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What’s an Instrument?
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Framework"”
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Some notation...

Unitsareindexed 2 = 1,....n

/

D; € {0j 1} is the observed, binary treatment for unit 2

Yz is observed outcome for unit 2

Y; € {Y;(D =0),Y;(D = 1)} are potential outcomes for unit i

X are covariates for unit 7



Individual treatment effect (ITE) is the difference in potential
outcomes under treatment vs. no treatment for a unit

7 = Yi(D = 1) = Y;(D = 0)
@ Unfortunately, ITE is impossible to measure!

An average treatment effect (ATE) is the average treatment
effect across the entire population

ATE = E[Y(D =1)-Y(D = 0)]



An example...

Does money cause happiness?

it Y,(D =0) Y;(D =1) then YES!
o O

it Y;(D =0) Yi(D =1) then NO!
o ol



Assuming strong ignorability {Y (D = 0),Y(D =1)} L D | X
and positivity ) < P(D =1) < 1

r=E[Y|D=1 - E[Y|D =0

n

1 1
7= EZZ.Z;Y.; - n—OZa - 7)Y,
i=1 i=1

Possible with a completely randomized experiment (CRE)

@ Unfortunately, a valid CRE forces treatment onto units
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Some more notation...

Z.Zj S {0, 1} is the assigned, binary treatment

D; € {D;(Z =0), D;j(Z = 1)} are potential, actual treatments
= {Di(0), D;(1)}

Y; € {Y;(Z =0),Y;(Z = 1)} are potential outcomes given Z;
={Y(0),Y (1)}



Assuming “Independence” 7 | {D(1), D(0), Y (1),Y(0)}

rh = E[D(1)-D(0)) = E[D | Z =1-E[D | Z = 0]
v =E[Y(1)=Y(0)] = E[Y | Z=1-E[Y | Z =0

@ Unfortunately, this is intention to treat (ITT), not ATE
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Not everyone does what they’re told! There are compliance groups
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Ty = ZE 0) | U = u]P(U = u)

Assuming “Monotonicity” D;(1) > D;(0)

and “The Exclusion Restriction” Y;(1) = Y;(0) if U; € {a,n}

v = FBY (1))=Y (0) | U =P(U = ¢)

= FE|D(1)—D0) |U =|]P(U =¢)=PU = ¢)



Assuming “Relevance” 77) 74 0

We have local average treatment effect (LATE)!
.=EY(D=1)-Y(D=0)|U-=(
=EY(1)-Y(0) | U=
_ Y
— -

ElY | Z=1—-ElY |Z =0

The Wald estimand: 7, =
e Wald estiman Tc E[D‘Z:H_E[D|Z:O]

@ Unfortunately, this is still not quite ATE
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LATE is approximately ATE if compliers represent the population.

So, it may be helpful to characterize compliers’ covariates X

Elg(X)|U=¢= /g(;r)f(:r|U = ¢)dx def. of E]

- PU=c|X=x)f(z) ,
- /g(.l) Pl =5 dx

Bayes’ theorem
1 | g— 7 e WY B e
= U =0 /g(;r)P(L' =¢ | X =) (x)de
Elg(X)P(U = c| X))
P(U = ¢)
_ ElgXN{ED|[Z=1,X]|-E[D|Z=0,X]}]
B E[D|Z=1]-E[D| Z =0]
Elg(X)EID | Z = 1,X]] - Elg(X)E[D | Z = 0,X]]
ED|Z=1]-E[D| Z =0]

formula for mp
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Connection to TSLS...

An alternative way to estimate:

TY is the coefficient from Y ~ 7/

7A'D is the coefficient from [) ~ /

Wald estimator with TSLS

Ty
TC —

A

™D
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Now add control for the covariates X!
7A'Y’L. is the coefficient from Y ~ / + X

’7A'D’L. is the coefficient from [) ~ / + X

Lin Estimator ©

. TY.L
Te, = =
DL
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Example: Job Search
Intervention Study”
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A Question

Does a job training program make unemployed people more
effective at job searching?

Zz? is whether a person was randomly selected to participate

D‘zf. Is whether a person participated in the training program

Yz is a person’s efficacy (1-5) at job searching

X, area person’s covariates (sex, age, married, race, education,
- and income)
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Data

Source: Job Search Intervention Study (JOBS Il)

e Subsample of the whole dataset includes 899 unemployed
workers

e \Workers randomly assigned to treatment and control:
o Treatment: workshops that taught job-search skills and

coping strategies

o Control: no workshop

e Surveyed for job-search efficacy
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Justification for Assumptions

e Independence: Treatment assignment was random
e Relevance: 7) # (
e Exclusion Restriction: Assignment shouldn’t affect outcome

e Monotonicity: No defiers (nor any always takers)
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Results

estimator tauY tau D estimate stderr lowerCI upperCI
Wald (Formula) 0.067  0.62 0.109 0.081 -0.05 0.267
Wald (Regression)  0.067 0.62 0.109 0.081 -0.049 0.267
Lin 0.072 0.613  0.117 0.081 -0.041 0.276

* Standard errors estimated with bootstrapping (n = 10000 samples)
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Are “Compliers” Representative?

@ Unfortunately, compliers may not be representative

sex | U = ¢] — Efsex] = 0.088 Female
age | U = ] — Flage] = 14.974 Older

nonwhite | U = ¢|]— F/[nonwhite| = 0.019 White

A

educ | U = ¢| — Eleduc| = 0.884 More education

A

income | U = ¢|]— FElincome| = 0.925 More income

.
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What’s an Instrument?

Z:?Xm




An instrument is a variable that is independent of potential outcomes
and affects the observed outcome only by shifting the treatment in a
single direction.

Independence U

Relevance
Exclusion Restriction

Monotonicity 7 i Y
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Independence
Z 1L {D(1),D(0),Y(1),Y(0)}

/\
M/

We cannot have:




Relevance
Z I D

A weak correlation means a weak instrument

U

7\
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Exclusion Restriction

The instrument only affects the outcome through the treatment

D/U\Y

We cannot have: 7

\
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Monotonicity

The instrument affects the treatment for all units in the same
direction

D;(1) = D;(0)
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Questions?
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