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Abstract

The aim of this paper is to provide an alternative way of specification and estima-
tion of a labor supply model. The proposed estimation procedure can be included in
the so called predicted wage methods and its main interest is twofold. First, under
standard assumptions in studies of labor supply, the estimator based on predicted
wages is shown to be consistent and asymptotically normal. Moreover, we propose
also a consistent estimator of the asymptotic variance covariance matrix estimator.
Secondly, we introduce a semiparametric estimator based on marginal integration
techniques that allows for nonlinear relationships between working hours and other
explanatory variables. We show the asymptotic properties of this estimator and
we compare the results empirically against those obtained in standard three step

estimators based on predicted wages. !
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1 Introduction

The purpose of this paper is to provide an alternative way of specification and estimation
of a standard model of labor supply. Our interest involves a structural labor supply
model in which hours of work depend on the wage rate and other explanatory variables.
The difficulty in estimating such system occurs because first, information is not available
on the wage rate for those who do not work, and second, the wage rate is determined
endogenously. To avoid the first problem, the estimation method must take into account
the sample selection bias and the second problem is solved by specifying a relationship

that considers the wage rate as a endogenous variable.

The estimation procedure proposed in this paper is a three step method based on the ideas
developed by Heckman (1979,1993) and it can be included in the so called predicted wage
methods (Wales and Woodland, 1980). Its main interest is twofold. First, in the standard
econometric model that is traditionally assumed in studies of labor supply, the three step
estimator based on predicted wages is shown to be consistent and asymptotically normal.
Moreover, we provide also a consistent estimator of the asymptotic variance covariance
matrix for this three step estimator. Second, the classical assumption of linearity between
working hours and other explanatory variables is relaxed allowing for a semiparametric
partial additive relationship. In particular, this more flexible specification can be of great
interest when analyzing the relationship between hours and wage rates. This relationship
has been traditionally assumed to be linear, but as Blundell and Meghir (1986) pointed out
there exist very few theoretical foundations to support this hypothesis. The nonparametric
additive components are estimated according to the method developed in Hardle, Huet,
Mammen and Sperlich (1998) and it is based on marginal integration techniques (Linton
and Nielsen, 1995). The resulting estimator turns out to be a semiparametric one, in the
sense that the distribution of the random errors is assumed to be known (gaussian), but
the index function is not specified to be linear. Within this set up, we show the root-n
consistency and the asymptotic distribution of this three step semiparametric estimator
and we also provide a consistent estimator of the asymptotic variance covariance matrix.
This enables us to make comparisons between the three step fully parametric estimator
and the semiparametric one, mainly, analyzing the relationship between hours and wage

rates.

Note that our extension of the standard parametric model is quite different from the one
proposed by Ahn and Powell (1993). They mainly focused on relaxing the assumptions
on the model only in the first step. They neither calculated the standard deviation of the
second step nor considered the third step at all. But on the other hand, in the first step
their approach is more general than ours and a combination of both would be certainly

worth to be considered.



In the next section of the paper we specify a simultaneous equation structural model of
labor supply. We also recall the basic principles of three step estimation methods based
on predicted wages and we establish the main statistical results in the fully parametric
context. In section 3 we introduce the semiparametric three step estimator and we establish
its main asymptotic properties. Section 4 presents an extensive application based on a

spanish labor force data and in section 5 we conclude.

2 The Structural Model of Labor Supply

In this section we start by considering a structural econometric model of labor supply. To
this end, we previously specify the relationship among wages, hours of work (or participa-
tion) and other explanatory variables, and next, we will introduce formally the assumptions
that are necessary to obtain the statistical properties of the three step estimator based on
predicted wages. We will finally propose a consistent estimator of the asymptotic variance

covariance matrix of the previous estimator.

Let us consider a labor supply in which both the wage rate and hours of work are endoge-
nously determined. The extended model can be expressed as follows. Hours of work are a
function of a vector of explanatory variables x which includes the log of the wage rate as
its first element {w}. In addition it is assumed that w is a function of another vector of

exogenous variables z. Thus, we have for the individual ¢

e the hours equation,

h(w;, xg; Uy of  h(wi, g Ui;
R Aot

0 otherwise

e and the wage equation.

(2) wi =g (zi7)tu  if yi>0

As it has been remarked in Wales and Woodland (1980), there exist two problems in the
estimation of the structural parameters of the previous simultaneous equation system.
First, both equations are subject to sample selection bias and second, the model is a set
of two simultaneous equations in which the wage rate, which is an explanatory variable in

the hours equation, is correlated with the hours equation disturbance.

In order to solve these problems and estimate the structural parameters of the previous

model, some further hypotheses are needed.



(A.1) The values {w;,x;, z}Y, are realizations from measurable i.i.d random variables,
where W € IR, X € IRP*? and Z € IR". Moreover, {y;}Y, are realizations from a
truncated random variable, and ( is a binary variable that takes the value 1 as y > 0

and 0 otherwise.
(A.2) The random variables have bounded support and 2+ ¢ finite moments for some € > 0.
(A.3) The data satisfy the restrictions (1) and (2).

(A.4) Moreover,
h(wi e B) = Buwi+ 2] B,
(3)
g(zy) = Sl

where the vector z contains at least one variable not contained in =z.

(A.5) Define the parameter vector § = (f3,,, 3,7) and the parameter space © = IB,, x IBxT.

Then 6 € O, O is a compact set, and §, is an interior point of ©.

2
(A.6) ( “ ) ~ N (0,X) where ¥ = ( n P ) :
u

2
2 pPO102 0y

Taking into account these assumptions, in order to estimate the structural parameters
of the labor supply model several procedures have been proposed in the literature (see
Wales and Woodland, 1980). Among them, the methods based on predicted wage rates
have been followed by several authors (see Boskin, 1973; Hall, 1973 and Rosen, 1976).
Traditionally, this method has consisted on a three step procedure that is implemented as

follows.

In the first step then, we estimate the parameters of the reduced form model for the hours

equation by using a probit maximum likelihood procedure. The reduced form model is

(4)

0 otherwise

C}_{l 1 f Z?a—l—x?ﬁ—l—vu>0

The relationship between the structural and the reduced form parameters is o = 3,4 and
v1; = Bpuz; + uy;. The variable (; is equal to 1 iff y; > 0 and 0 otherwise, and therefore,
under assumptions (A.1) to (A.6) the likelihood function has the following form

(5) L(a,ﬁ):’ﬂ1(1_F(M))ﬁF(z?a+x¢Tﬁ)7

Oy Oy



where M is the number of individuals for those who both wages and number of working
hours are observed, N is the number of individuals in the sample, F(e) is the cumula-
tive normal distribution function and ¢2 = 3202 + o7 + 28,p0102. Maximum likelihood
estimates of the reduced form parameters & and B can be estimated by introducing the

identifying restriction o, = 1. The estimators & and B must fulfill the following restriction
6 ~T ia AT NT(S v; =
o VI 0= 5 S ey (79

=1

K3

where 77 = (:L'T ZZT) , 0= (aT ﬁT)T and f (e) stands for the gaussian density.

