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Abstract

In this paper we present diagnostic tests for selection on observables assumption.
Our diagnostic tests are based on the presence of a variable among our controls that
has an atom (bunching) at a known point, but is otherwise continuously distributed.
This set up was first exploited by [4] to test exogeneity of smoking during pregnancy in
considering the effect of smoking during pregnancy on baby’s birth weight. Caetano’s
test, however, cannot be applied to test exogeneity of a discrete covariate, which is the
focus of this paper. We demonstrate our diagnostic tests using birth certificate data,
which covers more than 80% of all births in the U.S. from 2010 - 2012 and contains
a rich, detailed set of parental and pregnancy covariates, to study the impact of the
Supplemental Program for Women Infants and Children (WIC) on birth outcomes.

1 Introduction

Estimation of treatment effects is an important problem in economics. In the absence of
experimental data or valid instruments, researchers rely on the selection on observables
assumption for identifying treatment effects. Without additional structure, this assumption
is difficult to test, however. In this paper we present diagnostic procedures for checking
the validity of the selection on observables assumption. The procedures we present rely
on the presence of a variable among our controls that has an atom (bunching) at a known
point, but is otherwise continuously distributed. This set up was first exploited by [4]. The
test introduced in [4] cannot be used to test the selection on observables assumption when
treatment is discrete, which is the focus of our paper.

To explain how presence of a variable, say X, among the controls that has an atom
(bunching) at a known point, but is otherwise continuously distributed, helps getting testable
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implications of the selection on observables assumption, consider the problem of assessing
the impact of WIC participation on baby’s birth weight. While the goals of WIC are clear,
assessing the true effect of WIC participation is difficult since participation into the program
may not be random. Thus, having a procedure to judge whether the controls in a given study
do a good job eliminating the effects of this possible non-random selection is important. Our
outcome variable of interest will be baby’s birth weight. This is a natural variable to focus
on since low birth weight and other complications at birth are in turn linked to significant
health costs especially during infancy and early childhood. (See for example [2].)

Suppose that birth weight is a function of smoking during pregnancy (average number
of daily cigarettes), WIC participation, other controls like mother’s and pregnancy’s charac-
teristics plus some unobservable, U. Like [4], we maintain the assumption that this function
(the structural function) is continuous in the smoking variable, X. Around 80% of mothers
do not smoke in our sample. ! In addition, since it is possible to smoke part of a cigarette,
for positive amounts smoked, smoking is a continuous variable. Thus, average cigarettes
smoked daily does have the structure we need. In addition, as can be seen in Figures 1
and 2, expected birth weight conditional on the amount smoked, other controls and WIC
participation status is discontinuous in the average daily cigarettes smoked. Since the struc-
tural function is assumed to be continuous in this variable, this means that expectation of
the unobserved variable conditional on smoking, other controls and WIC participation must
be discontinuous in smoking. If, however, the selection on observables assumption holds,
that is if the unobservables in the outcome equation are independent of WIC participation
conditional on smoking and other controls, then this discontinuity must be the same for
WIC participants and non-participants. If the birth weight equation is additively separa-
ble in WIC participation and the unobservables, then this implies that the discontinuity in
expected birth weight conditional on smoking, other controls and WIC participation status
should be the same for both participants and non-participants. Thus, one could design a
test of selection on observables assumption by checking if this is the case. These arguments
work even if treatment was not a discrete variable. To the best of our knowledge, however,
ours is the first paper to present a test of selection on observables assumption in the context
of a binary treatment. The test presented in [4] is also a test of selection on observables
assumption, but in her case, it is the treatment variable itself that has bunching at a known
point, but is otherwise continuously distributed.

We provide a formal test for selection on observables assumption for models in which the
outcome equation is additively separable in treatment and unobservables. In particular, we
provide a test statistic whose population value must be 0 if the model is of this form and
the selection on observables assumption holds. For this testing procedure to have power,
we need a control variable, X with the structure described above that either depends on
the unobservables in the outcome equation conditional on other covariates or depends on
the unobservables determining treatment conditional on other covariates in neighborhood
of the bunching point of the variable X when the selection on observables assumption fails.
If expected outcome conditional on treatment, other covariates and X is continuous in x
at the bunching point of X, then our test would have no power. On the other hand, this

In our data set the exact percentage of non-smokers varies by trimester. For example, before pregnancy
(0*'-trimester) 82.4% of women do not smoke. By the third trimester, this number increases to 88%.



testing procedure is a joint test of additive separability of outcome equation in treatment and
unobservables as well as the selection on observables assumption. As discussed in Section 5,
when the outcome equation is not additively separable in treatment and unobservables, our
test statistic could be non-zero even if selection on observables assumption does not hold.
If along with selection on observables assumption one uses OLS to estimate the treatment
effects, then finding that the our statistic is significantly different from 0 means that these
estimators are inconsistent and do not estimate the true treatment effect. If, however, one
uses propensity score matching or inverse propensity score weighting, then finding a non-zero
value for our test statistic does not necessarily invalidates the estimated treatment effects.
For this reason we also discuss a diagnostic procedure for selection on observabels assumption
for non-additively separable models.

