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ABSTRACT 
 

On the Specification of Mincerian Wage Regressions  
with Heterogeneity, Non-Linearity, Non-Separability,  

and Heteroskedasticity∗  
 

Using panel data taken from the NLSY, I perform the joint estimation of i) a reduced-form 
dynamic model of the transition from one grade level to the next with observed and 
unobserved heterogeneity, and ii) a flexible version of the celebrated Mincerian wage 
regression with skill heterogeneity, non-linearity in schooling, non-separability between the 
effects of schooling and experience and heteroskedasticity (after conditioning on unobserved 
skills). The model rejects all simplifying assumptions common in the empirical literature. In 
particular, the log wage regression is highly convex, even after conditioning on unobserved 
and observed skills. Skill heterogeneity is also found to be over-estimated when non-linearity 
is ignored. After conditioning on skill heterogeneity, schooling has a causal effect on wage 
growth. I find that estimates obtained in a standard framework (assuming separability) may 
underestimate the returns to schooling upon labor market entrance by as much as 15%. 
Finally, I find that the variance of the stochastic wage shock decreases with accumulated 
experience but is more or less independent of schooling. 
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1 Introduction

The Mincerian wage regression is one of the most widely used tools of em-
pirical economics. The literature making use of empirical wage regressions
is vast. Mincerian wage regressions have been applied to numerous areas of
Labor Economics. They play a central part in the literature devoted to the
returns to education (Card, 2001, and Belzil and Hansen, 2002a) as well as
in the literature on the increase in wage inequality (Card and Lemieux, 2002,
Gosling, Machin and Meghir, 2000, and Taber, 2001). They are also used to
investigate statistical discrimination and gender di�erences in wages (Fortin
and Lemieux, 1998), occupation choices (Keane and Wolpin, 1997) and are
also present in the equilibrium search literature (Postel-Vinay and Robin,
2002, and Eckstein and van den Berg, 2003.
While the vast majority of the literature is quite homogeneous at the

model speci�cation level, the more recent literature is marked by important
di�erences at the level of the functional form, the stochastic speci�cation as
well as the estimation method.
For a long time, empirical models have been based on the ad-hoc as-

sumptions that individual di�erences in market skills can be captured in the
intercept term of the wage regression function and that log wages vary lin-
early with schooling. The validity of these assumptions has however been
seriously questioned in recent years and many economists have examined the
stability of the stylized facts about age earnings pro�les reported in Mincer
(74).1 Consequently, economists have started to pay particular attention to
the introduction of heterogeneity in the slopes of the wage regression, to po-
tential non-linearity (the convexity of the wage schooling relationship) and to
the separability between education and experience. On top of that, the link
between risk and education is becoming a major topic of ongoing research.
With regards to skill heterogeneity, the random coe�cient representation

of the wage regression function has gained in popularity, along with the
literature on estimating average treatment e�ects.2 At the same time, others

1For more details, see Heckman, Lochner and Todd, forthcoming and Lemieux, 2003.
2The term \correlated random coe�cient wage regression model" is often used to re-

fer to the standard Mincerian wage regression model where all coe�cients are individual
speci�c. Recent papers devoted to speci�cation and estimation issues surrounding a ran-
dom coe�cient model of the wage regression include Heckman and Vitlacyl (1998, 2000),
Meghir and Palme (2002),Woolridge (1998, 2000), Angrist and Imbens (1994) and Card
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have paid a particular attention to potential non-linearities explained by
di�erences in local returns to the schooling across grade levels (Belzil and
Hansen, 2002a). 3 Furthermore, the recognition that post-schooling human
capital investments should be treated as endogenous is likely to translate into
new waves of empirical work which, among other things, should question the
validity of the separability assumption (Rosenzweig and Wolpin, 2000).
While \skill heterogeneity" and \non-linearity" are not mutually exclu-

sive, they are rarely confronted. This oversight might be a serious drawback.
If the individuals who have higher market ability also have a comparative
advantage in schooling (experience higher returns to schooling) and acquire
more schooling, the convexity of the wage regression function might only re-

ect dynamic self-selection (merely a composition e�ect). That is, as we move
toward higher levels of schooling, the local returns to schooling may turn out
to be estimated from an increasingly large proportion of high ability workers.
If so, allowing for cross-sectional heterogeneity in the slope parameter (s) of
the wage regression might obviate the need for a 
exible (non-linear) speci-
�cation of the wage regression function and facilitate estimation. Equally, if
the wage regression is truly convex (the returns increase with grade level),
estimates of the returns to schooling obtained in a standard linear random
coe�cient framework might over-estimate the importance of cross-sectional
heterogeneity.
Knowing the relative importance of the non-linearity and the skill het-

erogeneity hypotheses is fundamental for those interested in estimating the
returns to schooling. In the literature, it is customary to estimate the log
wage regression function using Instrumental Variable (IV) techniques and
interpret the estimates within a linear random coe�cient framework. The
linearity assumption is therefore crucial.4 However, if the linear wage re-

(2000)). Belzil and Hansen (2002,b) present a structural analysis of the correlated random
coe�cient wage regression model.

