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1 Introduction

In many fields where treatment effect evaluations are conducted, such as labor, health,
and educational economics, the outcome of interest may be observed only for a non-
randomly selected subpopulation. This problem is known in the literature as sample
selection and may flaw causal analysis (see for instance Gronau, 1974 and Heckman,
1974). Indeed, even a randomized experiment cannot guarantee that treatment and
control individuals will be comparable conditional on being selected.

For example, if we want to estimate the wage effect of a training program, often,
only a selective subgroup of training participants and non-participants finds a job
which is a condition for observing earnings. Similar problems are inherent in clinical
trials when some of the participants in a medical treatment pass away (“truncation
by death”) before the health outcome is measured. As a final example, consider the
effect of randomly provided private schooling on college entrance examinations. The
sample selection problem arises when only a non-random subgroup of students takes
the exam.

Principal stratification (PS hereafter, see Frangakis and Rubin, 2002), provides a
natural framework to characterize sample selection problems, as it allows defining
populations (i.e., principal strata) in terms of their behavior w.r.t. selection under
different treatment states. This is useful because the selection problem does not
arise within a particular stratum consisting of individuals with the same selection
behavior, i.e., being of the same “type”. Thus, the treatment effects identified are
causal if the imposed assumptions and the data imply that individuals belonging
to the same stratum may be observed both under treatment and non-treatment.
Therefore, the principal stratification framework enables us to explicitly state
under which assumptions identification works and for which latent population.
Without strong and often unreasonable assumptions, when the treatment effects
are heterogeneous, point identification is possible only for the always selected, i.e.,
those who are selected regardless of the treatment assignment. Indeed, only for this

population it is possible to observe units in both the treatment arms (for partial



identification on different populations see Lechner and Melly, 2010 and Huber and
Mellace, 2010).

In general, without the availability of a continuous instrument for the selection
(see Das et al., 2003 and Huber, 2009), point identification can be achieved only by
imposing strong distributional assumptions. In most of the applied works in the
principal stratification framework, parametric point identification is achieved by
means of finite mixture (see McLachlan and Peel, 2001) of Gaussian distributions.
These models assume that the error terms are normally distributed among the
strata. Similarly, in the econometric literature, it is well known that parametric
sample selection models heavily rely on distributional assumptions. In particular, it
is often assumed joint normality between the errors of the selection and the outcome
equations. It is important to stress the fact that a failure in the joint normality
assumption leads to inconsistent estimates, for this reason several semi-parametric
and non-parametric estimators have been proposed in the literature (see Vella, 1998).
However all this methods require additional exclusion restrictions assumptions for
identification. Moreover, most of them are at least as restrictive as our, in the second
step.

The idea of our paper is to relax distributional assumptions imposed on the error
terms, when plausible exclusion restrictions are not available. Although, our model
is still parametric, we are able to allow for heterogeneous treatment effects adding
interactions between the treatment and the covariates. Moreover, it is often difficult
or even impossible to find valid continuous instruments for the selection (variables
that are relevant for the selection but not for the outcome). This is true, in particular,
when the analysis regards the wage effect of a training program, as in our application.

It is well known that any distribution can be approximated by a mixture of normal
distributions. Starting from this result, Bartolucci and Scaccia (2005), have shown
how fitting a regression model with error terms distributed as a mixture of Gaussians,
may improve OLS when the true distribution is not normal. Our idea is to extend
this approach within the principal stratification framework. We will show that the

particular structure of the problem allows us to identify a mixture of mixture model,



which is not identifiable in general. Maximum likelihood estimation is then carried
out by means of an EM type algorithm (Dempster et al., 1977).

In order to study the performances of our estimator, we run a Monte Carlo simula-
tion where data are generated from a standard Heckman sample selection model, and
the performances of our estimator are compared with those of the Heckman maximum
likelihood and two-step estimators. The results show that our approach performs bet-
ter in terms of mean square error (MSE) when the true distribution of the error terms
is not Gaussian (See Mealli and Pacini, 2008b for the Gaussian case).

Finally, we re-evaluate the long term wage effect of the Job Corps training program,
using the same dataset analyzed in Lee (2009).

The paper is organized as follows. In section 2 we introduce the causal problem
and we briefly compare the parametric Heckman sample selection and principal strat-
ification models. In section 3 we present our idea and the main steps of the EM algo-
rithm. In section 4 we show the simulation results. In section 5 we report the results

of the application. Section 6 concludes.