In the second step, the log wage equation is estimated by least square methods correcting
the sample selection bias by the Mill’s ratio. More exactly, the selection bias corrected

equation will be
(7) wi:Z?’)/1+’)/2)\(Z?OAé+$?B) +w; — E(wijw; >0), i=1,---, M,

. T
where & and 3 are the maximizers of (5) at this stage, ¥ = (’y{f %) must fulfill the

following condition
L& 2 &L . 7
(8) ﬁ;g(zﬁéa’o :—ﬁ;@% (wi_zi ’Y) =0

where 2] = {ZZT A (:Z'?S)}&ﬂd A(e) = f(o)/F (o) is the Mill’s ratio. In the third step
the structural parameters of the hours equation are estimated. In order to do this, we

construct the predicted wages unconditionally for all individuals in the sample, i.e.
(9) Wy =14 i=1, -

Recall that 4 are either O.L.5. or feasible G.L.S. of the log wage equation. Then, by
substituting the predicted wages in the hours equation (1) it is possible to estimate the
structural parameters by Tobit maximum likelihood. For this unconditional predicted

wages the likelihood function has the following expression

10wy (A (o p (BB,

01 i=M+1 01

Other possible ways to calculate predicted wages are available. If the structural model is
recursive (p = 0), then the predicted wages for participants are the observed ones, and for
nonparticipants, the predicted ones. The problem is that if p # 0, then @ is endogenous
and therefore the Tobit maximum likelihood estimators are inconsistent. This is also the
problem when the predicted wages are generated conditionally by using the Mill’s ratio.

In this case, the estimators of the hours equation are also inconsistent since the criteria



that determines the truncation of both structural equations is the same. The estimators

derived from the maximization of (10) will fulfill the following equation condition

1 al Toa 1 i Cz / T 1_@ T
(11)ﬁ;h (Xi;cs,’y,r) = _ﬁ; lf(XZTT)f (XZ» 7') x; + ﬁ(xfr)f (XZ» 7-) xi] =

7

where x! = {ZZT’} :Jcﬂ and 7 = (ﬁg ﬁT)T. 1’ (o) stands for the first derivative of the

standard normal density function with respect to the whole argument.

It should be recognized that the usual Tobit standard errors are not appropriated for this
estimators since predicted rather than actual wage rates are used for non workers. We
show now, under fairly general assumptions, the consistency and asymptotic normality of
the three step estimators derived previously. Moreover, we provide a consistent estimator
of the asymptotic variance-covariance matrix of the three step estimator. Before to give

the theoretical results, we will introduce some notation. Let
m(x,z)=m(x,z;%), g(x,2)=g(x,2;%0,%), h(z,z)="h(x,z;d),%,70),
MWZE[VWW(J},Z)], GgZE[v(gg(l',Z)], GWZE[V%Q(J},Z)],

H,=E[V,h(x,z)], H,=FE[V:h(z,2)], and¢(z,z)=—-M"m(z,z).

Theorem 1 Assume conditions (A.1) to (A.6) hold, then

VN (3 = 75) 25 N (0,V (o))

where
Vin)= H'E [h (z,2) + HVGv_l (g9(x, 2) + Gs¢ (=, z))] [h (z,2) + HWGW_l (9(z,2) + G (2, z))]T Ho'.

Moreover, if

where

A

AN (l‘i, ZZ) = %i\f: {h (l‘i, Ziy (AS,’A)/, 7A') —|— AlN (l‘i, ZZ)} {h (l‘i, Ziy (AS,’A)/, 7A') ‘|‘ AlN (l‘i, ZZ)}T 5
=1

A

Ay (2, 2) =

~1
[% %ng (51?2'722',57:7)] {9 (%,Zu& ’?) + l%ﬁ;vég (51?2'722',5,’7)] Asy (:L‘Z,Zz)} ,

=1

1
AQN (2,2) = — l%é%v(gm (:1;2,22,5)] m (xi,zi; 8)

=1



and N

N 1 2 A
By (J}Z,ZZ) = ﬁ;vwh (J}Z',ZZ',(S,’Y,T) )
then

A

Vi(7) — V(70)

as N tends to infinity.

However, in order to identify the structural model described in (1) and (2) it has been
necessary to introduce some restrictions that are hardly supported by economic theory but
necessary to identify and estimate some structural parameters (Mroz, 1987). In particular,
in this paper we are concerned about the assumption of linearity between the hours of work
and the log-wages. This is implicitly assumed in the econometric model that incorporates
assumptions (A.1) to (A.6) and, in fact, this has been the model that has been more
commonly used in econometric applications of labor supply (Wales and Woodland, 1980).
However, Blundell and Meghir (1986) discuss some models proposed by economic theory
that do not imply linearity between hours of work and log-wages. On these grounds,
we propose a three step estimator of the structural parameters of a labor supply model
that do not rely on the assumption of linearity between hours of work and log of wages.
Moreover, it is also possible to estimate with flexible methods the relationships between
the endogenous variable and other explanatory variables in the hours equation. Although
we will not discuss the implications of misspecification on distributional assumptions in
this type of models, we remark that it is also a relevant issue that has been studied in

deep by Vijverberg (1991).

3 A Semiparametric Approach to the Heckman Esti-

mator

In this section we will start by relaxing some of the assumptions that have been discussed
in the previous section. More concretely, assumptions (A.4/) and (A.5) will be replaced

by the following weaker conditions

(A1)
EIW =w,X=1,) = h(w,z;8)=F (ﬁTSZ' —|—77(ti,wi)) i=1,---,N

and g (z;;7) = 2l'y for i = 1,---, M, where F'(e) is the cumulative normal density

function, and 7 is an unknown function from R in IR.



(A5)

d
U(ti,wi) = a+277j(tij)+77d+1(wi) i=1,--- N

i=1

77d+1(ZZ'T’Y‘|‘UQi) = Z@k(Zik)+99r+1(U2i) i=1,--, M,
k=1

where ¢ is an unknown function.

(A.6") Let us define as define by U the set of all real valued functions that are four times
continuously differentiable in IR.. Then, {;(#)}’X] and {¢x(e) Hew.

J=1

Assumption (A.4’) allows for possible non-linear relationships among the variables and
assumption (A.5’) introduces the restriction of additivity in the nonparametric function
n(e). Additivity provides several advantages as avoiding the curse of dimensionality (Stone,

1986) and a better interpretability. Additionally we also assume the following

(A7) X = (S,T), where T € IR are absolutely continuous random variables and S € IR?
are dummy variables. {s;,#;}}*, are realizations from (S, T). S and T have compact
support Dg and Dz. The support Dyr is of the form Dry x Dy _y with Dy C
IR and Dr_; C IR*'. T has a twice continuously differentiable density fr with

infteDT fT (t) > 0.