3Belzil and Hansen, 2002a, used a structural dynamic programming model to obtain

exible estimates of the wage regression function from the National Longitudinal Survey
of Youth (NLSY) and found that a model with constant local returns is strongly rejected
in favor of a highly convex log wage regression function composed of 8 segments. The
average return over the entire range (around 4% per year) is found to be much lower than
what is usually reported in the literature. The degree of convexity of the wage regression
(as well as its change over time) is also pointed in Mincer (1997), Lemieux (2003) and
Deschênes (2001).

4In general, the use of IV techniques requires separability between the instruments and
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gression is not supported by the data and the form of the wage regression
function is unknown, the estimation method is more complicated. Currently,
the relative merits of both model speci�cations are unknown. A casual re-
view of the recent literature would reveal that labor economists tend to favor
the skill heterogeneity hypothesis. This preference is the result of ad-hoc
assumptions. It is not founded on any evidence.
On a similar note, the independence between education and the return to

experience, typically illustrated by the fact that age earnings pro�les are ap-
proximately parallel across broad education groups, is also being questioned
(Heckman, Lochner and Todd, forthcoming and Lemieux, 2003). This sug-
gests that log wages regression may not be separable in education and ex-
perience and, in particular, that the return to experience may be a�ected
by schooling. Various economic models may be able to explain this. These
include models of endogenous post-schooling human capital investments as
well as various lifecycle incentive models where wages are upward sloping.5

Speci�cation issues are not only limited to non-linearity, separability and
skill heterogeneity. In the applied literature based on cross-section tech-
niques, the distinction between pure random shocks and unobserved persis-
tent attributes is not possible. For this reason, heteroskedasticity is typically
ignored, even though the relationship between risk and education is a rather
fundamental economic question. The e�ect of schooling on earnings disper-
sion (or wage and employment rate dispersion) is a di�cult question to tackle
and few people have tried to quantify the link between education and labor
market earnings risk. As of now, there is no de�nite answer to the question
of the link between education (or human capital) and risk and, in particular,
the link between the variance of future wage shocks and accumulated human
capital.6

Finally, it should be noted that the literature is not only characterized by

the error term in the treatment equation.
5See Rosenzweig and Wolpin (2000) for a discussion of endogeneous post-schooling in-

vestments and Belzil and Bognanno (2004) for a dynamic promotion models which implies
that wage growth may depend on schooling.

6In practice, evaluating the risk associated to human capital investment requires to
incorporate various dimensions such as the variance of the idiosyncratic shocks a�ecting
wages, the failure probability (in school), expectations about future tuitions, technological
change foresight and even uncertainty about one's ability (see Carneiro and Heckman,
2002, Chen, 2003 and Belzil and Hansen, 2002a).
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the diversity of applications and by di�erences at the level of the functional
form and the stochastic speci�cation, but also by a variety of estimation
methods. While the vast majority of econometric estimates of the returns to
schooling or experience are obtained in an OLS or an IV framework, estimates
have also been obtained using structural dynamic programming techniques
based on maximum likelihood methods (or their simulated counterparts).
There is a surprising discrepancy between estimates obtained in a structural
framework and those obtained in a standard OLS/IV framework. While OLS
and IV estimates are typically high (estimates lying between 10% and 15%
per year are often reported for the US), structural estimates (such as those
reported in Keane and Wolpin, 1997 and Belzil and Hansen, 2002a) are much
lower.7 These results are di�cult to reconcile, as each estimation method
has its own weaknesses.8 As indicated above, in the IV/OLS literature, non-
linearities are practically never allowed (at least formally) and the possibility
of relying on \weak instruments" is rarely envisaged.9 At the same time,
structural estimation requires parametric (distributional) assumptions which
are not needed in the linear IV framework.10 The robustness of the results
are therefore not always easy to evaluate.
This paper is driven by one major objective. It is to obtain estimates

of all the components of the Mincerian wage regression within an economet-
ric speci�cation where schooling is endogenous, and where the wage regres-
sion is estimated as 
exibly as in the structural estimation literature but
which restricts the number of parametric/distributional assumptions to a

7The reader will note that, strictly speaking, there is no such thing as \structural esti-
mates of the returns to schooling". Structural estimation does not identify new parameters
of the Mincerian wage regression. However, I use the term \structural estimates" to refer
to economic models where endogenous schooling is modeled through the solution of an
intertemporal model, in which the return to schooling plays a central part.