2 Causal inference in presence of sample selection
problems

Suppose we want to estimate the effect of a binary treatment 7' = 1,0, on an outcome
Y, at a specific time after assignment. Using the potential outcome framework advo-
cated, among many others, by Rubin (1977), we will denote by Y;(1) and Y;(0), the
two potential outcomes that an individual would receive under treatment and non-
treatment, and by A; = Y;(1) — Y;(0), the individual treatment effect. Even under
randomization of the treatment, post-treatment complications might introduce selec-
tion bias and flaw causal inference. One particular form of post-treatment complica-
tions is sample selection, implying that the outcome of interest is only observed for
a non-random subpopulation. To address this issue let @; € {1,0}, be an observed
binary post-treatment selection indicator which is 1 if the outcome of individual 7 is

observed and 0 otherwise and we denote by Q;(1) and @;(0), the two potential selec-



tion states.
Throughout the discussion, the so-called Stable Unit Treatment Value Assumption
(SUTVA, e.g., Rubin, 1990) will be maintained, ruling out interference between units

as well as general equilibrium effects of the treatment.

Assumption 1 (SUTVA):
Qi(ti)Lt; Vj #i.

Where “1” denote independence. SUTVA implies that not only the potential out-
comes but also the potential post-treatment variables for each subject ¢ are unrelated
to the treatment status of other individuals.

Causal inference requires the specification of the treatment assignment mechanism.
If the treatment is randomly assigned it will be independent from the post-treatment
variables ,Y and from their potential values. However, in observational studies,
randomization is assumed to hold conditional on the observed pre-treatment variables
X . This assumption is known in the literature as conditional independence assumption
(CIA), also referred to as “selection on observables” or “unconfoundedness”, (see for
instance Imbens, 2004 and Imbens and Wooldridge, 2009). It implies that the potential
outcomes and selection states are independent of the treatment conditional on the pre-
treatment variables.

In the sample selection framework, Lee (2009), Mealli and Pacini (2008a) and
Mealli and Pacini (2008b), among others, assume that the joint distribution of the
potential post treatment variables is independent of the treatment given X. This

assumption can be formalized as:

Assumption 2 (Unconfoundness):

(Y(1),Y(0),Q(1),Q(0)Lt|X =z Vxe X.

Where X denotes the support of X.

A more formal representation of the causal problem is given by the following struc-



tural model (Huber, 2009 , Imbens, 2006 and Mealli and Pacini, 2008a)

vi = x(ti, @i €)
qi = §(ti7xi7l/’i)
ti = (i, G) (1)

where ¢;, v, 1.{;|X = x by unconfoundness, thus the third equation can be ignored.

2.1 Heckman sample selection model and structural model

The standard parametric Heckman sample selection model imposes linearity in the

first two equations of model (1), and can be written as

yi = Bo+Biti+ 6w +e,
q; = I(Oéo + aqt; + agxi + v > 0),
Yi = Y,
€; 0 0'62 Ocv
where ~ N, , and I(-) is the indicator function.
v; 0 Oev 012,

The idea is to adjust for the bias that arises from the correlation between the regressors
of the outcome equation and its error term which operates through the relationship
between €; and v;. This model can be estimated parametrically either by maximum
likelihood or by the popular two-step estimator. The latter is based on the fact that,

thanks to the joint normality of the error terms we can write

E(yilti g = 1,2;) = Bo + Biti + B3 i + BaA(co + art; + a3 x;),

where 1 = E(A;|t; = 1,¢; = 1,x;) is the average treatment effect (ATT) for the
respondents(ATTR), Mg + aat; + ad ;) is the inverse Mills ratio and 33 = o, /02.

This also clarify that under the model assumptions, we are able to identify the ATTR.



This specification implicitly assume that no interactions between the treatment
variable and the pretreatment characteristics are relevant, this would be plausible if
the treatment effect is homogeneous, but it can lead to inconsistency when the effects
are heterogeneous. One solution could be to add interactions between the treatment
variable and the pre-treatment variables. In the simulation study we consider the case
with no interactions between the treatment and the pre-treatment variables, then the
comparison between the two models refer to this case. In section 3 we will discuss
how our model can allow for heterogeneous effects.

As it has already been pointed out in the introduction, this model heavily rely
on the joint normality of the error terms. Several estimators in the literature try to
relax this assumption but additional exclusion restriction are needed (among many
others: Ahn and Powell, 1993, Cosslett, 1991, Das et al., 2003, Ichimura and Lee,
1991, Ichimura, 1993, Lee, 1994, Li and Wooldridge, 2002, Newey, 2009, Newey, 1990,
Newey et al., 1990, Powell et al., 1989 and Robinson, 1988 ).

