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ABSTRACT

This project presents estimates of the return to education for wage workers in
Canada using 1994 SLID microdata. To correct for non-random sampling, the
parametric two-stage estimators of wage equation proposed by Heckman (1974,
1979) and its semiparametric counterparts introduced by Newey (1999) and
Robinson (1988) are employed. Specification tests proposed by Horowitz (1993)
and Hausman (1978) suggest semiparametric approaches are superior to
parametric ones in terms of flexibility (consistency or at least efficiency gains),
generality and predictability. The endogeneity problem of schooling is
considered and schooling is instrumented by parental education. The estimated
return for female paid-workers is 4.4~4.9% and 3.9% for male paid-workers in

Canada.
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CHAPTER 1

INTRODUCTION

Over the past decade there have been a series of studies attempting to understand the
causal links between education and labour market success. To policy makers, it is crucial
to comprehend the questions: are the higher earnings observed for better educated
people determined only by their higher education level, or do they reflect inherent
ability differences that correlate with educational attainment; treating schooling as a
way to increase one’s (non)market productivity, is it a meaningful thing to increase
funding for public education and particularly to which group of people under tight

government’s budget constraints?

This paper applies both traditional parametric and flexible semiparametric regressions
to estimate the return to schooling of wage workers in Canada. There has been a
common practice that most researchers attempting to estimate the return to schooling
only worry about measurement error and endogeneity of schooling but not the non-
random sample problem. In reality, an individual chooses to be in the observed sample
of workers if her offered wage exceeds her reservation wage. Since workers and non-
workers may have systematically different characteristics, using non-random sample
cannot yield representative estimates for the population. Thus, without correcting for

self-selection problem, the estimate of return to schooling is inconsistent. In contrast to



other studies, the aim of this paper is to obtain a consistent estimate of the return to

education in Canada.

In this paper, Heckman (1974) and Heckman (1979) are used to handle the censored
sample problem. They are, however, sensitive to the assumed parametric distribution of
the unobserved disturbance terms. If the model is misspecified, this may bias estimates
of the parameters of interest. A series of specification tests are also used to prove the
necessity of semiparametric approach, which include Horowitz (1993), Bera and Jarque
and Lee (1987) and Hausman (1978). It is shown that a semiparametric approach is
preferable to the parametric alternative when education is exogenous. Semiparametric
estimators considered include Newey (1999) and Robinson (1988). They give reasonable
estimates of a structural Buchinsky (1998) wage equation and labour force participation

equation.

Within the parametric context, first, conventional OLS and IV approaches are revisited
to correct for endogeneity and measurement error in the schooling variable (See Card
(2001)). Given the potential endogeneity of schooling choice, the relevance of an
instrument is examined by Davidson and MacKinnon (1993, Ch7, page 237-242) and
Durbin-Wu-Hausman (1978) test. The F test for exclusion restrictions and Sargan test

(1958) are carried out to verify the validity of parental education as instruments.

For female workers, Newey (1999) and Robinson (1988) are the preferred specification.



For male workers, 25LS is the preferred specification. The estimated return is 4.4~4.9%

for working females and 3.9% for working males in Canada.

There are very few studies in the literature that use semiparametric methods to estimate
the return to education (See Andrews, Schafgans (1998), Martins (2001) and Christofides,
Li, Liu and Min (2003)). Moreover, there has been no serious attention paid to the
endogeneity problem of schooling when one estimates the return to education in this
framework. In this paper, I address and show, without proposing any remedy, the
potential failure of the semiparametric approach when schooling is endogenous.
Blundell and Powell (2004), proposes a nonparametric control function and pairwise
differencing approach to solve the problem of endogenous regressors in a

semiparametric single index model. This is beyond the scope of this paper.

The layout of the paper is as follows. Chapter 2 describes the econometric model.

Chapter 3 presents the data and results. Chapter 4 gives conclusions and extensions.



CHAPTER 2

THE MODEL

2.1 Parametric Model

Sample selection models (see Heckman 1974, 1979) are applied when the individuals in
the sample are not randomly chosen from the population from which researchers and
policy makers would like to draw inferences and extrapolate it to the entire population.
The estimation procedure of selectivity model is composed of two steps. The first step is
to estimate a binary decision equation which takes account of the non-representative
nature of the sample. The second step estimates the parameters of an outcome equation
on which the researcher’s interest is centred. In the study of the determinants of wages
of wage workers, workers might be self-selected into the sample on the basis of
explanatory variables that are correlated with the dependent variable of the outcome

equation. The typical sample selection model is proposed by Heckman (1979). It has the

form

Participation equation: D] =Zy +u,;fori=1,....,N 1)
D, =1if D] >0;D, =0 otherwise %)

Outcome equation: Y, =YD, (3)
Y =a,+ X By+e, =X B+e fori=1,...,N, @)



where (D,,Z,,Y,, X,) are observed random variables, in particular, (Z,, X,) are vectors

of exogenous variables, ¥;"is a latent (potential) logged wage, D;, is the latent

i

propensity to select into the sample, with associated indicator function D, ,

(7,a,, B,)are unknown parameter vectors, and (u,,&,) are zero mean error terms. The
subsample where D, =1 has size denoted n in contrast to N, the size of complete
sample. The self-selection problem arises if u, (the impact of unobservable individuals’
characteristic (motivation or ability) on the decision to select into the sample) and ¢; (the

impact of unobservable characteristic on the outcome of interest, the wage) are
correlated. Then if higher motivation leads to higher wages and to an increased
propensity to work, u;and &, would be positively correlated and the observed wages of
the working subpopulation, n, would be too high to represent the whole population,
ceteris paribus. Econometric analysis of labour force participation has been traditionally

undertaken by Generalized Linear Models (GLM) (See Appendix A).

21.1 Heckman Maximum Likelihood Estimation (1974)

The methodology of maximum likelihood estimation solving selectivity bias was first

introduced by Heckman (1974). Under joint normality of the errors ¢,u, the maximum

likelihood estimator maximizes average log likelihood function:

lnL(,B,y,O'm,O'j)=

%g[a 0 [, (=X pawdu+1=D) - [ [ g, (eurdude | ©



where ¢, is the bivariate normal density function, see Vella (1998). The MLE reaches the

ACOANA /\2

Cramer Rao bound, producing efficient estimates ,y,0x and o« .

2.1.2 Heckman Two Step (1979)

The Heckit procedure was introduced by Heckman (1979). It is a second-best alternative

to maximum likelihood in terms of efficiency. Harking back to equation (1) to (4),

. 81’ O O-z O-L‘ll . 2. .
since ~N , by assumption, where o is normalized to 1, ¢,,u, are

iy 0)\o, 1

assumed independently and identically distributed and are independent of Z,, the

outcome equation is:
EY, | X,)=EY, |X,,D; >0)=E(X/p|X,,D; >0)+E(¢,| X,,D; >0)
=X/B+E(e | X, Z y >-u,) (6)

=X1‘Tﬂ+o-eu .ﬂ_@,
O(Z; y)

where /1(0)=g((.—)) is the inverse Mill's ratio, ¢(e) and D(e) are the univariate
[ ]

probability density and cumulative distribution function respectively of the standard
normal distribution, and o, is the covariance between ¢ and u. The parameters of the
model B, y and o, can be consistently estimated by the following two-step procedure

proposed in Heckman (1979).



1. Probit step: estimate y Dby fitting the Probit model

Prob(D =1) = ®(Z "y) using all observations, N .