As mentioned above, the testable implications of the selection on observables assumption
we provide hinge crucially on having a covariate/control X that is continuously distributed
except for having an atom at a known point. Examples of such variables were discussed in
[4]. We use one of these, namely smoking during pregnancy, in our empirical application.
Our testing procedure can also be used to estimate the effect of choosing a STEM (science,
technology, engineering, and mathematics) major in college on future wages, using SAT
scores as the X variable.?

The paper is organized as follows. In Section 2 we introduce the formal model and
the main Theorem. Section 3 discusses the implementation of the basic testing idea. In
particular, we provide our formal test statistic and derive its asymptotic distribution in this
section. Section 4 discusses our empirical application in detail. Section 5 provides some
discussion of our test and presents a partial diagnostic procedure to check the validity of
the selection on observables assumption. Section 6 concludes. The Appendix provides the
proofs.

2 The Model and the test statistic:

The model we study is given by
Y =9(X,D,Z2)+ U, (1)

where Y is the outcome variable (it will denote baby’s birthweight in our application), D
is the binary treatment variable (in our example it denoted participation in WIC) and X
is a scalar control, and Z is a vector of other observed variables, and U represents an
unobservable variable. To keep the exposition simple, in this section we assume there are no
other controls, Z. Later, we discuss how additional controls could be incorporated. Then
the potential outcomes, Y7 and Y|, are

Y, = m(X,1,2)+0, 2)
Yo = m(X,0,2)+U. (3)

2We expect that quantitative SAT scores may have a bunching point at 800, which is the maximum
attainable score.



The selection on observables assumption is that Y3, Yy 1L D|X,Z. In the current context,
the selection on observables assumption can be written as

U 1L D|X, Z.

Our goal is to assess the validity of this assumption. We will assume that m is continuous
in x for each z and d, and the random variable X has an atom/ positive mass at a known
point, and is continuously distributed in a neighborhood of this point. The point at which
X has positive mass is normalized to be 0.

Assumption 2.1. 1. m is continuous in x for each z and d.

2. There exists 6 > 0 such that (i) 0 < P(X =0,D =d) < P(D =d) < 1, and (ii)
0<P(X€(0,60,D=d)<P(D=d)<1lford=0,1.

3. .A = ﬂcllzo ﬂ0§x§5 Supp(Z|X =X, D= d) 7é @

4. For each z € A and for each d = 0,1, X has a conditional Lebesgue density, fxzp(z|z,d)
that is strictly positive for x € (0, 6).

This assumption is crucial for our test. The first part of this assumption says that the
structural function linking treatment to the outcome is continuous in the variable X. This
is a fairly mild assumption which we would expect to hold in many situations. For example,
it is likely that the effect of smoking on birth weight is continuous. Second part of the
assumption ensures that X has a positive mass at 0 for both treatment and control groups.
The third part ensures that the controls other than X have common support for both WIC
participants and non-participants as well as for X = 0 and = € (0,0). Our test is based
on checking whether the difference in two conditional expectations is continuous at X = 0.
This requires that X be continuously distributed near 0. The neighborhood on which X is
continuously distributed could be on either side or both sides of 0. In our application, this
neighborhood is to the right of 0, since smoking during pregnancy cannot be negative. On
the other hand, since it is possible to smoke fractions of cigarettes, it makes sense to treat
smoking (or more precisely, average number of cigarettes smoked per day) as continuously
distributed to the right of 0.

To implement our test we will look at E(Y|D =1, X =2,Z =z) and E(Y|D =0,X =
x,Z = z). Note that under the selection on observables assumption, that is under the
assumption that U is independent of D conditional on (X, Z),

EYD=1,X=z2=2) = m(x1,2)+EUX =2,Z = z), (4)
EY|D=0,X=2,Z=2) = m(z,0,2) + EU|X =2,7Z = 2), (5)

so that the difference equals
EYID=1,X=x,7Z=2)—EY|D=0,X=2,7Z=z=m(z,1,z) —m(x,0,z2).

Since m is assumed to be continuous in x, this difference is continuous in x as x | 0. Note that
this difference will be continuous in z as x | 0 even if X is correlated with the unobservables
in the outcome equation. These arguments are summarized in the result below:
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Theorem 2.1. Suppose the model given in equation 1 and Assumption 2.1 hold. In addition,
suppose and
E(U|D,X) = E(U|X), then

Az) == Ai(2) = Ao(2) =0 (6)
for almost every z € A, where

A(z) =ImEY|D=d,X=2,Z=2-EY|D=d, X =0,7Z = z]. (7)

z0
If the selection on observables assumption does not hold, we instead have
EY|X=2,D=1,Z=z2]-EY|X=2,D=0,Z=z]= (8)
m(z,1,z) —m(z,0,2) + E[U|X =2, D=1,Z =z2]-FElU|X =2,D=1,Z =z| =

f—oooo fV(x,z) udFUV|X,Z(u> /U‘xa Z) ffooo fVc(x,z) UdFUV\X,Z<u7 U|~T, Z)

m(z,1,z) —m(z,0,z) + Pl ) 1= Pz, 2) ;

where V' denotes the unobservables in the treatment equation, P(x, z) = E[D|X =z, Z = 2],
and V(z, z) denotes the set of V' values associated with treatment value equal to 1 conditional
on X =2,7 ==z If (UV)l1 X|Z, then Fyyxz(u,v|z,2) = Fyy|z(u,v|2), and therefore,
Fuvix,z(u,v|z, 2) is continuous in z. If in addition, the set V(z, z) varies continuously in x
for almost every z, as in the case V(z, z) = (—o0, h(z, )], with h continuous in z for a.e. z,
then the last expression above will be continuous in x even if U /L V|(X, Z). In that case,
both A1(z) and Ao(z), and hence, A(z) will be 0 for each z, and any test statistic based on A
will have no power for testing U /L V|(X, Z).

