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1. General Info & Logistics



General Info

m Email: amar.venugopal@stanford.edu

m Section: Thursdays 4:30-6:20pm in STLC 114
m Office Hours: Wednesdays 2-4pm in Econ 149
m Section Questions: Question Form

m Section Feedback: Feedback Form

m Note: please use office hours to ask questions about the material, rather than
over email.

For the entirety of the course, section materials are drawn heavily from those prepared
by Lea Bottmer in past years.
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Announcements

m Remember to email me about whether you wish to take the final exam, and if you
require any special accommodations for it

m Unless you are an Econ PhD, in which case you have no choice :)

m If you are a predoc and wish to waive the class next year, you must take the exam as
well
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In order to foster a healthy, inclusive classroom environment, we will all abide by the
following community norms:

m One microphone: we will allow everyone to finish their thought without
interruption

m Everyone got accepted to Stanford and is here for a reason. There is no need to
prove anything to anyone.

m Asking questions is a great way to deepen your understanding and resolve any
confusion you may have. It is not a signaling device.

m There is no such thing as a stupid or dumb question

m Questions asked during section will be answered by the TA
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Homework

First problem set due Sunday April 6, 11pm. No late submissions are accepted.

All submissions should consist of 2 files:
m A typed writeup, which should be self-contained (the grader should not have to view
any code)

m A .zip file with all your code and user-created programs
Please make sure your writeup is easy to read, and code should be well-commented

For empirical questions: try to make economic sense of your results, or explain
why they may not make sense

For theoretical questions: make sure to explain steps clearly (cite theorems,
references, etc) for full credit

For problem set-related questions, come to my office hours or reach out to me (cc
Guido on all problem set-related emails)
m | will not respond to problem set emails sent on the due date
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Hints for Problem Set 1

m The lecture notes (on Canvas) may be helpful if you get stuck at estimating
homoskedastic variance
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Lecture Feedback

Guido and | are both committed to making lecture and section as helpful /instructive as
possible.

Feel free to discuss or email either of us with any feedback you might have.

Can also you section feedback google form if you prefer anonymous submission of
feedback (just note in your response that the feedback pertains to lecture).
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2. Discussion Questions



3. Intro to Causality



Intro to Causality

Key question: what is the effect of changing someone’s treatment status on some
outcome?

3 key areas of interest:

Poimr &t mutns Ce)
I\Afevmw (V)

g U YféWﬂ%/S {-C&‘rl\?/

Fundamental problem of causal inference:

e e  Sbses Uaasrer&of'mdb
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4. Completely Randomized Experiments



Point Estimation
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Hypothesis Testing: Fisher Exact p-Values
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5. Stratified/Paired Experiments



What is the problem?

Mok tprsadrs
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Point Estimation
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Inference
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Completely Randomized vs. Stratified vs. Paired
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Practical Recommendations
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6. Power Analyses



Power Calculations

Power of a test (3): ()(_(T,Pdr i s C‘\kb}
Size of a test («a): PL("—I"’A’ \ W, A‘wos

General procedure to get required sample size for given oz,,B:m(

§QWQ7 reGechn e R Ce-a.. T\ D C(’l’D}
R
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Useful Formulae

To determine minimum sample size when...

m Testing a mean against 0 (assuming random sample from normal distribution):

N (d)—l(ﬁ) +o711 - a/2)>2

po/o

m Testing DiM with unequal sample sizes and equal variances:

(@71(8) + o7 (1 - a/2))

N )

where v = share of treated units
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1. Announcements



Announcements

m Remember to email me about whether you wish to take the final exam, and if you
require any special accommodations for it

m Unless you are an Econ PhD, in which case you have no choice :)

m If you are a predoc and wish to waive the class next year, you must take the exam as
well
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Hints for Problem Set 2 (Due April 13, 11pm)

m Within-group correlations of a single variable try to answer the question: does my
value going up mean that your value is more likely to go up/down?

m Corr(Y;, Y;) for i # j can be calculated by constructing pairs (combinatorially) of
observations from the data

m Recall the definition equat;on for correlation —Lhow can it be simplified in this
context? Cov (e Yy _ Cov Yy, -
= — = Cr Y;] C [

Coec( Vs Y;)f_ | Varf Vit ) Vet ts) \/\N
~ Y\\/\{ P?’
J - 4T AL S5

7Y AR (%)
m Simplified equations for LZ/EHW variance estimators on slldes (Lecture 4, Slide

4) are missing a factor of 1/N

._
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A note on terminology

m In the course, we will often use the term “population” to refer to the experimental
sample since we are mainly thinking about design-based inference

m We will therefore refer to the broader population from which the experimental
sample is drawn as the “super-population”

m We may occasionally refer to our experimental sample as the “sample”, for
example when we want to distinguish between sample and population ATEs

m It is confusing, | will try to be as explicit as possible
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From last time: nontrivial sharp nulls

Test statistic for sharp null: Yj(1) = a- Y;(0) + b
I e~

60 B A
T: \71(&) - Yi(y>
. Y, —a 0 -

6/ 26



2. Discussion Questions



- C\M"V'A As;{a,vxw«%”

3. Clustered Experiments



Why cluster?
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Clustered Sampling vs. Assignment
TS s pagaogle
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Point Estimation
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Variance: Tguster

m Estimator:
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Variance: 7,0
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Hypothesis Testing

iz
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4. Clustering in Sampling and in Assignment
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(Even More) Notation

Sequences of populations indexed by k =1,2,3, ...
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Clustering Regimes
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Special Cases

g meth

m Random sampling of clusters from a large population of clusters =» 1»\1,

m Random sampling from a large population = £, <\ , i, ™
m Completely random assignment /4\[_73_ = A L Co"l,'7b >

m Clustered random assignment A P zo | }
&% !
m What can we test?