2. OLS step: using only observations with D =1 estimate the regression

#Z)

function E(Y. | X)=X"f+o
unction E(Y; | X;)=X,f “ oZy)

by an OLS regression of the

#(Z] 7)

(D(ZiT Y)

observed Y, on X,and where y is the first step estimate of y .

2.2 Semiparametric Model

In the sample selection model deviations from normality can lead to biased and
inconsistent estimates (See Schafgans (1997)). A semiparametric estimation technique
described in this section relaxes the normality assumption and lets the data indicate

what the distribution of the error term is.

Semiparametric models combine components of parametric and nonparametric models.
Hence, they possess the virtue of easy interpretability of parametric models and
flexibility of nonparametric models'. They avoid the assumptions of parametric models
and functional form since they do not assume a known link function, and solve the curse

of dimensionality? of nonparametric models. However, if the distribution of parametric

! Like parametric models and unlike nonparametric models, semiparametric models permit intermediate
capability for extrapolation that captures the a priori assumptions about the data generation process (see

Horowitz 1998). That is, it provides predictions of £(D| z) at points Z that are out of the support of Z .

2 The precision of a nonparametric estimator decreases rapidly as the number of continuously distributed
components of independent variables increases.



distributional assumption is valid, a semiparametric estimator will be less efficient than

its parametric counterpart.

This section presents two semiparametric estimators of [, for a single structural

equation:

Yo=fo+ X/ i+ MZ[y)+ & with E(§| X,Z,D=1)=0 (7)

1

This corresponds a selection model, semiparameterized by a linear index
0(Zy) = Z!y and linear functional relationship between Y, and X, while A(e)and
£, are unspecified. The intercept and its standard error in Robinson (1988) and Newey

(1999) are not identified, since it is subsumed in the link function

Y, =By + X B+ AMZTy)+ &, = X] B, + MZTy) +¢&, (8)

Andrews and Schafgans (1998) derive a consistent estimator of the constant term under
some regularity conditions. Schafgans (2004) investigated the finite sample properties of

the semiparametric estimator of the intercept of a censored regression model.
Robinson'’s estimator of £, is identified by differencing out the selection bias A(e) by
Kernel method. In contrast, Newey’s estimator of f, is identified by replacing the

selection bias A(e) by an infinite series approximation.



2.21 Newey (1999)

2.2.1.1 Step 1: Klein and Spady (1993)

Klein and Spady (1993) proposed an estimator of the selection equation

D, =¢p(0(Z,;y),u;) (See equation (1) and (2)). They specify the continuous index
function 8(e) whose range is [0,1] and leave the distribution of the error term

u; unrestricted. They specify ¢(e) as the usual threshold crossing indicator function,

and normalize the unidentified threshold to zero. Then the selection equation is
D,‘ =1(9(Z[;7)>ui) (9)

The single index restriction E(D | Z) = E(D | Z"y) permits multiplicative
heteroscadasticity of a general but known form, and heteroscadasticity of unknown

form only if it depends entirely on the assumed index 8(Z;;y), for

example@(Z,;¥) = Zy . Klein and Spady’s estimation algorithm is motivated by the
parametric ML approach where the coefficients y are estimated by maximizing the

likelihood

N
MaxL(y) = D, -InProb(D, =1(6,)+(1- D,)-In(1-Prob(D, =1|6,))
4 i—
o (10)
D,-InProb(Z'y >u, | Z[y)+(1=D,)-In(1=Prob(Zy >u, | Zy))

.MZ

|
—_

Unlike the parametric approach, the density of the error term u;is unspecified. A quasi

likelihood function with an estimated error term density is proposed instead. That is, a



smooth function of ¥ , 6 ()3, obtained with iteration using a nonparametric kernel

estimator of the density of Z;'y , approximates the parametric likelihood. Maximizing
this quasi likelihood yields y ...« Spady Vi@

Max QuasiL(y) =
4

N A A 11
ZW(Z,.){D,. -In[Prob(D, =1|Z,.)]2 +(1-D;)-In[1-Prob(D, =1\Z,.)]2} )

i=1

(See more details in Appendix B).

2.21.2 Step 2

In the second step, the wage equation ¥, = B, + X B, + A(Zy) + &, is estimated for the

uncensored subsample using ¥ x,; 5,00 from the first step. That is,

}Ii = ﬂO + X’Tﬂ + ﬂ’(ZtT }/Klein&Spady) + g[ 4 (12)

where A(Z] 7 4 spaay) 1S an unknown selectivity term. Newey (1999) approximates

A(®) with a series based on orthogonal polynomials, in which the number of terms

increases with the sample size. With the series added, equation (12) can be written as:

K A ~ ~ ® A
Y, = XiT/H + Zwk Tk (Z:'T Y Kieinguspady) TG i withg, = Zwk T (Z:'T 7Klein&spady) +&,  (13)

k=1 k=K+1
where w, are unknown coefficients and 7, (®) are known smooth basis functions

depending on the index. The number of basis functions, k, serves a role similar to the

3 Klein and Spady recommend using either a higher order Kernel or an adaptive locally smoothed Kernel to

obtain@ ().

10



bandwidth # in kernel estimation. The parameter vectors f,and @ can then be estimated

by OLS, for givenk . In this paper, I choose k using method of Vella (1998), which
chooses the number of approximation terms based on the t-statistics of the additional

terms.

2.2.2 Robinson (1988)

Robinson (1988) estimates the selectivity model without any index restriction on the
error terms. Instead, he assumes strong independence of the errors and regressors.

Robinson subtracts the statistical expectations of the structural equation (12) from the

observed values for each individual to eliminate the selection term A(Z, ,7). That s,
(Y, - EY,|Z) = (X, - E[X, | Z]) B+& -E¢ |Z), (14)

where E[Y, | Z,] = E[ X, | Z,.]Tﬂ+E[ﬂ(Z[,}/) | Z. 1+ E[S; | Z;] = E[X, | Zi]Tﬂ +MZ,7).
Note that (¢, | X,,Z;) = 0. The law of iterated expectations

implies E[&, —E(&, | Z,)] = 0. Inserting nonparametric Nadaraya-Watson estimates of
E[Y, | Z ]and E[X, | Z,] in equation (14), OLS on the censored sample yields Jn

consistent and asymptotically normal estimates of  :

A

ﬂ Robinson =

(L3 (X, = BLX, [ Z,)- (X, - ELX, | Z)T ] 12 S (X, - ELX, | Z,]) (Y, - EIY, | Z)]']

1
n 4 ng

(15)

11



Z. -7,
Note that a multivariate Kernel K(— . 1) with bandwidth 4 that weighs the distance

of the two vectors Z;and Z, can be invoked to estimate £[ X, | Z;] and £[Y, | Z,].

Also note that there is no theory on how to choose the bandwidth. Due to Robinson’s
strong independence assumption, his estimation mechanism does not allow for
heteroscedastic disturbance terms conditional on X, Z,. However, Hardle and Linton
(page 2330~2331, Ch 38 (1994)), Schafgans (1998) and Yatchew (Ch 3 and 4 (2003))
proposed varies ways to fix the nonspherical error problem, which include for instance a

weighted least squares approach.

12



CHAPTER 3

DATA SET AND EMPIRICAL RESULTS

3.1 Data and Variables

The analysis uses data from the Canadian Survey of Labour and Income Dynamics for
the year 1994 (94 SLID). The original sample consists of 29632 observations. Individuals
excluded from the sample are full-time students (Indicated by FLLPR20C in 94 SLID),
individuals less than 25 years of age or above 59, and those with relevant information
missing. The resulting samples involve 7495 females, 5039 of whom are paid employees,
and 6963 males, 5288 of whom are paid employees. Detailed variables and definition as
well as Means of the variables and standard deviations of the means are summarized

in Appendix C.

