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BACKGROUND
Black Americans are exposed to higher annual levels of air pollution containing 
fine particulate matter (particles with an aerodynamic diameter of ≤2.5 µm [PM2.5]) 
than White Americans and may be more susceptible to its health effects. Low-
income Americans may also be more susceptible to PM2.5 pollution than high-
income Americans. Because information is lacking on exposure–response curves 
for PM2.5 exposure and mortality among marginalized subpopulations categorized 
according to both race and socioeconomic position, the Environmental Protection 
Agency lacks important evidence to inform its regulatory rulemaking for PM2.5 
standards.

METHODS
We analyzed 623 million person-years of Medicare data from 73 million persons 
65 years of age or older from 2000 through 2016 to estimate associations between 
annual PM2.5 exposure and mortality in subpopulations defined simultaneously by 
racial identity (Black vs. White) and income level (Medicaid eligible vs. ineligible).

RESULTS
Lower PM2.5 exposure was associated with lower mortality in the full population, 
but marginalized subpopulations appeared to benefit more as PM2.5 levels decreased. 
For example, the hazard ratio associated with decreasing PM2.5 from 12 µg per cubic 
meter to 8 µg per cubic meter for the White higher-income subpopulation was 
0.963 (95% confidence interval [CI], 0.955 to 0.970), whereas equivalent hazard 
ratios for marginalized subpopulations were lower: 0.931 (95% CI, 0.909 to 0.953) 
for the Black higher-income subpopulation, 0.940 (95% CI, 0.931 to 0.948) for the 
White low-income subpopulation, and 0.939 (95% CI, 0.921 to 0.957) for the Black 
low-income subpopulation.

CONCLUSIONS
Higher-income Black persons, low-income White persons, and low-income Black 
persons may benefit more from lower PM2.5 levels than higher-income White persons. 
These findings underscore the importance of considering racial identity and income 
together when assessing health inequities. (Funded by the National Institutes of 
Health and the Alfred P. Sloan Foundation.)
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Today

󱸯. Midterm 󱸰 March 󱸯󱸮
󱸰. Recap: missing data assumptions, IPW estimators, meta-analysis and publication
bias, funnel plots centered at ??

󱸱. Introduction to causal inference
󱸲. Project papers
󱸳. March 󱸯󱸵 class

Upcoming

• Toronto Data Workshop, Wednesday 󱸲 March, 󱸯󱸮.󱸮󱸮 (EST) on Zoom
Lisa Oswald, Goethe University: “Disentangling participation in online political
discussions with a collective 󰎓eld experiment”

• Statistics Colloquium, Thursday 󱸳 March, 󱸯󱸯am Hydro 󱸷󱸯󱸷󱸳/󱸷
Nicholas Polson, U Chicago: “Generative Bayes, E-values, and conformal prediction”

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰

https://utoronto.zoom.us/j/4784708970


Recap: Missing data

• Missing responses: completely at random, at random, not at random

pr(R = 󱸯 | Y, X)

󰀻
󰁁󰁁󰀿

󰁁󰁁󰀽

= pr(R = 󱸯),
= pr(R = 󱸯 | X)
= pr(R = 󱸯 | Y, X)

• under MCAR, MAR, complete case likelihood function can be used
for inference about f (y | x).

• use observed Fisher information to estimate variability
• use of missing data models for meta-analysis
• funnel plots centered at estimated average e󰎎ect (over studies)
• multiple imputation (o󰎗en based on MV Normal) for missing covariates
• another approach for missing covariates includes an indicator covariate to indicate
missing-ness Cox & Donnelly

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸱



... Recap: Missing data

• AoS example: ψ = pr(Y = 󱸯) =
󰁓

z pr(Y = 󱸯 | Z = z)pr(Z = z)
• estimated by

󰁥ψ =
n󰁛

i=󱸯

YiRi
pr(Ri = 󱸯)

• Ri is an indicator of (non)-missingness

• EM algorithm introduces missing data (latent variables) to make likelihood
calculations easier
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Causality AoS 󱸯󱸴,󱸯󱸵; SM 󱸷.󱸯; Cox & Donnelly 󱸷.󱸰

• randomization; confounding; observational studies; experiments; informal
“correlation is not causation”, Simpson’s ‘paradox’

• counterfactuals; average treatment e󰎎ect; conditional average treatment e󰎎ect; ...
potential outcomes

• graphical models; directed acyclic graphs; causal graphs; Markov assumptions...