CW;”: L AR < |

(a bur o 20 A4S > 0
—
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Causal Cluster Variance (CCV) - Big Idea
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True Variance by Regime
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CCV - Estimation
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Variance Estimation by Regime

Assignment, A, ,
Random Partially Clustered Clustered
Random | | @ NEX T
Sampling N AL N
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Note: the choice of estimator really matters herel! Standard errors can vary widely.
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1. Discussion Questions



2. Multi-Armed Bandits



What's different from traditional experiments?

@ W lfS v nl, *
m Setting: 1 eW[INW\W*”A sawmgle ) .Setuov\)fl U Sewmf C o [we)

T ﬁewmw I3 herd

m Treatment Arms: 7. — ¢ (>2)

= Goal: ESHMB\{%W\ - r,‘-a_\n\- deciston
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“Dual Mandate” for Bandits

ot ealn ore's a()hmu/
u Ewr\vra\-.‘m : g&{r @ gp/l Sewee al

-}-veu\'W\WA‘
SS)'LLL
. 8;'/\‘; RTATS etk f0
m O, olotabtim -
CXT | ! ‘(\ﬁ"‘% <§h\aof}:ma\ QSSJaAMMSJ
Ly badune Thete bo  mintmia -
s @t foc;M/L Veck tver
9'“,1, as Mo

6/23



Notation + Terminology

- K
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m Outcome/Reward: Yk € i<
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7/23



Naive Approach

Given: N units, K arms
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Online Learning

Big idea: “learn as we go”

D\/V\QW\J tq\)\Y

2 common methods/algorithms:
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Quick Detour: Bayesian Updating
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Thompson Sampling: Idea
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Thompson Sampling: Example /Ab: P[ T.: r)

K = 3 arms, binary rewards, u3 = 0.5, up = 0.2, uz = 0.9, uniform prior: B(1,1)
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Upper Confidence Bound: Idea
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Upper Confidence Bound: Example

K = 3 arms, binary rewards, p1 = 0.5, 42 = 0.2, u3 = 0.9 M
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Regret Analysis < (owm fw/‘r?, /}\gw; S
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Extensions

m What if we observe covariates?

= [~ ULE

m Inference?

16 /23



3. ldentification



Identification
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3 Types of ldentification
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Focus on cross-sectional data. Consider sequence of populations k =1, ..., 00
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Point Identification - Example
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Partial Identification - Example

Wi, Y; € {0,1}, observe outcome only for treated units. § = E[Y;] = P(Y; =1).

Neaw  obsere” P(Y:\Ve=0d e Lo t]

18 cos VY
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1. Announcements



Announcements

m Final Exam: Wednesday June 11, 8:30-11:30am (room TBD)

m Remember to email me about whether you wish to take the final exam, and if you
require any special accommodations for it

m Unless you are an Econ PhD, in which case you have no choice :)

m If you are a predoc and wish to waive the class next year, you must take the exam as
well

m Assignment 5 - Due May 11 (skipping a week, good luck with midterms!)
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2. Directed Acyclic Graphs (DAGs)



Structural Equation Models <= DAGs

Consider a simple randomized experiment.

m Structural Equation:

oty  feR )

= DAG: @7 @J

' ,p )t
Why DAGs? HL\T [vrnm\\x,) mraq-c Cw dom)i Figaiton
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= Nodes: &nw‘ulFNS/\/aqf;'q LieJ

m Parent/Child: T mmedrake fﬂdl(.ﬂxw/SulcfSﬁW

= Ancestor: O\/ﬂ/\\' e dlale f”‘l“‘““
Desttndsnt

= (Dashed) Arrows: [UMLJW&) lmbs

m Directed Path: ()M\/\ L all  awovs gt direhie
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Types of Nodes (on « /e gorh)
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m Collider: Apoors om™g ™M
-

Ow’—
m Mediator: 1 avene ™M 1 o

0\‘/{\( ')au)' not ™,

m Confounder; A4 0
o A 307

72



Types of Paths (from A to B...)

m Backdoor Path: A— e ....%

©
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A’ 0@
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Blocking and Conditioning

Medinyos ) ambouder don'e bk (Y, debaatr)
(e A br 70

3 L u»ﬁ rules | may e o nUsLary
[ onditimin reverces o

{J/\
'/'/‘b{wc\iwa W 'f'i(j

e ®-0

vessim

9/ 24



Extension: d-Separation

w Definition: /& ob (& verbles  drsepembs 2 ol s
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Identification Criteria (for causal effect of A on B)
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Back Door Criterion - Example 70 Q—>C
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Front Door Criterion - Example ™D A-D
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Collider Bias
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3. Practice Problems



4. eCONometrics? Evolution of Views
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1. Discussion Questions



2. Unconfoundedness



Experiments — Observation

How can we identify causal effects?

\ ok ek
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Unconfoundedness Assumption

Also known as “selection on observables” or “exogeneity"”.

