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Notation :

Y : Outcome
A : Treatment
X : Covariate
4

. IV(instrumental variable)

Basically, we consider single binary treatment A.

Z(Multi-dim in regression, Polytonomous in weighting)
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1. Outcome-Adaptive Lasso

Motivation :

IPTW(inverse probability of treatment weighted) & O|&2
2|3l PS(propensity score)0f| Cial| SRS 5t A2 AtEH
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1. Outcome-Adaptive Lasso

For X = (X1, X2, ..., Xq),

Indices of covariatess= Ct22} 20| 47tX| 2 L}EIC
C : related with both outcome and exposure.

P : related with outcome, not with exposure.

7 : related with exposure, not with outcome.

S 1 not related with both outcome and exposure.

C= ZSH5l0f ot P= efficiency SEMS 2|GH I SHol{OF otCt. 7
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1. Outcome-Adaptive Lasso

A
-

JO|'

Relatedness with outcomeO|
Consider the outcome model Y; = nA+ Zj/:lﬁij + €.

If B; ~ 0, X; should not be included for the PS estimation



1. Outcome-Adaptive Lasso

Consider the PS model.
(Although it is not true, it is helpful to estimate ATE.)

logit{m(X)} = logit{ P(A=1| X)}

= ZOLJ'XJ' + ZCZJ'XJ

Jec JEP
fjeTUS, aj =0.

So we want to set & = 0 when §; =~ 0.



1. Outcome-Adaptive Lasso

We want to set &; = 0 if §; =~ 0.

n

a(OAL) = argmin [Z {—a,- (X,Toc) + log (1 + eX,Ta) }

i=1
d
A0 )@y oy
j=1

-y
‘ st.y>1

where @W; = ‘BAJ

Unlike Adaptive Lasso, w; comes from the outcome model l
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2. Regression and Weighting Methods Using IV

Motivation :

Why do we use V(instrumental variable) method?

@ To estimate ATE in the existence of unmeasured confounders

® To estimate LATE(Local ATE)
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2. Regression and Weighting Methods Using IV

What is IV?
Instrumental Variable Z satisfies
@ ~ is associated with A

® Z does not affect Y except through its potential effect on A

©® Z and Y do not share causes

also additional condition is needed to be identifiable.
(Homogeneity or Monotonicity)

(Example. A : St 55 0|8, YV : 844, 7 . ot H7 0 F)
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2. Regression and Weighting Methods Using IV

What is LATE?

LATE over a subpopulation X = x is
LATE (x,z.Z) = E(V1 = Yo | X=x, A, < Ay)
The population LATE is

LATE (z,2)=E(M —Yo | A, < Ay)

(Example. A : St 55 {82 v : 844, 7

o
i

AR o)
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2. Regression and Weighting Methods Using IV

Additional condition is needed to be identifiable.

(Homogeneity or Monotonicity)
® Homogeneity

For any a, E (Y?=! — Y20 | Z = z, A= a) is constant with
respect to z.

® Monotonicity

For any z,Z/, and x, either A;(w) < A, (w) for all w in the set
{X =x} or A,(w) > Ay(w) for all w in the set {X = x}.

(Example. A : &+ S2 08 Y : A 7 52 AR 0F)

— —
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2. Regression and Weighting Methods Using IV

712 ==20Me IV MEstol (Y, X, Z, A2l 2ES 2 Of, LATE
ZZYO| IdentifiabledtS 2 ACH.
=

o
=22 O0|0f Ci$t Estimation HHE A A|S =&O0|C}.
=2 =2Ct generaldt M&! 0| Q| estimation=S CHE11 QICH.

AtE3SH= Modeling assumption0f| T2} Regression method2f
Weighting methodZ L}&EICt (Causal assumption2 A2
SYstrt)
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2. Regression and Weighting Methods Using IV

A2 3= Modeling assumption0f| T2} Regression method 2}
Weighting methodZ L#ICt (Causal assumption2 M A A|El
RUSE, M= SYsiC})

P(A=1]|X,2Z)=m(X,Z)
E(Y | A X Z) =n(A X, 1(X,Z))

(Modeling assumptions for treatment propensity score and the
outcome regression function)

Regression method

Weighting method P(Z=z|X=x)=p(z|x)

(Modeling assumptions for instrument propensity score)
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2. Regression and Weighting Methods Using IV

Regression method
Form<n/,m=m(x,2), and 7’ =7 (x,2'),
Theorem 1. (b) If the IV assumptions hold, then

w'n(1,x, ") — (1, x, )

E(Yi| A, <Ay, X =x) = e

and

EYo| Az < Ay, X =x)
(1 —m)n(0,x,m) — (1 —7")n(0,x, )
-
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2. Regression and Weighting Methods Using IV

Regression method

Theorem 1. (c) If, further, the population monotonicity
assumption holds, then

E[n'n (1, X, )] — E[rn(1, X, 7)]
E (') — E(m)

E(Yi| A < Ay) =

and

E(YO | Az < Az’)
E[(1 —mn(0, X, m)] — E[(1 —n")n (0, X, 7")]
E(n') — E(m) '

where T < 7', m =7(X,z), and 7' = 7w (X,Z').
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2. Regression and Weighting Methods Using IV

Regression method

The fitted values 7 and 7 can be substituted in Theorem 1. (b),
(c) to estimate causal effects.