Note that, from the descriptive statistics, we observe that the average wage rate for
female workers is lower than that of male workers. The former with larger standard
deviations of the means is about $ 10.9 CND/hour, and the latter is about $12.1
CND/hour. The average years of education of female workers are higher than that of
male workers. And the average years of education of paid-workers are higher than that

of non-paid workers for both males and females.

13



3.2 Empirical Results for Sample Selection Corrected Estimation

Table 1 compares the results of parametric probit and semiparametric probit (Klein and
Spady (1993)). The dependent variable in the work participation equation is a
dichotomous indicator for wageworker. The identifying independent variables in the
paid work participation equation are non-labour income* and household size, since they
only affect people’s participation decision rather than the offered wage. The rest of the
control variables include marital status, number of young children, number of old
children, age, age squared, years of schooling, a dummy variable indicating individual’s
long-term disability condition, mother tongue, group status and region of residence. The

optimal smoothness parameter /, is chosen via generalized cross validation. The

Hausman tests reject 5 the probit specification for both males and females, indicating
that the parametric estimator may not be consistent. Bera, Jarque and Lee tests reject the
normality of residuals. For identification, the coefficient of age in semiparametric probit
is normalized to 1. For comparison, the coefficient of age in parametric probit is also
normalized to 1. For males, probit model produces a wrong sign on the estimated age
coefficient. As expected, nonlabour income and number of children have a statistically
significant negative impact on labour force participation for both males and females.
Women with large household size devote less time to work. It is opposite for men, the

breadwinner.

4 NLINCOME has influence on one’s reservation wage but does not affect one’s offered wage.

5 According to Schafgans (2000), the null is rejected when the test statistic is negative.

14



Table1 Parametric and Semiparametric results for labour force participation
equation (Females and Males)

Method Female Male
Variables Probit K&S h =026 Probit K&Sh, =027
Dependent WAGE WAGE WAGE WAGE
Variable WORKER WORKER WORKER WORKER
Constant -1.451 ***(0.717) - 8.680 (20.346) —
NLINCOME -0.040***(0.010) -0.038** (0.010) -2.144** (6.459) -1.315*** (6.107)
HHSIZE -0.089**(0.030) -0.111%** (0.029) 0458 (1.447) 1358 (6.314)
MARRIED -0.053 (0.050) -0.061 (0.044) 5.250***(15.751) 1.667 (7.860)
NOOMC -0.493***(0.126) -0.432***(0.108) -2.542** (7.709) -2.745* (12.875)
N0519C -0.083* (0.036) 0.054* (0.029) 0547 (1.891) 0925 (4.158)
AGE10 1 1 -1 1
AGE105Q -0.157**%(0.009) -0.154** (0.007) 0325 (1.334) 0309 (0.898)
EDU 0.110**(0.024) 0112 (0.024) 0,902 (2.713) 0.386** (1.810)
DISABLED -0.998**%(0.215) 1137 (0.227) -12.196***(36.725) -9.158*** (42.565)
ENGLISH 0.082 (0.074) 0083 (0.059) 4.055"*(12.205) 2,620 (12.301)
FRENCH 0.213* (0.105) -0.246*** (0.080) 6.808***(20.485) 3.869* (18.180)
ABORIGINAL -0.247* (0.125) -0.328*** (0.101) -0.138 (1.881) -0.566* (3.898)
VISIBLEM -0.026 (0.117) 0.128 (0.095) 0.678 (2.651) 1172 (6.077)
ATLANTIC -0.178*** (0.065) -0.167*** (0.057) -1.015 (3.183) 1721 (8.116)
QUEBEC -0.390"* (0.113) -0.363*** (0.094) 2.686* (8.198) 2688 (12.627)
PRAIRIES 0.036 (0.055) 0.123* (0.051) 1.979* (6.020) 1543 (7.257)
BC 20.013 (0.072) 0111 (0.070) 0.217 (1.298) 0617 (3.318)
Log L -1321.184 -4178.130 -3352.445 -3714.981
Hausman
Test [-17.511] [30.144]
Bera, Jarque [812377] . [1283.345] _
normality test {0.000 } df=2 {0.000 } df=2
Sample 7495 7495 6963 6963
Size

Notes:

(1) K&S refers to the semiparametric estimates of Klein and Spady (1993).
-1/6 -
(2) The value for bandwidth hn satisfies (i) 1 < hn <n

kemel IZZK(Z)dZ =0.

(3) The Hausman (1978) test, tests for equality of the parametric and Klein-Spady semiparametric estimates (a test for
normal disturbances of the binary response of sample selection equation). Under the null hypothesis that the probit

estimator is consistent and efficient but inconsistent under the altemnative, but the Klein-Spady estimator is consistent
under both the null and the alternative but inefficient under the null. The test statistic

is(b,g, — bp)T[NV Vias =V, Wby, —b,) ~ Chi 2(df ), where b, and bp are the Klein-Spady and

1/8

and (ii) bias reducing condition for the

Probit estimates respectively, Vk &s and Vp are their (asymptotic) covariance matrices, and df is the rank of the

matrix (Vk&s - Vp ) . The cut-off value is Isz%‘w =26.30 .

(4) The numbers in parenthesis are standard errors, the numbers in square brackets are test statistics and the numbers in
large brackets are p-values.

(5) Significance: ***: 0.01, **: 0.05, *:0.1.
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To correct for endogeneity of experience, I adopted methods proposed in Buchinsky
(1998). His model assumes that the main alternative use for women’s time is child
rearing (and the home activities related to this task). Then instead of considering

Mincer’s human capital model, I adopt the following specification:

LogY, = X[ B+r,,S, +a*PEXP, + 5 * PEXP? + 1 * PEXP*ToTCHD + t * PEXPSQ* ToTCHD +u, ,
(16)

where Y, is potential hourly wage, PEXP is potential experience, PEXPSQ is potential

experience squared, ToTCHD is total number of children, (8 ,r,,,,2,6,7,7)are

unknown parameter vectors and u,is an error term.

Table 2 gives parametric and semiparametric estimations of wage equations using
various corrections for sample selection bias for females. Inverse Mill’s ratio and
correlation errors in Heckit and MLE model respectively indicate that there is a selection
bias. The selectivity term in Newey’s model also indicates a selection bias. A pattern of
diminishing return to experience is found. Disabled people earn less on average.
English or French speaking workers earn more than others, which is shown in the
semiparametric models. The highest-paid females reside in British Columbia. For
females, the estimated return to schooling is 4.9% in Robinson’s model and 4.4% in