Definition: Wi, 1 (IY(\[bSJ Y(‘U)B lxt

breatmet S.Sfa et

Obsuw\,ug e ym pact ) .
e as -
+W, ve ay

yandom.
Gr it

6/30



Propensity Scores

' Lo X[=7(;:) =0
m Motivation: \,/;Vl,\ canL‘.n-«vn_s Loverswkes, P(:'hu

m Propensity Score: g(x) = (P( W=\ \ X =7(>

» ton g 0b e rvebles
- 95‘4@“]th4- ¢ ke lishe (l'yy' ge[ed 9 S

(82 Yelny) \ e:

m (Alternative) Unconfoundedness: Wi 1L
Han  Tarv (dvarialeg

& et on ffafewsil7 Scoes raubhar
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Assessing Unconfoundedness

While unconfoundedness is not testable, its plausibility can be assessed.

2 assessment strategies:

wi whiome
Eehimete 5%’—&% on  pSe do Dwitt

[’25\‘?‘“"k' €PFWFS 0@ f&twﬂo "‘f&ou:l—meu/k

8/30



Strategy #1: Estimating Effect on Pseudo Outcomes

. — whewts Fest /ﬂ&&fBMA//“vbt
Big Idea: | v/t Som~ Lovrnas &5 0 g \r(d) A @

L ' x
GG aT) 2T
t N ) } X‘f \ lxc(

75t o
pu bt

p}*‘/ L'cl'ush"‘
Ex. [FeHmb auﬁ. bl 7{(.? \9/ Freahme t & bt , @ ) Vi
. '(:W A)H‘C\Mﬂ'lj m X[ ’ s }ldyl. L\u?f_

mL ;@ Wu‘ll””"’)
one piHrV\f z loM/A prome [
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Strategy #2: Estimating Effects of Pseudo Treatments

Dt v et wulbiple bl g ts ve e Mok 3F Hedr
Big ldea: ‘
oservik ohmes it .
erslon i :
bieib a,al Shomgec VoS

, eteic., W e, )L G | X;

/

wie§

Ex. A‘S Le('zm, )\ag')- \,JL\D“/( Y[ J)H"{i moay- &{‘\\/ G, Lz

afber
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Identification?

Conditional Average Treatment Effect (CATE): 7(X) = E[Yi(1) — Yi(0)|.X; = x]
Goal for ATE ID: 7 = E[7(X;)]
EC <)) = eC ECND -~ N o 3]
= E[ ELT0] k=)= ECH@IN)]
E L& (1) [ven gy -5CTol e, 10 ]

Let's see:

«\

B

£C €CY [vetmex) ~EC kv K=
~ ——————

Ty e

=t se pemlely echwible,!

-~
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Overlap Assumption

Definition: (W1 | X:) = &, € (o)1)
in k wd tombol
For any K, W€ (02 Find both boeaked @

This assumption is testable. Some strategies:
ot LS
/\/wmwv‘/é difter

P[D’\”H?*r}/
(/02 pdds cabio
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Strategy #1: Normalized Differences

e,
Big Idea: ( heck W& covwtste  dishRabig ey Alrss premodk Shets

Rule of Thumb: T,Q nl > 0.2, ?muem.’

13/ 30



Strategy #2: Plotting

Big ldea: LI"“L’ VIS"“’H')' W dishib b (WL“ Ova'lafflv?,

QUJ ' bosd
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Strategy #3: Log Odds Ratio

Imi e He
Big Idea: ffﬂfmsfﬂy Seores  Shrald Ve cimila, Leh

A P e
elr)

| ots \7( elr)

Rule of Thumb: Tf mzers 2 }ii u pach, £

Shd. Jev
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What if we have only limited overlap?

Challenge: We comni g A gond csbioda A He sepecte (adimd
pmeL_g .
Veh o hebke” savfle-

2 strategies:

/f/lm]-ﬂ\;‘ng,

Guysang vy

16 / 30



Strategy #1: (Propensity Score-) Matched Samples

Big Idea: [omshiwh o wnew cample o Simlln uwaits tn cach bresvind e

Bethe b mabh om fr/‘f%f’y Scm8  tha raw (ovarrswhes_
Algorithm:

E,s}*lm«'w €(K,\> \}l‘

]
1‘%144 unfVs \’7 dccrca;fv? F{‘ff&w&l?;

Order ‘
fwa jomho\ wn'F vila closest  PrIopoms

l\/ C\./;H/wﬂ’ rofla,(,cw«})
wh,

For € |

2-/?/1' uwry

Nov hare \oolemicd  Sample s

mewé v usual, W o 28 pov 1 sa~rle
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Strategy #2: Subsamples

Big Idea: (n\, wmsidy wrils  wibn o Loverishe Valuss whee we have

6,:;‘7;] p\}a‘la/r
A2l
’C(_(/‘D: (A1 xeA

) Jagame JF T 0‘[-
Choosing Subsample: Lhore /4 to minjmize a1 ¢ )

émmz(,,/ we  reéams |

A= SxeX: &< el) ¢ 1= a7

,,1_.__. \ _,L‘_, < &_’S
A=2E Ec(x)(l—cbo) ety
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Identification!