8In Keane and Wolpin (1997), the returns to schooling are linear in schooling but
are occupation speci�c. The population average return is between 5% and 8% per year
(depending on the model). In Belzil and Hansen (2002,a), the returns vary with grade
level and range between less than 1% per year (in high school) to more than 12% at
college graduation. Both papers are based on a sample of young white males taken from
the NLSY.

9See Staiger and Stock, 1997.
10The degree of under-identi�cation (non-parametric) found in standard empirical dy-

namic programming models is well established in Rust (1994) and Magnac and Thesmar
(2002).

6



minimal level. The econometric model is based on two distinct components;
a reduced-form dynamic model of schooling attainment based on the hazard
speci�cation of the transition from one grade level to the next with observed
and unobserved heterogeneity (as in Cameron and Heckman, 1998) and a
non-linear Mincerian wage regression model with observed and unobserved
skill heterogeneity.
To meet this objective, I perform four main tasks. First, I obtain panel

estimates of all the key components of the Mincerian wage regression function
in a context where i) skill heterogeneity a�ects the intercept term, the return
to schooling and the return to experience, ii) the local return to schooling may
vary with grade level (the return to college may be di�erent than the return
to grade school or high school), iii) the returns to experience depend on ac-
cumulated schooling and iv) the distribution of wage o�ers are conditionally
(on skill heterogeneity) heteroskedastic. Secondly, I perform statistical tests
of these various hypotheses (skill heterogeneity, non-linearity, separability
and heteroskedasticity) in order to shed light on the optimal speci�cation of
the celebrated Mincerian wage regression function. Thirdly, I perform some
variance decompositions of the individual speci�c intercepts and slopes in
order to assess the relative importance of parents background variables, pure
individual heterogeneity and accumulated schooling (for the returns to expe-
rience) in explaining skill heterogeneity in the labor market. Finally, in order
to evaluate the reliability of the most popular model speci�cations found in
the literature (obtained when various dimensions of the most general model
speci�cation are removed), I compare the estimates of the �rst and second
moments of the returns to schooling and experience obtained under various
scenarios.
The model is estimated using data from the National longitudinal sur-

vey of Youth (79-90). This is the same sample used by Belzil and Hansen
(2002a) and Keane and Wolpin (1997). For this reason, comparing the re-
turns to schooling and experience from structural models and reduced-form
models is particularly enlightening. A brief description of the sample data
is found in Appendix. The empirical likelihood function maximizes the joint
probability of the observed schooling attainment and a particular wage his-
tory observed between 1979 and 1990. The estimation method is 
exible. It
is semi-parametric in spirit and allows for observed and unobserved hetero-
geneity in all dimensions. Each component of the wage regression (intercept
term, returns to schooling and returns to experience) require 11 parameters
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(4 support points and 7 observable regressors). Along with the variance of
the idiosyncratic shock, the wage regression requires 38 parameters. As far
as I know, this is the most general Mincer wage regression ever estimated.
The main results are as follows. The model rejects all simplifying assump-

tions common in the empirical literature. I �nd that the degree of convexity
of the wage regression, as measured by the di�erence in the local returns
to schooling before and after high school graduation, is dependent on the
allowance for skill heterogeneity. However, the log wage regression remains
highly convex, even after conditioning on unobserved and observed skills.
The convexity is acute and it is therefore not solely a re
ection of omitted
skill heterogeneity. Not surprisingly, skill heterogeneity is also found to be
quite important and I �nd that there is more cross-sectional variability in
the returns to experience than in the returns to schooling. I �nd that those
endowed with high returns to schooling will also be endowed with high re-
turns to experience, although the correlation is quite small. I also �nd that
ignoring non-linearity in
ates the cross-sectional variance in the returns to
schooling.
After conditioning on skill heterogeneity, there is a positive correlation