Newey’s model. Parametric models underestimate the return.
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Table 2: Parametric and Semiparametric estimations of wage equations using

various corrections for sample selection bias for females

Female
Parametric Semi-parametric
Method
OLS' Heckit* MLE Robinson Newey
Dependent LWAGE LWAGE LWAGE LWAGE LWAGE
Variable
Constant 0.470** (0.022) | 0.379*** (0.034) | 0.433** (0.028)
REXP10 0.106** (0.012) | 0.128**(0.014) | 0115** (0.012) | 0.224**(0.024) | 0.128*** (0.013)
REXP105Q -0.016*** (0.003) | -0.024*** (0.003) | -0.019**(0.003) | -0.057***(0.005) | -0.011***(0.003)
PEXP10TC 0.002 (0.005) | -0.016***(0.006) -0.007 (0.005) | -0.071***(0.010) | 0.028*** (0.006)
PEXP10SQTC | 0.000 (0.002) | 0.004* (0.002) 0002 (0.002) 0.019(0.004) | -0.008*** (0.002)
EDU 0.040%** (0.001) | 0.042**(0.001) | 0.041**(0.001) | 0.049***(0.002) | 0.044*** (0.001)
DISABLED | -0.029**(0.012) | -0.074***(0.019) | -0.050***(0.015) | -0.282***(0.021) | -0.113***(0.017)
ENGLISH 0.001 (0.010) 0.007 (0.010) 0.004 (0.010) 0.035 (0.021) | 0.043** (0.010)
FRENCH -0.011 (0.013) 0.001 (0.014) -0.006 (0.014) | 0.064* (0.028) | 0.013 (0.014)
ABORIGINAL | -0015 (0.017) | -0.024 (0.018) 0.020 (0.017) -0.046 (0.034) | 0050 (0.018)
VISIBLEM 0.019 (0.015) | -0.021 (0.016) -0.020 (0.016) -0.005 (0.034) | 0007 (0.016)
ATLANTIC | -0.090** (0.008) | -0.096**(0.008) | -0.092*(0.008) | -0.103***(0.016) | -0.058*** (0.008)
QUEBEC 0.019** (0.011) | -0.032** (0.013) | -0.026* (0.012) | -0.074"*(0.024) | 0.039" (0.012)
PRAIRIES -0.044** (0.007) | -0.042**(0.007) | -0.043*(0.007) | -0.141*** (0.016) | -0.042*** (0.007)
BC 0.020** (0.009) | 0.022* (0.010) 0.020* (0.010) 0.050** (0.021) | 0.041*** (0.010)
MARRIED 0.023* (0.006) | 0.014** (0.007) 0.18*** (0.003) 0.292* (0.011) | 0.063*** (0.006)
Inverse Mill' 0.096** (0.030)
Ratio
T Lidd
(z;7) 0.120*** (0.010)
Correlation
Errors, 0.238** (0.107)
RHO(1,2)
Std error of
regression 0179 0.189 0187 (0.124) 0.544 0.184
SIGMA (1)
Adjusted 0.289 0.292 0.085 0.248
R-squared
R-squared 0.290 0.294 0.088 0.250
Sample Size 5039 5039 5039 5039 5039
Sum of
squared 160.156 158.787
residuals

Notes:
@ OLS " : OLS estimation with no selectivity but with robust covariance matrix for heteroscadasticity.

-2
) Heckit” : Heckman Two-Step Estimation Procedure with Greene Corrected SE.
) The numbers in parenthesis are standard errors.
)

3
(4) Significance: ***: 0.01, **: 0.05, *:0.1.
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Table 3: Parametric and Semiparametric estimations of wage equations using
various corrections for sample selection bias for males

Male
Parametric Semi-parametric
Method
OLS' Heckit® MLE Robinson Newey
Dependent LWAGE LWAGE LWAGE LWAGE LWAGE
Variable
Constant 0.685*** (0.019) 0.681*** (0.020) 0.682*** (0.019) -— —
REXP10 0.106*** (0.011) 0.103*** (0.010) 0.103*** (0.010) 0.098*** (0.022) 0.137***(0.012)
REXP10SQ | -0.010"* (0.002) | -0.011%* (0.002) | -0.011***(0.002) | -0.024*** (0.005) | -0.002 (0.003)
PEXP10TC 0.030*** (0.004) 0.018*** (0.004) 0.018*** (0.004) 0.002 (0.009) 0.065*** (0.005)
PEXP10SQTC -0.008*** (0.002) -0.005*** (0.002) -0.005*** (0.001) 0.003  (0.003) -0.017*** (0.002)
EDU 0.026** (0.001) | 0025*(0.001) | 0025 (0.001) | 0.027°*(0.002) | 0.018** (0.001)
DISABLED | -0.068** (0.011) | -0.067*** (0.011) | -0.066*** (0.010) | -0.324***(0.019) | 0.177*** (0.014)
ENGLISH 0.033*** (0.010) 0.035*** (0.010) 0.035*** (0.009) 0.082*** (0.021) 0.113** (0.010)
FRENCH 0.017 (0.013) 0.020 (0.012) 0.019* (0.011) 0.099*** (0.026) 0.057*** (0.013)
ABORIGINAL | -0007 (0.016) | -0.004 (0.016) 0.004 (0.017) | -0.049 (0.034) | 0.085*** (0.017)
VISIBLEM | -0.075*** (0.014) | -0.075*** (0.014) | -0.076* (0.015) | -0.077** (0.031) | -0.029* (0.015)
ATLANTIC -0.076*** (0.007) -0.078*** (0.007) -0.078*** (0.007) -0.092*** (0.015) -0.026*** (0.007)
QUEBEC 0.017 (0.011) | 0011 (0.010) | -0.011 (0.009) | -0.044** (0.022) | 0.087*** (0.011)
PRAIRIES -0.032** (0.007) | -0.032** (0.007) | -0.032*(0.007) | -0.145* (0.015) | -0.040** (0.007)
BC 0.037** (0.009) | 0.039*** (0.009) | 0.039*** (0.010) | 0.048** (0.020) | 0.030*** (0.010)
MARRIED 0.050*** (0.006) 0.050*** (0.006) 0.050*** (0.006) 0.216*** (0.010) 0.093*** (0.007)
Inverse 'Mlll 3 0007 (0.016)
Ratio
T 9 9 o
(z;7) 0.210*** (0.009)
Correlation
Errors, 0.028 (0.079)
RHO(1,2)
Std error of
regression 0.167 0.167 0.167*** (0.001) 0.517 0.179
SIGMA (1)
Adjusted 0.250 0.250 0.068 0145
R-squared
R-Squared 0.252 0.252 0.070 0.148
SampIe Size 5288 5288 5039 5288 5288
Sum of
Squared 147.436 146.956
residuals
Notes:

1) OLS " : OLS estimation with no selectivity but with robust covariance matrix for heteroscadasticity.

(

-2
@) Heckit ~ : Heckman Two-Step Estimation Procedure with Greene Corrected SE.
(3) The numbers in parenthesis are standard errors.
(

4) Significance: ***: 0.01, **: 0.05, *:0.1.
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For males, results of parametric and semiparametric estimations of wage equations
using various corrections for sample selection bias are shown in table 3. The highest-
paid males also reside in British Columbia. Both Robinson (1988) and Newey (1999)
produce significant and positive estimates for mother tongue, indicating language skills
are key determinants of wages for males in Canada. Inverse Mill’s ratio and correlation
errors in Heckit and MLE model respectively indicate that there is no selection bias. The
selectivity term in Newey’s model, however, indicates a selection bias. Newey’s model
produces a wrong signé on the estimated coefficient of long-term disability and
ethnicity status (aboriginal). The estimated return to schooling is 2.7% and 1.8% in

Robinson (1988) and Newey (1999)'s model respectively.

Table 4: Hausman specification test (Distributed as Chi-squared) for females

0, LY .
Difference Statistic Degrees of 5% Critical | Interpretation
freedom values
Reject null of
ng- Versus 701.181 15 25.00 no selectivity
obinson bias
Reject
Heckit Versus i
cr Vers 287311 15 25.00 parametric
Newey normality
assumption
Reject
MLE Versus i
46093.97 15 25.00 parametric
Newey normality
assumption

To further confirm the existence of selectivity bias, in table 4 and 5, we compare OLS and
Robinson model by Hausman specification test. The test statistic is 701.181 and 1303.899

for females and males respectively, which are greater than the critical value at 5% level.