E[r(X;)] = E[E[Y:(1) — Yi(0)|X; = x]] by definition
— E[E[Y,(1)1X = ] - E[Y,(0)}X; = x]] by lincarity
= E[E[Yi(1)|W; =1, X; = x] — E[Y;(0)|W; = 0, X; = x]| by unconfoundedness
=E[E[Y;|W; =1, X; = x] - E[Yj|W; = 0,X; = x]| by definition

=7 by overlap

19/ 30



3. Semiparametric Efficiency Bounds



Types of Models

i ] /'m«~/l S pate
m Parametric: \J{(k- éaP‘}M MuJ,Jg) meH, d r:js ¢
e-4. oLS yv/l/C'“ﬂX/O’

e - U mongiond| Wil awotbec
m Semiparametric: pllrumr(%r A& inbeest 1S fintle ~dim )

b 35 Mbwie~ Jimensiond
eg. x foprved Vhnss, y~ &y VB %)

] ihe Epate
m Nonparametric: /] fmvm:«}c,rs (om Spom O R pa

e. decisim  Frees
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Parametric Efficiency

(7””" @\(()rlﬁ) f‘;g\
3 Loy & CX[QJB

A . 6
Blx) sh For _
Fisher Information: | () = ~ t 2606

-
Cramer-Rao Lower Bound: \/Cé‘{x5> 2 T(8
QA 'S aslm?buull,/ e PRige} e
/

o (6-8) SV e’
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Parametric Submodels & Fisher Information

SCM‘\FWL madd : @[lea,l«()’)) = ‘F(X(B/W)

-\
6o —_ _ -1 ‘
(RLB  Fells ws Asv(é) z L = C/'g,,- J:”, .. J:nb

(on: TEVAiF D% i simfler O/
OA
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Score Function = ¥ den oF log. M ety

Leb ﬁ:{9/7>s(/\) 3|'rFyG >
SFZ CX) = §r(?‘)> ( ah?f-[x S‘T)

[uw Men  Widle Plsl\nr :DA('Jv ) S, [») S S, (o >
¢ or!
T(e Y) = C > = (S (n) S, (x) K)Sr ok

76" tvr
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Efficient Score

CRLB ten gl -\ |
o) = Togr "oy Trat T

e (HO T
= 5,00 ~EC S0 8 (1)) B[S0 5 (0] Syl

D grub, We do wot baw S, Se we lok over all prssitle valeg, call=d
N 1 /

gt 29
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(Efficient) Influence Function

PW‘”M ’D\/\F(“W F‘/""C)\M': ,'nquwL ()\M—M‘;'M WA cwvullesy Vovtum

s a~ Ve p\shuwoé
ETp WHM?M by nudsumie f‘mzaﬂ' spusc, SV \7,

veseel e et SCoe”
K #(x) < = #k) ) ] ’?L(r)

\ 'S GSyve blﬂ!:f lintor
is ee‘-fufﬂ/\ wt 5‘7’ ' /v f

1 0 Ity 0 g6
GGy ¢ A BB oty SO )

6
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Semiparametric Variance Bound

3 purd éuvnf\ \7« Ueshad M mPluewse LuacHen

el wli') = (EC ) Hoo’ 1)’

g 2 gw'?WW‘ML' Un(6) 2 SV8
@ \
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Riesz Representer

Simaler Why lo  (elialube vacionu  bown,
Differentiable Parameter: & d.(feve-holle 15 3’{(') S+

%f/(y) = B(R (28" Stz ;1))

If differentiability holds, we can characterize the Cramer-Rao bound via the Riesz
representer:

-
€ (olzy) B2 = E L4 Sla2)) (ECS0273 $ 20 7)) B(SCeecm) t22)

Whee TF 6\9/‘« by fojtett ok Tl 5 RO e Rowetsen
1 - 1
sz S(2;7) (ECSC2 ;¥ $(597)) ‘EL8zm oLCZ)}
(an estmile svg \7 jush emmi? ead R Fhe wnbume, ComPonewhs
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1. Announcements

2. Discussion Questions

3. Doubly Robust Methods
4. Linear IV

5. Practice Problems

2/28



1. Announcements



Announcements

m Makeup Lectures
m May 14, 21 — 8-9:50am GSB C105

m June 2, 4 no lecture (maybe section?) — May 22, 4:30-6:20pm STLC 114

m EQY Pizza Party: Date/Time TBD (June 5-127)
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Hints for Problem Set 5 (Due May 11, 11pm)

m Imbens (2004)! may be helpful in finding ATT estimators

m When bootstrapping, you must re-estimate relevant propensity scores for each
bootstrap sample!

m If you have any covariates that are constant/perfectly colinear within a given
stratum, you can just drop them

m For theoretical calculations: think about what we can add/subtract to the
propensity score to express it as the difference of the covariate densities. Would
doing so change the variance estimate?

'NONPARAMETRIC ESTIMATION OF AVERAGE TREATMENT EFFECTS UNDER

EXOGENEITY: A REVIEW
428



2. Discussion Questions



3. Doubly Robust Methods



Quick Recap: Semiparametric Efficiency

& wmlo’( b/)n\ @M'u Par 0"‘11 M’J;M NuUIsewe ?Qlﬂm./
juea &

mGoak L et vedens possie B AT

& o
(& ek ven
= Big Idea: [,v\},gm? a U valnes £ hey,

a e
dist. ﬁ‘ 6 as mte,
- re

m Asymptotic Linearity: (on &F7%° asymp It

pmbo K tablasme  frwiben
m ATE Bound:
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Infeasible Estimators Under  unomlbondebuess

Given: outcome models p1(x), po(x), propensity score é(x)

Yoo s (8
— 1, Ge [t
H Influence Function: () 3 Wi Y[ A, (x) _ [(—-"Vp) l—-é(x,l)]
v A 2 C/' (e)— /49 % Coel)
L = N a

