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Introduction

Lecture 5 discussed the random assignment (RA) assumption:
> Proved point-identification of ATE, ATT, and ATU;

> Discussed estimation of causal parameters with discrete W,

Lecture 6 introduced the BLP and discussed OLS estimation:
> BLP as best linear approximation to the CEF;

> Allowed for approximate causal interpretation under RA.

But RA is not ubiquitously plausible or desired.

> RA suitable for experiments, not when agents optimize;

> RA implies ATE=ATT=ATU, but may be interested in selection.

Today: Selection on Observables.

> More general identifying assumption;

> Allows for studying selection on observed characteristics.
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Roy Model

Consider an extension of the all causes model

Y = g(W,U) =g(W,X,0), (1)
W = 1{E; [g(1, X, 0)|X] — c > E; [8(0, X, U)|X] }. (2)

where ¢ € R is a fixed threshold and (Y, W, X, U) is a random vector:

> Y = an outcome;

> W = a binary policy variable;

> X = all determinants of Y other than W observed by the agent;

> U = all determinants of Y other than W unobserved by the agent;

> and an economic model g : supp W X supp X X supp U — supp Y.

The model in (1)-(2) is a version of the Roy model.

> Introduces selection equation to endogenize Wi

> Agent decides whether W =1 or W = 0 depending on whether the
expected pay-off is larger than the threshold c.
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Roy Model (Contd.)

Example 1
Recall the returns to education example from Lecture 1. We may have
> Y = lifetime earnings;
> W = an indicator for having obtained a college degree;
> X = grades from high school or perceived cleverness;
> U= ability on the job or future macroeconomic conditions;
> g = a labor production function;
> ¢ = tuition fees.

According to the Roy model in (1)-(2):

> An individual pursues college if her expected lifetime earnings given
her perceived cleverness improve by more than the tuition fees.
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Roy Model (Contd.)

Example 2

A large literature (in the 90-2000s) studies the effects of 401(k) plans on
retirement savings (e.g., Poterba et al., 1994, 1995).

> Tax-deferred savings option w/ employer contribution.
Here, we may have
> Y = retirement savings (in USD);

> W = an indicator for being enrolled in a 401(k) plan;
> X = income, non-401(k) savings, or financial literacy;
> U = future health or macroeconomic conditions;

> g = a savings preference function;

> ¢ = (current-value) cost of 401(k) plan.

According to the Roy model in (1)-(2):

> An individual enrolls in a 401(k) plan if her retirement savings increase
by more than the (current-value) cost of enrollment.
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Confounders

The Roy model in (1)-(2) economically motivates treatment:

> Optimizing agents choose treatment based on personal info;

> Treatment is endogenous.

We differentiate between X and U:
> Both X and U are determinants of Y other than W...

> ... but the agent selects into treatment using only X.

A variable that affects both Y and W is called a confounder.

> A variable that does not affect either Y or W is not a confounder.
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Selection Bias

In the presence of confounders, RA is violated.

Theorem 1

Let (Y, W, U) be a random vector with joint distribution characterized
by Equation (1) and supp W = {0,1}. Then

E[Y|W =1] — E[Y|W =0] = ATE+ vwP(W =1) + v P(W = 0),
where

Y = E[g(w, U)|W =1] — E[g(w, U)|W =0], w € {0,1}.

The term v P(W = 1) + ~P(W = 0) is often dubbed selection bias.

> Captures expected difference in potential outcomes for treated and
untreated individuals: It's the consequence of ignoring selection!

> Function of (the distribution of) U.
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Selection Bias (Contd.)
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Confounders (Contd.)

Example 3

Recall the returns to education Example 1. Examples of confounders are:

> Perceived intellect/talent;
> Work discipline;
> Parent’s connections in industry/government;
> etc...
Are the following confounders? Why or why not?
> Winning the lottery at age 18;
> Winning the lottery at age 53;
> Chicago's Polar Vortex in 2018.
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Confounders (Contd.)

Example 4

Recall the 401(k) Example 2. Examples of confounders are:

> Income;
> Financial literacy;
> Education;

> etc...