¢ For males, schooling is proved endogenous in table 6. So it might be the source of the wrong sign. It also
casts some doubts on the reliability of the results of the semiparametric model.
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So the test rejects the null hypothesis that OLS model is correctly specified. This
indicates strong evidence for the presence of a selectivity bias. MLE and Heckit model
are also compared against Newey’s model via Hausman test. It further confirms our

previous finding in table 1 that normality is rejected at 5% level.

Table 5 : Hausman specification test (Distributed as Chi-squared) for males

. - D f 5% Critical .
Difference Statistic egrees o o Critica Interpretation
freedom values
Reject null of
OLS Versus 1303.899 15 25.00 no selectivity
Robinson bi
1as
Reject
Heckit Versus i
-803.570 15 25.00 parametric
Newey normality
assumption
Reject
MLE Versus i
-736.862 15 25.00 paramefric
Newey normality
assumption

3.3 Specification Checks

3.3.1 Horowitz (1993)
To determine whether the distributional assumptions made by the probit model are
consistent with the data, the specification tests proposed by Horowitz (1993) is used.

These tests are based on the difference between the probit link, @, and the
nonparametric regression curve for the general model, E(D | Z) = F(Z"y) ,where F is

an unknown function. Horowitz’s (1993) test is based on a non-parametric regression of

Don Z" y, call it F (Z" ¥), and a uniform confidence band for the regression function
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(where y is the parametric probit maximum likelihood estimate of y ). The probit model

is rejected if the standard normal distribution function does not lie within this band. The

test is explained in more details in Martins (2001). The test for females is displayed in

figure 1, which includes a plot of the quartic kernel regression of Don Z T ¥, the

uniform 95% confidence band for the regression, and ®(Z" }A/) ,for h =0.257897

Optimal
(results for other values are shown in Appendix D). Like the finding in Martins (2001),
the results depend on the choice of the particular bandwidth 7. The probit fit seems to be
within the uniform confidence band only for0.4 < 4 < 0.6 . The optimal binwidth

(A =0.257897) is chosen by Generalized Cross-validation (See Appendix E). The

Optimal
graph also suggests that the greatest departure from the probit model seems to occur in
the range of the low index value people. At the optimal binwidth, the probit link
function is rejected. The test for males is displayed in figure 2. The probit fit seems to be
within the uniform confidence band only for0.6 < 4 < 0.8. The optimal binwidth
(A

opimar = 0-269368) is chosen by Generalized Cross-validation (results for other values

are shown in Appendix D). At the optimal binwidth, the probit link function is rejected
again. Notice that for males the kernel regression curve is non-monotone in the range of
low index. We need to trim the small estimated density that maybe disturbs the
outcomes, because the non-monotone occurs when a small bandwidth is chosen. All in
all, at the optimal binwidth the results support a semiparametric specification of the

sample selection equation.

7 Too small bandwidths result in inaccurate estimates whereas too large bandwidths give estimates that are
too small to reveal structural features.
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Figure 1: GCV and Horowitz (1993) test for females

1 ~7 optimal h:
T BD.257897

Regression Estirate

- * + Range of h
0.1802346
1.63754

Points
10

Kernel K:
qua

ED[Z)

++

T

The graphical displays on the top show the cross-validation criterion in the upper left, the
chosen optimal bandwidth in the upper right, the resulting kernel regression in the lower
left, and information about the search grid and the kernel in the lower right.

Uniform confidence bands and Probit fit for the optimal bandwidth are shown at the bottom.
Dashed thin line: 95% confidence bands, thick solid line: Cumulative Normal distribution,
solid line: Kernel regression estimates. The Probit specification cannot be rejected when
Cumulative Normal distribution function lies within the confidence band.
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Figure 2: GCV and Horowitz (1993) test for males
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The graphical displays on the top show the cross-validation criterion in the upper left, the
chosen optimal bandwidth in the upper right, the resulting kernel regression in the lower
left, and information about the search grid and the kernel in the lower right.

Uniform confidence bands and Probit fit for the optimal bandwidth are shown at the bottom.
Dashed thin line: 95% confidence bands, thick solid line: Cumulative Normal distribution,
solid line: Kernel regression estimates. The Probit specification cannot be rejected when
Cumulative Normal distribution function lies within the confidence band.
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3.3.2 Measurement Error and Endogeneity of Schooling

3.3.2.1 Measurement error

Assume that the independent variable §; in equation (16) is measured with error. For
each observation, §; equals the true value for TRUE _ S, plus classical measurement
error®,. Thatis, §; =TRUE _S, + ;. Substituting it into (16), we find that the OLS
estimator of the intercept and slope coefficient is inconsistent, since S, depends on

w;and so does ¢; . It can be shown that

L0 ES..e.—-r, o) o’ L .
Plimrew =7, + (50,61 ~ Feay @) _ toss (1 =—————5). Thus, "« is consistent
Var(S,) Orue s +0a

only if there is no measurement error. It is asymptotically biased towards zero if o,

the variance of measurement errors, is positive.

3.3.2.2 Endogenous schooling: unobserved ability bias

If individuals are heterogeneous, unobserved ability that affects schooling choice and

wage outcomes means schooling is endogenous. To see this, rewrite equation (16) as

follows:
LOgYI :reduSi +VViT:B+8i (17)
S, =MIz+p, (18)

where W," is a vector of observed covariates including people’s experience, experience
squared, a constant and so forth, M is a vector of exogenous factors that influence the

schooling decision and p, is the heterogeneity term. In the wage equation (17),
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g;includes all unobservables that affect a person’s wage, including things like ability.

The coefficient r,,, represents the true causal effect of education, which can be

u
interpreted as the expected increase in average earnings if one more year of education

was assigned to a random sample of the population. However, the estimated coefficient

on r,, is inconsistent if &, and p,are correlated. This correlation arises if, for example,

individuals who earn higher wages also acquire more schooling.

) Cov(S,;,¢,)

So plim?# ew—¥,,, = Var(S) # 0, which means the estimated schooling coefficient is
ar (S,

biased upward relative to the average return to education in the population if ability is
ignored assuming Cov(S,,¢,) > 0. Card (1999) argued that if the individual specific
returns to schooling are higher for individuals with low levels of schooling, the
unobserved component will be negatively correlated with schooling. In this case, there

would be a downward bias. To see this, rewrite equation (17) as the following

LogY, =r, .S, +W'p+¢e =r,S, +W B+, (19)

edu,i™ i edu™ i

where 7, =&, + (7,4, —14)S; and (r,,,; — 7., )" S, is the unobserved discrepancy
component. Deschenes (2002) modelled schooling and earnings with heterogeneous
returns to education. His model allows individual heterogeneity in earnings capacity to
affect both the intercept and the slope of the earnings function. Card (2001) further
illustrated that individual heterogeneity in the optimal schooling choice can arise from
differences in economic benefits of schooling and differences in the economic costs of

schooling; therefore, the OLS estimate for r,, would reflect the difference in the

expected wage of two arbitrary people with the same observed characteristics but
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having say S —1and S years of education (a ceteris paribus interpretation). It does not

measure the expected wage difference if an arbitrary person decides to increase his/her

years of schooling from § ~1to S (a causal interpretation).