• structural equation models

• The Book

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸳

https://miguelhernan.org/whatifbook


Very helpful Isabelle

Journal of Data Science 24 (1), 53–85 DOI: 10.6339/25-JDS1211
January 2026 Data Science Reviews
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Abstract

Causal inference is a central goal across many scientific disciplines. Over the past several decades,
three major frameworks have emerged to formalize causal questions and guide their analysis:
the potential outcomes framework, structural equation models, and directed acyclic graphs.
Although these frameworks di!er in language, assumptions, and philosophical orientation, they
often lead to compatible or complementary insights. This paper provides a comparative introduc-
tion to the three frameworks, clarifying their connections, highlighting their distinct strengths
and limitations, and illustrating how they can be used together in practice. The discussion is
aimed at researchers and graduate students with some background in statistics or causal infer-
ence who are seeking a conceptual foundation for applying causal methods across a range of
substantive domains.
Keywords directed acyclic graphs; identification; potential outcomes; structural equation
models; SWIGs

1 Introduction
Causal inference is the science of understanding the consequences of interventions, requiring
assumptions that extend beyond those needed for purely associational analysis. Its importance
has grown rapidly in the era of machine learning and artificial intelligence, where the ability to
draw reliable causal conclusions is central to building systems that are not only predictive but
also trustworthy, transparent, and robust to distributional shifts (Peters et al., 2016; Wachter
et al., 2017; Pearl, 2019; Arjovsky et al., 2020; Bühlmann, 2020; Tjoa and Guan, 2021; Schölkopf,
2022; Jiao et al., 2024). Over the past decades, three foundational frameworks have emerged to
formalize causal reasoning: the potential outcomes framework, nonparametric structural equa-
tion models (NPSEMs), and directed acyclic graphs (DAGs). Each framework carries its own
formal machinery, conceptual underpinnings, and historical roots. Although they originated in
distinct disciplinary traditions, they are now increasingly recognized as complementary, and in
many cases translatable into one another.

A substantial literature surveys causal inference from within a single framework or with
an emphasis on identification and estimation approaches (e.g. Imbens and Wooldridge, 2009;
Spirtes, 2010; Pearl, 2010a; Kuang et al., 2020; Yao et al., 2021; Li et al., 2023; Jiao et al., 2024).
However, there has been little concise, side-by-side treatment that translates assumptions and
results across the three frameworks and clarifies when they agree and when they di!er, despite
earlier comparative discussions such as Greenland and Brumback (2002), Pearl (2009), and

∗Corresponding author. Email: linbo.wang@utoronto.ca.

© 2026 The Author(s). Published by the School of Statistics and the Center for Applied Statistics, Renmin
University of China. Open access article under the CC BY license.
Received September 8, 2025; Accepted December 8, 2025
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Randomization SM 󱸷.󱸰.󱸯

• designed experiment: treatments are assigned to units, a response is measured
• treatments are assigned at random to ensure balance between groups
• units may be blocked, with randomization applied within each block

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸵



Randomization SM 󱸷.󱸰.󱸯

• designed experiment: treatments are assigned to units, a response is measured
• treatments are assigned at random to ensure balance between groups
• units may be blocked, with randomization applied within each block
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Randomization and covariate SM 󱺕󱸷.󱸯.󱸯
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... Randomization and covariate SM 󱺕󱸷.󱸯.󱸯

Causal e󰎎ect ≡ 󱸯

Le󰎗: ȳ󱸯 − ȳ󱸮 = 󱸮.󱸰± 󱸮.󱸱 Right: ȳ󱸯 − ȳ󱸮 = −󱸯.󱸰± 󱸮.󱸱

adjust for covariate: y = β󱸮 + β󱸯x + δt+ 󰂃

Le󰎗: δ̂ = −󱸮.󱸵± 󱸮.󱸱 Right: δ̂ = −󱸯.󱸰󱸳± 󱸮.󱸯󱸴 right randomized within pairs; matched on x
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What is a causal e󰎎ect? SM 󱸷.󱸯.󱸰

• philosophical: deterministic Internet Encyclopedia of Philosophy “A always follows B”

• statistical: probabilistic “In a large population, T is expected to cause an average change in Y ... ”
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What is a causal e󰎎ect? SM 󱸷.󱸯.󱸰

• philosophical: deterministic Internet Encyclopedia of Philosophy “A always follows B”

• statistical: probabilistic “In a large population, T is expected to cause an average change in Y ... ”

• strong: there may be a well-understood mechanism that links T to Y

• weak: there has been observed a stable association between T and Y that cannot
be otherwise explained no unmeasured confounding