between accumulated schooling and the individual speci�c returns to expe-
rience. This is consistent with the view that accumulated schooling may
have a causal e�ect on wage growth. Aside from the major defect of under-
estimating the returns to schooling as individuals accumulate work experi-
ence, estimates obtained in a standard separable framework also under es-
timate the returns to schooling upon labor market entrance by a signi�cant
margin (as much as 15%).
Finally, wages are found to be homoskedastic in schooling but heteroskedas-

tic in experience. This result is consistent with the possibility that senior
workers are less exposed to business cycle 
uctuations or other stochastic
shocks a�ecting the labor market.
The results reported here are in line with those found in the structural

literature. The estimates of the returns to schooling, much lower than those
reported in the OLS/IV literature, seem to suggest that the discrepancy
between structural estimates and OLS/IV estimates may well be explained
by di�erences in the econometric speci�cation of the wage regressions and not
by the stronger parametric assumptions required in structural estimation.
The paper is structured as follows. The empirical model is exposed in

Section 2. Section 3 is devoted to the results of the statistical tests. The
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structural parameter estimates are discussed in Section 4 and the relative
importance of skill heterogeneity and non-linearities is studied in Section 5.
In Section 6, I investigate the importance of allowing for non-separability. In
Section 7, I discuss the importance of heteroskedasticity (in comparison with
skill heterogeneity).The conclusion is in Section 8.

2 A Reduced-form Dynamic Model of School-

ing and Wages

The econometric strategy is based on two items; a hazard function of grade
completion and a wage regression model 
exibly speci�ed.

2.1 Schooling attainments

The econometric model used to deal with the endogeneity of schooling attain-
ment is a hazard function model of grade transition. I denote the conditional
probability of stopping school with grade level S (the hazard rate) by z(
i;S)
where z(:) is a cumulative distribution function and where 
�iS an individ-
ual/grade speci�c index. The index, 
�iS; is expressed as


�iS = 
0S +X
0
i
1 + �

G
i (1)

where Xi is a vector of exogenous regressors, 
1 is a vector of unknown para-
meters and 
0S is a vector of grade speci�c intercept terms to be estimated.
The continuation probability is therefore equal to one minus the hazard rate.
The term �Gi represents an individual speci�c unobserved term a�ecting the
propensity to acquire schooling. The vector Xi is composed of observable
family characteristics; father's education, mother's education, an interaction
term between father's and mother's schooling, household income, Armed
Forces quali�cation tests (AFQT) scores, number of siblings and an indica-
tor equal to one if the individual has been raised by both biological parents
and 0 if not. Yearly household income is reported as of 1978 and measured in
units of $1,000. AFQT scores are corrected for the level of schooling at the
time when the test was taken.11 Note that �Gi is assumed to be orthogonal

11To do so, I regressed AFQT scores on schooling and kept the residual.
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to Xi: This approach amounts to the estimation of a vector of grade level
speci�c intercept terms for each type, along with the restriction that the dis-
tance between each type speci�c intercept (at one particular grade level) is
the same at all di�erent grade levels.

2.2 The Mincerian Wage Regression with Heterogene-

ity, Non-linearity, Non-separability and Heteroskedas-

ticity.

The log wage received by individual i, at time t, is given by

logwit = 'wi + 'i(Si; Experit) + "
w
it (2)

where Si denotes schooling and Experit is accumulated years of experience
at date t. I use actual experience as opposed to potential experience (see
Appendix 1). I assume that "wit � i:i:d N(0; �2it): In order to estimate the
model, I choose a tractable form for 'i(Si; Experit); that is

'i(Si; Experit) = '
S
i (Si) + '

E
i (Si) � Experit (3)

� 'Si (:) = 'i1 � Si + �2 � Sic

{ where 'i1 = exp(X
0
i�
s + �si )

{ where Sic = Si � 12 if Si > 12 and Sic = 0 if Si � 12

� 'Ei = exp(X 0
i�
E + �1 � Si + �2 � Sic + �Ei )

� 'wi = X 0
i�
w + �wi

� (�Gi ; �si ; �Ei ; �wi ) are jointly distributed with CDF H(.)