Are the following confounders? Why or why not?
> Martial status;

> Personal saving preferences/risk aversion;

> A public-awareness campaign for old-age poverty.
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Selection on Observables

Theorem 1 shows that the ATE is unidentified in the presence of
unobserved confounders. Similar results hold for the ATT and ATU.

We thus require a different identifying assumption.
> Consider observables (Y, W, X) and unobservables U .

Assumption 1 (Selection on Observables; SO)

Let (Y, W, X, U) be a random vector with joint distribution
characterized by Equation (1). Selection on Observables assumes

WL U|X. (3)

In words: Conditional on X, the policy W is independent of U.
> SO violated if conditional on X (parts of) U affect the policy W.

> Most plausible when the selection mechanism is known exactly.
> Most problematic when selection mechanism is intransparent.

Note: SO is a generalization of RA. To see this, simply take X = 1.
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Selection on Observables (Contd.)

Example 5

Recall the returns to education Example 1. Suppose X denotes

> high school grades, gender, age, and martial status.

Does SO seem plausible here?

> SO fails if students who obtained a college degree were systematically
different from others with identical high school grades, gender, age,
and martial status.

> SO is implausible because students likely select into college based on
more characteristics, e.g., connections in industry.

> Even among those with identical high school grades, gender, age,
and martial status, students are not obtaining a college degree as if
it was random: We should expect a substantial association between
obtaining a college degree and socio-economic backgrounds.
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Selection on Observables (Contd.)

Example 6
Recall the 401(k) Example 2. Suppose X denotes

> income, years of education, gender, age, and martial status.

Does SO seem plausible here?

> SO fails if those enrolled in a 401(k) were systematically different
from others with identical income, years of education, gender, age,
and martial status.

Poterba et al. (1994, 1995) argue for plausibility of SO conditional on
employee and employer characteristics. Key idea:

> 401(k) eligibility is employer-determined;

> Employees working at similar firms are assumed to be similar.

Later studies place more emphasis on heterogeneous saving preferences.
> E.g., Chernozhukov and Hansen (2004).
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Common Support

We now turn to identification of the ATE, ATT, and ATU.

In addition to Assumption SO, we will require that the conditional
expectations E[Y|W = w, X = x] are well-defined.

Assumption 2 (Common Support; CS)

Let (Y, W, X, U) be a random vector with joint distribution
characterized by Equation (1). Common Support assumes

supp W|X = supp W. (4)

> CS ensures that there are both treated/untreated with the same X.

If X and W are...
> ... discrete, then P(X = x, W = w) > 0,...
> ... continuous, then fx w(x,w) > 0,...
.. ¥(x,w) € supp X x supp W is sufficient for CS.
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Identification

Theorem 2

Let (Y, W, X, U) be a random vector with joint distribution

characterized by Equation (1). Under SO and CS, CATE(x) is
point-identified Vx € supp X.

Proof.
C/(TECX) = E[S,Qu) —5[0,60 [)(:x:l

= El5(10lx-+] -E[4lqu)x=>]
< Bl o) w=1x=4 —E[jloplv=e, X~
) ;[gf%u)lv/ﬂ,xﬂﬂ— € [5(w W) |w=g X=]
= Bl vhwe )Xo - Bl x=1]
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|dentification (Contd.)

Corollary 1

Let (Y, W, X, U) be a random vector with joint distribution
characterized by Equation (1). Under SO and CS, the ATE, ATT, and
ATU are point-identified.

Proof.
A= ] O ~5(oa) W= 1= B[ G-y tqu ) K] -
59
“E[Elstuyowix]|w=11- L ATRCO W=
ATU = E[g01,0)- o) wee) =ELE] o 1) - (gl T [w=1
5
E[BL guurg@1x] [wto] = E[CATED W=0]

ATE = B[ -5tt,) < £ [EL501)-50)x]) = B[ CA TEC)
]
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|dentification (Contd.)

Notice that under SO, the ATE, ATT, and ATU (potentially) differ!
> Proof of Corollary 1 showed differences stem from CATE(X)|W;

> Agents select into treatment based on observables only.

SO allows for studying observed selection mechanism.

> Improvement over RA which prohibits selection;
> When selection mechanism is known, SO may be plausible.

