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Goals

• So, you’re thinking about doing a mediation or 

decomposition analysis…

• Goal: provide a framework with lots of citations and 

software for thinking through modern solutions to 

complex mediation/decomposition issues – but also 

real theoretical limitations.
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Outline
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4. Example: g-computation

5. Extensions and other 
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6. Critiques
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Review: causal mediation
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Explaining differences

• A central aim in sociological and demographic analysis is 

explaining the source of  differences.

𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

• This is a lot of what we try to do! 
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Mediation with regression

• “What are the possible mechanisms connecting X and Y?”

• “It looks like there is an effect of  X on Y, but it goes away 

when I control for M.”

• “It looks like there is an effect of  X on Y, but I explained 70% 

of  it by controlling for M.”
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Causal mediation analysis

• Why does X cause Y?

– X causes M; M causes Y

• Why does Y vary across levels of X? 

– Why do health disparities exist?
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Mediation analysis vs. decomposition

• Why begin with causal mediation analysis rather than 

decomposition? 

– Most published papers I read and papers I review try to explain 

differences/disparities using regression models. 

– The author interprets the coefficient on X and then adds M and 

interprets something about how the coefficient changes (i.e., tries to 

explain differences). 

• I will tie in connections to decomposition throughout, 

especially Kitagawa-Oaxaca-Blinder. 
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Theoretical 

Estimand

Empirical 

Estimand

Estimator

Lundberg et al. (2021). What is your 

estimand? 

9



Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Stuff  we 

can observe
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Potential 

outcomes
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

This is 

causal 

inference
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Average treatment effect

Association
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

What is the 

assumption?
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Are units exchangeable? 

Are potential outcomes 

independent of  treatment?
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Lundberg et al. (2021). What is your 

estimand? 
Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator 𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗
Difference in 

means
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What is the effect of college on health?

Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator
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What is the effect of college on health?

Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Selection
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What is the effect of college on health?

Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Find an 

instrument
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What is the effect of college on health?

Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥 − 𝐸 𝑌|𝑥∗

Estimator

Find an 

instrument

Mediation analysis with 

instrument-based methods 

is hard. See Imai, Tingley 

and Yamamoto (2013, 

JRSS-A).
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What is the effect of college on health?

Theoretical 

Estimand
𝐸 𝑌𝑥 − 𝐸 𝑌𝑥∗

Empirical 

Estimand
𝐸 𝑌|𝑥, 𝑣 − 𝐸 𝑌|𝑥∗, 𝑣

Estimator 𝑌 = 𝑓(𝑥, 𝑣) Regression adjustment

Propensity weighting
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X Y
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X YM
“indirect effect”

“direct effect”
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X YM
“indirect effect”

“direct effect”

Notice we are already committing to a theoretical 

framework where these “pathways” are conceptually 

separable. 

Important when thinking about complex exposures!
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𝑌 = 𝛽1𝑋 
𝑌 = 𝜃1𝑋 + 𝜃2𝑀

X YM
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𝑌 = 𝛽1𝑋 
𝑌 = 𝜃1𝑋 + 𝜃2𝑀
Proportion mediated = (𝛽1 − 𝜃1)/𝛽1

X YM
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𝑌 = 3(𝑅𝑎𝑐𝑒) 
𝑌 = 2(𝑅𝑎𝑐𝑒) + 6(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑)

Race HealthNeighborhood
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𝑌 = 3(𝑅𝑎𝑐𝑒) 
𝑌 = 2(𝑅𝑎𝑐𝑒) + 6(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑)

Proportion mediated =
3−2

3
=

1

3

Race HealthNeighborhood
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𝑌 = 3(𝑅𝑎𝑐𝑒) 
𝑌 = 2(𝑅𝑎𝑐𝑒) + 6(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑)

Proportion mediated =
3−2

3
=

1

3

Race HealthNeighborhood

“Neighborhood 

exposures explain 

one third of  

racial disparities 

in health.”
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𝑌 = 3(𝑅𝑎𝑐𝑒) 
𝑌 = 2(𝑅𝑎𝑐𝑒) + 6(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑)

Proportion mediated =
3−2

3
=

1

3

Baron-Kenny (1986): 135,573 citations.

Race HealthNeighborhood

“Neighborhood 

exposures explain 

one third of  

racial disparities 

in health.”
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𝑌 = 3(𝑅𝑎𝑐𝑒) 
𝑌 = 2(𝑅𝑎𝑐𝑒) + 6(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑)

Proportion mediated =
3−2

3
=

1

3

Baron-Kenny (1986): 135,573 citations.