2.2 Principal stratification

The Principal stratification approach suggests to stratify the units, within each cell
defined by the values of the covariates, into four latent principal strata, according to
the joint values of (Q;(1),Q;(0)). Frangakins and Rubin (2002) give the following

definition

Definition

The basic principal stratification Py with respect to post-treatment variable Q is the
partition of units i = 1,...,n such that, within any set of Py, all units have the same

vector (Q;(1),Q;(0)). In our case Py is given by

11 = {i:Q:(1)=Q:0)=1}
10 = {i:Qi(1) =1, Qi(0) =0}
01 = {i:Qi(1)=0, Q;(0)=1}
00 = {i:Qi(1)=0Q:(0) =0}



Let S; € {11,10,01,00} represent the principal stratum to which subject ¢ belongs. S;
is not affected by the treatment assignment by definition and can be seen as a covariate,
only partially observed in the sample. Unconfoundedness guarantees to have the same
distribution in both treatment arms, within cells defined by pre-treatment variables,
it implies that Y (0), Y (1) Lt|Q(0), Q(1), X = z, the potential outcomes are, therefore,
independent of the treatment given the principal strata. Thus, any effect defined
conditional on a principal stratum, is a well defined causal effect. In some sense,
we can state that principal strata play a similar role of control functions in deriving
independence conditions, even if not derived from a model (Mealli and Pacini, 2008a).

In our setting direct information on the causal effect can be found only in the 11
stratum of the always respondents, because only for units belonging to this stratum
one can consistently compare Y (1) and Y (0). Since @ represents non response, in fact,
only in this stratum we have both treated or control units, so that the causal effect
which can be estimated, without any further restriction, is an effect within stratum
11.

The following correspondence between the observed values of T and () and the

latent strata holds
o(1,1) ={i:t; = 1,Q;(t;) = 1} subject ¢ belongs either to 11 or to 10,
0(1,0) = {i : t; = 1,Q;(t;) = 0} subject ¢ belongs either to 01 or to 00,
0(0,1) = {i:t; =0,Q;(t;) = 1} subject i belongs either to 11 or to 01,
0(0,0) = {i:t; = 0,Q;(t;) = 0} subject ¢ belongs either to 10 or to 00.

In each observed group we have a mixture of two principal strata, then, it is not
possible to point-identify the strata proportions, as well as the distribution of Y within
the strata.

To improve identification it is often assumed, that ) is monotone in T’

Assumption 3 (monotonicity of selection):

Pr(Q(1) > Q(0)) = 1.



This requires that the potential selection state never decreases in the treatment
and, thus, rules out the existence of stratum 011,

In the standard sample selection model monotonicity is imposed by construction,
since for example a3 > 0 implies Q(1) > Q(0). When a3 > 0, the following
correspondence between the specified selection model and the underlying latent

strata holds (see Vytlacil, 2002)

{Z LV > Qg — aQTxl} {’L : Qz(]-) = Ql(O) = 1},

{i:—ap—a1 —alw; <v;<—ap—alx;} = {i:Q:(1)=1, Q;(0)=0},

{i:Qi(1) = Qi(0) = 0}.

{i:v; < —ag—a; —alz;}

Under assumption 3 we have
0o(1,1) ={i: t; =1,Q;(t;) = 1} subject i belongs either to 11 or to 10,
0(1,0) = {i: t; = 1,Q;(t;) = 0} subject ¢ belongs to 00,
0(0,1) ={i:t; =0,Q;(t;) = 1} subject i belongs to 11,
0(0,0) = {i: t; = 0,Q;(t;) = 0} subject i belongs either to 10 or to 00.

Monotonicity allows to point-identify at least the strata proportions, but again is not
possible to disentangle the distribution of Y between strata 11 and 10. In this case
only nonparametric bounds can be derived, unless some parametric distributional as-
sumptions are introduced. Non parametric point identification, again rely on exclu-
sion restrictions, more precisely on the availability of a valid instrument for the selec-
tion mechanism, as discussed for example in Mealli and Pacini (2008a).

Parametric identification is achieved by means of finite mixture models. Although
others specification are possible, the proportions of units belonging to each stratum in

the cell X =z defined as 711|,, 710/, and 7|z = 1 — 711 — 7102 are often modeled

! A symmetric result can be obtained by assuming Pr(Q(0) > Q(1)) = 1 which implies that stratum 10
does not exist. As Huber and Mellace (2010) have shown only one kind of monotonicity can be consistent
with the data.



as a multinomial logit

EXP{Bll,O"‘Bﬂ,lz}

Tz = 1+exp{Bi1,0+B]; ;z}+exp{Bio,0+B; 2}’
. _ exp{B10,0+B1y 7}

0]z = 1+exp{Bi1,0+B7; 12} +exp{Bio,0+Bj; 12}’
Toole = 1 —Ti1)z — T10/2>

and the distributions of Y conditionally on the principal strata are assumed to be

yilgi = 1, 25,11 ~ N (Bo + Buti + 1 wi, 03),

y¢|q¢ = 1,931‘, 10 ~ N(50 + 51251‘ + 5§$1, 0%0)7

(2)

where we set § = g + d1t; since t; is always equal to 1 for this units.
In this specification 81 = E(A;|lt; = 1,2;,11) = Ay; the ATT for the always

respondents (ATTAR) 2. In order to see this, from 2 we can write

E(ylti = 1,2, 11) = By + Bt + B3

and

E(y;|t; = 0,2;,11) = By + 33

Subtracting the two we have

Notice that under the assumptions of the Heckman sample selection model
ATTR=ATTAR. Indeed, even though it accounts for the correlation between e;
and v; imposing joint normality, the effect is constant among the strata. This is a
possible explanation of the relative bad performance of the ML Heckman estimator
when data are generated under the principal stratification model found in Mealli and
Pacini (2008b).