The LATE at X = x can be estimated by
E(Y|xZ)—EY|x2)
E(A|x,2)—E(A|x 2)

EMi—Y|A <Ay X=x) =

The population LATE can be estimated by
E[E(Y|X.2)] - E[E(Y | X, 2)]
E[E(AIX,2)] - EIE(A| X, 2)]

EMi—Y|A <Ay =

where E(Y | x,z) = #7(1,x, #) + (1— %)A(0, x, ) and
E(A|x,z) = #(x,z), and £ denotes sample average.
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2. Regression and Weighting Methods Using IV

Weighting method
For P(Z=2z | X=x)=p(z]x),

Theorem 3. (a) For F(z) =P (A, =1),Gi(z) =EM | A, =1)
and Go(z) = E(Yo | A, =0),

72 =[5 w0 e w0

5
6.2 = £ | 5307 | 12 |50

5
6o2) = £ | 5 T~ A/ 5 i)
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2. Regression and Weighting Methods Using IV

Weighting method

For F(z) =P(A,=1),G1(z) = E(Y1|A;,=1) and
Go(z) = E(Yo | A, =0),

Theorem 3. (b) If the population monotonicity assumption holds,

then e
EM A <Ay) = (z) Fl((zzf))__/:((zz)) 1(2)
and
(| A, < Ap) = L= EENOE S0 - LEN Col)

where F(z) < F (2') and hence A,(w) < Ay (w) for all w.
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2. Regression and Weighting Methods Using IV

Regression method

The population LATE can be estimated similarly to the regression
method.

Regression :

(1) Estimate 7(x, z), n(a, x, T(x, 2))

(2) Estimate the LATE at (X = x) and population LATE
Weighting :

(1) Estimate p(z|x)

(2) Estimate F(z), G1(2), Go(2)

(3) Estimate the population LATE B

21



Table of Contents

© Targeted Maximum Likelihood Estimation

22



3. Targeted Maximum Likelihood Estimation

Motivation :

TMLEE & @l G-computation2} PS method?} &2,
Targeting step= S5 ATEO]| CHSt bias-variance tradoffS
optimizeste AE SHZ S}

—

Doubly robustatCh= S 7fZIC}.
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3. Targeted Maximum Likelihood Estimation

Three steps.

@ Estimate E(Y|A, X), E(Y|A = a, X) (Outcome method)
@® Estimate P(A|X) (PS method)
©® Regress the residuals from outcome estimation in Step 1
onto some function of the PS.
logit(E(Y|A, X)) = logit(E(Y|A, X)) + eH(A, X)
(Targeting step)
logit(E*(Y|A, X)) = logit(E(Y|A, X)) + éH(A, X)
Finding H(A, X) might be the crux.
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3. Targeted Maximum Likelihood Estimation

@ Estimate E(Y|A, X), E(Y|A=a, X)

Y X1 X2 X3 X4 A

RH|lR|O|FR|K
Ol OoO| OO+
Ol O~ O
GOl WO | O
NN W[
Ol OO+

25



3. Targeted Maximum Likelihood Estimation

@ Estimate E(Y|A, X), E(Y|A=a, X)

For Q(A, X) = E(Y]A, X), we can estimate Q@ — Qa, Q5.

Ra Qo Q1
0.83 0.65 0.83
0.72 0.72 0.87
0.48 0.48 0.70
0.83 0.65 0.83
0.62 0.62 0.81

RlRrlOolrR |~
o|lr|lOo|O|r| >
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3. Targeted Maximum Likelihood Estimation

® Estimate P(A|X)

For m(X) = P(A|X), we can estimate 7 (PS method)
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3. Targeted Maximum Likelihood Estimation

©® Regress the residuals from outcome estimation in Step 1
onto some function of the PS.

Calculate the function of the PS,

I(A=1) I(A=0)
Pr(A=1|X) Pr(A=0]X)

H(A, X) =

for each individual.

Ra Qo Q1 H Ho Ha

0.83 0.65 0.83 218 —-1.85 2.18
0.72 0.72 0.87 1.61 —-2.65 —-2.65
0.48 0.48 0.70 3.40 —-1.42 —-1.42
0.83 0.65 0.83 239 —-1.72 239
0.62 0.62 081 230 —-1.77 —1.77

—RlRrlOolri~] <K
o|lr|Oo|O|r| >
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3. Targeted Maximum Likelihood Estimation

©® Regress the residuals from outcome estimation in Step 1
onto some function of the PS.
logit(E(Y|A, X)) = logit(E(Y|A, X)) + eH(A, X)

1 083 0.65 0.83 218 —1.85 2.18
0 072 0.72 087 161 —-265 -2.65

Y A Qa Qo Q1 Hi Ho Ha
1
1

glm _fit <- gIm(Y ~ -1 + offset(qlogis(Q _A)) + H _ A,
data=dat, family=binomial)

logit(E*(Y|A, X)) = logit(E(Y|A, X)) + éH(A, X)
logit(E*(Y|A = a, X)) = logit(E(Y|A = a, X)) + éH(A, X)
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