While tests based on A will have no power as long as Fy v x,z(u,v|z, 2) is continuous
in x at x = 0, we have some way of checking whether this is the the reason A(z) = 0. In
particular, using Caetano (2012) we can check if P(x, z) = E(D|X = z,Z = z) is continuous
in  or not at x = 0. If this is discontinuous in = then we can conclude that Fy v x,z(u, v|z, 2)
1s not continuous in x at x = 0.

On the other hand, if V' is independent of U conditional on (X, Z), even if the joint
distribution of U and V' conditional on (X, Z) varies discontinuously with z, this disconti-
nuity is canceled. In contrast, if U /I V| X, Z the discontinuity of the joint distribution of
U and V conditional on X, Z will likely be different for treated and untreated people, and
the difference between E[Y|D =1, X =2, Z = z] and E[Y|D = 0,X = z,Z = 2] is likely
to be discontinuous in z at = 0. In particular, in a supplementary appendix we show that
this indeed occurs for the special case in which

D = lH{a+X5>V},
X = max{0, X"},

with
U 0 0'3 Ouwv  Ouyg*
% ~ N 0 N e 1 Oy ) (9)
X" Hg* Ouz*  Ouzx 0-32;*



Based on Theorem 2.1 and the discussion following it, for testing
Hy:U UL VIX, Z, (10)
against
H U NLVIX, Z, (11)

we could use either of the following test statistics

o= A (12)
z€A

o= / PO (13)

where ¢ : R — R, such that ¢(s) =0 <= s =0, and w is a non-negative weight function.

Since AN(z) = 0if E({U|D = 1,X,Z) = E(U|D = 0,X,Z), it does not give us any
information about the dependence of distribution U on D conditional in X and Z. We can
alleviate this concern by considering the characteristic function of Y, instead. Specifically,
suppose, as before, the model given by equation 1 holds. Note that

E [eitY‘D — 1’X =z, 7 = Z:| — eitm(m,z,l)E[eitU’D — 17X — SE,Z = Z].

Then
K@y_mmekmﬂ%:LX:LZ:w]_mmekmﬂkﬂLX:LZ:z](M)
' Ee?Y|D=1,X=0,7 =z Ee?|D=0,X=0,7 = 2]
lim, o £ [e”U|D =1,X=x27= z} lim, o E [e”U|D =0,X=ux27= z}
T EeWD=1,X=0,Z=2  E[VD=0,X=0,7=2]
E[e"W|D=0,X=0,Z =]
T E[@UD=1,X=0Z=2E[eU|D=0,X=0,7 =2
X (hmE [eVID=1,X=2Z=z]-lmE["|D=0,X=27= Z}) (15)
0 0
limg o E [¢V|D =0,X = 2,7 = z]
ElVD=1,X=0,Z=2E[eW|D=0,X =0,7 = 2|
x (E[eW|D=1,X=0,Z=2]-E["|D=0,X=0,7Z=2]). (16)

Under the null hypothesis that U 1L D|X, both 15 and 16, and hence r;(z) must be 0 for
each ¢t and a.e. 2.

3 Implementation of the Test:

We could exploit the result from theorem 2.1 is to estimate t; or t, and reject the null
hypothesis when the realization of estimated test statistic is “too large”. To estimate either
test statistic we would have to estimate Ay4(z) for d = 0,1. In particular, E[Y|D = d, X =
0,Z = z] can be estimated with a local linear regression of Y onto Z at z using only
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observations such that X = 0 and D = d, and lim, | E[Y|X = 2;Z = 2,D = d] can be
estimated with a local linear regression of ¥ onto X and Z at X = 0 and Z = z using
only observations such that X > 0 and D = d. Under standard regularity conditions, in
estimation of A\y(z), lim, o E[Y|X = x;Z = 2,D = d] term will dominate the asymptotic
variance because it has one more estimation dimension and thus converges slower. Using
standard results from the regression discontinuity literature we expect that vnhd=+1(A,(z) —

Aa(2)) KN N(0,Vy), where d. denotes the dimension of Z.

In our application, the dimension of Z is quite large,® which means that fully nonpara-
metric estimation of Ay4(z) is not feasible in practice. For this reason, for estimation, we
assume the structural function is partially linear. In particular, we assume

m(X,D,Z) = g(X,D) + Z"~,

so that
Y =g(X,D)+ Z"y + U.

We also assume that Z is exogenous:
Assumption 3.1. E(U|X, Z, D) = E(U|X, D).
Under this assumption, we have
EWU|D,X,Z)=E(U|X,D) =: p(X, D),

which means that
Y =g(X,D)+ Z"y + p(X,D) +e,

where ¢ :=U — E(U|X,D,Z) =U — E(U|X, D). Therefore,
Y - E(Y|D,X) =[Z - E(ZX,D)]"y +¢,
and by Robinson (19987), v/n(y — ) KN N(0,V,). Once v is known we can write
Y =Y -7y =g(X,D)+U.