Finally, it is interesting to rephrase principal stratification in terms of the structural

2Same consideration as before for heterogeneous effects. For a fully saturated model with normal error
terms see Zhang et al. (2009).



model described above. With no loss of generality and to avoid extra notation, suppose
we are already within cells defined by observed pretreatment variables. From the
structural model we have

yi = x(ti,€)

¢ = s(ti,v)
and y; is observed only if g; = 1, the endogeneity of () depends on the relationship
between € and v. Of course the endogeneity problem disappears whenever we are able
to condition on v, because in that case ) and e will be conditionally independent.
Obviously we will never observe v, but we can find a function of it, say S(v), called

type of unit (Imbens, 2006) such that

eLQ|S(v).

As in the propensity score literature, the type function should have a small variation,
i.e. it should be constant on sets of values of v such that for all value of T" lead to the
same value of Q.

Principal stratification is the choarest choice of S(+), because if S(v) represents the

stratum S then e L Q|S(v) by unconfoundness and

Sv) = S) it <(t,v) = <(t,v') Vi,
S) # S if <(t,v) # <(t,v) for some t.

As an example in the Heckman sample selection model with oy > 0, S(v) € {I(v >
—ap—adx) =11,1(—ap —a; —alz < v < —ag — adz) = 10,I(v < —ag — oy —
al'z) = 00}, clearly satisfies the conditions above, because @ is constant and then
independent from e given S(v) = 11,00, while @ = T and then independent from € by
unconfoundness given S(v) = 10.

Within the PS approach, the comparison of y between treated and controls is
possible only for some values of S, in particular those with ¢(0,v) =1 and ¢(1,v) =1

(Mealli and Pacini, 2008a, Zhang et al., 2008). This limitation, however, is created by

the selection mechanism, and is not a drawback of principal stratification.
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3 Our Proposal

In this section we present the main ideas underling our approach. In the first model
we allow for heterogeneous effects w.r.t. to the observable covariates. Maintaining
assumptions 1, 2 and 3, we assume that if the i-th individual belongs to stratum 11
its outcomes equation is y; = Bo + fiti + B4 w; + BLw; + t; + €;, while if it belongs
to stratum 10, then y; = &y + 62x; + ¢;. In the two equations we allow for effect
heterogeneity by adding interactions between the treatment and the covariates.

The main difference of our model and others proposed in the literature is that we

approximate the true distribution of ¢; as

G
fle) = 1gdleis g op), k=11,10,
g=1

where 7, > 0, g =1,...,G, 25:1 Ty =1, 25:1 Totg = 0% and ¢(e;, p,0?) denotes

the density at ¢; of the normal distribution N (p, 0?). This implies that

G

Flyiltswa, 11) = > " mgd(ysi prg + Bo + Buti + B3 wi + B ws v i, 03), (3)
g=1
G

Flyilti,2i,10) = > 79(yis g + G0 + 83 @i, 07). (4)
g=1

When ¢; =1 and t; =0, i.e. i € 0(0,1), then individual ¢ belongs to stratum 11 and
the distribution of y; is given by 3, while when ¢; = 1 and ¢; = 1, i.e. i € o(1,1),
individual ¢ belongs either to stratum 10 or to 11. In the latter case the distribution

of y; is given by the following mixture of mixtures

G
fQuilts =1,q0 = 1, 23) = T)a, ZTg¢(yi;/~Lg + Bo + Bity + By wi + B3 i+ ti,01) +
g=1
G
710w, Y, TgB(Wis tg + 00 + 63 x4, 070)  (5)
g=1

The proportions of units belonging to each stratum are still modeled as the multi-

3This condition is needed only if the intercepts are parameters of interest, indeed in this case we can
identify, for example, By as (Bo = [Egczl Tg(ttg + Bo)])-