3.3.2.3 The instrumental variable solution

A common solution to the problems of ability bias and measurement error bias is the
method of instrumental variables 8. In this paper, family background variables such as
mother's years of schooling and father’s years of schooling are used as instruments ¢ for
schooling. This is assuming that they affect the costs/choice of schooling rather than
wage earnings directly in the wage equation and are not a linear combination of the
other variables in the model. Other instruments have been proposed recently; for
instance, individual’s quarter of birth in Angrist and Krueger (1991), tuition at 2 and 4-
year state colleges in Kane and Rouse (1993), sibling composition with respect to gender
in Butcher and Case (1994) distance to nearest high school and indicator for local private
high school in Maluccio (1997), potential eligibility for the Veteran’s Rehabilitation Act
benefits dummy for Ontario men age 19-22 in 1946 Lemieux and Card (2001). However,
it should be noted that a convincing or desirable instrument for education is very hard

to be found as it can be easily correlated with the omitted ability.

Table 6 presents the estimation results of the wage equations and the reduced form
equation by gender. The column (1) and (4) give the OLS results and the column (3) and

(6) give the 25LS results. An exogeneity test by Davidson and MacKinnon (1993, Ch7)

8 T will stick to IV estimation in this paper, although GMM is a viable alternative and the former might suffer
from weak IV problems with large standard errors.

9 Parental education is the element in M ,.T but not in I’ViT (See equation 17 and 18).

26



on education is performed to make sure the unbiasedness of OLS estimates. 1st step:
regress children’s education on all exogenous variables and instruments (parental
education), and retrieve the residuals. 2nd step: estimate the wage equation including the
residuals as additional regressors. OLS estimates are consistent if the coefficient on the
1st stage residuals in not significant. The estimated coefficient on the residual in the
augmented OLS earnings equation is negative (-0.011 and -0.016 for females and males
respectively) and statistically significant indicating that schooling is potentially
endogenous. Alternatively, one may use a Durbin-Wu-Hausman (1978) test 9. Under
the null hypothesis, schooling is exogenous and OLS estimates are unbiased and

efficient. Whereas, IV estimates are consistent under both null and alternative

A

hypothesis. The idea of the DWH test is to check whether the difference f,, — 5, is

significantly different from zero in the available sample. The DWH test indicates that
schooling is exogenous for females since the test statistic fails to reject the null
hypothesis of exogeneity of schooling (5.896<23.69). The DWH test suggests that
schooling is endogenous for males since the test statistic rejects the null hypothesis of

exogeneity of schooling (38.103>23.69).

10 Durbin-Wu-Hausman (1978) test is more powerful than the first exogeneity test, since it only tests against
a single alternative, endogeneity of schooling. However, Davidson and MacKinnon (1993, Ch7) tests all
possible endogenous regressors that might pollute our results.
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The interesting results from Davidson and MacKinnon (1993, Ch7) and Durbin-Wu-
Hausman (1978) test suggest that, in contrast with males, the schooling decision is
exogenous for Canadian females. A plausible explanation might be gender
discrimination in the labour market against women to education choice. Female wages
may differ from male wages because of productivity differences that arise from
differences in the absenteeism and turnover of males and females and differences in the
human capital endowment that includes acquired attributes such as education, labour
market information and labour market experience, as well as innate characteristics such
as intelligence, strength, personality and drive. These unobserved characteristics of men
are rewarded in the labour market due to discrimination against women. Thus, even
though unobserved characteristics are correlated with education choices for women,
they are not correlated with wages, which gives exogeneity. Also, in reality, due to
employers’ own ingrained prejudices as well as to erroneous information fostered by
male customers and co-workers, female labours” productivity and unobserved

motivation (energy) are consistently underestimated.

Note that both exogeneity tests above assume that the instrument (parental education) is

valid. Thus, next, the validity of instrumental variables is examined.

The results of F test and Sargan test shown in table 6 suggest that parental educationis a
valid instrument, since the F test rejects the hypothesis that parental education had no

effect on their children’s education at the 5% level (63.224>1.94, 70.541>1.94 for females
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and males respectively) and Sargan test 11 fails to reject the overidentifying restrictions at

the 5% level (1.708<14.067, 10.676<14.067 for females and males respectively).

Nevertheless, people may argue that parental education can correlate with children’s
ability or affects children’s earnings via structural errors!2. Deschenes (2002) argued that
unspecified combination of individual specific abilities, influences of familial
environment, and inherited skills might cause the unobserved heterogeneity in log
earnings through the absolute advantage and comparative advantage!?. But the author

argues that there might exist another possibility shown below in figure 3.

The top graph in figure 3 shows two possible routes that make parent’s education
correlate with Children’s unobserved ability. The bottom left graph shows that
children’s education is correlated with both parent’s education and children’s
unobserved ability, but parent’s education and children’s unobserved ability are
uncorrelated, which makes the parental education a valid instrument. The bottom right
graph demonstrates that parent’s ability is not correlated with children’s unobserved
ability through parent’s nature and nurture, which again makes the parental education a

valid instrument, though parent’s education may be correlated parent’s ability. In

11 The test statistic is obtained by taking a sample size multiplied by R squared of auxiliary regression of
residuals from 25LS upon the full set of instruments. The hypothesis being tested with the Sargan test is that
the model is correctly specified and that the instruments used are valid; i.e., the imposed moment conditions
are correct.

12 Chung (2003) included parental income and individual innate skill (Armed Forces Qualification Test) in
the wage equation. Parental education appears to be a valid instrument. Unfortunately, 94 SLID is lack of
these control variables.

13 The absolute advantage refers to the level of ability of individuals that does not interact with the level of
schooling. The comparative advantage (endogeneity) refers to the other ability that is the heterogeneous
component of the education slope interacting with the level of schooling and granting higher net returns to
schooling to individuals with higher the other ability.
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reality, parents who are smart do not necessary give birth to smart children and know

how to foster their children and make them smart.

Figure 3: Correlation between parent’s education and children’s unobserved

ability.
Route 2
Children’s | Children’s
Education Unobserved Ability
A A
Route 2 Route 1
Parent’s .| Parent’s
Education | Ability
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CHAPTER 4

CONCLUSIONS AND EXTENSIONS

Many researchers limit their samples to working males or married working females
when estimating the returns to schooling. But in this paper, I examined the necessity for
correcting for the problem of non-random sampling. Semiparametric approach is
superior to parametric in terms of its better predictability in the range of low index
people and its flexibility in assumptions. When there are endogenous regressors,
without controlling for endogeneity (if technically infeasible), conventional
semiparametric model provides biased estimates (See table 3). Since for females
schooling is exogenous and parametric specifications are rejected through various
normality tests and Horowitz test, we are pretty confident about our semiparametric
results. We are not sure if there is a selectivity bias for working males (only Newey (1999)
suggests the existence of a selectivity bias) because normality assumption is rejected;
plus, schooling is endogenous. For males, 2SLS is the preferred specification judged in
terms of the consistency criteria. The [V estimate for male wage workers is larger than
OLS estimate, indicating a negative ability bias'4. A positive self-selection bias for
females is discovered. The returns to schooling for female wage workers in Canada is

about 4.4~4.9%, which is higher than the returns for male wage workers of 3.9%.

1 The direction that the IV estimation deviates from the OLS estimate depends on which group of
individuals is influenced by the instrument. Because 94 SLID is a high quality dataset, it is unlikely that the
effect of measurement error dominate the overall bias in OLS. Thus, the explanation for the large IV is a
negative ability bias in the OLS estimates (See section 3.3.2.2).
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There is no study in the literature that simultaneously disentangles sample selection bias
and omitted ability bias, especially in a semiparametric framework. But pioneering
work has been done by Blundell and Powell (2004)?5 in this area. They develop a control
function approach to non-parametric estimation with endogenous regressors in a labour
market participation model. The control function accounts for endogeneity in triangular
and fully simultaneous binary response models. They find that the correction for
endogeneity is important and the estimated effect of interest is shown to be strongly
biased when inappropriate parametric distribution assumptions are imposed. Since
semiparametric model is very sensitive to endogeneity (endogenous schooling) and it
relies highly on exogeneity assumption, Newey (1999) and Klein & Spady (1993) might

give unreliable results for male paid workers.