Note that for d = 0, 1, and for each z,

where Ay := lim, g E(Y|X =2,D =d) — E(Y|X =0,D = d).
The advantage of the additional structure we impose here is that at each step, we have to
essentially perform one dimensional non-parametric local regressions. We estimate F(Y|X =

0,D = d) by
LZ?A{DZ- —d,X; =0},

n
0 =y

3Even in our baseline specification the dimension of Z is around 40.



where ng = > 1{D; = d, X; = 0}. For d = 0,1, we estimate

as

(0,d) :==lim E(Y|X = z,D = d)

+
“Y\X,D 210

n

it (0,d) = eFargming ., > (Vi — ag — ay Xi/h)2 K (X)1{X; > 0, D; = d},

Y|X,D
i=1

where K (z) = + K ( ), h is a bandwidth that goes to 0 as n — oo, and e; = (1,0).

T h

1
h

Assumption 3.2. (i) The density fx|p,x>o(,d) is bounded and bounded away from 0
d

(i)

(iii)

(vii)

for z € [0, 6] and for d = 0, 1. It is also continuously differentiable on (0, ) for d = 0, 1.

For each z € (0,0) and d = 0,1, E[Y|X = z, D = d] is twice continuously differentiable
in .

For each = € (0,6), d =0,1, and j = 1,2,....d,, E(Z;;|X; = x,D; = d) is continuous

in z.
We have a first stage estimator 4 such that \/n(5 —v) = Op(1).
Var(e;) < oo, and F(2|X; = x) is a continuous function of z for z € (0, d].

The kernel function K has compact support and is twice continuously differentiable in
the interior of its support. In addition, it satisfies the following conditions: [ K(u)du =
1 and [ uK(u)du = 0.

The bandwidth satisfies the following conditions as n — oo: nh®> — 0 and % — 00.

Before stating the main asymptotic result, we have to introduce some notation:

p = PD=1),
FpOd) = T Fxiplald)
F0) =l (),
o2 (0) = liﬁ)lE(sﬂXi:m),

Kj = /000 w! K (u)du,
A= /OO w! K?(u)du,
C = p'(1=p)lfpOIPFp 010 (Fokz — K1)%,

M= [ )00~ prtp )]

for j=0,1,2 and d = 0, 1.



Theorem 3.1. Suppose the model in 1 holds. In addition, suppose Assumptions 2.1 3.1 and
3.2 hold. Then . . . 3
Vnh ()\1 —o— (A — )\0)) 4 N0, V), (17)

where V = % [K5X0 — 2K2k1 A1 + K1 A] 02(0) f5(0).

In light of this theorem, we can define

B
t, = nh—A, (18)
Vv
A=\ — X\ and V is some consistent estimator for V. Then we can reject the hypothesis

that A = 0 when #,, € R, where R = (=00, Cayo) U [C1-a/2,00), Where cqp and ci1_q/2 ar/2
and 1 — «/2 quantiles of the standard normal, respectively.

Theorem 3.2. Suppose the conditions of 3.1 hold and V is some consistent estimator for
V. Then

(i) If\=0, then Pr(t, € R) = a as n — co.
(ii) For any fized alternative that implies X # 0, Pr(t, € R) — 1 as n — oc.

(i1i) Under any local alternative that implies N = J%Th with § # 0, Pr(t, € R) — 1 —
d (Cl_a/g — 5) + o (Ca/g — 5), as n — oo, where ®(-) denotes the standard normal

distribution.

Proof. The proof of this theorem follows from Theorem 3.1 using straightforward arguments.
O

4 Empirical Application

4.1 Background

A healthy intrauterine environment is considered to be of critical importance for positive
birth outcomes. Low birth weight and other complications at birth are in turn linked to
significant health costs especially during infancy and early childhood. * Given these concerns
the U.S. government operates a widely applicable $6.2 billion welfare program, the Special
Supplemental Nutrition Program for Women, Infants, and Children (WIC) targeting at-risk
low income pregnant mothers. The program provides food supplements, nutrition education,
and access to health services with the objective of improving birth outcomes.

Nutritional risk is determined by an income threshold but due to a lack of data on
actual income levels for participants concerns about selection into treatment are hard to
deal with. Previous literature is thus inconclusive on the actual treatment effect of WIC

4A review of the literature by [2] even establishes important links between poor birth outcomes and health
and human capital accumulation well into adulthood.



in improving birth outcomes for participants. Moreover, given a lack of other potential
exclusion restriction most of the literature has resorted to using a selection-on-observables
approach and concludes treatment effects on average birth weight ranging from no effect to
gains upwards of 60g ([3];[5];[6]). °The framework developed in our paper is thus ideally
suited to studying the above problem; we have a continuous outcome variable in terms of
birth weight, a binary treatment variable in terms of WIC participation, and we use smoking
during pregnancy as our continuous, potentially endogenous variable with an atom at zero.

4.2 Data

We use the Vital Statistics Data that compiles information from birth certificates of all in-
fants born in the United States in a given year. After 2003 the birth certificate underwent
major changes in its format and included a set of new variables which are especially useful
for our purposes. Most importantly, it asked the mother about her WIC status during the
current pregnancy. ¢ In addition it provides immensely detailed information on the demo-
graphics of the parents, socio-economic variables, rich information on current and past preg-
nancies, prenatal care, mother’s smoking behavior, etc. This feature makes it particularly
useful for the investigation of treatment effects under a selection-on-observable framework.
We pool together cross-sectional data from 2010 - 2012 covering more than 80 of all births
in the U.S. in the given time period. In this pooled sample, 47 of mothers were on WIC
during their current pregnancy signifying the immense scope of the federal aids program.