(A.8) For the n’s we set the following, F, [n;({;)] =0 forall j =1,...,d and E[n(T)] = o
For the ¢’s we need E.,, [¢(z;)] = 0 for all k. Additionally we set E,, [n441(w;)] =0

Assumption (A.7) is considered without loss of generality, all variables could be continuous
and the results would still hold. Finally, assumption (A.8) is necessary for the sake of

identification.

Taking into account the structural model, equations (1) and (2), and the assumptions (A4.1)
to (A.3), (A.47), (A.5°), and (A.6) to (A.8), we now develop the three step semiparametric

estimator and its statistical properties.

3.1 First step: Generalized Additive Partial Linear Model

In the first step, we estimate the selection bias correcting factor, the so-called Mills ratio A

by estimating a reduced form model that comes out from substituting equation (2) in (1).



Using assumptions (A.4°), (A.57) and (A.6) then the reduced form model is a Generalized
Additive Partial Linear Model (GAPLM)

(12) ENGX7=3%Z==Z]:f’{ﬂT&-+Z;UAhD-F§;¢k@%)}

The parameter vector 3, and the nonparametric additive components {nj(t)};l:l and
{¢r(#)},_, are estimated by the method proposed by Hérdle, Huet, Mammen and Sperlich
(1998). To make the exposition more clear, in equation (12) we can rewrite Z;l:l ni(ti;) +
Soher pr(zik) as Z;li{ Yi(vyr). The probably so far best known nonparametric estimation
procedure for these models has been the backfitting algorithm, see Hastie and Tibshi-
rani (1990). An alternative is the so-called marginal integration estimator. The idea of
marginal integration was first introduced by Tjgstheim and Auestad (1994) and Linton
and Nielsen (1995). To estimate a particular additive component 5 one uses a multidi-

mensional preliminar estimator and then integrates out all covariates v; except vy.

To get the pre-estimate of ¢, we use the method of Severini and Staniswalis (1994) which
considered a model of the form (12). Their approach is based on an iterative application
of smoothed local and un-smoothed global likelihood functions. In particular, this method
allows an y/n estimation of the parametric component. Afterwards, we apply the integra-

tion idea on ¢ to obtain estimates for ¢;, j = 1,...,d + r (see Hardle, Huet, Mammen

and Sperlich, 1998).

The reason why we prefer in our application the marginal integration approach to the
backfitting procedure is that the first mentioned is indeed estimating the marginal effect
of the particular input variable, even when the assumption of additivity is violated. In
contrast, the backfitting is looking for an optimal fit of the regression problem and thus
the estimation of marginal effects can be hard to interprete if strong separability of the
input variables is not valid (cf. Sperlich, Linton, Héardle, 1997). Further, no theory for
GAPLM with the backfitting algorithm has been developed until recently, see e.g. Linton,
Mammen and Nielsen (1997).

Given (s;,v;), with p; = F{sT B+a+1(vi1)+. . .+ar, (vigrr) } the (conditional) likelihood

of y; for the binary case is given by

(13) Q(uisy:) = yilog pu; + (1 — yi)log(1 — )

and the conditional likelihood function

n

(14) LT, 5) = Quiyi)

=1

where ¢ (v) is the additive function a 4 ¥1(v1) + ... + Yagr(Vagr )



Without loss of generality, we describe now how to estimate the component ;. For a vector
u € IR™" we denote the vector (uz,...,uq )T by uy, respectively vy = (vigy ..., viggr)T.
Further, for a kernel function L defined on IR"=' we put L,(v) = g~ @~V L(g~'v) and
for a kernel function K defined on IR we put Kj(v) = k™' K(h™'v). For L we take the
product kernel L = Hd'” L;. The bandwidth ¢ is related to the smoothing in direction
of the nuisance covariates, the bandwidth h to the direction of interest (here direction 1).

We also make use of the smoothed likelihood defined by

(15) L35(T,3) = /Zj: Kp(vi —vin) Ly(vr — 0@ [F {Sfﬁ + W(”)} ? yi} dt.

Following Severini and Staniswalis (1994) and Hérdle, Huet, Mammen and Sperlich (1998)
we put for € B C IRP

(16) Va(v) = afgffggﬂszh(vl—vﬂ)%(v vi)Q [G{s] B+ v}l
(17) B = agminL(ds,8),

RS
|

(18) 5 .

The first equation (16) can also be written as ;Zg = arg H}gnﬁs(;/), (). The estimate b is a

multivariate kernel estimate of ¢/* which makes no use of the additive structure but serves
as a pre-estimate as mentioned above. This procedure can be performed by an iterative

alternating Newton Raphson type algorithm.

We now apply the marginal integration method. Because of the identifiability conditions,
1(v1) is equal to [ wi(v)YT(vy,v)dv or up to a constant, where w; is a weight function

verifying [w;(v)dv = 1.

Thus, we put

(19) 121(?)1) _n >oicy wi(vin )Y (v, Uzl)‘

% Z?:l wl( Ull)

and by centering ;Zl to zero, we get an estimate for ¢1. Here again, introduction of a weight

function w; may be useful to avoid problems at the boundary. The additive constant « is

simply estimated by

n
> (i),
=1

The final additive estimate of 1)t (v) will then be given by & + ;Zl(vl) +...+ ;Zd(vd).

(20)

SIH

In the paper of Hardle, Huet, Mammen and Sperlich (1998) the consistency for these es-

timators (including B) is proved and the asymptotic distribution is developed. Since in

10



the next subsection we will present some asymptotic results about the two step semipara-
metric estimator, we introduce the following assumptions about the behavior of the kernel

and the bandwidths

(A.9) The kernel L is a product kernel L (v) = Ly (11) X ... X Lg_q (vq-1). The kernels
L; are symmetric probability densities with compact support. The kernel K is a
symmetric probability density with compact support. Moreover they are both twice

continuously differentiable.

A.10) The bandwidths & and ¢ tend to zero and NA2@=1D (log N) *tends to infinity.
g g ¥y

3.2 Second step: Semiparametric least squares estimation

The log-wage equation can be estimated recalling that under the previous assumptions

d+r
E[W|CZ =1,7=z,X= J}Z] = ’leZZ + ’)/2)\ (SZTQ* + Z@m(%ﬁ) i=1,---, M,

=1
where \; stands for the Mill’s ratio. Then,

d+r

=1

where ¢; = w; — E[W|(; = 1,7 = z;, X = a;]. In the previous equation, the estimation
of the parameter vector v7 =(vI ~3)T is unfeasible since the parameters of the index,
G* and {;/)l(o)};li{ are unknown. In this case, 8* stands for the parameter vector 3 with
the normalization o7 + V (¢g41(ug;)) = 1. Heckman (1979), proposed in a fully parametric
setting, to replace them by consistent estimators, proceeding in the same way then obtain

the following regression equation

d+r

=1

The parameter vector (y{ 7;)? can be estimated by ordinary least squares. In this case,

4=  A2)T must fulfill the following set of conditions
(23) _Zg( B@Z’Uz ):__ZCZZ(Z 2 ):0

where 77 = {ZZT )\( T 4yt ;/)l(v”))} (o) = SHT dy(vg) and A(e) = f(e) /F (o)
is the Mill’s ratio. We show in the Appendix the followmg asymptotic result for 4.