> When agents select based on unobservables, SO fails.
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CATE Estimation

The identification proofs showed that CATE, ATE, ATT, and ATU can be
expressed as known functions of the moments of observables (Y, W, X).

> Suggests sample analogue estimator when (W, X) are discrete.

For everything that follows, we consider binary W and discrete X.

Theorem 2 showed that under SO and CS, we have
CATE(x) = E[Y|IW =1, X =x] — E[Y|W =0,X = x]. (5)

Consider a sample (Y2, Wi, X1), ..., (Yo, Wa, X,) 2 (Y, W, X.)

For discrete (W, X), we can construct a sample analogue estimator:

CATE, () = Z0Hw4X) | Th4(v 1) (6)
—Lﬂ(,lx)(“/f / ;) ’Zﬂ(ﬂ,)()(wi Xr)
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CATE Estimation (Contd.)

For discrete (W, X), C/AT\E,,(X) is a difference in binning estimators:
> Asymp. properties of ﬁn(x) follow from Theorem 2 & Lecture 5;

> We state consistency, asymptotic distribution, and the standard error
for completeness.

Corollary 2

Let (Y, W, X, U) be a random vector with joint distribution

characterized by Equation (1). Consider a random sample
(Y, Wi, X1), ..., (Ya, Wy, Xp) A (Y, W, X), and let ﬁ\ﬁn(x) be the

estimator in (6). Under SO and CS, it holds that
CATE,(x) 5 CATE(x), (7)

Vx € supp X.
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CATE Estimation (Contd.)

Corollary 3
Under the conditions of Corollary 2, it holds that

NG (ﬁ\ﬁn(x) _ CATE(X)) % N (0, 02me(x)) (8)

Var(Y|W =1,X = x)  Var(Y|W = 0,X = x)
Teare(x) = + :
P(W =1, X = x) P(W =0, X = x)
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CATE Estimation (Contd.)

Corollary 4
Under the conditions of Corollary 2, it holds that

CATE,(x) — CATE(x) 4

—— — N(0,1), (9)
se (CATEn(x)>
where
1 /5
se (CATEn(x)> = =/ 0%arelx)
AD AD n
01 n(X) 9 n(X) A 1
o + y  Pw,n\X) = — lwx VVi7Xi7
CATE( ) pl,n(X) pO,n(X) ( ) n ; (w, )( )
n n 2
o Pw,n(x) Pw,n(x)
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R Function for CATE Estimation under SO

R Function for CATE Estimation under SO

calc_cate <- function(y, w, x, x_val) {

# Find treated/untreated individuals for x = x_val
y_wl_x <-yl[w == 1 & x == x_vall
y_wO_x <-y[w == 0 & x == x_vall

# Estimate conditional means
mu_wl_x <- mean(y_wl_x)
mu_wO_x <- mean(y_wO_x)

# Estimate CATE

cate_x <- mu_wl_x - mu_wO_x
# Compute standard error
n <- length(y)

p_wl_x <- mean(w == 1 &
p_wO_x <- mean(w == 0 &
se_cate_x <- sqrt((var(y_wl_x) / p_wl_x +

var(y_wO_x) / p_wO_x) / n)

# Return CATE and SE
return(cate_x, se_cate_x)

}#CALC_CATE
> J

X
X
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ATE Estimation

Corollary 1 showed that under SO and CS, we have

ATE — E [CATE(X)].
= 7 UATE)PK=-)

X €Sepyr X
For discrete (W, X) a sample analogue estimators for the ATE is

RTE, = T CATEL0(LZ460)
xekﬂ*’

Estimators for the ATT and ATU are constructed similarly.

Asymptotic properties of the A/'I'\E,7 are challenging:
> Average of C/Aﬁin(x) over empirical distribution of X;
> Will prove consistency for discrete X...

> ... but focus on binary X for asymptotic distribution.
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ATE Estimation (Contd.)