Tokensible becns
1\, o

Regression:

R é/lf\() - X0)

’%ﬂ?.—; ror /{l/ /’)d
Y.
B IPW: IS (L—Ve e
% TPV _ ;\L/— R\"/"\ elx) ) (-—t(&-)]

[1\
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Infeasible Estimators - Variance

-3 aﬂf\mnm/é\

—

Influence Function: Ag‘rmf}‘ﬂ‘ib [menily

o (57 2 2 Mo, V)

Regression: L 0w s sevy

o ViAo
Ca.ssmo luwlp&r i Spu—> e mb = ! wu)
B IPW: Hiphe oo SPVD V~ (ML
~ TPV L%w\ﬁjﬁ‘ -V 0

Comparison: VRee 2 VIF = ySPVB & ylPW
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Feasible Estimators

A

N A
S, ©
Uitk eShwde M )
Big ldea: [L¢7\%% Hi, #0, © —

Variance Comparison: VR = V/F = ysPVB = y/iPW
L

QMMI

> Doy Robuet™

Ly frt/(léf
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Influence Function/AIPW - Double Robustness

N
. 1y " Yi — i(Xi) Yi — fio(X5)
AIPW _ _ : H1 1w Ho
T N ;(#I(Xl) #O(Xl)) + W, é(X,) (1 VVI) 1_ é(X,)
A ATPWw P . '
Double Robustness: "CM — T it e’/wr Moo Wﬁ?{c}“"’é‘

7
SPEEA R N (Vf;X()
So\vrs WwLg. ™ hi\(Yl A - T W 14

&b

128



Influence Function/AIPW - Correctly Specified Outcomes

_»0
. 1 . - x, Y (X)
AIPW |+ o . MO
— N — \/\
Eq/,ul(x)— /“ol*)l E(-1=0
- B (/E [ Yo (Y- Y;(0) lKFij
= T

Wf: Y’VXfV
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N

Influence Function/AIPW - Correctly Specified Propensity
1 Y; Y;
— |3 o Wi — (- W) s |+
e

Loy s nwhhe, We b Xe
N
(X) ﬂo(Xi)
= g —_— ( (X) ( ,))

A
\—/_M_\—J:—J 6LV - EC\,“-A

,7/;AIPW

Bt M 607 =M 2,
\/_\/——_\J 1
gCYlv=17) —glYlv=e] foorite S peeibnth
é\ — e
c T

fom
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Cross-Fitting/Sample Splitting

Idea: [)eviw @M prrpechies W wtimate  u e om segamlke Sample B T
U,,\fw-m?_ mé*fMé&ﬂw)

Procedure: —_ v
G semple M C Bus, Tez Sy EF
fl Sa

g Cohmak /Au(k] (’0) m S«Mr]" ‘)i@)

rg}{w\a/\( ’C (/Uv, 6)>

) nek € Hwmator
A\Iw»?(/ /1\2 ANY Yo ;A el §
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Policy Learning

y |'o ‘]‘f(“\a“"/‘*‘""
< HY"‘"l rX3$% amoih /ﬁ unite
Goal: [Fmd o7 0

= Policy Rule: U3 X $o,13%

m Desirable Properties: }

)-ulx) 20
R, b= 1548 AN
W\O‘A' -/‘LAV’S

ke, well- behaved  assip

n Tn Y )
o 39_ ’(f()()flgxpzo}
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Estimating Optimal Policies

. V(n) ~g(nte) (Y- %) |
zg(w) Tl)]

~ PR
ATE Estimator: [ = = ']A? e
" A
_J,“ 2 ﬂ(X;) )_—l
Effect Estimator: V C‘TT) N ot
N
w
g ]
A
Policy Estimator: T( = 49 L S ‘
w6 (|
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4. Linear IV



What if unconfoundedness breaks down?

In observational settings, unconfoundedness let's us “pretend” that we are dealing
with a randomized experiment.

When might unconfoundedness be violated?
L\/& have  Sowmt uw,\,&&nﬂé varialle 'y hVVfNU

,'@

‘bﬂ% OMA\LO'W‘ 4,‘,@ Ml’m(’-\}’

%\ B, Veg = Pedei t &
V —

@ . @“F_3 @ Ut aMliy
N
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Terminology

. w . evTw —}~HV\’\
m Endogeneity: VaraWe  (ortlald i

wwd (sl"/*“'-M
= Omitted Variable Bias: When we tannt bl 4/3'-/ Lw\ﬁﬂ <,
CJEH(' V.‘“ k L\‘aS(a

—

bulus on wny e dehe wmed

m Reverse Causality: \/“l“"é r%wgw

b? W \E"V ovbwt
ex Ty = prict 2 geiw sek L7 Jorwd
’ av\hwt: clr'v“"“A

Rtk , S0 pricc
(’V\Juamwj
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Instrumental Variables

Goal: [Fhf  eumer s 7 onghinet " Mk allag ws b vomoc effl P
(m@vw&)wy

@ f—a®,—»@

To obtain valid causal estimates, IV must satisfy:

= Exclusion: < mHUAS’ Ya"\\7 Mq\ X

Z s Lw.,gx'l e‘%u/rmx

m Relevance:
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Estimation - Setting