4.3 Estimation of the Test Statistic

As a first step to deal with selection we restrict our sample to only mothers whose pregnancy
was paid for by Medicaid. Given that we do not observe actual income of the respondents
and that all individuals on Medicaid are automatically eligible for WIC, this restriction
gives us comparable low income mothers from both treatment and control groups. There is
massive negative selection in the full sample which is substantially reduced in this low-income
medicaid sample. Next we flexibly control for a wide variety of observables which can explain
participation into WIC, specifically the set of covariates in Z includes parental age, race,
education, and marital status, various interactions between the demographic variables of the
mother, total number of prenatal visits, initiation of prenatal visits, whether the mother was
suffering from hypertension or diabetes during or before the current pregnancy, and whether
she had a poor outcome for a previous pregnancy. We also control for a cubic polynomial

5[5] is one of the few papers which has managed to exploit an exclusion restriction to identify the effect of
WIC participation on birth outcomes and deal with non-random selection beyond a selection on observables
approach.

6Beginning in 2003 different states set different time lines to move to the new birth certificate protocol
with relatively few states following it in the first few years. By 2012, 38 states had implemented the revision
including, California, Colorado, Delaware, Florida, Georgia, Idaho, Illinois, Indiana, Iowa, Kansas, Kentucky,
Louisiana, Maryland, Massachusetts, Michigan, Minnesota, Missouri, Montana, Nebraska, Nevada, New
Hampshire, New Mexico, New York, North Carolina, North Dakota, Ohio, Oklahoma, Oregon, Pennsylvania,
South Carolina, South Dakota, Tennessee, Texas, Utah, Vermont, Washington, Wisconsin, and Wyoming.
These 38 states along with the District of Columbia cover 86.3 of all birth to U.S. residents in 2012.
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in prepregnancy BMI, flexible controls for gestation, mother’s smoking behavior 3 months
before pregnancy and in first two trimester of pregnancy. ”

We use mother’s smoking behavior in the third trimester as the potentially endogenous
variable, X, in our framework which has an atom at zero. As [4] shows there is prevalence
of significant selection across smokers and non-smokers which is especially evident right at
the threshold. We, in turn, will use these selection concerns combined with the idea that
there should be no differential selection patterns between smokers and non-smokers across our
treatment and control groups to test for the presence of non-random selection into treatment
group.

After removing the direct effect of our extensive set of covariates for both treatment and
control groups from birth weight, Y, we separately implement a local linear estimator on
the ‘cleaned’ variable Y — Z’+ with a bandwidth of 4 and the standard epanechnikov kernel.
Figure 1 first presents the test statistic for a basic set of controls in Z. These mainly include
information on the demographics of the parents and some other simple controls which are
readily available in most datasets that record birth outcomes. ® The test statistic from
this specification is estimated at -8.43 grams still implying the existence of decent amount
of selection. The test statistic is even larger for ‘worse’ set of covariates, for instance,
if we control only for mother’s race it is upwards of 40 grams. Figure 2 next presents
results from the full specification detailed above. Most importantly it includes controls for
gestation, previous and current pregnancy characteristics and smoking behavior before the
third trimester. The estimated test statistic thus falls down to -3.41 indicating a substantial
decrease in potential selection concerns. There are a myriad of methods available for the
estimation of the treatment effect under the selection-on-observables assumption. However,
our framework thus provides the first method in the literature to test this crucial assumption
in a binary treatment setting.

5 Discussion:

when the outcome equation is not additively separable in U, the testing ideas presented
in the previous sections unfortunately break down. To see this, consider, for example, the
model:

Y = ¢g(X,D,U), (19)
D = H{rnX)>V}, (20)
where the distribution of V|X = z is assumed to be absolutely continuous with respect to

Lebesgue measure for a.e. x. As before X is assumed to have an atom at 0, but is otherwise
continuously distributed. We are going to maintain the following assumptions:

Assumption 5.1. The functions h(z), g(z,1,u) and g(x, 0, u) are assumed to be continuous
in x for almost every u at x = x,.

"We employ a similar specification as the one used first by [1]. For a complete list of covariates refer to

(6]
8However, we still control fully flexibly for these covariates without imposing any functional form on how
these variables affect birth weight.
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Now

fh(x) E[g(ZL‘, L, U)lV =0u,X = x]fV|X(U|$)dU

PID=1,% =4 === P(x) :
fho(ogc) E[g(xv 07 U)|V = UvX - x]fV\X(UM’)dU
E[Y|D:0,X:x]: 1_P(x) '

As before, selection on observables assumption is equivalent to assuming U 1L V|X. Even
when this assumption holds, however, in this case,

E[Y|D=1,X=2]—E[Y|D=0,X = 2] = E[g(z,1,U)|X = 2] — E[g(z,0,U)|X = 2]

= /[g(x, Lu) — g(z,0,uw)|dFyx (u|z),

which may vary discontinuously if the distribution of U|X varies discontinuously in X. Before
proceeding, we note that if along with selection on observables assumption, one uses OLS to
estimate the effect of treatment, then finding that E[Y|D =1, X =] - E[Y|D =0, X = z]
is discontinuous in z at x = 0 is evidence that the estimators are not valid. If one makes the
selection on observables assumption and uses propensity score matching, however, finding
that E[Y|D = 1,X = z] — E[Y|D = 0,X = z] is discontinuous in xz at z = 0 does not
necessarily mean that the estimator of the treatment effect is invalid. For this reason, it is
important to have a procedure which we could use to judge the validity of the selection on
observables assumption.