Theorem 3

Let (Y, W, X, U) be a random vector with joint distribution characterized

by Equation (1). Consider (Y1, Wi, X1), ..., (Y, Wa, Xn) = (Y, W, X),

and let ATE, be the estimators in (11). Under SO and CS, it holds that

ATE, > ATE. (12)

Proof. MZEWX' Nite J/F\F\Ef %ZCQ;EA&)(%Z{/,(X;))
1, Ju&)s g 24 (), 6. = (ATEu() , ¥xeX
2. gl &49) )=z VY
5. By Wiw, 47 5 Ax-x), ¥xeZ
B, Gttt 8,7 5 (ATEG) | ¥ xeX
4 By T, 5((4282) VD T cArtbl-x) =EhTEM]= ATE.
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ATE Estimation (Contd.)

We state the asymptotic distribution only for binary X.

Theorem 4

Let (Y, W, X, U) be a random vector with joint distribution

characterized by Equation (1). Suppose that supp X = {0,1}. Consider
(Yo, Wi, X1), -, (Yo, Wa, Xo) (Y, W, X), and let ATE, be the

estimator in (11). Under SO and CS, it holds that

NG (A/T\E,, _ ATE) 4 N0, 027p), (13)
where

oate = Oeare(1)P(X = 1)° + 0¢a7e(0)P(X = 0)°
+ (CATE(1) — CATE(0))* P(X = 1)P(X = 0).
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ATE Estimation (Contd.)

Proof.
ATE - JTE - a CATE (0(L311,60) - Z CATEG) Pl -x)

2 UTEQG HGe) - T ATEG)(% Z40x)
A X =40, l"(
/Jz-: ATE = (L) ~CATE D32x +(TE(0) - CUTE) £ 20 %)
+ (% 2x; —PUC-1)ATBG) + (320-x,) - Pix=0)) (ATE()
Oefoue U = f; = E[G1 Wi, X]. Tl 4y Oobloer Sef 2 & Ludie &
ATE, “ATE = ( Tdiwike Z’“fa-vf:)x:)},z»(; +( ZuwilX) Bl x)) L3 (1-%)

Wi, Z(1-wr) x; W (1K) 20-wy)l-%;)

+ (% 2X: ~Clt=1)ATB() + (210 -x;) - POx=0)) (ATE®)

— TX; )= . X TO-X (1~ X; -
- WIWWSXs - =2 LT (1-wp) X + s wili-X _zh-x) g W [[-4/-)f-
Tw; X TRV Y ¢ f Zw;l K)%' il IR sl X)

+ (X 2% -PU=0)ATB) + (A20-x;) - Pix=0)) (ATE®)
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ATE Estimation (Contd.)

- R T (Eltu wiX i o |
M’(/‘lnﬂ’/ﬁ)@): TW, £ o
“TX;
Ty 2, (1w, O
20-%) -
zw; (-x) \/l;ﬂ £U'{M/'(l,() - 0
~Z(1-X; L3 :
‘ Al (- )C-X;
0-v:)I-X7) L)) O
CATEW 42X P(x=1)
| (ATELY) | = 10-X;) l(x =0 /
2A, =0,

{57 "‘/LL//*/’ C/{/{T,—
0 P(X= - P(X=1 =0)
: Q[ ) e WD e Gtk U"E(O)] -

Plw=r x=1)  Pusox=))  flws 189 ((wr0,4:0)

4 CS hotidy!
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ATE Estimation (Contd.)

gy CLT, b, f‘é/V[O/ )

W/ \or (UwX) ]
Y= @ Ve (Urwx)
© O Vo(tw(-x)
O O % \/w[tt’(/-w)(l-)())
© © © O \/a/VCX)
- “ = © O C“"(‘/")‘) Vo (l-%) |
—
= Cov(x,-x)
&= CO\/[UWX w(l- W)X) = — Vau(x)

- E[uge] - el =0
Yo TEE [uwrwd)= B[R DUWYW"I ©
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ATE Estimation (Contd.)
Frot Crollownr Sel 2 + Lodoe S
Vor (Uwx) = Vou(y | w=1, X=1)PCw=1,X=1)
Ver (UC-v)X)=Vor (Y (w=0, X () (C“/solxs )
Vov (UW(I-x)) = Vel |v=), X=0) (W X=0)
Ver (u(1-w)1-x) > orlY 0= 0,7>0) P9, X=0)
Vou (x) = P(K =D~ AK=1)) = PX=1)Plx-0) = Vo] -X)

br SURE e re) b Mo, 7) £ e eze)

W/ €T £= \/d/(f \/l/’/ X> ’)P[W” X= ,) (W P )) \/ (7[‘//47?("’)%‘/01 )(p(u/o;( =)
J,Vafv(‘//l«/z/ X=0) Plw=,x= ) '1’0( ) ) b (7| W50, - 0)((“/’”")(au ox- o))

r (CATE() -CATE) V(x=n)f(/r=a) .
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ATE Estimation (Contd.)