When is this causal?

Race HealthNeighborhood

“Neighborhood 

exposures explain 

one third of  

racial disparities 

in health.”
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𝑌 = 3 𝑅𝑎𝑐𝑒 + 𝑽 
𝑌 = 2 𝑅𝑎𝑐𝑒 + 6 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 + 𝑽

Race HealthNeighborhood

V



33

Race HealthNeighborhood

V

1. No unobserved confounding of  X→Y (Race→Health).
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Race HealthNeighborhood

V

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).
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Race HealthNeighborhood

V

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).

→ Many different mediation estimands can be considered 

within this simple DAG! 



Wang & Arah (2014). “G-computation demonstration in causal mediation analysis.” European Journal 
of  Epidemiology.
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Wang & Arah (2014). “G-computation demonstration in causal mediation analysis.” European Journal 
of  Epidemiology.
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Vanderweele (2014). “A unification of  mediation and interaction: A 4-way decomposition.” 

Epidemiology.
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Vanderweele (2014). “A unification of  mediation and interaction: A 4-way decomposition.” 

Epidemiology. Differences in 

composition

Differences in 

returns
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Vanderweele (2014). “A unification of  mediation and interaction: A 4-way decomposition.” 

Epidemiology.

Kitagawa-

Oaxaca-Blinder 

decomposition
Jackson & VanderWeele (2018). Decomposition analysis to identify 

intervention targets for reducing disparities. Epidemiology.
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Estimands: post-

treatment confounding

41



42

Race HealthNeighborhoodIncome

V

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).
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Race HealthNeighborhoodIncome

V

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).

3. No unobserved post-treatment confounding of  M→Y (Race→Neighborhood).
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Race HealthNeighborhoodIncome

V

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).

3. No unobserved post-treatment confounding of  M→Y (Race→Neighborhood).

4. No post-treatment confounders are affected by X.
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Race HealthNeighborhoodIncome

V

Should we control for Income?

1. No unobserved confounding of  X→Y (Race→Health).

2. No unobserved confounding of  X→M (Race→Neighborhood).

3. No unobserved post-treatment confounding of  M→Y (Race→Neighborhood).

4. No post-treatment confounders are affected by X.
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Race HealthNeighborhoodIncome

V

Baron-Kenny mediation not controlling for post-treatment confounders will 

produce an estimate confounded by those post-treatment confounders.
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Race HealthNeighborhoodIncome

V

Baron-Kenny mediation not controlling for post-treatment confounders will 

produce an estimate confounded by those post-treatment confounders.

Baron-Kenny mediation controlling for post-treatment confounders will 

almost always overestimate the proportion mediated (i.e., underestimate the 

direct effect) because you’re also inadvertently controlling for all mediating 

pathways through those post-treatment confounders. 



Estimation: g-methods
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Race HealthNeighborhoodIncome

V

“G-methods” can address theses 

issues for observed post-treatment 

confounders.

G-computation

→ Based on simulating

Marginal structural models

→ Based on weighting



𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙

𝑃(𝑙|𝑥, 𝑣) ∙

ሽ𝑃(𝑣) 

Race HealthNeighborhoodIncome

V

Step 1: Write out the 

expected value of  Y 

in terms of  each 

node in your DAG.
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙

𝑃(𝑙|𝑥, 𝑣) ∙

ሽ𝑃(𝑣) 

Race HealthNeighborhoodIncome

V

The g-formula
The generalization of  standardization
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙

𝑃(𝑙|𝑥, 𝑣) ∙

ሽ𝑃(𝑣) 

Race HealthNeighborhoodIncome

V

The g-formula
The generalization of  standardization

(Think about this like a multistate life table!)

Sudharsanan & Bijlsma (2021). 

“Educational note: causal decomposition of   

population health differences using Monte 

Carlo integration and the g-formula.” IJE.