Theorem 2 Under the assumptions (A.1)-(A.3), (A.4°)-(A.6°), and (A.7)-(A.10) then

11



VN (5 =70) 2 N (0, M s
where
M =EI[NV,g(z,z; Bo, Yo (V) ,7)],

and

S = E{g(x72;607¢0(y) 770) - E[g($72;60777/)0 (V)770)]} X
{g (x72;607¢0 (V) 770) — b [g (x72;607¢0 (V) 770)]}T'

Moreover, if

Z{V’Yg (xHZHﬁ 77Z) VZ )}{V’Yg (xlvzuﬁ ¢(VZ) )}T

and A . o A LN . A
SNZﬁ;{g(xi,znﬁwb(w)m)—ﬁgg(%%;ﬁw(’/j)ﬁ)}X
1 X _ !
{g (:1;2,22,[3 L/J v;) ) Z_:g(wjazﬁﬁa@/’(’/j)vﬁo}
then

My Sy Myt —, M~YSM™!

as N tends to infinity.

3.3 Third step: Tobit local maximum likelihood estimator

In this section, we replace all the wages for the predicted wages obtained from the previous
step. i.e. w; = ATz for 1 = 1,...,N. Let us consider the structural model that is
represented in equation (10) and in addition consider the previous set of assumptions.
Then the likelihood function for the i-th observation in this model is

7 - — ) N —In(o?)  {yi —7"si—nt)} ln{l _p (—’YTSi — U(tz’)) }

2 2 202

Remark: In the set of continuous explanatory variables ¢; we have included the predicted
wages ;.

We estimate 7, ¢ and n in the following way:

1. Mo = argmax L7 (n,7,0) ,
7

JE—

2 (7.0) = argmax L (0. 7.0).

12



where

(24) L(n,y,0) =

" ln(2r) | —ln(o?) {Yi— s = n(t)?
— ) 2 202

~In {1 —F (—_VTSiU_ n(ti)) } :

I o e

2 202
A e L

Remark: Since by assumption (A.4’) the function n(e) in (24) is unknown, in order to
estimate it we use the local likelihood method proposed by Staniswalis (1989).
To apply the Newton Raphson Algorithm we have to determine the gradients and Hesse-

matrices. In Appendix II, we give the explicit expressions for the algorithm.

4 The Application

4.1 Model and Data

The source of the data is the FEncuesta de Poblacion Activa (EPA) , the Spanish Labor
Force Surveys. These surveys have been carried out on a quarterly basis since 1975 and
are collected by the National Bureau of Statistics (INE). They cover approximately 60,000
households and contain information about 150,000 individuals that are older than 16 years.
It provides information at different levels of disaggregation both at national and regional
level. From these surveys, in the second quarter of 1990, the National Bureau of Statistics
randomly selected a cross-section of 4,989 individuals and additional information about
some variables that were considered relevant for labor market participation analysis were
provided. In this paper we consider a subsample of 1010 individuals participating in the

labor market, 612 workers and 398 non workers.
The variables included in this data set are defined in Table 1 including some basic statistics.
Further, we certainly have the information whether a person has a job (JOB) or not.

In this application we are considering the problem of estimating the conditional expec-
tation of being employed. As discussed in the introduction, we have two problems; for

including the wages we have to predict them for non workers, and additionally, estimating
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Variable || Description Whole Sample | Workers
SEXM dummy, 1 if male 0.680 0.625
(0.466) (0.484)
AGE1 dummy, age 16 to 19 0.131 0.111
(0.338) (0.314)
AGE2 dummy, age 20 to 25 0.265 0.256
(0.441) (0.437)
AGE3 dummy, age 26 to 35 0.278 0.261
(0.448) (0.439)
AGE4 dummy, older than 45 0.138 0.143
(0.345) (0.351)
EDUC1 || elementary school 0.350 0.339
(0.477) (0.474)
EDUC2 || high school 0.115 0.106
(0.320) (0.308)
EDUC3 || university 0.064 0.039
(0.245) (0.194)
URATE | unemployment rate 0.171 0.171
(0.069) (0.071)
of the district
SINGLE || dummy, 1 if single 0.689 0.725
(0.463) (0.446)
NOHH dummy, 1 if person is 0.703 0.616
(0.456) (0.486)
not head of household
WAGE earnings per hour 292.735 483.108
(313.237) (264.402)

Table 1: Comparative Statistics of the explanatory variables; mean and standard deviation

(in brackets).

the wage equation we are touched by the sample selection problem. Therefore we apply

the three step Heckman estimation procedure.

We did the estimation for two competing models, a standard parametric (Model I) and
a semiparametric one (Model II), as we described them in section 3. The only difference
between the models is that in Model II we allow for nonlinearities of in the influence of

the continuous variables URATE in step 1 and URATE, In(WAGE) in step 3.

We proceed as follows. We regress in step

1. the variable JOB against AGE1, AGE2, AGE3, AGE4, EDUC1, EDUC2, EDUC3,
SEXM, SINGLE, NOHH, SEXM*SINGLE, URATE and a constant (CONST) by
(Model 1) E(|X =2 =F (:L'Tﬁj) , respectively by
(Model 1) B|S =s.T =1 =F{s"py + ()},
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with X = (ST, T)T denoting all input variables, T =URATE;

2. In(WAGE) against AGEL, AGE2, AGE3, AGE4, EDUCI, EDUC2, EDUCS3, SEXM,
SEXM*SINGLE, URATEthe Mills ratio and a constant (CONST) by

Elln(WAGE)|X = 2, A = )] = 278 + a),
again with X denoting all input variables and AX the Mills ratio;

3. JOB against AGEL, AGE2, AGE3, AGE4, EDUCL, EDUC2, EDUC3, SEXM, SIN-
GLE, NOHH, URATE, In(WAGE) and (CONST) by

(Model 1) E(|X =2 =F (:L'Tﬁj) , respectively by
(Model 1I) BIS = 5,1 =1] = F{s" By + m(tr) + na(t2) }

X = (ST, 7Y denoting all input variables, t; =URATE, ¢, =In(WAGE).

In step 1 and 3 we had n = 1010 observations, in step 2 n = 612, see Table 1.

In step 2 we regress In(WAGE) versus In(.X) since we are interested in the partial increase

sWAGE 1 _ aln(WAGE)
ax; WAGE — AX; .

proportional to wage, i.e.

