Lecture 6: Introduction to Causal Inference
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Motivation

@ Economic questions can often be simplified to studying the
causal relationship between two variables

@ Correlation between the variables is a good starting point
e Examining scatter plot can be misleading

@ Anecdotal evidence is common and arguably most influential
e Not scientific!

@ Econometrics: study causal relationship between economic
variables using statistical methods
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Framework for Causal Inference

@ Y; = Outcome of interest (wages)

e T; = Treatment of interest (attend college) | true
\

Toelon] = To= Tliatend @leg0)=f ) false
@ Individual causal effect: Y; 7.—1 — Yi 1.—0

o Not possible to compute

o Average treatment effect: E(Y; 1,21 — Yi T,—0)

o Estimate ATE using Y7-1 — Y7—o
od Erom sdechion
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Problem
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@ Scatter plots represent the relationship between X and Y S
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@ Simple linear regression: Y; = ﬁX + €

Cove(s, XD paghtn

%;ﬁu

e Example: X = Years of Education, Y = Hourly Wage

@ Argue OLS estimator is b|ased if € related to X K
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Randomized Control Trials : SW‘WL‘L

s
@ Experiments are ideal to study causal relationships @

@ Units are randomly assigned the treatment variable
o Binary treatment: T = 0 (control) and T = 1 (treatment)

2 LT =9 e(mIT] =5 =<0

e Control group (T = 0) and treatment group (T = 1) are
statistically identical prior to treatment assignment

@ Unbiased estimate of ATE is Y7_; — \77:0
o No selection bias asnow e Il T

Hsr=N - Es 1T =0
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Problem With Experiments

@ Experiments are expensive or unethical

o Expensive to hire teachers
e Unethical to decide whether someone goes to college

@ Difficult to conduct large scale experiments
e Hard to generalize results from small sample studies

@ Need to obtain causal connection from observational data

e Econometrics can help! e Ve N4
Mo ontro |
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Multiple Regression Review I

S o,
o Yi=[0o+ B1Ti+ BoXoj + ...+ BuXui + € e XZI IX‘K

(oriva) AW e\ gchion 1 o Arat /CvVTI"&’
@ Control for variables related to both Y; and T;

e W )
fe -Areat ettt umahls

@ Selection on observables: T; is essentially random after
controlling for Xo;, ..., Xk

o Conditional independence assumption (CIA): T; L ¢; after
accounting for Xp;, ..., Xy

@ Problem: CIA usually doesn’t hold in practice
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Causal Inference from Observational Data

@ Question: Is academic probation effective in encouraging
students to continue with university and improving their
performance?

Y= Gropovt Fam vy V-

o Institutional background: Academic probation is CGPA < 1.5
ProvStang; = L (0 PR <10

o How to determine causal effect of probation on outcomes?
/Mw'ﬂ’f H’@ré[ ;l'\g\j T(‘ _Y
m (0P ¢ C g} WL (o)


hammadshaikh
Pencil

hammadshaikh
Pencil


Academic Probation and First Year CGPA

Lindo et al. (2010) uses U of T data:

Probation status
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Academic Probation and Dropout /(\O\Pﬂ 2 LD/'*"FW'\’

Effects of academic probation on leaving university by gender
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Regression Discontinuity Design

@ Treatment assignment T; depends on “running variable" X;

Tic i) Y =
(] T,': T,(X,):/(X,ZC) ‘} \91
o Treatment is discontinuous at X; = ¢ iy
ekl
/‘_/./ '
-
o Yi=p0o+ ST+ BoXi+ € 10 ¢ 72| X

o Can constrain data such that X; € [x — §, x + 0]
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@ OLS estimate Bl has causal interpretation
o Estimates ATE at cutoff X; = ¢
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