52



𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(ℎ𝑒𝑎𝑙𝑡ℎ|𝑟𝑎𝑐𝑒, 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑, 𝑣) ∙

𝑃(𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑|𝑟𝑎𝑐𝑒, 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑣) ∙

𝑃(𝑖𝑛𝑐𝑜𝑚𝑒|𝑟𝑎𝑐𝑒, 𝑣) ∙

ሽ𝑃(𝑣) 

Race HealthNeighborhoodIncome

V
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝒀 = 𝒇(𝒙, 𝒎, 𝒍, 𝒗) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑴 = 𝒇(𝒙, 𝒍, 𝒗) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝑳 = 𝒇(𝒙, 𝒗) 

ሽ𝑃(𝑣) 

The parametric g-formula
We need model(s) to predict all post-treatment variables in our DAG.
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝑌 = 𝑓(𝑥, 𝑚, 𝑙, 𝑣) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑀 = 𝑓(𝑥, 𝑙, 𝑣) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝐿 = 𝑓(𝑥, 𝑣) 

ሽ𝑃(𝑣) 

G-computation:

1. Fit models.
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝑌 = 𝑓(𝑥, 𝑚, 𝑙, 𝑣) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑀 = 𝑓(𝑥, 𝑙, 𝑣) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝐿 = 𝑓(𝑥, 𝑣) 

ሽ𝑃(𝑣) 

G-computation:

1. Fit models.

2. Predict.
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝑌 = 𝑓(𝑥, 𝑚, 𝑙, 𝑣) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑀 = 𝑓(𝑥, 𝑙, 𝑣) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝐿 = 𝑓(𝑥, 𝑣) 

ሽ𝑃(𝑣) 

G-computation:

1. Fit models.

2. Predict.

3. Calculate target estimand. PIE 𝑀 = 𝐸 𝑌𝑥∗𝐿𝑥∗𝑀𝑥𝑙
− 𝐸 𝑌𝑥∗𝐿𝑥∗𝑀𝑥∗𝑙∗
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝑌 = 𝑓(𝑥, 𝑚, 𝑙, 𝑣) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑀 = 𝑓(𝑥, 𝑙, 𝑣) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝐿 = 𝑓(𝑥, 𝑣) 

ሽ𝑃(𝑣) 

G-computation:

1. Bootstrap.

2. Fit models.

3. Predict.

4. Calculate target estimand.
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𝐸 𝑌 = ෍

𝑚

෍

𝑙

ሼ𝑃(𝑦|𝑥, 𝑚, 𝑙, 𝑣) ∙ 𝑌 = 𝑓(𝑥, 𝑚, 𝑙, 𝑣) 

𝑃(𝑚|𝑥, 𝑙, 𝑣) ∙ 𝑀 = 𝑓(𝑥, 𝑙, 𝑣) 

𝑃(𝑙|𝑥, 𝑣) ∙ 𝐿 = 𝑓(𝑥, 𝑣) 

ሽ𝑃(𝑣) 

G-computation:

1. Bootstrap.

2. Fit models.

3. Predict.

4. Calculate target estimand.
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Simple example
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

Virginica Width

61
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 62

https://marginaleffects.com/chapters/gcomputation.html


Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

X Y
DAG = how many 

models do I need?
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

X Y

𝐸[𝑌|𝑋 = 1]

𝐸[𝑌|𝑋 = 0]

What quantities do 

I need to simulate?
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

X Y

𝐸[𝑌|𝑋 = 1]

𝐸[𝑌|𝑋 = 0]

𝐸 𝑌 𝑋 = 1 − 𝐸 𝑌 𝑋 = 0 Simple arithmetic
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

X Y

𝐸[𝑌|𝑋 = 1]

𝐸[𝑌|𝑋 = 0]

𝐸 𝑌 𝑋 = 1 − 𝐸 𝑌 𝑋 = 0

Tutorial

66
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

Why use g-computation 

if  I can get the same 

answer from a simple 

coefficient?
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

1. No relying on coefficients

• Moving from coefficient-based 

inference to estimand-based 

inference: research question 

drives estimand, not model 

coefficient driving research 

question. 
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

1. No relying on coefficients

2. Isolate the prediction task

• Not sensitive to model! 

Replace lm() with gbm(), etc. 

• marginaleffects has incredibly 

flexible prediction functions.
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

1. No relying on coefficients

2. Isolate the prediction task

3. Generalizable to complex 

estimands
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Generalizable standardization

https://marginaleffects.com/chapters/gcomputation.html 

More complicated 

DAG/estimand = more models, 

more predictions, more careful 

aggregation of  predictions to 

get the quantities needed for 

estimand… but the framework 

is the same!
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CMAverse
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KEY CITATIONS: G-computation with a 

single mediator

• VanderWeele, Vansteelandt, Robins (2013). “Effect 

decomposition in the presence of an exposure-induced 

mediator-outcome confounder.” Epidemiology.