We also compare the two cases of (a) taking in step 3 predicted wages for all persons in
the sample versus (b) taking the real (observed) wages for workers. Please note that in
the analytic part of our paper we worked out explicitly the first case whereas the second

can be done straight forward.

For the nonparametric estimation we applied in all steps the quartic kernel, K(u) =
(1 —u?)? I{|u] < 1}. Due to the necessary undersmoothing discussed in section 3, in
the first step bandwidth A = 0.8« stdev(URATE) has been used, where stdev(-) is the
standard deviation of the corresponding input. In step three we used hy = (1.5,1.75)*
stdev(URATE,In(WAGE)) when estimating the parametric (linear) part and hy = (1.0, 1.25)x
stdev(URATE,In(WAGE)), g = hy to estimate ny,n2. For the explanation of h and g, see

section 3.

In Table 2 we present the results the estimation results for Model I and II in the first two
steps. For the nonparametric part in Model I see Figure 1, (f1,1). Because step 1 is only
for determining the Mills ratio, we skip a detailed discussion of its numerical results. We
only notice that all coefficients have the expected sign due to economic theory, the results
for the dummy variables between Model I and II differ mainly concerning the significance
but not much in the values of coefficients. Further, the influence of URATE seems to be

strongly nonlinear.
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step 1 step 2
Variable Model I | Model II || Model I | Model 11
Constant 1.034 1.003 6.305 6.393
(0.213*%) - (0.074%%) (0.065%%)
AGE1L —0.520 —0.450 —0.302 —0.329
(0.183*%) (0.112%%) (0.097*%) (0.097*%)
AGE2 —0.267 | —0.259 0.046 0.044
(0.163%) (0.099%%) (0.075) (0.060)
AGE3 —0.188 —0.192 0.006 0.010
(0.146%) (0.088**) (0.067) (0.052)
AGEA4 —0.439 —0.443 0.071 0.068
(0.161%%) (0.096%*) (0.070) (0.055%)
EDUC1 0.034 —0.033 —0.027 | —0.016
(0.105) (0.066) (0.051) (0.046)
EDUC2 —0.118 —0.178 0.210 0.214
(0.142) (0.090%%) (0.070%%) (0.063**)
EDUCS —0.531 —0.510 0.645 0.601
(0.182%%) (0.115%%) (0.109%%) (0.101%%)
SEXM —0.219 —0.247 0.081 0.060
(0.181) (0.112%%) (0.075) (0.065)
SINGLE 0.696 0.690 — —
(0.199%%) (0.120%%)
NOHH —0.895 —0.910 — —
(0.130%%) (0.078%%)
SEXM*SINGLE || —0.102 —0.089 —1.111 —0.093
(0.212) (0.131) (0.066%*) (0.059%)
U-RATE —0.504 — 0.073 0.071
(0.614) (0.280) (0.215)
Mills — — —0.480 —0.299
(0.116%*) (0.062*%)

Table 2: Estimation results for step 1 and 2 for the parametric part. Standard deviations
are given in brackets. Asterisks indicate significance at 10 (*), respectively 5 (**) percent

level.

For the wage equation (step 2) we again have quite similar results for the different Models,
except for the Mills ratio. Notice that age, education, sex and family status have significant
influence with expected signs. They confirm that very young age and low education level

have a negative influence on the earnings per hour.

The fact that URATE is perfectly insignificant could indicate that pay policy and wage
negotiations are still nationwide in Spain and are not affected by the labor market in the
particular district. The Mills ratio in both models is strongly significant, so we indeed
deal with a big selection bias in the wage equation. For the semiparametric case (Model

IT) it is much smaller.
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Unfortunately, in both models the wage regression have a R? of only about 21%, i.e. we
are not explaining much of the variance of In(WAGE). This lead us to the comparison of
two cases ((a) and (b)) in step 3. In Figure 1 we have plotted the estimates of the influence
functions for URATE, and In(WAGE) for both cases. The problem in case (b), when we
take the observed wages for workers and predicted wages only for the non workers is, that
due to the small R* we have predicted wages only in a much smaller (but high-level) range

than the range is for observed wages.

T T T T T T T T T T T T
0.05 0.1 0.15 0.2 0.25 0.3 0.05 0.1 0.15 0.2 0.25 0.3
Unemployment Unemployment

T T T T T T T T T T T T
0.05 0.1 0.15 0.2 0.25 0.3 0.05 0.1 0.15 0.2 0.25 0.3
Unemployment Unemployment

04
[

f2
\

T T T T T T T T T
6 6.25 6.5 6.75 7 4 5 6 7 8
In Wage In Wage

Figure 1: Nonparametric and parametric estimates for URATE and In(WAGE). At top
(f1,1) for step 1, below (f1,12) for step 3, left case (a), right case (b).

Consequently all small wages in that sample belong to workers and vice versa we get a
strongly negative estimate for the influence of In(WAGE) on having a job. Therefore, and
to be consistent in the inputs, we rely more on case (a) where we take the predicted wages
for all people and thus avoid the problem of having two quite different variations in the

same predictor variable.

In Table 3 we show the estimation results in step 3, case (a) for the parametric part.
First, to manifest the difference between a standard probit, as often done in the economic
literature, and the probit with corrected standard deviations, we present both for Model I.

We can see that the corrected ones are about 5 to 15% bigger than the uncorrected ones.

The coefficient estimates for Model I and II again are quite similar. Certainly, including
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Variable Model I | Model I* | Model 11
Constant —4.715 1.044
(14.001) (12.133) -
AGE1L —0.244 —0.477
(0.829) (0.615) (0.133%%)
AGE2 —0.310 —0.257
(0.201%) (0.181%%) (0.098**)
AGE3 —0.193 —0.198
(0.168) (0.145%) (0.088*)
AGEA4 —0.504 —0.444
(0.213%%) (0.204%%) (0.096**)
EDUC1 0.059 —0.035
(0.134) (0.118) (0.066)
EDUC2 —0.309 —0.185
(0.474) (0.421) (0.097%%)
EDUCS —1.119 —0.660
(1.351) (1.228) (0.260%)
SEXM —0.292 —0.308
(0.123%%) (0.094%%) (0.058**)
SINGLE 0.696 0.621
(0.190%%) (0.199%%) (0.067%%)
NOHH —0.895 —0.894
(0.130%%) (0.130%%) (0.075%%)
In(WAGE) 0.912 -
(2.209) (1.907)
U-RATE —0.570 —
(0.652) (0.631)

Table 3: Estimation results for step 3, case (a) for the parametric part. Standard deviations
are given in brackets. Column Model I* is giving the uncorrected standard deviations.
Asterisks indicate significance at 10 (*), respectively 5 (**) percent level. For Model II we

give here the uncorrected standard deviations neglecting the first two steps.