• intermediate: an approach based on counter-factuals

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸮
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Confounding variables Bickel et al. 󱸯󱸷󱸵󱸳

Men Women
Number of Number Percent Number of Number Percent

Major applicants admitted admitted applicants admitted admitted
A 󱸶󱸰󱸳 󱸳󱸯󱸰 󱸴󱸰 󱸯󱸮󱸶 󱸶󱸷 󱸶󱸰
B 󱸳󱸴󱸮 󱸱󱸳󱸱 󱸴󱸱 󱸰󱸳 󱸯󱸵 󱸴󱸶
C 󱸱󱸰󱸳 󱸯󱸰󱸮 󱸱󱸵 󱸳󱸷󱸱 󱸰󱸮󱸰 󱸱󱸲
D 󱸲󱸯󱸵 󱸯󱸱󱸶 󱸱󱸱 󱸱󱸵󱸳 󱸯󱸱󱸯 󱸱󱸳
E 󱸯󱸷󱸯 󱸳󱸱 󱸰󱸶 󱸱󱸷󱸱 󱸷󱸲 󱸰󱸲
F 󱸱󱸵󱸱 󱸰󱸰 󱸴 󱸱󱸲󱸯 󱸰󱸲 󱸵

Total 󱸰󱸴󱸷󱸯 󱸯󱸯󱸷󱸶 󱸲󱸲 󱸯󱸶󱸱󱸳 󱸳󱸳󱸵 󱸱󱸮
data(UCBAdmissions)

Bickel et al.
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... Confounding variables

LinkStatistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸰

http://euclid.psych.yorku.ca/www/psy6136/R/output/berkeley-logit.html


... Confounding variables Radelet 󱸯󱸷󱸶󱸯

race of death penalty death penalty
defendant imposed not imposed percentage
white 󱸯󱸷 󱸯󱸲󱸯 󱸯󱸯.󱸶󱸶󱹻
black 󱸯󱸵 󱸯󱸲󱸷 󱸯󱸮.󱸰󱸲󱹻

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸱



... Confounding variables Radelet 󱸯󱸷󱸶󱸯

race of death penalty death penalty
defendant imposed not imposed percentage
white 󱸯󱸷 󱸯󱸲󱸯 󱸯󱸯.󱸶󱸶󱹻
black 󱸯󱸵 󱸯󱸲󱸷 󱸯󱸮.󱸰󱸲󱹻

race of death penalty death penalty
white victim defendant imposed not imposed percentage

white 󱸯󱸷 󱸯󱸱󱸰 󱸯󱸰.󱸳󱸶󱹻
black 󱸯󱸯 󱸳󱸰 󱸯󱸵.󱸲󱸴󱹻

race of death penalty death penalty
black victim defendant imposed not imposed percentage

white 󱸮 󱸷 󱸮󱹻
black 󱸴 󱸷󱸵 󱸳.󱸶󱸱󱹻
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... Confounding variables SM 󱸴.󱸱

smoking status recorded 󱸯󱸷󱸵󱸰–󱸲; survival status recorded 󱹧󱸰󱸮 years

reversal of e󰎎ect
Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸲



Causality and Counterfactuals AoS Ch. 󱸯󱸴; Cox & D 󱸷.󱸰

• T – binary treatment indicator AoS uses X for tmt

• Y – binary outcome could be continuous

• “T causes Y” to be distinguished from “T is associated with Y”

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸳



Causality and Counterfactuals AoS Ch. 󱸯󱸴; Cox & D 󱸷.󱸰

• T – binary treatment indicator AoS uses X for tmt

• Y – binary outcome could be continuous

• “T causes Y” to be distinguished from “T is associated with Y”

• introduce potential outcomes Y(󱸮), Y(󱸯) AoS C󱸮, C󱸯; SM R󱸮,R󱸯

• causal treatment e󰎎ect θ = E{Y(󱸯))− E(Y(󱸮)} want to estimate this

• association α = E(Y | T = 󱸯)− E(Y | T = 󱸮) have data to estimate α

• Consistency assumption: Y = Y(t) we can learn about potential outcome from observed values

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸳



Counterfactual: Examples AoS Ch.󱸯󱸴; HR Ch.󱸯

Potential outcomes C󱸮, C󱸯

treatment X, response Y

Potential outcomes Y󱸮, Y󱸯

treatment A
response Y

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸴



Counterfactuals CD 󱸷.󱸰.󱸯

“For most statistical purposes an explanatory variable C, considered for simplicity to
have just two possible values, 󱸮 and 󱸯, has a causal impact on the response Y of a set of
study individuals if, for each individual:

• conceptually at least, C might have taken either of its allowable values and thus
been di󰎎erent from the value actually observed; and

• there is evidence that, at least in an aggregate sense, Y values are obtained from
C = 󱸯 that are systematically di󰎎erent from those that would have been obtained
on the same individuals had C = 󱸮, other things being equal

The de󰎓nition of the word ‘causal’ thus involves the counterfactual notion that, for any
individual, C might have been di󰎎erent from its measured value.