11



nomial logit described before. In the simulation study we will use a more restrictive
version of this model, which is obtained assuming that the treatment effect is homo-
geneous and that the distribution of the potential outcomes in stratum 11 stochas-
tic dominate the distribution of the potential outcomes in stratum 10. As shown in
Zang, Rubin and Mealli (2008) stochastic dominance implies that G2 = da, 83 = 0
and 03, = 0%,. The only difference is that the distributions of the potential outcomes

within the strata become

G
Zgzl Tg¢(yi; g + Bo + Bits + ﬂgxi7 0'%1),

G
Zg:l Tg¢(yi§ Hg + do + ﬁgxlv J%l)'

fyilti, zi, 11)

fyilts, 24, 10)

3.1 Identification

Identifiability of finite mixture models has been proved for some important class of
distributions such as gamma or multivariate Gaussian (see Teicher, 1963; Yakowitz and
Spragins, 1968). Hennig (2000) provides sufficient conditions under which mixtures of
Gaussian regression models are identified. As Henning pointed out, these conditions
are rather mild if at least one regressor is continuous. In what follows, as in the
standard PS model, we assume that the prior probabilities 7g,|,, are identified.
Notice that f(y;[t; =1,¢; = 1,2;) in 5 is a mixture of two mixtures of Gaussians
whose parameters are not identifiable in general. Indeed, it may exist two different

sets of parameters, say © and ©, such that

G G

Tita, Y, Tob(Wis ttg + Bo + Br + (B2 + B3) i, 071) + 10z, Y Tgb(Yis g + 0o + 63 w4, 070) =
g=1 g=1

é é
=110, O Ta®(Wis fig + Bo + B+ (B2 + B3) i, 671) + Froje, D Tg® (Wit fig + 00 + 03 74,575
g=1 g=1

(6)

for every y; and x;.

To see this notice that, equation 5 can be seen as a mixture of 2G normal linear

12



regressions and can be rewritten as

where

&1
1)

&a

§ay1

§a+2

IPte

T1

T2

TG

2G 2G
> b on) =Y EndlyisAn v, 67),
h=1 h=1

X [7-‘—11|m17r10|m1]

Identifiability of mixtures of Gaussians implies that G = G and that for every h there

exists a unique [ such t

hat

(i o7) = (&AL, 67). (7)

this does not guarantee identification of the other parameters. As an example, let us

suppose that

Those parameters can be also written as

&
&

&
€6
&7
€8

&
&

12

3

6

6
12

1
1| 2 1
3
_6_
1
1] 2 9
2
_4_

In this example, 7 is true but our model is not identified if we just consider only the

observed strata o(1,1). However, we note that the probabilities 7, can be identified in

the observed strata o(1,0). Since the prior probabilities 7g,|,, are identified, we have

13



T1)2; = T11]e; a0d 1|z, = T10|e;, While there exists a relabeling of the 7, such that
Tg = Tg- This guarantees identification.

Therefore the ATTAR denoted by A1, is identified as
A = / EY|T=1,X11)dF(X) —/ EY|T=0,X,11)dF(X),
x x

where F(X) denotes the distribution of the covariates. Identification of the restricted

model can be proved in a similar way, thus it will be skipped.

3.2 EM-algorithm

Without loss of generality, and to simplify the exposition, we discuss the estimation
for the model without interaction under stochastic dominance.
The proportions of units belonging to each stratum are still modeled as the multi-

nomial logit described above. Therefore the likelihood becomes

G G
L) = H T2, Z Tg¢(yi§ g + @i, 02) + T10|z; Z Tg¢(yi§ Hg + i 572)
ico(1,1) g=1 9=1
x H 00|
i€0(1,0)
G
X H T11|a; ZTQ¢(?J1‘§M9 +in’0’2)
i€0(0,1) g=1

X H [ﬂlo\zi + 7Too|a:i]-
i€0(0,0)

where 6 = (Bi1,0, B11,1, B10,0s B10,15 1, - - -, Tgy 11, - - - » G35 B0, 0, B, B2, 02), @3 = Po +
Bt + B3 x; and j; = 0o + f3 ;.

The maximum likelihood estimate of 6 can be obtained iterating until convergence
the EM type algorithm described below.

First of all the log-likelihood of the model can be written in compact notation as

(o) = Zln (Z ik ZTg¢z‘kg>
i k g

14



1 if k=1
where & = 00,10,11 = 1,2,3 and ¢34 = qid(Yis iy + 0,0 +(1—¢q) if k=2 .

D(Yis pg + @i, 0%) if k=3
Maximizing the log-likelihood is equivalent to maximize the “fuzzy” function

(Hathaway, 1986)

() = Zuikgln(ﬂ'ikrgqbikg)—Zuikgln(uikg)

ikg ikg
3 3
= Zuikgln(ﬂ'ik)—k Z ZZuikgln(Tg)—i— Z ZZuikgln(@kg)
ikg itgi=1k=2 g itg;=1k=2 g
- Zuikgln(uikg)
ikg

where u;pg > 0 and >, Zg Uikg = 1.

