
Introduction to Quant 2

POL-GA 1251
Quantitative Political Analysis II

Prof. Cyrus Samii
NYU Politics

January 23, 2023

1 / 21



Today’s topics

I Causal inference in problem-focused research

I Potential outcomes

I Directed acyclic graphs (DAGs) and structural equation
models

I Syllabus
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Causal inference in problem-focused research
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Public organizations lack market pressures for improvement. Demo-
cratic forces for change may miss the target, focused on political
goals, some of which may themselves be antidemocratic or prior-
itize dysfunction over performance. Hierarchically imposed solu-
tions, especially in authoritarian regimes, often lead to disastrous
outcomes, as they miss the necessary feedback loops and experi-
mentation needed for government to succeed. The applied study of
government, properly understood, is able to not just bear witness to
such problems but play a role in resolving them. (Moynihan 2022)
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Paraphrasing Duflo (2017) on social scientists’ role in policy design:

I Deft handling of theory and accumulated evidence contributes
to good policy design,

I Deep understanding of human behavior contributes to good
implementation, and

I Methodological expertise contributes to learning about policy
impact.
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Samii (2023) on social science as “problem solving” and implications
for methodology:

1. Problem definition Normative analysis (a particular fact pattern
would be a problem, in principle) and empirical
description (the troubling fact pattern is indeed
apparent).

2. Establishing mechanisms Articulating theory and conducting
observational-causal empirical analysis to characterize
the natural processes (mechanisms) that perpetuate
the problem.

3. Testing interventions Deriving implications for intervention and
then using interventionist-causal methods
(experiments) to test the intervention.
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Mechanisms: “processes through which initial conditions operate
through human behavior to produce a final result” (Cowen 1998).
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Example: problem of informality (Henn et al. 2023)

How to characterize the mechanism?
How to use this to evaluate potential interventions?
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Defining causal effects with potential outcomes
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Neyman (1923), Rubin (1974; 1978), Holland (1986): A causal
effect can be defined as
a contrast between “potential outcomes.”
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Potential outcomes

I Population P indexed
by i = 1, ..., N .

I Covariates, xi.

I Treatment variable,
Wi with support W.

I Potential outcomes,
(yi(w))w∈W .

I Missing data
indicators, Mij(w).
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Potential outcomes

Things to note:

I Often we assume outcomes for i depend only on treatment
values for i and no one else : yi(w1, ..., wi, ..., wN ) = yi(wi).
I “Stable unit treatment value assumption” (SUTVA); “no

interference.”

I Unit level causal effects for members of P are fixed a priori,
and they compare yi(w) to yi(w̃) for w 6= w̃ and i ∈ P.

I Population causal effects compare aggregates of unit level
causal effects for members of P.

I Effects are defined in an “agnostic” or “non-parametric” way.

I Potential outcomes and covariates are fixed, treatments and
response indicators stochastic.
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Examples of causal effects

Suppose W = {0, 1}.
I Unit level treatment effect: yi(1)− yi(0) .

I Average treatment effect: 1
N

∑N
i=1 yi(1)− yi(0) .

I Average effect of treatment on treated:
1∑N

i=1 Wi

∑
i:Wi=1 yi(1)− yi(0)

Suppose an intermediate outcome, mi(w), that mediates the effect
of Wi, such that potential outcomes are yi(w,m).

I Average causal mediation effect under Wi = 0:
1
N

∑N
i=1 yi(0,mi(1))− yi(0,mi(0)).

Suppose interference is present.

I Average global treatment effect: 1
N

∑N
i=1 yi(1)− yi(0).

Suppose outcomes are 0,1.

I Probability of W ’s necessity:
Pr[yi(0) = 0 |Wi = 1, yi(1) = 1].
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Manipulability

I Effects are defined by letting only treatments vary, holding
units fixed.

I Thus, causal effects are clearly defined for units that can
conceivably receive different treatment values.

I A test for the above is “manipulation”:

I Holland (1986) : “For causal inference, it is critical that each
unit be potentially exposable to any one of the causes.”

I Angrist and Krueger (1999) : “The problem of ambiguous
counterfactuals is typically resolved by focusing on hypothetic
manipulations in the world as is.”

I Issues arise when trying to interpret things like race or gender.
See VanderWeele and Robinson (2014) for a formal treatment
of ways to interpret “race effects.”
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Fundamental problem of causal inference

Recall, a unit level causal effect compares yi(w) to yi(w̃) for w 6= w̃.

“Fundamental problem of causal inference” (Holland, 1986) : For
each i potential outcomes for all w exist, but we only observe the
potential outcome for the treatment value that i receives.

Leads us to the analysis of causal identification.
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Defining causal mechanisms with DAGs and NPSEMs
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DAGs and NPSEMs
I Potential outcomes are useful for defining effects.

I But they do not show causal processes.

I “Directed acyclic graphs” (DAGs) and “Non-parametric
structural equation models”

W Y

X

U

U = fU (eU )

X = fX(eX)

W = fW (U,X)

Y = fY (W,U,X)
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DAGs and NPSEMs

DGP versus target intervention graph:

W Y

X

U

W Y

X

U

p(Y | do(W = w)) vs. p(Y | do(W = w′))
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Example: problem of informality (Henn et al. 2023)

How to characterize the mechanism?
How to use this to evaluate potential interventions?
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Syllabus
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