A diagnostic procedure for judging the validity of the selection on observables assumption
is the following: Suppose we test whether P(z) := E(D|X = x) is continuous in x at x = 0
and find that it is not. In addition, suppose we also test whether E(Y|D = 1, X = z) and
E(Y|D =0, X = z) are continuous in x at ¢, and find that they both are. Then this suggests
that the assumption U 1L V|X is not violated. The reasoning is that under the assumption
that h is continuous at z = 0, discontinuity of P(z) at = 0 suggests that fyx(v|z) should
be discontinuous at x = 0. Therefore, if selection on observables assumption is violated
then finding both E[Y|D = 1,X = z] and E[Y|D = 0,X = z] to be continuous at z = 0
would be unlikely. Nevertheless, we could have pathological cases where the selection on
observables assumption is violated, but both E[Y|D = 1,X = z| and E[Y|D = 0, X = z]
are continuous in x at x = 0. These cases can be detected by checking say continuity of
E[lY||D =1, X = z] or other functions of Y. If P(x) is discontinuous at = = 0 and all these
other functions are, then this would be a strong suggestion that treatment is independent of
U conditional on X.

6 Conclusion:

In this paper, we presented diagnostic procedures for testing the selection on observables
assumption. The procedures we presented hinge crucially on two conditions. First, there
has to be a variable among the controls that has an atom at a known point, but is otherwise
continuous. Second, the structural function relating this variable to the outcome of interest

12



must be continuous in this variable. The first testing procedure is a formal test of the joint
hypothesis of additive separability of outcome equation in treatment and the unobservables.
For this testing procedure to have power the expected outcome conditional on the variable
with the bunching point, treatment and other possible controls has to have discontinuity in
the variable with the bunching point at the bunching point. The tests consists of checking
whether this discontinuity is the same for treated and untreated individuals. We also provide
a partial diagnostic procedure for checking the selection on observables assumption for non-
separable models

A Appendix

A.1 Proof of Theorem 3.1:

We first analyze the asymptotic behavior of the infeasible estimator

n

- 1 5
Ao (0 D) = == > el Mol LuKn(X)Y: = e M ZdeKh
=1

where
Lid = (17Xl/h)T1{Xl > 07 DZ = d}a

1 n
Mg i= — > LiLIEW(X)),
d —1

Lemma A.1. Suppose the conditions of Theorem 3.1 hold. Then

Vil (it p(0.1) = Fif e p(0,0) = (it (0.1) = i p(0,0)) S N (0,V), (21)

where

V= % (K220 — 2ari A + K2\ ] 02 (0)£(0). (22)

Proof. First, we note that

1 1 ¢ -
Vihe{ My - ZdeKh - Vi (%~ pp=a) Vel My 5 D LX),
1
—|-\/_6Fip nd nP(D = d) ZLZthX)Y
=1

_ 1 Y
=V nh@{Mn;m Z deKh(Xz)Yz + OP(l)' (23)
i=1

Define
Swi =55 — 7 Z I NAL KL (X))es,
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where

Ny := E(LiygLT K, (X,)|D; = d),
and L; := (1, X;/h)T1{X; > 0}. Note that

&

E [ZiKh(Xi)m

] —E [EiKh(Xi)sADi - d}
—E [E (fiKh(Xi)ei|X7Di — d) D, = d} —0.

Then using standard results as in Masry (1996), for example, we have

L % log (n)
L VY-t 2
Mnd nP(D = d) ;deKh (X))Y; ,quX’D(O,d) + Spa +O(h*) + Op ( > ) ,(24)
where
Iy X\D(yax’d>
+ 1 )
M?‘X’D(O’d) o lﬁf)l —ooy Ixp(z|d) Y (25)

Note that ’u;;|XD(O’ d) = g(0,d) + lim, o p(x, d), since E(g|X, D) = 0 by definition.

These arguments show that the asymptotic distribution of our test statistic will be de-
termined by the limiting distribution of vVnh(S,1 — Spo). Letting p = P(D = 1) we can
write

— 1 L= [k~
nh(Snl — Sn()) = €] |: anl _pe{Nn01:| ZZI: \/;Lth(X €
Below we will argue that
n hN
i=1
for d =0,1. As a result,

1
V(S = Soo) = LA Z\ﬂpfxm D~ T X0+ (),

= ZTm- +op(1)
i=1

A — Ro K1
K1 K2 |’
fp(0ld) = limgyo fx|p(2|d) and #; = [ w K (u)du for j =0, 1,2.
We will apply Lindeberg-Feller Theorem to ., T,,;. Note that

o ﬁ G?AflziKh(Xi) _ " e .
Tm—\/;p(l—p)f§|D(0|1)f§|D(0|0) (=010 S50

Y T
np(1 = p)fxp(011) fxp(010) (Kok2 — )

with

1= ) Fp(010) = pfp(0)] &
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Let
C = p(1 = 215 (ORI (010)2(koma — K2)2
M = (1= ) 010) — w1 01)]