The algorithm we adopt, in each step, maximizes the objective function ¢; with
respect to a subset of parameters, given the current values of the others. In this way
each parameter, or subset of parameters, is in turn updated increasing the value of
the objective function at each iteration. The algorithm stops whenever the increment
between two consecutive iterations is lower than a given threshold.

Before analyzing the fundamental steps of our algorithm, to simplify the exposition,
we introduce some notation. First of all, we let ny1, n1g, no1 and ngg be the number
of individuals in each observed subgroup defined by the value of t and ¢. Let 311 and
yo1 be the outcomes at o(1,1) and 0(0, 1), respectively. In the same way we define
11, To1, t11 and to1. Let I be the identity matrix of dimension G, (g and ¢ be G x 1
and (no1 +2n11) x 1 vectors with all elements equal to 1. ¢; and Oj, are n; x 1 vectors

(j = 01,11) with all elements equal to 1 and 0 respectively. Let

Yo1 Oo1 to1 o1
Yo=1 yn Xo=| 1 On T11
Y11 O t11 T11

15



and

Yo=1c®Yp XG<IG®L LG®X0>-

Let ug1,3,4, g=1,...,Gand u11 1,4, K =2,3, g=1,...,G, be vectors which elements
are the values of the u’s at o(1,1) and 0(0, 1), respectively. Consider the following

(Gng1 + 2Gn11) vector
Vo131
VAZTERY

4/ U01,3,2
Vv U11,2,2
v U11,3,2
£/ 01,3,G
\/7

U11,2,G

£/ U11,3,G

Finally let tgyo4s be a (G + 2+ J) vector with all elements equal to 1, we define
Y=w®Ys and X = (Loyory ®W) O Xg

where © is the element wise product.

The fundamental steps of our algorithm are

a) Update of u;r,: It can be easily shown that /¢ attains a maximum with respect
g f

to the u’s when

TikTgPikg

Uikg — -
e Zkg 7rilc'rgqsikg

(b) Update OfB = Bll,Ov Bll,h BlO,Oa B10,1: By I‘GWI‘itil’lg

Uy = Z Uikgln(mx) + const.,
ikg

where const. indicates a term that does not depend on the B’s, they are updated
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fitting a multinomial logit of the current update of the u’s on the x’s.

Update of 74: By rewriting

3
Uy = Z Z Z Uikgln(Ty) + const.,

i:q;=1k=2 g

where const. indicates a term that does not depend on the 7’s, we will achieve

a maximum when

3
_ D iigi=1 Dk=2 Wikg

Tg =

ni
where ny is the number of subjects for which ¢ =1

Update Ofﬁ = (/141 + ﬁOu ceey Mg + 607 0 — ﬂ07 517 ﬁQ)T: By rewriting

3
1 (yi — . —’Yo—ﬁszi)z
gf = 75 E E E Uik g ! o2 + COﬂSt.,

i:q;=1k=2 g

0—0y ifk=2
where vy = g+ 060, 9g=1,...,G, v = and const. indi-
B1t; ifk=3

cates a term that does not depend on the (’s. Can be shown that the objective
function is maximized at

B=(XTX)"'XTy.

Update of 0%: By rewriting

1 ’ 2 (yi — —’Yo—ﬁzTiCi)z
=5 X3Sy (in(o?) + B2 )+ const.
iigi=1k=2 g
where const. indicates a term that does not depend on the ¢?’s, the maximum

is achieved at

o* = (w'w) (Y = XB)"(Y - Xp).

Keribin (1998) has shown that the Bayesian information criterion (BIC) give a con-

sistent estimate of G, therefore, we choose the number of components, according to

this criterion.
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Finally notice that the algorithm above can be easily modified to relax the

stochastic dominance assumption, by substituting Xy with

O to1 zo1 O
r
Xo=1| w1 On On  zn

O11 t11 z11 On

A modified EM-algorithm that allows for heterogeneous effects is available from the

authors upon request.

3.2.1 Starting values

In maximum likelihood estimation, it is well known, that the log-likelihood may have
several local maxima, thus, the choice of the starting values of the EM algorithm may
be crucial. However, several strategies are available to overcome this problem. We
propose the following.

The 7’s are initialized drawing at random from a Uniform distribution in [0, 1] and
rescaled such that Zizl mik = 1. Consistent estimates of p1 + Bo, ..., iy + Bo, B2, o?
and the 7’s can be obtained estimating a mixture of G Gaussians in 0(0,1). Finally
for § — By and 3, a weighted regression of Y on X and a constant in the subsample
in which ¢ = 1, with weights the corresponding values of the 7’s, can be run or they
can be estimated in the same sub-sample by OLS, or can be used the intercept and
the coefficient of ¢ of a two-step Heckman estimator.