Corollary 5
Under the conditions of Theorem 4, it holds that

ATE — ATE d

se (ATE,,)

— N(0,1), (14)
where

6are = Geare(1)Pn(1)? + 6Ea7£(0)Pn(0)°

; (CATEn(l) ~ CATE,(0)) pu(1)Bn(0).

Pn(x) = Z]l (X:).

> Proof: Problem 2 of Problem Set 4.
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R Function for ATE Estimation under SO

R Function for ATE Estimation under SO

calc_ate <- function(y, w, x) {
# Estimate CATEs, P(X=1), and P(X=0)
cate_x1 <- calc_cate(y, w, x, 1)
cate_x0 <- calc_cate(y, w, x, 0)
p_x1 <- mean(x == 1)
p_x0 <- 1 - p_x1
# Estimate ATE
ate <- cate_x1[1] * p_x1 + cate_x0[1] * p_xO0
# Compute standard error
n <- length(y)
sgm2_ate <- n * (cate_x1[2] * p_x1)"2 +
n * (cate_x0[2] * p_x0)"2 +
(cate_x1[1] - cate_x0[1])"2 * p_x1 * p_xO0
se_ate <- sqrt(sgm2_ate) / sqrt(n)
# Return ATE and SE
return(c(ate, se_ate))
}#CALC_ATE

S
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Evaluating Common Support

Identification was based on two assumptions: CS & SO.
Recall CS assumes supp W|X = supp W.

When W and X are discrete, a sufficient condition for CS is

P(W=w, X=x)>0, V(w,x) & suppW x suppX. (15)

Notice that condition (15) only involves observables:

> Can verify CS when W and X are discrete!

In practice:

> Check whether every combination of X and W exists in the data;

> The more observations per cell, the better (else: small bin problem).
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Evaluating Selection on Observables

Suppose now that CS holds. We turn to evaluating SO.

Recall SO assumes W L U|X.
> Restriction on the joint of (Y, W, X, U);

> Since the sampling process provides no information on the entirety
of U, it's impossible to verify SO;

> But SO has implications that we can test;

> Idea: Adapt balance test considered when evaluating RA.

Suppose that we observe some additional variables in U not in X, say X.

> X assumed not to be necessary for SO;

> Then if SO holds W 1L U|X = W 1L X|X = E[X|W, X] = E[X|X].
Since (W, X, X) are observable, we may construct a test!
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Evaluating Selection on Observables (Contd.)

Can construct a test based on E[X|W, X] = E[X|X] under SO.

As before, suppose that W is binary and X is discrete. Consider testing
Ho:  pgu(x) = pgp(x),  Vx €suppX
versus = O=E[X[w=1, x=x]-E[¥ [W=9X>x] = CITEC) | Vx e X

Hy o 3x €supp X s.t. pg(x) # px10(X),

where p1g, (x) = E[X|W = w, X = x].

Essentially testing whether the CATE(x) of W on X is zero for all X.

> Replace Y with X in previous analysis;

> Then use Corollary 4 to construct a test statistic.
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Evaluating Selection on Observables (Contd.)

Suppose we have (Y, Wi, X1, X1), ..., (Y, Wa, Xn, Xo) = (Y, W, X, X).

Our analysis suggests a test. statlstlc given by
- (FEk e CX.) o cAreca
S ~ ‘ (16)

.
t

CAIFCX.L) O c;r &)} Care(n) |

We can use the quantiles of a y2-distribution as crltlcal values.