£ (X)) = (/-@2 — ml%)2 H{X; > 0}%1@ (5) :

h
Then
Var (Z Tni) % [fn( X;)e }
M
el E [£.(X:)0*(X))]
— % [52)\0 — 2KpK1AL + KIA } ( ) fx(0),

with \; = [[Tw/K?*(u)du for j = 0,1,2, 0*(X;) = E(e7|X;), 01(0) = limgyo0*(X;) and
f+(0) = lim, o f(). To apply Lindeberg-Feller Theorem we also need to verify that

> E(T2{|Tl > €}) =0,
=1

for each € > 0. But > | E(T?) — R < oo and 1{|T,;| > €} £ 0. Thus, the condition

holds by the dominated convergence theorem. ]
Lemma A.2. Vnh (ﬁﬁX’D(O, d) — iy x.0(0. d)) — op(1).
Proof.

Vih (ﬁmDm, @) ~ fig x.0(0. )
=~ Ve M) ZdeKh VZIVA = 7) = 0p(1)0p(1) = 0p(1).

Finally, let ng =Y., 1{X; = 0, D; = d}. and note that

Vih—— Zi/ Y)1{X; =0,D; = d}

N qo

:—\/_nd ZZT = op(1).

Similarly, vnh (% S Vi{X; =0,D; = d} — E[Vi|X; =0,D; = d]) = 0p(1). Thus, the
conclusion of Theorem 3.1 follows from combining these last two statements with the con-
clusions of Lemmas A.1 and A.2.
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B Supplementary Appendix

Suppose
Y =m(X,D)+U,

as before with m continuous everywhere in x for both d = 0, 1. In addition, suppose

D = la+pX >V},
X = max{0, X"},

with
U O O—g Ouw Oyz*
V ~ N O 9 Ouw 1 Oy (26)
X Hog Ouzx* Oypxx  Ogx
Then
1 o - v
EUIV =0, X" =] = EU) + [ 0w 0w | [ o 2. } ( (2 — par) )
B 1 (0w e | 02 —Oy v
0'3.* - ng* e e —Oygz* 1 ("L‘ - :uﬂ?*)
1 O':%*U — Oy \ LT — ,[,Lx*
=5 — 5[ Ow Ow || ” (_ )
Uz* avz* Oyg*U + (ZL‘ ,u:c*)
1
=== [awai*v — OyvOupx* (:1: — ,ux*) — Ouz*Opg* U + Oyp* (x — qu*)]
g * T O-’Ul‘*
1 2
- W [(quax* - qu*a'vm*)v + (Uu:c* - qugvx*)(‘r - ,ua:*)}

=av + b(z — pg+),

2

Ouv0 x —Oyg* Oyg* Oyym* — OOy

where @ = == v gnd h = Zuay—TurTua®
0% —0 ) o, —0

z* vz* x* vx*

-1
VCLT’[U|V = U7X* = :E] = 0'2 [ Ouv  Ouz* ] |: : o :| ( - )

u 2
Opzr Ogs o

2
Ug;* Ouv — Opg*Oyg> :|

=0, — —5 5 | O O uz*
“ 2 2 [ “ “ ]|: —Opg*Oyy + Ougr
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Then for z > 0

ff;ﬁx I wfuvix-(u, v]z)dudy
P(D=1|X* =)
fil:;ﬂm ffooo ufU|V,X* (U‘U, x)dus|X* ('U|.T>d’U
ST BUIV = v, X* = ) fux- (v]o)dv
B P(D=1]X*=z)
_ ff;ﬂx(av +b(x = per)) fvix-(v]x)dv
B P(D=1X* =)

E[UID=1,X*=2] =

SO 0 fyxe (v]2)do

Now,
V|X* ~ N (,uv‘X* (x),ag‘x*) y

O x*
=1- ;;.Then

x

where py|x-(v) = 25 (v — pi,+) and o7,

ff;ﬁm v fvx« (v]x)dv f_a;ﬁz(v — pvx+(2)) fypx- (v]@)dv

PD=1X"=z) P(D =1|X* =) +anvix ()
SO e (v o
= A0ver + apyix+(x)

P(D = 1]X* = 1)
¢ a+ﬁx7uV‘X* (z)

Uv\z*
o (a+ﬁz—uv\)<*(x)> +apyix- (),

Uv|z*

== —GJO'U|$*

where ¢(-) and ®(-) denote the standard normal density and distribution functions, respec-
tively. Thus,

ot fr—py | x* (z)

P <a+ﬁxv;;jx*(x)> + apyix- () + 0(x — pig-).

Uv\z*

ElUID =1,X" = 2| = —ao,|,-

Similarly,
(b <o¢+,3:r:—uv|x* (z) )

av|z*

1—@ (O‘—"_/BI_H‘V\X*(I)

Uv|z*

) + apyix- () + b(x — pg+).