In(WAGE), the significance for the other explanatory variables is shrinking (compare step
1) in the parametric Model 1. But still age (AGE2, AGE4), SEX, SINGLE and NOHH
is highly significant with expected signs. URATE is only significant at a level of about
21%. Notice that this statement holds only for the linear influence of URATE. Looking
at Figure 1, we see a clearly nonlinearity for URATE while for In(WAGE) insignificance

seems to be real and not just caused by a misspecification of its functional form.

Nevertheless, zooming this result, see Figure 2, we get the impression that in Spain there
is a small upper-middle class. We have many jobs where people earn a small salary, but
for some people with the adequate abilities to earn a lot there is an increasing probability

to get such a job.

Looking at the estimated influence of URATE, the functional form is a little bit harder to
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Figure 2: Nonparametric estimates for URATE and In(WAGE) for step 3, case (a).

understand. Let E be the employed people, LF' the labor force (all participants), U the
unemployed people, u the percentage of U to LF', and P the probability to be employed

(that is what we estimate).

We have P = E/LF = FE/(F+U)=FE/(E 4+ u% LF) and consider

dP  —ExLF
du ~ (E+uxLF)?’

compare with parametric results in Table 3.

Now we consider this with respect to a possibly changing Labor Force. This consideration
makes sense, since there are many situations where at the same time many people give up

to register, e.g. in a recession when nobody is believing in his chance.

OP/Ou  (—E(E4ux LF)+2E «ux* LI)

OLF (E+u*LF)?

Here you can see how for certain changes in LF or u this probability P can be positive,
respectively negative. This way we can understand the nonlinear function, especially the

increase for high unemployment w.

5 Conclusions

The purpose of this paper has been to provide an extension of specification and estimation
a standard model of labor supply which is known as the three step Heckman algorithm.

It can thus be included in the so called predicted wage methods.

We first give consistent estimates for the standard deviations in the known parametric

standard model for the third step. We then introduce an alternative model specification
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using latest developments from non- and semiparametric statistics. We present the esti-
mation procedure for all steps and consistent estimates for the standard deviations of the

parametric part in the first and second step.

In a detailed application example we demonstrate the handling and performance of our
new estimation method. We further compare the results with the standard parametric

approach, and discuss the differences and possible ways of interpretation.

Appendix I: Proof of Theorems 1 and 2

Proof of Theorem 1

Before to prove the results we introduce the following lemma.

Lemma 1 (Newey and McFadden, 1994) If z is i.i.d., a(z,0) is continuous at Oy
with probability one, and there is a neighborhood N of 0y such that E [supgey ||a(z,0)]]] <
0o, then for any —, 00, n Y a (Zi, 5) —p Fla(z,00)].

The proof can be found in Newey and McFadden (1994), p. 2156.

We will show first the convergence in distribution result. In order to do so, first note that

(26) VN (5 6) = j—ﬁzwxi,zi)

-1 _
m(x;,z) and ¢ is a mean value. This

where ) (v5,2) = — {% Zﬁl Vsm (:1;2', 2, 5)]
is because ¢ makes (6) equal to zero, with probability one, and the mean value theorem.
Furthermore, Assumptions (A.1) to (A.6) ensure both that § is a consistent estimator for
(see Newey and McFadden, 1994: Theorem 2.5, p. 2131), and {sup(SeNé |lm (x, z; 5)”} <

o0, therefore, Lemma 1 applies for § between § and and &, and then
R 1
(27) \/N(5—50) = \/—NZ%/)(%%)‘F%(U

where now, ¥ (z;,z;) = —[E[V.,m (:1;,2)]]_1 m (x;,z). Proceeding in the same way as

before for equation (8), it is also possible to show that

\/N(’Y — %) = — [% is1 Vg (xi,zi,& fy)}_l %
(28)
{\/l_ﬁ Zﬁl g (2, 2) + {% Zﬁl Vsg (:1:2', %, 0, 70)} VN (S — 50)}
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But then, if we substitute (27) into (28) and we apply again Lemma 1 we obtain

(29) \/N(FAY_’YO) \/—Z{g x2722)+G5¢ (J}Z,ZZ)}—I-OP( )

The same can be done for equation (11) and then

VN (7 = 1) = —Hye (8,4,7) 7 A 5% (i) = Huve (8,5,7) 7 Hivs (8,790, 70) VA (6= 89)

P —1 - N
—Hn: (8,4,7) Hu (80,7, 70) VN (5 = %)

— N

Hysy (Hny (00,7, 70)) N (5 - 50) (¥ — 7o)
(30)
where

HNT (87 ’A)/v 77—) = % Zf\il vﬂ'h (xiv Ziy 87 ’3/7 77—)
Hys (5, ’Yo,To) =+ XN, Vsh (:1?2',22',577077'0)
Hy., (507 v TO) = % Zﬁl vwh (xiv 200,75 TO)

HNSW (5, Y, To) = N_% Zf\il v(ngh (l‘i, Zsy 5, Y, To)
Now, substituting back both equations (27) and (29) into ( 30) and applying Lemma 1

then we obtain

\/N(%—TO):—H;I
(31)
\/_Zz 1{h x2722 +H577/)($2,22)+H G ( (xivzi)+G5¢(xivzi))}+0p(1)

and taking into account assumption (A.2), we can apply both the Lindeberg-Levy CLT
and the Slutzky theorem (see Serfling, 1980: pp.19 and 28) and the proof is done.

The proof of consistency of the variance covariance matrix v (7) is immediate by applying

Lemma 1 to the different terms.

Proof of Theorem 2

In order to develop the proof of this theorem we need two previous lemmas.
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Lemma 2 Assume conditions (A.1) to (A.3), (A.4°) to (A.7°), and (A.8)-(A.10) hold,

then
1 Y 1 X
(32)  wn (5, N;g i 255 B, 0 (v - N;E g (i, 25 8,9 (vi), 70)]

is stochastically equicontinuous at (o, o).

Proof of Lemma 2

In order to show stochastic equicontinuity, we must prove that for all ¢ > 0 and 1 > 0,
there exists & > 0 such that

(33) mN—M)OP ( sup |VN (67¢) — UN (ﬁ07¢0)| > 77) < €
p((B:%),(Bo o)) <6

Where the supremum is taken over (3,¢) € IB x U for the metric p ((3,%¢),(Bo,%0)) =
|8 — Bolls + sup,, [(v) — ¥o(v)|. Substituting (32) into (33) and rearranging terms we
have that

vN (B,9) = vn (Bo, to) = ﬁzyﬂ {9 (25,255 B,¥(vi), v0) — g (2i; 235 Bo, o(vi), 70) }
(34)

—I_\/Lﬁ Zf\il B {g (xiv 215 ﬁv ¢(Ui)7 70) -9 (xiv 215 ﬁov ¢0(Ui)7 70)} s
then by the triangle inequality

P (sup [vn (8,v) — v (Bo, to)| > )
(35) <P (sup| e T, {g (e 28, 0(vi) 0) — g (2 265 Bos Yolvi), 30)}| > )

+P (sup | o DX, B {g (20, 25 8, 9(vi), %) — g (26, 233 Bo, Yo(vi), 70) Y > n)
Taking a Taylor expansion around [y and g and using Freshet derivatives as in Newey
(1994) then it can be shown that

ﬁ vaﬂ {9 (@i, 23 B,9(vi), 70) — g (i, 253 Bo, Yo(vi),70) — G (B — Bo, ¥(vi) — vo(vi))}
<O LS8 o) i+ (v) = do(v)} < Co{l18 = Boll + (sup, [ (v) — o))}
(36)

for some positive constants Cy and Cy. Moreover, according to equation (23),

G ([3 — Do, 77[)(1)2) — 77/)0(1)2')) is equal to
{—QQ [ iz, ] [wi - ZZ'T’Ylo - ’720)\21 + 2¢;

=W (2, 8i,0:) {(5 — ﬁo)T s+ (vi) — ?Z)O(Ui)}

jﬁ ] A;m} < (8= Bo)" si + P(vi) — tho(vi) }

(37)
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Notice that A and X\ are evaluated at 3y and .