More studies solving the mixed problem of endogeneity, non-random sampling and any
other violation of traditional parametric assumptions seem warranted. It would be
interesting to have in-depth robustness checks by replacing logged hourly wage with
logged annual labour earnings, studying the return to different schooling attainment,
testing the nonlinearity of education and nonlabour income in, for instance, a
semiparametric generalized partial linear model (See Hardle, Mammen and Muller
(1998)) and instrumenting the potentially endogenous regressors such as nonlabour

income and marital status on which our interest does not particularly centre.

15 In the paper, they adopted three steps for estimation of the parameters of interest. The first step uses
nonparametric regression methods to estimate the error term in the reduced form and the unrestricted
conditional mean. The second step imposes the linear index assumptions on the unrestricted conditional
mean to obtain the estimated eigenvector corresponding to the unique zero eigenvalue of variance
covariance matrix of the augmented structural equation. The final step recovers an estimator of the marginal
probability distribution function of the structural errors, which is defined to be the average structural
function.
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APPENDICES

Appendix A: Generalized Linear Model (GLM)

Econometric analysis of labour force participation by GLM was summarized by

McCullagh and Nelder (1989) and takes a form of
E(D)=G(Z'y), (A1)

where E(D)denotes the expected value of the dependent variable D, Z is a vector of

explanatory variables, y is an unknown parameter vector and G(e) is a known link
function. The expectation u=E(D) depends on an index function /=Z"y .
Var(D) = o*Var(E(D)) = c*Var(u) and G (or G') is the link function of 7 and u .

There are a number of ways to estimate the GLM.

In this paper, suppose D =1when one chooses to work and D = 0 when not. Then one
could apply the linear probability model (LPM) that assumes dichotomous D is a linear
function of Z. E(D)=Z"y with an identity link function and can be interpreted as the
conditional probability that one chooses to work given individuals’ characteristics.
However, the shortcomings of this approach are obvious. First, one cannot guarantee
that the predicted probabilities from this model will lie between 0~1 interval. Second,
the disturbances u cannot be normally distributed; it follows the binomial distribution.

Third, even if E(u,)=0 and E(uu;)=0, for i# j, the disturbances u;, are not

homoscedastic, since Var(u|Z) = E(D)(1— E(D))=Z"y(1-Z"y). Last, the computed
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R?is likely to be low. Hence, more appropriate models should be introduced. Within the

latent regression model framework (See equation (1) and (2)), we assume that u; has

mean zero and has either a standardized logistic with know variable 7°/3 or a
standard normal distribution with variance 1. If the disturbances u are distributed as a
logistic probability density function (PDF), Logit model that can be estimated by the

GLM is given by

Prob(D=1|Z)=A(Z"y)=p = (A2)

where A(e) is the Logistic distribution function. If the disturbances u are distributed as a

normal probability density function, Probit model is given by

Prob(D=1|Z)=Prob(D* >0|Z)=Prob(Z"y +u>0)=Prob(u>-Z"y|Z)

=Prob(u<Z'y|Z)=pu= d)(Z—Z) = f P(2)dt ' (43)
o -

u

where @(e) is the standard normal distribution function and o, is the standard
deviation of u . Two assumptions for identification are imposed. First is that variance of
u is normalized to be 1; this is called scale normalization. Second is that the threshold of
latent regression is normalized to be 0; this is named location normalization.

To estimate the Logit and Probit models, maximum likelihood method is implemented.
Redenoting the distribution function of (4| Z"y)as F(u)and its density as f (1), a MLE

would maximize

1/N2N: D, Infl - F(-Z"y)}+ (1= D) In{F(-Z"y)} (Ad)

i=l
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with respect toy . Then one can obtain ML estimates of Probit or Logit coefficients.

However, if the distribution is not normal or if the disturbance terms are not

homoscedastic, the estimator of y under certain specification will be inconsistent.
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Appendix B: Klein and Spady (1993)

The weight function w(e)in equation (11) can be introduced for numerical or technical

reasons. The probabilities are squared, for the probability estimates might be negative if

a bias-reducing (higher order) kernel is employed for their estimation. The probability
function Prob(D; =1|Z,)=Prob(D, =1|Zy)=Prob(Z]y > u, | Zy) can be rewritten

by Bayes rule as

Prob(Zy >u,)- gopi(Z ¥ | Z]y > u,)
gG(ZlT}/)

Prob(Zy >u, | Zy) = / (B1)

where g, is the density function of the index Z"y and 8o, the density of the index

conditional on the selection status D, =1. This is equivalent to

PI'Ob(Di :1)'g9[D=1(ZiT}/|Di :1)
gg(Z:T}/)

Prob(D, =1|Z,) = (B2)

with the densities g,and g, ,_, nonparametrically estimable by univariate Kernels and

Prob(D; =1)replaced by its sample average. The quasi-likelihood function can be

computed for any coefficient vector y . The vector y that maximizes equation (11) is the

Klein and Spady estimate ¥ ;.4 5,00, - 10 cOmputing the probability density functions

Klein and Spady insert standard nonparametric density estimation algorithms to acquire

1 & 1 Zly=Zjy

—— > D.-—K( )
A N"‘l,':j 4 h hn
Prob(D, =1|Z,) = - - , (B3)
1 X1 Ziy—Zy
— ) — K(——)
N_livtjh hn
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where bandwidth #,is a non-stochastic window satisfying condition

-1/6 1
n

<h, <n*and _[ Z*K(Z)dZ = 0. To achieve desired asymptotic properties the

true probability distribution Prob(Zy > u, | Z]'y) must be continuously differentiable

with bounded derivatives. Moreover, small estimated densities that may disturb the
outcomes should be adjusted or trimmed. The estimator is then both consistent and
asymptotically normal, and achieves the semiparametric efficiency bound assuming that

the errors and the regressors are independent,

A d
‘/;(7 Klein&Spady — 7 )—> N(0, V kieing Spady ), (B4)

1
where V,;;Lm&s;mdy = E{?— SQT Q-(1 Q)}
Y oy T

andQ =Prob(D, =1|Z,) =Prob(Z'y >u, | Zy). Thus, if the estimated probability
function is inserted into equation (11), the quasi-likelihood behaves like a likelihood

function. Therefore, the variance matrix can be estimated by its parametric analog.

Identification’ of single index models has been investigated by Ichimura (1993) and, for
binary models, by Manski (1988). It is worthwhile to note that coefficient estimates for

the models are not directly comparable and scale normalization is required.