A central point in the de󰎓nition of causality ... concerns the requirement
other things being equal”

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸵



Causal treatment e󰎎ect AoS Eq. (󱸯󱸴.󱸰)

θ = E{Y(󱸯))− E(Y(󱸮)} risk di󰎎erence; ratio; odds

also called “ATE” and “ACE”: average treatment/causal e󰎎ect

α = E(Y | T = 󱸯)− E(Y | T = 󱸮) this can be estimated from the data

Thm 󱸯󱸴.󱸯: α ∕= θ

Thm 󱸯󱸴.󱸱: If T is is independent of {Y(󱸮), Y(󱸯)}, then α = θ Need pr(T = 󱸯) > 󱸮, pr(T = 󱸮) > 󱸮

If treatment is randomly assigned, then T ⊥ {Y(󱸮), Y(󱸯)} ⊥≡ independent

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸶



Example 󱸯󱸴.󱸰

θ = 󱸮; α = 󱸯 θ = 󱸮, α = 󱸲/󱸵 < 󱸯

(C󱸮, C󱸯) not independent of X (T) thought experiment

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸯󱸷



Causal E󰎎ect and Association HR Ch.󱸯

Potential outcomes Observed outcomes

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸮



Conditional and marginal e󰎎ects AoS 󱺕󱸯󱸴.󱸱

• typically have additional explanatory variables (covariates) X AoS uses Z; HR use L

• causal e󰎎ect of treatment when X = x

θ(x) = E{Y(󱸯) | X = x}− E{Y(󱸮) | X = x}

• marginal causal e󰎎ect

θ = EX[E{Y(󱸯) | X}− E{Y(󱸮) | X}]

• association function

r(x) = E(Y | T = 󱸯, X = x)− E(Y | T = 󱸮, X = x)

• marginal association
EX{r(X)}

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸯



Example HR Ch󱸰

θL=󱸮

θL=󱸯

L = 󱸯 (X = 󱸯) critical condition

L = 󱸮 (X = 󱸮) stable condition
conditional randomization

A ⊥ Y | L (T ⊥ Y | X)

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸰



No unmeasured confounding AoS 󱺕󱸯󱸴.󱸱

• in observational studies treatment is not randomly assigned =⇒ θ(x) ∕= r(x)
• No unmeasured confounding:

{Y(t); t ∈ T } ⊥ T | X

can learn about Y(t) even if T ∕= t by using observed Y for ‘similar’ people from T = t group

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸱



No unmeasured confounding AoS 󱺕󱸯󱸴.󱸱

• in observational studies treatment is not randomly assigned =⇒ θ(x) ∕= r(x)
• No unmeasured confounding:

{Y(t); t ∈ T } ⊥ T | X

can learn about Y(t) even if T ∕= t by using observed Y for ‘similar’ people from T = t group

• under the assumption of no unmeasured confounding, the marginal causal e󰎎ect is

E{Y(t)} =

󰁝
E(Y | T = t, X = x)dFX(x)

• this can be estimated by the association function

󰁥E{Y(t)} =
󱸯
n

n󰁛

i=󱸯

r̂(t, Xi) = β̂󱸮 + β̂󱸯t+ β̂󱸰X̄n

causal reg function ≡ adjusted treatment e󰎎ect

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸱



Causality and observational data CD 󱸷.󱸰.󱸲

“Bradford-Hill guidelines”
Evidence that an observed association is causal is strengthened if:

• the association is strong
• the association is found consistently over a number of independent studies