Since for § > 0 we have p ((B, ;/A)) . (Bo, ;/)0)) < 4 then the left hand side of (35) is bounded

P (sup |k S8y Wi (21,50, 00) {(8 = o) i+ (1) = olv)}| > )

(38)
+P (sup | S, 8 (W i) (8= 0)7 s+ (0 — do(w) ]| > ).
and,
mN—><>o (SUP‘\/—Z (szszvvz){(ﬁ_ﬁO)T SZ+¢(UZ) _¢0(Ui)}‘ > 77)
(39)

<Tlimy__.. P (H\/_ZZ L Wilziy 8,00 > %) <€

The same holds for the second term of equation (38). Under assumptions (A.1) and (A.2)
then by the Levy CLT \/— SN Wiz, 85,v) = O,(1) and therefore by choosing § small

we close the proof.

a

The proof of this theorem is based in the results developed by Andrews (1994). In equation

(23) using the mean value theorem we obtain

-1

N . N .
(40Y'N (4 — 70) = — [%;ng (xivzi7ﬁ7¢(vi)77)] X \/—N;g (26265 8,80 (v3), %)

where 7 lies in the segment between =~y and 4. Then by rearranging terms
R A -1
VN (3 =0) = = [+ 2, Vg (26,20, 8,80:), )] % { o T g (24, 265 Bo, do(v:), 70)
+w 2ty (51/‘2’7 25 B, b (vs), ’YO) — % i1 g (@i 2t Bos tho(vi), ’70)}

(41)

We claim the following results,
1 & -
(42) ﬁszg (xivzivﬁvﬁ)(vi)?:y) —p M7
=1

where M = FE [V.,g(x, z, Bo, ¥o(v),70)]-

1 N
\/—Zg (i, 2i3 Bo, Yo(v3), y0) — \/NEE[g(xivzi;607¢0(vi)770)] = N (0,5),
as N tends to infinity.
1 N
(44) \/_Zg (xlvzlaﬁ ¢( ) ) - ﬁzg(xivzi;ﬁ07¢0(vi)770) —p 07
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where S is the asymptotic variance. Under this results the theorem will have been proved
since by (42) and (44) then (41) becomes

) VG0 = M (o) +lim 3 gz o) 20

~ Bl (s, 75 6o o(0) 0] )
Finally, substitute (43) into (45), apply the Slutzky theorem, and we obtain
VN (3 = 50) 2 N (0. M7 SM)

This closes the proof. Now we proceed to prove the results contained in equations (42),

(43) and (44).

In order to show (44), we can rewrite the left hand side of this equation as equal to
A s 1 X A s
(46) VN (ﬁ? ¢) — VN (607 77Z)0) - \/—N ; E {g (xiv 43 67 ¢(Ui)7 70)} ’

Since vy (3,1) is stochastically equicontinuous (see Lemma 2), B and ;/A) are consistent
estimators of By and ¢y (see Haerdle, Huet, Mammen and Sperlich, 1998) with respect to
the pseudo-metric p ((3,4), (8o, %0)) and P ((B, L/AJ) € B x \I/) — 1 then it is possible to
show that

(47) VN (57 %/)) — N (Bo,t0) — 0,
see Andrews (1994), p. 49. Moreover
1 X -
(48) N ; L [g (l’u zi; 3, ¢(Ui)770)} —p 0
To show this, rewrite the left hand side of equation (48) as

\/LNZ?LI B [9 (wiazi;f;a@/}(%)ﬁo)] x 1 (P ((571/)) 7(5071/)0)) < 6)
(49)

toe il B {9 (wivzi;éaﬁz(w)ﬁo)} x 1 (P ((57%/)) 7(5071/)0)) > 6) ;

then (48) holds because of the consistency result and the fact that

N
j—NZ Elg (21,20, 9(v1),70)] =0 for all § and ¢

in a neighborhood of 3y and 9. Under assumption (A.2), we can apply the Lindeberg-Levy
CLT and then equation (43) is proved.

We finally we show (42). In order to do so, note first that

1 X - B 2 X,
(50) ﬁngg (51?2'722'757%/)(1%%7) = ﬁ;é}%zz
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where ZI = {ZZT A (S?B + 77[)(1)2))} Then it is sufficient to show that

(51) sup
(B:)eBXW

vag l’z,Z“ﬁ @Z)( )) [ wg(x727607¢0(v))] :Op(l)

N -

Given that both B and ;/A) are consistent estimates of 3y, ¢ , assumptions (A.1) and (A.2)
and Lemma 4.3 from Newey and McFadden (1994), p. 2156, we have

(52) %Z_: V.9 (:L'z', 2, B, %/)(Uz)) = E[V,g(x, 2,8, ¢o(v))] + 0p(1)

Then, using Lemma 2, Theorem 1 from Andrews (1992), p. 244 applies and the proof is

done.

Appendix II: Newton-Raphson algorithm for local like-
lihood

We start with calculating 0L (n;, v, 0)/0n; and 9*°L7 (n;,v, 0)/In?, where ; is the function

n(-) at point ¢;. For ease of notation we set u;; = {—7Ts; —n;}o~! and get

S, n
(53) aﬁ (5/7]774770-) — ZAn u” [Xh t —t)
J 2—1
L (nj,7,0) —1& U 'f(w) FA(uiy)
54 = o = el CEAN el Kp(t;, —1;).
( ) 677]2‘ o2 ; F(u”) {1 _ F(uij)}z h( J )

where

Ap (u) = % + uij — i)
Moreover, we have used df(—u/s)/0u = —us™?f(—u/s).
Next, we calculate dL(n, ,,v,0)/dy and I*L(1,.,7,0)/0v* and denote 1; = n,,(1;),
Si; = 8 + On; [0y

Lo, v:0) 1 e
o B M A e )