Yi=a+ 06X +e€ Ele;Xi] # 0 @
y

7N\
P f A om @a@éa@

Goal: ﬂ,EW CM\ASul [/

Nw\wlmg biss i ﬁ ‘ \L
Estimand: L/— @;
(o (1,2 }/{/,{CZr) é/

Coo( Ve, Z0) 22— 7
o — = . e y
/; [w[X/'ZC) [N(X,,’L,)/V 2) @ — Xexbr —\§®
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Estimation Strategy #1 - Two Stage Least Squares (TSLS)

: Xon 2, 94 X
Big ldea: O ‘Z%“ ” A /7
@ Q:vms Yon X

(ot
204 i b
Estimator: @ X; = R, 1 AEd {

@ YL. - ?u + IBTS'\—S )?E . éc
/})}ms } %/\z’i = [2'x) (2"()
ov( Ky =T

Inference: Unde, hovyStobas iy ! ﬁTh&_ p o= /V[U/ 0—2()?;‘) )
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Ef’ X; EXl)ﬂMuﬂ TSLS ol OLs  omsshh.

Goak .y oty OLS flamh ol awt TSLS . radly veth i)
Mk 4 ﬁpﬂ) wll TV f‘czu )
A~ TSS A as
TSLS s /l/éﬁ V oy )
TSL§ olg o ,
Ho: é ,’LXL - P — g £

A TSLS ﬂ"m,s
’_’-’_’—
£=

Test Statistic: — .
Vv
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1. Announcements & Discussion Questions



Announcements

m Next Week Lectures
m May 21 — 8-9:50am GSB C105

m June 2, 4 no lecture (maybe section?) — May 22, 4:30-6:20pm STLC 114

3/25



2. Local Average Treatment Effects (LATE)



Motvation: Effect Heterogeneity

VoS, niks
S~ KL/ \atl—w?oﬂ!l M T B aes b

Goal: lechle B s foul  Boms

(avww\f CD raf\,[alﬂm /}TE

Challenge: |
o, TD ATE L, sul -popn

awn
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Notation & Setup

m (Binary) Z: T—./\S&\AMM

IQVIONN 2N

2; = Z . : £ z,=0
= (Binary, endogenous) W: \,\/‘- = \4/; C ) W2

a Y: Y\: Y[CL\/Q = \/((Ul(zL)) = Y(’(Z,‘,) \Jf>

6/25



Key Assumption: Independence of Instrument

Zi 1L (Y;(0), Yi(1), W;(0), Wi(1))

Conditions:

m Randomization of Z:

Z\ k (V;[/)/ \./l\(|> , \(2(/‘]/0>/ YF“J”)) Y(‘[”ﬂ); Y,‘[l,’))
(

s

m Exclusion:

. Y,LZ,VB = YR("’ v)

Va2, W’
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True Compliance Types

W;(0)
0 1
heve - balker Acﬁ&S
W;(1 - }e
(1) Lomgher slvos bebos
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Observed Compliance Types

0

1

néve —Mcr/cgwf\kr

;,\wu,-?g/\‘ﬂ’kr /(lfp‘“"'

'HC\IQ"HJLW/AIF)V

Alua/;— H't‘f/éaw?u‘r
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Monotonicity

Goal: ) gambinuste b ge £owit Fom (20,00)

() 2 W (o)
Assumption: /Vlmwrmf : W, (1)

Z;
0 1
0 n(‘./u-—Mu-(/[pwf\.'Lr neve - haler
VVi ]u - bnleer MUT
1| alvayg—aber alveys /év
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Conditional Means

Let proportions of compliers, never-takers, and always-takers be given by 7, m,, 7,.

m E[Wj|Z =0]= Tl

E[Wj|Zi =1 = T+ T

T"’ ECY?(O‘)“‘]

G ¥ T,

T (%]
T + T

E[Y;|W; =0,Z = 0] =

E[Y)W;=1,Z =0]= & (T[]

E[Y;|W,;=0,Z;=1] = EC‘W) (2

-,
T ol L) s —— (1014
E[Yi|W;=1,Z=1] = e T ECYJD L') T, T
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Estimating Complier ATE

\ M both  beabwes 0
Why only compliers? 0V\L-/ er‘f vifh vem bess g Jeer

el 1) el
Estimand (LATE): ([ /*TE © glw-1

Estimation Strategies:

m Use fredors fondibina e

s DLS
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ILS Estimation  (0L%)

.- - |= YI\ 2"7’0
m Y ~ Z Slope Coefficient: E(Y: 12i70) gl¥ )
(ECn0) L)@ v BLEWIADY W, + ECY;U)!A)W,,) _ E[Yi“)’yi(d)lcjf‘

] -(EEY; (0)\c) e + E[:Y;(OJHQ M, t ECK\(D[«] Ta)

s W ~ Z Slope Coefficient: £ [1; | 2,21 ) - €[y lz=o L= T

Tv ch?lzi:\T)—EC‘(ch;‘D]
m Ratio: “T -

= B No-"?) [}
Blvilzzt Y= ELw | z770]
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ATE Bounds (Binary Outcomes)

{ AT
Goal: {)a,rhu( L) pc— eull pop 0 iy

Are cCYim -0y Y= (Y, L.) teos Ly r BRI~ wﬂm + B [Pt-%)1]g
\
o tamob cshmete E(Vi) 0], ELY0(n]

(W2

CY[U)l ]_I EEY;(I)Injro

L @
VR g: (.")lu_‘]: 0/ BCYLUBL'\):]
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Unconfoundedness Analysis L\/[ 1 (Yio), v0)) l Z.