Although, this seems to be reasonable, in some cases, starting from completely
random points can leads to higher values of the log-likelihood. For this reason we
suggest to try many random starting points, as well as the ones proposed above, and
choose the solution corresponding to the highest value of the log-likelihood.

Many others approach are available in the literature, e.g. simulated annealing,
none of them, however, seems to be optimal (See for example Ingrassia, 1991, 1992,
Everitt, 1984, Davenport et al., 1988, Lindsay and Basak, 1993, and Aitkin and Aitkin,

1996).
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4 Simulation results

We carry out a simulation study in which our approach is compared with Heckman’s
maximum likelihood and two-step sample selection estimators. We draw 500 samples
of 1000 observations at each simulation step in which we simulate under the following

Heckman sample selection model

¢ = I1(-0.2+40.3t; +0.5z; +v; > 0)
Yvi = Y-

In this model the treatment effect is constant and equal to 5. Let e; ~ N(0, 1) at each
simulation the error terms are distributed such that corr(e;,v;) = p = 0.5, then we

have

e ¢; ~ 0.3N(7,1) + 0.7TMV(-3,1), a mixture of two normal distributions, and to

induce correlation between the two error terms v; = 0.1231¢; + ¢;
e ¢; ~7(3), a Student’s t with 3 degrees of freedom, and v; = 1/3¢; + ¢;

o ¢; ~EV(0,1) — ¢, (p = 0.57721 is the Euler-Mascheroni constant) an extreme

values whit location 0 and scale 1, and v; = 0.4502¢; + ¢;
0.1774
———
r(1.6)—1
0.6
extreme values distribution with location 0, scale 1 and shape -0.6, and v; =

e ¢ ~ GEV(0,1,—.6) — , (T() is the Gamma function) a generalized

e ¢; ~ LogN(0,1) — exp(0.5), a lognormal distribution, and v; = 0.2671e; + ¢;

In table 1 it is reported the MSE of the three estimators. For our estimator we reports
the result for the optimal G #, notice that for G=1 we have the standard principal

stratification model.

4The G is chosen estimating our model in 5 simulated sample and then it is kept fixed for all the others.
It might be the case that choosing the optimal G in each sample can improve the performance of our
estimator.
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[Insert Table 1 here ]

According to the simulation result our estimator seems to have a lower MSE than the

two Heckman estimators, for any distributions we consider.

5 An application to the Job Corps training program

In this section we present the results of an application to the Job Corps program,
which is one of the largest job training programs in the U.S. and is aimed to help young
people residents that belong to a low-income household from 16 to 24 years old. The
program is described as “the mation’s largest career technical training and education
program for young people at least 16 years of age. A voluntary program administered
by the U.S. Department of Labor, Job Corps provides eligible young men and women
with an opportunity to gain the experience they need to begin a career or advance to
higher education”®. In the mid nineties, In order to evaluate the effectiveness of the
program, eligible applicants where randomly assigned to participate or rejected. In

this section we will analyze the wage effect of the program 208 weeks after assignment.

5.1 The dataset and previous applications

The Job Corps public available data base has already been analyzed by Lee (2009)
and Zhang et al. (2009). The former provides bound on the treatment effect under
monotonicity, the latter uses a principal stratification mixture model approach to
provide a point estimate.

The data sets used in the two papers differ essentially in the way in which missing
values are treated, but as pointed out in Zhang et al. (2009) the imputation procedure
used apparently do not affect the results.

Since the aim of this application is just to illustrate how our procedure can be

effectively applied we will only focus on the imputed data base of Lee (2009). We will

http://www.jobcorps.gov /faq.aspx
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assume either perfect compliance to treatment assignment or that we just estimate an
“intent to treat” effect.

Because of the random treatment assignment, it is not necessary to include covari-
ates in our analysis, however, has argued in Zhang et al. (2009), including covariates
may improve efficiency.

From November 1994 to December 1995, the 80,883 individuals who were eligible
were randomly assigned either to enroll as usual (“treatment group”) or they were
embargoed from the program for 3 years (“control group”). The control group
consisted of 5,997 individuals, from the remaining treated 9,409 applicants were
randomly selected to be followed for the data collection, thus the total sample was of
15,386 individuals. In the dataset of Lee (2009), which is the one that we use, all the
missing values due to non-response as well as to attrition are discarded then the final
sample size is of only 9,145 individuals. The sample selection problem considered
here is just due to unemployment. Since some subpopulation were randomized into
the program group with known probabilities, design weights denoted by we must be
included in the analysis. Finally, since we will use exactly the same variables as Lee

(2009), an exhaustive description of the data can be found in that paper.