• Wang & Arah (2015). “G-computation demonstration in 

causal mediation analysis.” Eur J Epidemiol. 

• marginaleffects g-computation tutorials.

• CMAverse mediation tutorials.
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KEY CITATIONS: Time-varying and 

multiple mediators

• VanderWeele, Tchetgen Tchetgen (2017). “Mediation analysis 

with time varying exposures and  mediators.” J. R. Statist. Soc. B.
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KEY CITATIONS: Comparisons to 

common decomposition methods

• Jackson, VanderWeele (2018). “Decomposition analysis to 

identify intervention targets for reducing disparities.” 

Epidemiology.

• Sudharsanan, Bijlsma (2021). “Educational note: causal 

decomposition of  population health differences using Monte 

Carlo integration and the g-formula.” International Journal of 

Epidemiology. 
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Example: g-computation
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Step 1: Specify DAG

Graetz & Esposito (2023). Historical 

Redlining and Contemporary Racial 

Disparities in Neighborhood Life 

Expectancy. Social Forces. 
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Step 1: Specify DAG

tc_vars tv_vars update_vars family

V*X M1 gaussian

V*X M1*X M2 gaussian

V*X M1*X, M2*X M3 gaussian

V*X M1*X, M2*X, M3*X M4 gaussian

V*X M1*X, M2*X, M3*X, M4*X Y gaussian

Graetz & Esposito (2023). Historical 

Redlining and Contemporary Racial 

Disparities in Neighborhood Life 

Expectancy. Social Forces. 
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G-computation:

1. Bootstrap.

2. Fit models.

3. Predict.

4. Calculate target estimand.
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Step 3: Calculate estimands
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• A simple ATE of  redlining is 

hard to interpret because of  very 

different neighborhood 

trajectories. 

• Urban renewal: many redlined 

neighborhoods look extremely 

different today.

• Counterfactual simulations on 

contemporary disparities.
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G-computation software with multiple 

mediators

• We tried to code this up in a general format:

– https://github.com/ngraetz/multmed_gcomp 

• Cutting-edge: 

– Zhou & Wodtke (2025). “Causal mediation analysis with multiple 

mediators: A simulation approach.” Working paper: 

https://arxiv.org/abs/2506.14019.  
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Extensions and other 

approaches
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Path-specific effects

• Zhou, Yamamoto (2023). 

“Tracing causal paths 

from experimental and 

observational data.” The 

Journal of Politics. 

– [R: paths]
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Non-parametric decomposition

• Bohren, Hull, Imas (2022). “Systemic discrimination: Theory 

and measurement.” NBER.

• Yu & Elwert (2024). “Nonparametric causal decomposition of 

group disparities.” Working paper: 

https://arxiv.org/abs/2306.16591. 

– [R: cdgd]
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Critiques to potential outcomes: 

Inside the house

• The cross-world 

independence assumption.

• Andrews, Didelez (2021). 

“Insights into the cross-world 

independence assumption of 

causal mediation analysis.” 

Epidemiology.
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Critiques to potential outcomes:

Outside the house

• Do counterfactuals have to 

be defined with potential 

outcomes? What do we 

lose?

• Long philosophical history of 

counterfactual reasoning 

outside modern potential 

outcomes framework.
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Critique #1: Are pathways separable?

• SUTVA problems
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Critique #1: Are pathways separable?

https://events.umich.edu/event/1353

04
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Critique #2: Focus more on measurement

• Including a lot of intermediate characteristics that are 

essentially outcomes is not the same as illuminating processes. 

Sometimes we need to study “…processes rather than 

processed people.” (Desmond 2014). 
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Critique #2: Focus more on measurement

• Including a lot of intermediate characteristics that are 

essentially outcomes is not the same as illuminating processes. 

Sometimes we need to study “…processes rather than 

processed people.” (Desmond 2014). 

– Krieger (1994). “Epidemiology and the web of causation: Has 

anyone seen the spider?” Social Science & Medicine.

– Muntaner (2013). “Invited commentary: On the future of social 

epidemiology--a case for scientific realism.” American Journal of 

Epidemiology.
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• Reynolds (2021). “Health power resources theory: A relational 

approach to the study of health inequalities.” Journal of Health 

and Social Behavior.

• Creary (2021). “Bounded justice and the limits of health 

equity.” The Journal of Law, Medicine & Ethics.