What if we (mistakenly) included Z as a control, rather than an instrument?

O[M esBmale, abhe aA)‘quv? Lo Z:, Ve
E CY- I V¢ :‘, 2 '-'-'[’J - = C_Y; IWE'M, szljf E[‘f(()) [val,z,'zlj\EC\?{-[QJK'\JL-':O’?WJ

= " fhm )y e B[Nl = B[V (]

\]

e T .+ T¢ J
\\/_\/f
nok Causal\7 suber prepbie

15/ 25



3. Weak Instruments & Many Instruments



“Weak" Instruments ([Z- skt <& lo)

covelgNm  Lefem
S"Mlo@ agrvmr Hlﬂ'lj 9{#\&7;“7 ff(7/ o nonitav

AV qnd C‘\/‘A"z

Challenge:

a L'(_S'
}ﬁ comel = o, afff@( Mugonk €Ven m 1"74 Sam P

Goal: )it se by allow O
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Conventional Asymptotics (Fixed # Instruments, Fixed Parameters)

m LIML vs. TSLS: W (ﬁLth - FTQ() — 0

o
u Just-ldentified: & TV = 4 (~8 \ kqw m2€7o¢;’ s s
; (7% )
(T wot u.,\,rﬂm.\f valid | but Sk e

u Over-Identified: &t Ty > & ¢ado

Ml TSLg)
(T oloabelly very wclends (es e
T Goloabnlly Vi oo L2(v-1)(%-2)

. o, =
Standard Estimator: . - T * 2v ¥ Y }'Q ey ~p - J—g(x,—yyz 2
Vo= dot & & ¥ Vi

(2:- 2)

A= T2

m Concentration:

?
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Stock-Staiger Asymptotics

[
Sy “ P LL ) : =
Big Idea: L&\- l g:}-aac T:a.rm'\, Cleft d on SarT ISy 4 ":,\/ =
Thea, 4 = o ovie)
ey o ok Fﬂ»\

f) e bales b L. avw Saumple ST2e, LOVEHe (on
oGS Tea

desnr ol -

: an' CI’(,
gua?t&% o As ‘QL( uwﬁﬂw\\/ valid
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Alternative Cls

Goal: ()ry\/{lb fun)‘{rm\7 valld C,PS

m Anderson-Rubin Cl:
m Kleibergen Test:

m Moreira’s Similar Test:
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Many Weak Instruments

2 problems:

@{ﬂﬁ wm o shelord esMmatvrs

/U(fSlfk&‘vﬁ\’ sl e

st
Main take-away: [ TML wvwks well , bub s west be adis

2 strategies to adjust standard errors:

ggkkw

flEQML
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Bekker-Adjusted Standard Errors <> 3@/\%[(7 (Ceommomd e

TSLS 8 nok  (msdht In l‘?{ Samrk' Lub LImL is

Big ldea: g C
(wsf&z.{g N O~ 457m,fM"l£ )lv c\)CN‘L UVJF""-H el 2
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Random Effects Quasi Maximum Likelihood (REQML)

Big Idea: Mok 19 shoe coelle. T, as A drang fr W (A, 0 )
o nornly,  Norralind 2t , hded Pumnchm *

ASS“% )
LC{}”' P, T, Ma, LA B)

TSLSr  posherds mrdt fvm Pl pers (o2 zP)

Lpm: Aqz 0, L knoenm
— 7

CML‘M\' QEQ/ML [N(M"IMS a‘ﬂm”,, lg“i\ ‘
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1. Announcements & Discussion Questions



Announcements

Last section: Wednesday June 4, 11:30am-1:20pm, GSB Z301 (in place of regular
lecture)
m Focus on exam prep, review + practice problems (?)

Last Problem Set: HW7 due June 4, 11pm

Final Exam: June 11, 8:30-11:30am, 200-002

Pizza Party! June 9 (exact time TBD) - RSVP by June 1
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2. Difference-in-Differences



Panel Data

A Nwe eeffle (=), )
Key feature: ()l)ser\e Lyt un [L-f ») o P [
Tay
3 main types of panel data:
tach fﬂfﬁ;

Proper Panel: Obsert Sawe g M
Yx't , izl M ‘EW-*‘;T
Repeated Cross-Sections: 0 bsert et mdniduds in e«
Y, Reoicl Ao ,wm T, Pp—

Repeated Cross-Sections with Multlple Groups:

Seme, b7 01, 63

W Hwe ool

[ $eeitmet [eoa¥rol )
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Key Assumption: Parallel Trends C 2 %x?2)

lt 753 wp(

D b7 eahed owhﬁsjf oaal | a gn, e
unpreehd
\{ constt diffrce P outmid

(WE))

Big Ildea:

pre 7a.s+

Testable? /ot divetly
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Repeated Cross-Section, 2 Groups x 2 Periods - Setup

Observed data: (\’() (9;) T: )

'S l‘ru% M f’yﬂlk

1

Treatment assignment:  Oro=f
WAPIIE ot Y"[( \J)T{t))k W{i\(l)
(o a.]i U/addg
T+ Y6+ & 7 v 85K
Y.y = & ¥ P e

Modeling Assumption:
’Y‘ T k) PT}I’ TGL t T"\"IL 4 6(:
(

TYﬂ‘uM 4GS une Lm$+m} €

-D@ T L\tf}%roaa\awg ) tdeatibng averge elfect
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Repeated Cross-Section, 2 Groups x 2 Periods - Estimation