Corollary 6

Let (Y, W, X, U) be a random vector with joint distribution characterized
by Equation (1) and let U = (X, U,). Consider a random sample

(Yo, Wa, X1, X0),s « oo s (Vs W, X, X0) 2 (Y, W, X, X), and let T, be the
test statistic given in Equation (16). Under SO and CS, it holds that

Tn i X2(dX)7

where x?(dx) is a x?-distribution with dx = | supp X| degrees of freedom.
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Continuous Mapping Theorem for Convergence in Distribution

We require the CMT for convergence in distribution for the proof.

Theorem 5 (Continuous Mapping Theorem; CMT)

Let X,,n > 1, be a sequence of random vectors, and let and X be
d
another random vector. If X,, — X, then

g(Xa) % g(X), (17)

for any function g that is continuous at g (x),Vx € supp X.

Example 7
Let A, % A~ N(0,1). Consider g(a) = a*. Then

g (Aq) S A2 ~ \2(1), (18)

by the CMT and Theorem 4 of Lecture 2A.
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Proof of Corollary 6
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R Function for Evaluating SO

The code snippet below implements the balance test for binary X.

R Function for Evaluating SO

test SO0 <- function(x_tld, w, x) {
# Calculate CATEs of w on x_tld
cate_x1 <- calc_cate(x_tld, w, x, 1)
cate_x0 <- calc_cate(x_tld, w, x, 0)
# Calculate test statistic
cates <- c(cate_x1[1], cate_x0[1])
vars <- c(cate_x1[2], cate_x0[2])"2
Tn <- cates %x*)% diag(l / vars) %x*% cates
# Compute p-value
pval <- pchisq(Tn, 2, lower.tail = FALSE)
# Return output
return(c(Tn, pval))
}#TEST_SO
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Outline

1. Selection
> Roy Model

> Confounders

2. Selection on Observables
> Definition

> ldentification of Common Causal Parameters

3. Estimation with Discrete Variables
> Conditional Average Treatment Effect Estimation

> Average Treatment Effect Estimation
4. Evaluating Selection on Observables

5. Case Study: 401(k) Retirement Savings
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Case Study: 401(k) Retirement Savings

A large literature in the 90-2000s studies the effect of 401(k) participation
on savings: 401(k) plans introduced in 70-80s to incentivize savings.

> Tax-deferred savings option w/ employer contribution.

Prominent examples are Poterba et al. (1994, 1995).
> Analysis based on selection on observables assumption;
> Condition on employee and employer characteristics;

> Idea: Similar workers at similar firms randomly enroll in 401(k)s.

Data:
> 9915 households from the 1991 PSID:
> Net total financial wealth;
> 401(k) participation;
> Employee characteristics: e.g., yrs of education, income.
Note: The specific data used for our analysis is taken from Chernozhukov and Hansen

(2004). You can find the data file on Canvas: psid91.csv. The R script used for
estimation can be found on GitHub: example_psid91.R.
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https://github.com/thomaswiemann/econ-21020

Case Study: 401(k) Retirement Savings (Contd.)

Suppose we are interested in assessing the effect of 401(k) participation
on net total financial wealth. For this purpose, let (Y, W, X, U) be
random variables, where Y = g(W, U) and

> Y = net total financial wealth;
> W = an indicator for participation in a 401(k) plan;
> X = an indicator for at least 16 yrs of education;

> U = all determinants of Y other than W.

We assume that the PSID data is the realization of the sample
iid
(Y1, Wi, X1),...,(Yoos, Woo1s, Xoo15) ~ (Y, W, X).

We now proceed with the three distinct tasks of causal analysis!
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Task 1: Definition

The conventional parameter of interest is often the ATE:

Economic interpretation in the 401(k)-setting:

> The ATE is the expected causal effect of participation in a 401(k)
plan on net total fin. assets for a randomly selected individual.

We may also be interested in the conditional causal effects. Here,

CATE(1) = E [g(1, U) — g(0, U)|X = 1], (19)
CATE(0) = E [g(1, U) — g(0, U)|X = 0] . (20)

Economic interpretation in the 401(k)-setting:

> The CATE(1) (CATE(0)) is the expected causal effect of 401(k)
participation on net total fin. assets for a randomly selected
individual with at least (less than) 16 yrs of educ.
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Task 2: Identification

ATE, CATE(1), and CATE(O) are functions (of the distribution of) U.