For the Hesse-matrix we neglect the dependency of §;; on v and get

8’62(77%07 75 U) — __1 . f(u“)u“ f2(u“) ] c.2T
072 o2 1 — Fuy) {1 — Fuy)}? et

[1 ¥
=1

Here we used 0f(u;;)/0v = f(wi)uiisi;.
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A little bit more complicated is to get L(1,.,,7,0)/0a and *L(n, ,,7v,7)/dc?; set ! =

Ony.0 /00
oL Moy s -1
(50) At SLALE)

Where

2

g M)

For the Hesse-matrix we again neglect the dependency of ! on o and so get with B, (u;7)

from (56)

2 n ; ]
O°L(1057,0) = Za_an (ugi) + 07! lQU_l{g + ui H{—n — (% + wii) }+

Y;
B(ui) =1— (- + un)
g

Oo?
Nef K f un)(un' +op)  fluwa)ul P wi)ud (w7
{ == (G +w} - — Flug) 1= Flu)  {1—Fa)pP |
with P

¢ OUg -1 N /
uii - 80' - a (u“ —I_ 770)

and Of(uz)  flui)
/ Uss Uss /

J(uii) = e = o (=14 nhui + ul).

The question is how to get n/, = dn/dv and 5, = dn/do. For the likelihood maximizing

n; expression (53) is equal to zero. First we derive it with respect to ~:

L (1j,7,0) 2n u]u] fu]
R _ — 7 7 7 K t—tZNZZO
877]‘6’7 Z u” { u” } &h( J )S i
o e e )
777 - Ui )u ul
Sy [ Sy I A 1 1)
Second we derive this expression with respect to o:
0L (1,7, 0) 2% Y; f(uij) S uij)ui
D N L An i / g o= % ! 13 ) Yig
;00 o2 | An (wid) o b = RS e
YUz 200 Vg 2(q..
+ o, S )y 7~ S ) Q]Kh(tj — 1),
— Fluy) {1 = Fluy)} {1 = Fluy)}
Y; Usj f(ul])ufj 2 Uig JUsy ~
oy, = 22 [ Ao (i) + 5 + s — £ + i) — At e — 1)

(u” )u” 12 (u”)
[1+1 s — Ry Kt — )

Finally we need the mixed derivatives 9L(1,,7,0)/0v00 and L(ny4,7v,0)/Do0y.

9"3(77%07%0) _

0vdo N
av ofi(ug) 2 (uig) (), +uij) fluig) |-
; o ¥ 2uij 7 Fluy)  {1=F(ug)y? 11— F(uz’j)]
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with ! = 0n, /00, $;; as above and

P () = Of (uij) _ f(zm)(

L+, + u”)

do
IL(My,057:0) PR [
ANy i 2 !
ao_aﬂy g ZZ:; u] —I_ N —I_
wij f(uij)(wij + ;) uw S um 2 ]N,'
1 — F(u;) F(ug) { F(uij) } (w10 )| i

Here, we have neglected the dependency of 5, on v and the dependency of 7/, on o.
The Hesse-matrix for £ is simply given by (54).
The Hesse-matrix for £ is given by

92L 9L
_ 92 Ovdo
e = 92L 9L :

Ao Oy do2

References

AuN, H. AND PowELL, J.L. (1993) Semiparametric estimation of censored selection

models with a nonparametric selection mechanism. Journal of FEconometrics, 58:

3-29.

ANDREWS, D.W.K. (1994) Asymptotics for Semiparametric Econometric Models via
Stochastic Equicontinuity. Econometrica, 62: 43-72.

BoskiIN, M.J. (1973) The economics of Labor Supply. in G. Cain and H. Watts (eds),
Income, Maintenance and Labor Supply. New-York.

BLUNDELL, R. AND MEGHIR, C. (1986) Selection Criteria for a Microeconometric Model
of Labour Supply. Journal of Applied Econometrics, 1: 55-80.

Harn, R.E. (1973) Wages, Income, and Hours of Work in the U.S. Labour Force. in G.
Cain and H. Watts (eds), Income, Maintenance and Labor Supply. New-York.

Hastie, T. J. AND R. J. TIBSHIRANI. (1990) Generalized Additive Models. Chapman
and Hall: London.

HARDLE, H., HUET, S., MAMMEN, E. AND SPERLICH, S. (1998) Semiparametric addi-
tive indices for binary response and generalized additive models. Reprint, Humboldt-

Universitit zu Berlin, Germany.

27



HeckMAN, J.J. (1979) Sample Selection Bias as a Specification Error. FEconometrica,
47: 153-161.

HeckMAN, J.J. (1993) What has been learned about labor supply in the past twenty

years? American Economic Review, Papers and Proceedings, 83: 116-121.

LINTON, O. AND NIELSEN, J.P. (1995) A kernel method of estimating structured non-

parametric regression based on marginal integration. Biometrika, 82: 93-101.

LINTON, O. MAMMEN, E. AND NIELSEN, J.P. (1997) The existence and asymptotic
properties of a backfitting projection algorithm under weak conditions. Preprint,

Yale Unwversity.

NEWEY, W.K. AND MCFADDEN, D. (1994) Large sample estimation and hypothesis
testing. in R.F. Engle and D. McFadden (eds.), Handbook of Econometrics, 4:2113-
2241.

Mroz, T.A. (1987) The Sensitivity of an Empirical Model of Married Women’s Hours

of Work to Economic and Statistical Assumptions. Fconometrica, : 765-799.

ROSEN (1976) Taxes in a Labor Supply Model with Joint Wage-Hours determination.
Eeonometrica, 44: 485-507.

SERFLING, R.J. (1980) Approximation Theorems of Mathematical Statistics, New York:
Wiley.

SEVERINI, T.A. AND STANISWALIS, J.G. (1994) Quasi-Likelihood estimation in semi-
parametric models. J. Amer. Statist. Assoc., 89 : 501-511.

SPERLICH, S., LINTON, O.B. AND HARDLE, W. (1997) A simulation comparison be-
tween integration and backfitting methods of estimating separable nonparametric
regression models. Discussion Paper 66, sfb373, Humboldt-Universitit Berlin, Ger-

many .

STANISWALIS, J.G.. (1989) The kernel estimate of a regression function in likelihood-
based models. Journal of the American Statistical Association, 84: 276-283.

STONE, C.J. (1986) The dimensionality reduction principle for generalized additive mod-
els. Ann. Statist., 14: 590-606.

TiOSTHEIM, D. AND AUESTAD, B.H. (1994) Nonparametric identification of nonlinear

time series: projections. J. American Statistical Association, 89: 1398-1409.

VIIVERBERG, W.P. (1991) Selectivity and Distributional Assumptions in Static Labor
Supply Models. Southern Economic Journal, 57: 822-840.

28



WaALES, T.J. AND WOODLAND, A.D. (1980) Sample Selectivity and the Estimation of
labor Supply Functions. International Economic Review, 21: 437-468.

29




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /PoorRichard-Regular
    /Pristina-Regular
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /DEU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