• the association is speci󰎓c to the outcome studied
• the observation of a potential cause occurs earlier in time than the outcome
• there is a dose-response relationship
• there is subject-matter theory that makes a causal e󰎎ect plausible
• the association is based on a suitable natural experiment

see also AoS 󱺕󱸯󱸴.󱸱

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸲



Simpson’s paradox revisited AoS 󱸯󱸴.󱸲

confusion of causal e󰎎ect
with association

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸳



Estimation of causal e󰎎ects Linbo Wang

• assume no unmeasured confounding
• want to estimate
E{Y(󱸯) | X}− E{Y(󱸮) | X}

causal regression function

• or possibly EX[E{Y(󱸯) | X}− E{Y(󱸮) | X)}]
marginal e󰎎ect of A

• regression model A = T

E(Y | X,A) = β󱸮 + β󱸯A+ β󱸰X

• or something more complex

E(Y | X,A) = f (X,A)

neural network ...Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸴



Estimation of marginal causal e󰎎ects Linbo Wang

• estimand average causal e󰎎ect or average treatment e󰎎ect (ATE)

E{Y(󱸯)}− E{Y(󱸮)}

estimand: something we estimate

• under the linear model E(Y | X,A) = β󱸮 + β󱸯A+ β󱸰X,
the ATE is β󱸯 if the linear model is correct

• estimated using

󰁥E(Y(a)) = 󱸯
n

n󰁛

i=󱸯

󰁥E(Y | A = a, Xi)

• recovers β̂󱸯 in a linear model

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸵



Estimation of marginal causal e󰎎ects Linbo Wang

• treat Yi(󱸯) as missing data, if Ai = 󱸮 (and v.v.)
• write missing data weighted mean

E(Y(a)) = E

󰀝
󱸯{A = a}Y

pr(A = a | x)

󰀞

• model pr(A = a | X), e.g. by logistic regression

• doubly robust estimator of E(Y(󱸯))

µ̂AIPW =
󱸯
n

n󰁛

i=󱸯

AiYi
󰁥pr(A = 󱸯 | Xi)

+

󰀝
󱸯− Ai

󰁥pr(A = 󱸯 | Xi)

󰀞
󰁥E(Y(󱸯))

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸰󱸶



Aside: HT estimator Didelez & Evans 󱸰󱸮󱸰󱸴

Link

Ê{Y(󱸯)} =
󱸯
n

n󰁛

i=󱸯

AiYi
π(Xi)

E

󰀝
AY
π(X)

󰀞
= E

󰀗
E

󰀝
AY(󱸯)
π(X) | Y(󱸯),X

󰀞󰀘
,

= E

󰀗
Y(󱸯)
π(X)E{A | Y(󱸯),X}

󰀘

= E

󰀝
Y(󱸯)
π(X)E(A | X)

󰀞

= E

󰀝
Y(󱸯)
π(X)π(X)

󰀞
= E{Y(󱸯)}
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https://www.stats.ox.ac.uk/~evans/APTS/


Directed graphs and randomization SM 󱸷.󱸯

graphs can be useful for clarifying dependence relations among random variables
Fig 󱸷.󱸯 SM
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Directed graphs and conditional independence AoS Ch.󱸯󱸵
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Probability on DAGs AoS 󱸯󱸵.󱸲

• notation: G graph; V = (X󱸯, . . . , Xn) vertices
• The probability distribution on V is Markov if πi are parents of Xi

f (v) =
k󰁜

i=󱸯

f (xi | πi)

Markov ⇐⇒ f (x, y, z,w) = f (x)f (y)f (z | x, y)f (w | z) f (a, b, c, d, e) = f (a)f (b | a)f (c | a)f (d | b, c)f (e | d)
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DAGs and independence AoS 󱸯󱸵.󱸲,󱸳

If the probability distribution is Markov then 󰁨W other vars except parents and desc

W ⊥ 󰁨W | πW

f (a,b, c,d, e) = f (a)f (b | a)f (c | a)f (d | b, c)f (e | d)

D ⊥ A | {B, C}, E ⊥ {A,B, C} | D, B ⊥ C | A

deducing conditional independence relations from DAGs requires more de󰎓nitions
colliders, d-separators, ...Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸱󱸱



DAGs and causality AoS 󱸯󱸵.󱸶

distinguish E(Y | X = x) from E(Y | X := x) “do(x)”; set X = x

randomized study observational study E(Y | x) =
󰁕
E(Y | X, Z = z)dFZ(z)

E(Y | X := x) = E(Y | X) E(Y | X := x) = E(Y | x) unobserved confounder: θ ∕= α

Statistical Theory for Data Science II March 󱸱 󱸰󱸮󱸰󱸴 󱸱󱸲



Journal of Data Science 24 (1), 53–85 DOI: 10.6339/25-JDS1211
January 2026 Data Science Reviews

Causal Inference: A Tale of Three Frameworks

Linbo Wang1,∗, Thomas S. Richardson2, and James M. Robins3

1Department of Statistical Sciences, University of Toronto, Toronto, ON, Canada
2Department of Statistics, University of Washington, Seattle, WA, U.S.A.

