: MI

• Statistical analysis: 

• Intention-to-treat analysis 

• Per-protocol analysis  

41
© 2021 Harvard / Brigham Division of Pharmacoepidemiology



Summary

•When we cannot conduct an RCT for whatever reasons, well-designed/executed 

observational analyses can be useful for causal inference 

•Estimation of causal effects in observational studies is challenging but doable 

with careful methodological considerations

•Three important assumptions to remember for causal inference 

• Conditional exchangeability, Consistency, and Positivity 

•Defining treatments clearly (imagine a hypothetical target trial)

• Will help determine ‘time zero’ and set up the timeline of the study correctly

• Commonly used ‘current users, never or ever users’ are almost never used in 

RCTs. [DO NOT USE IT in your study]
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Thank you! 

Email: sykim@bwh.harvard.edu
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Stay Safe!
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