Note that if o,,« = 0,, = 0, then we have a = b = 0.
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Next, consider

11{](()1E[U|D =1, X =1z :lig)lE[U|D =1, X" =z

a— va* JT.
¢ =
2
1 U’UQCL‘*
Tg* Oy Ouz* — OuvOuz*
= —A0y|g* ) x* 2 2
Oyt xT* 0-1,* - O-’UI*
s
[0} __a*
2
17001*
o2
*

Now

2
Oypax* Oypax* Oyz* — OuvOpg* quo'x* — Ouz*Oyg* Opg* Oyz* — OuvOupgx
a +b=a + =

2 2 2 2 - 2 2 2 2 2
O’Z‘* O’Z‘* O‘m* - JUJZ* O-I* - O’U;L’* O‘m* 0-33* - O-’U;E*
1
2 2 2 2
== A )[auvam*aw* — Ouz* O+ Oug O — OO s Oy |
z*\Ugx = Upg*
o Oyz*
=y

So we have

. O x>
lmEU|D=1,X =z2]=—a — =
IJ,O x*
Similarly, we have
¢ a+ ?iz** Hog*
o2 -2 o
. * ur*
lm E[U|D =0, X = 2] =ay/1 - =5 - — —— [l
ITJ,O O-x* Ty * O-IE*
o+ U2I Mog*
— x*
1—9 —
1——uz
o2,
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Next, we study E[U|D =1,X = 0] and E[U|D =0,X =0].

ElUID=1,X=0]=FE[U|lV <a, X" <0]
f oI5 ufuvxe (u, v, t)dudvdt
P(V <a,X*<0)
f [2 [av +b(t — px)] fvx- (v, t)dvdt
PV <a,X* <0)
L0 av = e (8) fux- (vft)du fxe ()t

P(V < a,X*<0)

f I2 _lapyix(t) + b(t — px=)] fvx- (v, t)dodt
P(V <a,X*<0) '

Since pyx-(t) = 25~ (t — o~ ), this becomes

SO0 (el ety
f_OOO@(—"‘ i) fre (t)dt

ovV|X*

f [ a2+ b)(t — pux-) fux- (v, t)dvdt
f?m @ (— ) . (t)at

IV |Xx*

Soo (D) pe (yat

UV\X*

o) fe(t)at

VX

= —ady|x= 0
o

o et = )@ (2O i ()dvat

UV|X*

A P () e

oy | Xx*

where we use
Oy X+ b — oUux+
2 )
O-X* O-X*
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Plugging in for puy|e-(t) = 2= (t — pig+) yields

2
op

E[UD=1,X =0=E[U|V < a, X* < (]

0 a_o:Tz:(t_uz*)
ffoo ¢ T fX* (t)dt

—avixe a— Y (t— )
0 O % ®
f—ooCI) ( ;V\X* > fX* (t)dt

Ty

0 a— 0230: (tftuac*)
POt =)o [ ) pedud

O’le*

Similarly,

E[U|D =0,X = 0] = E[U]V > a, X* < 0]

0 a— U;)Qx: (t_:uac*)
= aoy|x- o
0 O‘_%(t_u’z*)
P |t=o [ =) I
0 a— ?22: (t_uz*)

Joult = pxe) |1 =@ | "2 | | fx(t)dudt
oUux*
O 0 a*f:’Tx:(t*Hz*) ’

1. As mentioned above, when oy x« = oy = 0, then a = b = 0, so that

lim E[U|D = 1,X = #] = B[U[D =1,X =0] =0,

lim E[U|D =0,X =] = E[U|D=0.X =0] =0,

2. If oyx+ = oyx+ =0, then b =0, but a = oyy. In addition, py|x-(t) = py = 0 for each
t and oy x+» = oy = 1. As a result, we have

lim B[UID =1, X =a] = BUID = 1,X =0] = —ovv e,

Thus, we have no power in this case.
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3. If oyx+ = O, but oyv 7é 0 and oy x* 7& O, we have

¢<a+;LX*o'VX /O‘X*

lim E[U|D =1, X = 1] :-wa( i

Z‘\LO atp oy o'VX*/o'
TV|X*

= —aqo TVIX*
= V‘X* fo ad-(t—p x* )UVX*/Gx*
e TV|X*

E[U|D =1,X = 0]

Fxx(t

)

)
ffoo¢>(°‘+“ hx)oyxe /o )f ~(Hdt

)i

d)(o"H‘X*UVX*/JX*)
lim E[U|D =0, X =z = aoy|x- ( X
1—

2
20 athxroyxe/oxx )’
TV|X*

=t x5 )y xok T2
JO_ g ottmrxsiovx X)fx*(t)dt

EUID=1,X =0] = aoy|x- S S :
) 0 at(t—pxx)oy x* /05
0. [ (e e ) g
Moreover, in this case a = % # 0. It seems that in this case we should have
X* VX*

power.

4. Suppose oy x+ = 0, but oyy # 0 and oy« # 0. In this case, we have

1;&)1E[U|D—1 X—x] :—UUV%_UUX e
— — — (;5(&) g * ¢(* */O’ )
BUID =1,X =01 = —0uvge) = 5 o fox)’

lim E[U|D =0, X = x _UUV1¢(())_UUX*,UX*,

z]0

0 X (] — o $@) L ouxe M(pxeloxe)
EUID =0,X =0] = ovv i) + 55 Toal e foxs):

Again, we seem to have power in this case.
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Figure 1: Medicaid Sample - Basic Spec-

ification
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Figure 2: Medicaid Sample - Full Specifi-
cation
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