3Harvard T.H. Chan School of Public Health, Boston, MA, U.S.A.

Abstract

Causal inference is a central goal across many scientific disciplines. Over the past several decades,
three major frameworks have emerged to formalize causal questions and guide their analysis:
the potential outcomes framework, structural equation models, and directed acyclic graphs.
Although these frameworks di!er in language, assumptions, and philosophical orientation, they
often lead to compatible or complementary insights. This paper provides a comparative introduc-
tion to the three frameworks, clarifying their connections, highlighting their distinct strengths
and limitations, and illustrating how they can be used together in practice. The discussion is
aimed at researchers and graduate students with some background in statistics or causal infer-
ence who are seeking a conceptual foundation for applying causal methods across a range of
substantive domains.
Keywords directed acyclic graphs; identification; potential outcomes; structural equation
models; SWIGs

1 Introduction
Causal inference is the science of understanding the consequences of interventions, requiring
assumptions that extend beyond those needed for purely associational analysis. Its importance
has grown rapidly in the era of machine learning and artificial intelligence, where the ability to
draw reliable causal conclusions is central to building systems that are not only predictive but
also trustworthy, transparent, and robust to distributional shifts (Peters et al., 2016; Wachter
et al., 2017; Pearl, 2019; Arjovsky et al., 2020; Bühlmann, 2020; Tjoa and Guan, 2021; Schölkopf,
2022; Jiao et al., 2024). Over the past decades, three foundational frameworks have emerged to
formalize causal reasoning: the potential outcomes framework, nonparametric structural equa-
tion models (NPSEMs), and directed acyclic graphs (DAGs). Each framework carries its own
formal machinery, conceptual underpinnings, and historical roots. Although they originated in
distinct disciplinary traditions, they are now increasingly recognized as complementary, and in
many cases translatable into one another.

A substantial literature surveys causal inference from within a single framework or with
an emphasis on identification and estimation approaches (e.g. Imbens and Wooldridge, 2009;
Spirtes, 2010; Pearl, 2010a; Kuang et al., 2020; Yao et al., 2021; Li et al., 2023; Jiao et al., 2024).
However, there has been little concise, side-by-side treatment that translates assumptions and
results across the three frameworks and clarifies when they agree and when they di!er, despite
earlier comparative discussions such as Greenland and Brumback (2002), Pearl (2009), and
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BACKGROUND
Black Americans are exposed to higher annual levels of air pollution containing 
fine particulate matter (particles with an aerodynamic diameter of ≤2.5 µm [PM2.5]) 
than White Americans and may be more susceptible to its health effects. Low-
income Americans may also be more susceptible to PM2.5 pollution than high-
income Americans. Because information is lacking on exposure–response curves 
for PM2.5 exposure and mortality among marginalized subpopulations categorized 
according to both race and socioeconomic position, the Environmental Protection 
Agency lacks important evidence to inform its regulatory rulemaking for PM2.5 
standards.

METHODS
We analyzed 623 million person-years of Medicare data from 73 million persons 
65 years of age or older from 2000 through 2016 to estimate associations between 
annual PM2.5 exposure and mortality in subpopulations defined simultaneously by 
racial identity (Black vs. White) and income level (Medicaid eligible vs. ineligible).

RESULTS
Lower PM2.5 exposure was associated with lower mortality in the full population, 
but marginalized subpopulations appeared to benefit more as PM2.5 levels decreased. 
For example, the hazard ratio associated with decreasing PM2.5 from 12 µg per cubic 
meter to 8 µg per cubic meter for the White higher-income subpopulation was 
0.963 (95% confidence interval [CI], 0.955 to 0.970), whereas equivalent hazard 
ratios for marginalized subpopulations were lower: 0.931 (95% CI, 0.909 to 0.953) 
for the Black higher-income subpopulation, 0.940 (95% CI, 0.931 to 0.948) for the 
White low-income subpopulation, and 0.939 (95% CI, 0.921 to 0.957) for the Black 
low-income subpopulation.

CONCLUSIONS
Higher-income Black persons, low-income White persons, and low-income Black 
persons may benefit more from lower PM2.5 levels than higher-income White persons. 
These findings underscore the importance of considering racial identity and income 
together when assessing health inequities. (Funded by the National Institutes of 
Health and the Alfred P. Sloan Foundation.)
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