> Cannot learn about causal parameters using data alone;

> An identifying assumption is necessary.

We consider a selection on observables assumption: Assume W L U|X.

> Assumes that conditional on being having at least/less than 16 yrs
of education, 401(k) participation is independent of all other
determinants of net total financial assets.

Assumption motivated by arguments in Poterba et al. (1994, 1995):

> Argue that conditional on employee and employer characteristics,
401(k) participation is reasonably random.

Note: If you have concerns regarding the plausibility of the SO assumption here...
excellent! You're thinking critically about assumptions underlying causal analysis.
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Task 2: ldentification (Contd.)

But ATE, CATE(1), and CATE(0) remain unidentified...

We also need to assume common support: supp W |X = supp W.

> Assumes that there exists individuals with at least/less than 16 yrs
of education who participate/do not participate in a 401(k) plan.

> Fails if, e.g., all 401(k) participants are college grads.

Assuming SO and CS, the ATE, CATE(1), and CATE(O) are identified.

> Follows immediately from Theorem 2 and Corollary 1.
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Task 3: Estimation

We can now turn to estimation of the CATEs.

> Note that W and X are discrete = use sample analogue estimators.

Estimates for the CATE(1) using the 1991 PSID data are:

CATE,(1) ~ 29,75 | and se (C/AT\E,,(l)) ~ 5736

CATE(l

~ (22240, 32669)
Similarly, for the CATE(0), we have:

C/AﬁEn(O) ~ L569% , and se (C/AT\E,,(O)) ~ |6&Y
(CATE(D) [20373/ 26996]

Interpretation:

> Assuming SO, the expected causal effect of 401(k) participation on
net total fin. assets for a randomly selected individual with at least
(less than) 16yrs of education is estimated to be 2995t ( 22,6%¢).
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Task 3: Estimation (Contd.)

For the (unconditional) average effect of 401(k) participation, we have

ATE, ~ /5267  and se (ATT\EH) ~ 6O

't~ (72122, 18002]

Interpretation:

> Assuming SO, the expected causal effect of 401(k) participation on
net total fin. assets for a randomly selected individual is estimated to
be 75267 .
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Discussion

We made two key assumptions for identification:

> Common Support & Selection on Observables.

Since W and X are discrete, we can verify CS straightforwardly:

> Check %27:1 1w ) (Wi, Xi) > 0,¥(w, x) € supp W x supp X.

> We have min, ) 1 S 1w x)(W;, Xi) = 0.086 > 0,

n

> Hence, common support holds!
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Discussion (Contd.)

Can we verify SO as well?
> No! SO is a restriction on the joint of (Y, W, X, U)...

> ... and the sampling process does not reveal anything about U.

But as discussed, we can conduct a balance test to assess plausibility.

> Let X denote households’ income which is included in the PSID;

> Under SO, 401(k) participation has no association with income
conditional on having at least/less than 16 years of education.
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Discussion (Contd.)

Assume the PSID data is a realization of an iid sample of (Y, W, X, X).
Computing the test statistic T, given in Equation (16) results in

Th~ 595

Using Corollary 6, we can calculate the associated p-value to be

p-value = ()

On a 5% sgn. level, we reject Hy of O-valued CEF differences!

> On a 5% sgn. level, there is sufficient evidence to reject that for
households with at least/less than 16 yrs of education, expected
income is not associated with 401(k) participation.

Type | errors exist, but the evidence from the test seems convincing...

> ... and is of little surprise given the many remaining confounders!

Natural response: Condition on yrs of education & income.

> But we don't have estimators for continuous X... yet!
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Summary

Today:

> Discussed the Roy model to understand selection;
> Introduced SO and CS assumptions;

> Proved identification of common causal parameters under SO & CS.

We're equipped for causal analysis under SO when W and X are discrete:
> Constructed and analyzed estimators for the CATE and ATE.

Many settings when binning estimators are ill-suited:

> Continuous policy variables W (e.g., student-teacher ratio);
> Continuous covariates X (e.g., income);

> Multiple covariates such that X is a vector;

In the next lecture, we introduce multiple linear regression to construct
estimates of causal parameters under SO for non-discrete X.
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