5.2 Estimation results

In this section we estimate the long run effect of the program on the logarithm of
hourly wages 208 week after the treatment assignment. Since the treatment were
assigned at random unconfoundness hold by sample design. The first assumption that
we make is that there are no individuals that would have been employed if non treated
and unemployed if treated (monotonicity). This assumption would be violated if there
are people that four years after the end of the program, were still waiting for a better
offer because of participation. However, we can reasonable argue that four years is a
sufficient amount of time to prevent this possibility. We assume that the probability to
belong to a given stratum depend only on the baseline characteristics, and we model
it as a multinomial logit. We assume that the error terms are distributed as a mixture

of Gaussians in both stratum 10 and 11. We let the coefficients of the covariates vary
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between the two strata (no stochastic dominance). In order to compare our results
with the ones in Lee (2009) we assume that the treatment effect is constant and we do
not include any interaction. Notice that because of randomization covariates should
not matter, then this simplifying assumption should hold.

The table belove report the results of our point estimate of the wage effect as
well as the results in Lee (2009). Moreover we estimate the effect of the program on

unemployment as the share of people belonging to stratum 10 given by

> i1 (T10jz,we)

Z:‘L:l weq

0 =

[Insert Table 2 here |

Before commenting on our finding it is important to stress that the program can be
seen as a human capital investment of 1 year of schooling. For this reason, as Lee
(2009) has pointed out, if the program had literally no effect we would find a strong
negative impact of the program even 4 years after the assignment. Lee suggests that
the lost labour market experience for these young applicants that are on the steep
part of their wage profile should be around -0.58.

As reported in table 2 (PS G=7), differently from the standard principal stratifi-
cation mixture model, which under monotonicity estimates a strong positive effect, we
cannot reject the hypothesis of a zero effect of the program on the log hourly wages
208 week after assignment (notice that our point estimate lies within the bounds de-
rived in Lee, 2009). However, this result must be interpret, in the light of the con-
siderations made above, as a positive effect of the program. In particular, it can be
argued that four years after assignment applicants are able to offset 100% of the lost
labour market experience due to participation to the program.

Finally, according to our result 3.37% of the individuals have found a job because

of the program.
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6 Conclusions

In this paper we propose a new principal stratification approach to identify and esti-
mate causal effects in the presence of sample selection when the error terms are not
normally distributed and any plausible instrument for the selection mechanism is at
hand. Our approach is based on the fact that any distribution can be approximated
with a mixture of Gaussians, a known result in the mixture models literature. Given
the particular structure of the problem we are able to identify a mixture of mixtures
model which allows us to take into account the non-normality of the error terms.

Even if our model is fully parametric we show how to allow for heterogeneous
effects, interacting the treatment variable with all the covariates available.

Under basically the same assumptions as the standard parametric principal strat-
ification models that have been proposed in the literature we are able to identify the
average treatment effect on the latent stratum of subject who always respond. This,
however, seems a limitation created by the selection mechanism, rather than a draw-
back of the model.

Simulating under a standard sample selection model, we show that our estimator
has always lower MSE than the two Heckman’s estimators considered, with all the
four different non normal distributions assumed for the error terms.

Finally we present an application to the long run wage effect of the Job Corps

training program. The results are consistent with the bounds derived by Lee (2009).
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Table 1: MSE and bias of the estimates of ;.

l ‘ PS G=2 ‘ PS G=1 ‘ ML ‘ Two-step ‘
Mixture
MSE 31 0.0105 3.7025 1.0115 0.3989
Bias (-0.0113) | (-1.2597) | (-0.5913) | (0.0350)
Student’s t
MSE 3 0.0201 0.0266 0.0434 0.0379
Bias (0.0011) (0.0355) (-0.0016) | (-0.0009)
Extreme values
MSE B 0.0145 0.0490 0.0436 0.0174
Bias (0.0173) (0.1909) (0.1157) (0.0042)
GEV
MSE B 0.0065 0.0360 0.0285 0.0091
Bias (-0.0149) | (0.1708) (0.0863) (-0.0003)
Lognormal
MSE 31 0.0093 0.0636 0.4111 0.0500
Bias (-0.0120) | (-0.0918) | (-0.1499) | (-0.0005)

Note: The optimal G has been chosen according to the BIC. The lowest MSE is reported in bold.
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Table 2: Estimation results

Method Parameters Estimates
Lee(2009) Bounds (-0.019,0.093)
S.e. [0.0179, 0.0130]
Worst c. 1. {-.055,0.119}
Heckman two step ATE 0.0148
S.e. 0.0117
Das et al. (2003) ATE 0.0140
S.e. 0.0122
PS (G=1) ATE 0.0503
LR-test p-value 0.0005
10 0.0686
PS (G=7) ATE 0.0065
LR-test p-value 0.2334
710 0.0337

Note:the optimal G has been chosen according to the BIC.
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