16 Horowitz and Lee (2002) clarified the importance of restrictions to insure identification before one can
estimate coefficients and link function. The semiparametric conditional mean function takes the

formm(Z) = qD(ZT}/) =ED|Z=2)=¢ (4+B- ZT;/) ,where A and B # 0 are arbitrary and
" is defined by the relation m(Z) = p(Z"y) = E(D |Z =z) =@ (A+ B-Z,) = p(Z,) forall
Z ; in the support of A ¥ . Therefore, ¥ and  are not identified unless restrictions are imposed that

uniquely specify A4 and B . The restriction on A is called location normalization and can be imposed by
requiring Z to contain no intercept. The restriction on B is called scale normalization that can be realized by
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Appendix C: The Data Set

Variables and definition

Variable . Varial‘)le
Names Definition Names in 94
SLID
Dichotomous 1nd1catqr that equals 1 if an individual is FPDWK28C
WAGE a wage wor.ker and 0 if not. The category qf non-wage FSEUIR8C
WORKER workers 1nc1u§es mdlv@uals Who are either self—' FSEIN?28C
employed (farming or family business) or engaged in FUNFW28C
non-market home production
The log of composite hourly wage rate: the average of
LWAGE all paid worker jobs held by the person (excluding any | CMPHW28C
self employment) during the year
AGE10 Respondent’s age in years divided by 10 EAGE26C
AGE105Q AGE10"2 -—-
N0004C Number of children less or equal to 4 years old IN000427C
Number of children between 5 and 19 including 5 and NO50827C
N0519C 19 N001427C
N151927C
Respondent’s yearly non-labour income
NLINCOME ((Economic family’s annual income -Respondent’s E?&I\Glgégg
annual labour income)/10,000)
Dichotomous indicator that equals 1 if an individual is
married in 1994 and 0 if an individual is in a common-
MARRIED law status, a separated, divorced, widowed or single MARST26C
(never married) status.

EDU Respondent’s years of schooling YRSCH18C
HHSIZE The number of family members in the household HHSZ25C
Dichotomous indicator that equals 1 if an individual
has a long-term condition that limits the person at
DISABLED home, at scghool or in other activities, or in fhe kind or DISAB26C
amount of activity s/he can do at work and 0 if not
MOTHER Three dichotomous variables (ENGLISH, FRENCH). MOTN2G15

TONGUE Other is the left-out dummy variable
Three dummy variables indicating group status EOABOR15
GROUP (ABORIGINAL VISIBLEM, WHITE). WHITE is the left EOVM15
STATUS out dummy, which includes people who have EOCAN15
Canadian, British, French or Other European ethnic EOBRIT15

setting the ¥ coefficient of one component of Z equal to 1. A further identification is that Z must include at

least one continuously distributed component whose ¥ coefficient is non-zero.
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EOFR15

background
EOEURO15
REGION OF Five dummy variables (ATLANTIC QUEBEC REGRE25C
RESIDENCE PRAIRIES BC) ONTARIO is the omitted category
PEXP10 Potentia.ll labour market experience .
(Approximated by (AGE-EDU-6)/10)
Potential labour market experience squared
PEXP10SQ (PEXP10 A2) -—
Five levels of schooling as dummy variables indicating
respondent’s mother and father’s level education
respectively (EDMOTH1/EDFATHI: Elementary
school (includes no schooling), EDMOTH2/EDFATH2:
PARENTAL | some high school, EDMOTH3/EDFATH3: Completed | EDMOTH21
EDUCATION | high school, EDMOTH4/EDFATH4: Non-university EDFATH21

certificate or diploma (e.g. community college),
EDMOTHS5/EDFATHS: University degree (no level
specified)). EDMOTH3 and EDFATHS3 are the left-out
dummies
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Means of the variables by gender and employment status

Female
Variables
Paid Not paid Paid Not paid
Number of 5039 2456 5288 1675
observations 67.23% 32.77% 75.94% 24.06%
Endogenous variables
WAGEWORKER 1.00 0.00 1.00 0.00
LWAGE 1.09 (0.21) - 1.21 (0.19) —-
Exogenous
identifying
variables
NLINCOME
(0000 CAN §) 2.94 (2.81) 3.09 (3.31) 1.69 (2.31) 3.10 (3.62)
HHSIZE 3.21 (1.28) 3.39 (1.38) 3.27 (1.34) 3.19 (1.43)
EDFATH1 0.48 (0.50) 0.60 (0.49) 0.49 (0.50) 0.58 (0.49)
EDFATH?2 0.22 (0.42) 0.18 (0.38) 0.23 (0.42) 0.20 (0.40)
EDFATH4 0.08 (0.27) 0.07 (0.26) 0.07 (0.26) 0.05 (0.23)
EDFATHb5 0.06 (0.24) 0.03 (0.16) 0.06 (0.23) 0.05 (0.22)
EDMOTH]1 0.41 (0.49) 0.55 (0.50) 0.43 (0.49) 0.54 (0.50)
EDMOTH2 0.25 (0.43) 0.20 (0.40) 0.23 (0.42) 0.20 (0.40)
EDMOTH4 0.11 (0.31) 0.07 (0.26) 0.09 (0.29) 0.08 (0.27)
EDMOTH5 0.03 (0.17) 0.03 (0.16) 0.03 (0.18) 0.02 (0.14)
Remaining variables
EDU 13.19 (2.84) 11.58 (3.15) 12.91 (3.25) 11.83 (3.70)
N0004C 0.19 (0.39) 0.22 (0.41) 0.21 (0.41) 0.15 (0.36)
N0519C 0.68 (0.79) 0.71 (0.81) 0.66 (0.80) 0.60 (0.79)
DISABLED 0.05 (0.21) 0.17 (0.38) 0.06 (0.24) 0.20 (0.40)
ENGLISH 0.69 (0.46) 0.63 (0.48) 0.66 (0.47) 0.65 (0.48)
FRENCH 0.22 (0.42) 0.26 (0.44) 0.26 (0.44) 0.23 (0.42)
ABORIGINAL 0.02 (0.15) 0.03 (0.18) 0.02 (0.14) 0.01 (0.10)
VISIBLEM 0.03 (0.17) 0.03 (0.18) 0.03 (0.18) 0.02 (0.15)
ATLANTIC 0.21 (0.40) 0.24 (0.43) 0.21 (0.41) 0.20 (0.40)
QUEBEC 0.18 (0.39) 0.23 (0.42) 0.21 (0.41) 0.20 (0.40)
PRAIRIES 0.24 (0.42) 0.20 (0.40) 0.22 (0.42) 0.25 (0.43)
BC 0.10 (0.30) 0.08 (0.28) 0.09 (0.28) 0.09 (0.28)
PEXP10 2.02(0.97) 2.52(1.09) 2.07 (1.00) 2.58 (1.07)
AGE10 3.94 (0.88) 4.28 (0.98) 3.96 (0.90) 4.37 (0.94)
MARRIED 0.69 (0.46) 0.75 (0.43) 0.71 (0.46) 0.68 (0.47)

Notes: The numbers in parentheses are the standard deviations of the means.
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Appendix D: Result Figures

Horowitz (1993) test for females
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Horowitz (1993) test for males
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Appendix E: Generalized Cross-Validation
To select the optimal bandwidth in nonparametric regression, Generalized Cross-

Validation (GCV) is used. The Nadaraya-Watson estimator, defined as

R Z":K(xi;x)yz'

mh(x) = izln r —x
S

approaches y, when the bandwidth % approaches zero. Mean Squared Error (MSE) is

(E1)

obtained by the cross-validation criterion, defined as

CV(h) = Z {y,- - r;zh,-,-(x,- )}— , (E2)

. R Z":Kh(xi‘xj)yi

where m,-i(x,) denotes as m—i(x,) = 22

Z":Kh(xi—xj)

i# ]

the kernel regression estimate

which is obtained without using the i th observation (x;, y,). Hardle (1990) showed that
u . 2

equation (E2) can be writtenas CV(h) = Z { Y, —mu(x; )} EW,(x,))
i=1

with Z(u) = (1—u)~, the penalty function for generalized cross-validation criterion,

K(0)

n x,.—x/.

>R

and W, (x,) = . Here, small values for bandwidth chosen are penalized

by the penalty function and the (leave-one-out) cross-validation is treated as a Sum of
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Squared Residual (SSE). Since minimizing CV (%) is on average equivalent to

A

minimizing MSE(h) , one could choose 7 opima by minimizing CV (k).
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