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Learning goals for today

At the end of class, you will be able to:

1. Reason about the sequential ignorability assumption

2. Apply inverse probability weighting to treatments over time



Identification: The adjustment set

Y

U

L0

A0

L1

A1

A joint adjustment set for Ā is doomed

▶ What happens if you adjust for L1?

▶ You block a causal path: A0 → L1 → Y

▶ You open a backdoor path: A0 → L1 ← U → Y

▶ What happens if you don’t adjust for L1?
▶ A backdoor path remains: A1 ← L1 → Y

What to do? [Class Exercise]

https://github.com/ilundberg/teaching/blob/master/info_6751_causal/class_exercises/ipw_dynamic/ipw_dynamic.pdf
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▶ What happens if you adjust for L1?

▶ You block a causal path: A0 → L1 → Y

▶ You open a backdoor path: A0 → L1 ← U → Y

▶ What happens if you don’t adjust for L1?
▶ A backdoor path remains: A1 ← L1 → Y

What to do? [Class Exercise]

https://github.com/ilundberg/teaching/blob/master/info_6751_causal/class_exercises/ipw_dynamic/ipw_dynamic.pdf


Identification: The adjustment set

Y

U

L0

A0

L1

A1

A joint adjustment set for Ā is doomed
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Generalizing the class exercise

An ideal case: The sequentially randomized experiment

1. randomize treatment at time 0, then

2. randomize treatment at time 1, then

3. . . .

4. randomize treatment at time k

Then you can estimate E(Y a1,...,ak ) by E(Y | A⃗ = a⃗).
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Notation

▶ Āk = (A0,A1, . . . ,Ak) treatments up to time k

▶ L̄k = (L0, L1, . . . , Lk) confounders up to time k

▶ g() treatment strategy

▶ Y g potential outcome under that strategy



Identification: Sequential ignorability

Y g ⊥⊥ Ak | Āk−1 = g(Āk−2, L̄k−1), L̄k

Potential
outcome
under

assignment
rule g

is
independent

of
treatment
at time k given treatments up to k − 1 followed rule g

and confounders
up to time k

for all assignment rules g and time periods k = 1, . . . ,K

Y

L0

A0

L1

A1

U U

Holds by design in sequentially randomized experiments.
Holds by assumption in observational studies.
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Estimation: Two strategies

1. Inverse probability weighting (+ marginal structural models)

2. Structural nested mean models (coming next class)



Inverse probability weighting: DAG motivation

We observe data from this model
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Inverse probability weighting

In time 0, define an inverse probability of treatment weight
such that A0 ⊥⊥ L0 in the weighted pseudo-population

W A0 =
1

P(A0 | L0)

Repeat in every time period t

W At =
1

P(At | Āt−1, L̄t)

Define the overall weight as the product

W Ā =
K∏

k=0

1

P(Ak | Āk−1, L̄k)
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Inverse probability weighting

What did we accomplish?
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Real example: Neighborhood disadvantage
Wodtke et al. 2011

Wodtke, G. T., Harding, D. J., & Elwert, F. (2011).
Neighborhood effects in temporal perspective: The impact of
long-term exposure to concentrated disadvantage on high school
graduation.
American Sociological Review, 76(5), 713-736.

https://doi.org/10.1177/0003122411420816
https://doi.org/10.1177/0003122411420816
https://doi.org/10.1177/0003122411420816


Real example: Neighborhood disadvantage
Wodtke et al. 2011

How does the neighborhood in which a child lives affect that
child’s probability of high school completion?

▶ Define a neighborhood as a Census tract
▶ Score that neighborhood along several dimensions

▶ poverty
▶ unemployment
▶ welfare receipt
▶ female-headed households
▶ education
▶ occupational structure

▶ Scale by the first principle component

▶ Categorize in 5 quintiles

This 5-value treatment is “neighborhood disadvantage”
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Real example: Neighborhood disadvantage
Wodtke et al. 2011

Neighborhoods are experienced over time

ā

is a trajectory of neighborhood disadvantage over ages 2, 3, . . . , 17

The authors study the effect of neighborhood disadvantage,

Example:
ā is residence in the most advantaged neighborhood each year
and
ā′ is residence in the most disadvantaged neighborhood each year
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confound where people live in the future A2
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Problem: Huge number of treatments

▶ 5 levels of neighborhood disadvantage

▶ 16 time periods

▶ 516 = 152, 587, 890, 625 possible treatment vectors A⃗
▶ For reference: Only 117 billion people have ever been born on

Earth
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Digression: Marginal structural models in dynamic settings

Recall that when A takes many values, we can fit a marginal
structural model

▶ Example: E(Y a) = α+ βa

▶ Estimate by EPP(Y | A = a) where EPP is the expectation in
the pseudopopulation weighted so that treatment is
independent of confounders.
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Interpretation: ā is duration-weighted exposure



Digression: Marginal structural models in dynamic settings
Wodtke et al. 2011

MSMs also apply in dynamic settings where A⃗ is a vector over time.

From Wodtke et al. 2011:

Interpretation: ā is duration-weighted exposure



Results: Neighborhood disadvantage
Wodtke et al. 2011



Results: Neighborhood disadvantage
Wodtke et al. 2011



Learning goals for today

At the end of class, you will be able to:

1. Reason about the sequential ignorability assumption

2. Apply inverse probability weighting to treatments over time