Estimand:
ATT

—

Ar/{)f() - (E£Y51 b;* l,'ﬂsl} _ ECYL‘légﬁl,Tiia_)>

’éECYe\ b2 Te=t] - E[nl@c:a) 7}:@])
Estimator: éﬂ;D: \{“ _ \{w ,_(Ym - Y,,‘))

(8
~; B . w
M‘IV\ é_ [ Y(‘ - A~ /ZT( Tét (o) i)
d)ﬁ’a’/'b [

(N 2, N .
- : O’\ 0/10 o 5
Variance: > : : . o .
\ (/’(; {oVust /l/\\ /V(D /"M“ /—/1/0"
<
. 7 z _ e = Dz = &
Vader homostedaghiel, © 03" s 0 < 6

tread gpr
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Proper Panel - Setup & Estimator CZ flﬂfés)

Observed data: C b, Yw, Yan 5 k\’ra) Uh)

- . Wy ¥ ¢
Modeling Assumption: Yit =a frr Voot T

L()v\(\, e]a ._ng-ml« J;‘HWCML&

AA

Estimator:
oo for T
bk
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Parallel Trends vs. Unconfoundedness

; warged  ouleeS
Unconfoundedness Assumption: 1n 4¢ poronie (bl o | 974 ©

Y‘1’Yf0:91‘]'/)7[o+ ’Céi"ﬂz

DiD Assumption: ‘f“ - Y = AR Tby ! €

o

oot Fr Ploptlc ecshmden oF f

How to choose? UnimFmniedness Y, me % Lot M €2

ﬁu\- ) Agswnf:l‘fm ‘ .
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Mie reul} T @) coreck | buk st , ovust™
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T DD vight, Lub eskmlk O, wmdwporde T
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Changes-in-Changes: Continuous Data (2 x 2)

bastos o dubn , fonibratl fovrom

Motivation: /),'V) SensitN b Bt

h v
WU, To) , kYT morsty
Modeling Assumption: Y\'ltJ) = Ly
U L Ty | be
Ve 6iT¢

8

> ('Jg [ T¢=l
Estimand: 47 £ [ %0 ] 6=l Tt — g1 6o 2l Tes1]

-1
Estimation: E{,:o) | (7) = FY{lJ),IU (Fy/,,); o» (t'-‘((a),o\ [7)))
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Modern Approaches: DiD With Heterogeneous Effects, Multiple Groups/Multiple Periods

Big Idea: 7, th S(an?s , Twee = 0;0 oo Heds hclvdaoncm

3 proposed estimators:

m Chaisemartin & d’Haultfoeuille (2020): \,,/uﬁwl,«é avy. p@
DD egHwhg
= Ave-hubd MY e e"\ndamev\h“? JFﬁwme
S st additne efhds mae plesie in shef 7UN /ﬁ i e

|- per eleed

= Callaway & Sant’Anna (2021): Lompare Cuoluh
l-[“:p; aWesd nere - Neehdd lara-\r
yhey waisg \owgy =72
el FV (ompacfon O
Y a Sun & Abraham (2021): CGmer b s, allowt 4

\AS‘\" e 91-,-(7 ;F N ~ "VCJM unavan a 1€

12 /26



3. Synthetic Control



What kind of panel must we have? frg:!{‘ f“""k

00— O
00 0
we [ %7 °
00 - |
Estimand:
AT 2 VN(V”[I)J(,-P(()))
A-\--]—. T = i,4
o 2 VH—
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Thn (e W | umt ¢ Peabd W ’170% T,}-wsl«t(m‘,
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13/ 26



Vertical vs. Horizontal Regression

Ty Mo —— Wp
Goal: Y(“— [DD \( = Y‘-'l Voo -° YZT

— _ sors
Vertical Regression: | -\ obs., M\ ryr
¢y, SC

Horizontal Regression: ./V’l obs. T-\ Y reses

5.9_ UntomundoAneeg

) A sel\ (fF) , 90 véhol
.Sw"?'/ go MwaJ
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Synthetic Control - Assumption

' Feomt hal
Factor Model: A ss+™e moveodk in- ou s summaned L7 °

\abm P -
Yu, [0y = My X, ¥ €ie
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Synthetic Control - Estimation (No Covariates)

Ideal: /‘A“W\” unds  based  om \Eﬂd'lr lonll\aj

N

z wy A 7 A

122

¢ ~ restvacht oS
In Practice: Tashed relh o r -t A z

A x L v N i 2(\{/‘,% - ’i W, Yie)
'\{ (0>:2W5 T woE ? r-l e
Py jon 2
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Synthetic Control - Estimation (Covariates)

Big Idea: /3¢ (ovnishg to Timguk™ ey [eg9dB outins
e Al [42?'04 patinis y.’?’lés caee W\ i Covadtmz,

2-step optimization:

QOuter:

Inner:
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4. Alternative/New Panel Methods



Synthetic Difference-in-Differences

Big Ildea: /Vluzc Ms{ok@ v DD sC

W T 40% ){
. . A S050 ZZCY Y—oli-—’c h) - W
Estimation: ¢, - WW\ ¢ :
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SC Inference

Challenge: T¢ [ heatd ( £ , no “virgry S o CLT

Placebo analyses generally used, but still have a choice to make:

Placebo on Units:

Placebo on Time Periods:

Rom &t valid on averge

dmonenn UM lose
Ve Vasim FV
he b osteles Nelly.
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