• Michener (2022). “Health justice through the lens of power.” 

Journal of Law, Medicine & Ethics.

Critique #2: Focus more on measurement
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Concluding remarks

• Baron-Kenny mediation:

– Makes a lot of assumptions.

– Easy to be wrong (e.g., I explained 70% of the disparity/effect.)

96



Concluding remarks

• Baron-Kenny mediation:

– Makes a lot of assumptions.

– Easy to be wrong (e.g., I explained 70% of the disparity/effect.)

• G-computation:

– Makes fewer assumptions.

– Easy to be wrong in new ways that are not as obvious.

97



Concluding remarks

• Baron-Kenny mediation:

– Makes a lot of assumptions.

– Easy to be wrong (e.g., I explained 70% of the disparity/effect.)

• G-computation:

– Makes fewer assumptions.

– Easy to be wrong in new ways that are not as obvious.

98



Concluding remarks

• Baron-Kenny mediation:

– Makes a lot of assumptions.

– Easy to be wrong (e.g., I explained 70% of the disparity/effect.)

• G-computation:

– Makes fewer assumptions.

– Easy to be wrong in new ways that are not as obvious.

• Humility and interdisciplinary perspective is critical.

– We can’t escape theory and deep contextual understanding of 

mechanisms, which often comes from qual/legal/historical work.
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Email: ngraetz@umn.edu 

mailto:ngraetz@umn.edu

	Slide 1: Advances in mediation and decomposition for research on aging, health, and place
	Slide 2: Goals
	Slide 3: Outline
	Slide 4: Review: causal mediation
	Slide 5: Explaining differences
	Slide 6: Mediation with regression
	Slide 7: Causal mediation analysis
	Slide 8: Mediation analysis vs. decomposition
	Slide 9: Lundberg et al. (2021). What is your estimand? 
	Slide 10: Lundberg et al. (2021). What is your estimand? 
	Slide 11: Lundberg et al. (2021). What is your estimand? 
	Slide 12: Lundberg et al. (2021). What is your estimand? 
	Slide 13: Lundberg et al. (2021). What is your estimand? 
	Slide 14: Lundberg et al. (2021). What is your estimand? 
	Slide 15: Lundberg et al. (2021). What is your estimand? 
	Slide 16: Lundberg et al. (2021). What is your estimand? 
	Slide 17: What is the effect of college on health?
	Slide 18: What is the effect of college on health?
	Slide 19: What is the effect of college on health?
	Slide 20: What is the effect of college on health?
	Slide 21: What is the effect of college on health?
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41: Estimands: post-treatment confounding
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48: Estimation: g-methods
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60: Simple example
	Slide 61: Generalizable standardization
	Slide 62: Generalizable standardization
	Slide 63: Generalizable standardization
	Slide 64: Generalizable standardization
	Slide 65: Generalizable standardization
	Slide 66: Generalizable standardization
	Slide 67: Generalizable standardization
	Slide 68: Generalizable standardization
	Slide 69: Generalizable standardization
	Slide 70: Generalizable standardization
	Slide 71: Generalizable standardization
	Slide 72
	Slide 73: CMAverse
	Slide 74: KEY CITATIONS: G-computation with a single mediator
	Slide 75: KEY CITATIONS: Time-varying and multiple mediators
	Slide 76: KEY CITATIONS: Comparisons to common decomposition methods
	Slide 77: Example: g-computation
	Slide 78: Step 1: Specify DAG
	Slide 79: Step 1: Specify DAG
	Slide 80
	Slide 81: Step 3: Calculate estimands
	Slide 82
	Slide 83
	Slide 84: G-computation software with multiple mediators
	Slide 85: Extensions and other approaches
	Slide 86: Path-specific effects
	Slide 87: Non-parametric decomposition
	Slide 88: Critiques
	Slide 89: Critiques to potential outcomes:  Inside the house
	Slide 90: Critiques to potential outcomes: Outside the house
	Slide 91: Critique #1: Are pathways separable?
	Slide 92: Critique #1: Are pathways separable?
	Slide 93: Critique #2: Focus more on measurement
	Slide 94: Critique #2: Focus more on measurement
	Slide 95: Critique #2: Focus more on measurement
	Slide 96: Concluding remarks
	Slide 97: Concluding remarks
	Slide 98: Concluding remarks
	Slide 99: Concluding remarks
	Slide 100