� �it = exp(�0 + �1 � Si + �2 �+S2i + �3 � Experit + �4 �+Exper2it)

Altogether, the de�nitions of 'Si (:); '
E
i and '

w
i allow for skill heterogene-

ity, non-linearities in the return to schooling (with two levels) and for a causal
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e�ect of accumulated schooling on the return to experience.12 The parame-
ters ranging from �1 to �4 enable me to take into account that the variance of
wage o�ers varies with accumulated schooling and experience. The positivity
of 'i1and '

E
i are imposed in order to eliminate the possibility of unrealistic

values for predicted wages or for the returns to schooling and experience.
Note that I focus on linear returns to experience because the model is �t
on a sample of young workers and wages are observed over a period over
which the concavity of earnings pro�le has most likely not set in yet. The
allowance for a possible correlation between �Gi and labor market skill het-
erogeneity (�si ; �

E
i ; �

w
i ) will capture any endogeneity in schooling which may

persists even after conditioning on X.
An inspection of equation (3) reveals that, in this particular framework,

the returns to schooling vary with experience (education causes wage growth).
For a given number of years of experience, the marginal e�ect of a year of
schooling is given by

� logwit
�Si

=
�'Si (:)

�Si
+
�'Ei (:)

�Si
� Experit (4)

Focussing on the marginal e�ect of post-high school training, we get that

� logwit
�Si

= 'Si (:) + �2 + ['
E
i (Si) � (�1 + �2) � Experit] (5)

In the literature, it is customary to assume that (�1 = �2 = 0; so that
there is no distinction between the returns to schooling as measured at en-
trance in the labor market and the returns measured several years beyond
school completion. In the present model, 'Si (Si) + �2 is a measure of the
marginal e�ect of schooling on wages only at entrance in the labor market
(when Experit = 0). The growing pattern of the returns to schooling will be
illustrated in Section 6.

2.3 Unobserved Heterogeneity

In order to approximate H(.) as accurately as possible, I assume that there
are 4 types of individuals. Each type is therefore endowed with a vector

12Another type of non-separability (ignored in this paper) could arise if the returns to
schooling decline with experience (or age) because of depreciation.
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(�Gi ; �
s
i ; �

E
i ; �

w
i ) for k = 1; 2:::4 . The probability of belonging to type k; pk;

are estimated using logistic transforms.

pk =
exp(q0k)P4
j=1 exp(q

0
j )

and with the restriction that q4 = 0.

2.4 The Likelihood Function

The likelihood function is the joint probability of observing a level of school-
ing attainment, Si; and a particular wage history (wi1 ..wi1990): Given type
k, it has three components; the probability of having continued in school
until S years of schooling is achieved (L1k), the joint probability of stopping
school with S years of schooling and entering the labor market at observed
wage wi1 (denoted L2k) and the density of observed wages until 1990 (de-
noted L3k): The entry wage (wi1) and the decision to stop school must be
treated as dependent, even after conditioning on unobserved heterogeneity,
because the schooling decision is most likely based, among other things, on
starting wages.13

Given a distributional assumption for the hazard (and therefore the school
continuation probabilities); L1k is simply �

S�1
j=1 (1 � zj(:)) while L2k would

typically require the evaluation of the conditional probability of stopping
school (conditional on the observed entry wage) times the marginal distrib-
ution of the entry wage. Finally L3k is just the product of wages densities
(wi2; :::wi1990). For a given type k, the likelihood is therefore Lk = L1k�L2k�L3k
and the log likelihood function to be maximized is

logL = log
KX
k=1

pk � Lk (6)

where each pk represents the population proportion of type k.

2.5 Identi�cation

The identi�cation strategy borrows substantially from the literature on esti-
mating hazard functions. The treatment of the grade transition as a hazard

13This type of interdependence is more clearly de�ned within a structural model.
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function allows me to identify unobserved heterogeneity (conditional on ex-
ogenous parents' background variables) a�ecting grade transition (�G):While
non-parametric identi�cation results exist only for proportional hazard func-
tions (which is not the case here), the estimation of non-proportional hazards
with person speci�c unobserved factors is also quite common (see Baker and
Melino, 2000). It is therefore reasonable to assume that the grade transition
hazard (set in discrete time) will allow me to capture the unobserved com-
ponent a�ecting schooling decisions. At the same time, and consistent with
panel data models, the repeated observations on labor market wages allow
me to identify the person speci�c intercept and slopes.
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3 Searching for the Best Speci�cation

The estimation of the model requires a choice for the cumulative distribution
function used in the grade transition, z(:) . The standard normal is a natural
choice, as it will easily allow for the correlation between the school leaving
decision and the wage observed in the �rst year of full time work. If one is
willing to assume independence (for the entry year), then the logit hazard
function is also attractive.14 The results presented below are for the normal
case. Evaluating the type speci�c likelihood components (L1k; L2k and L3k)
is rendered easy with the normality assumption
As a �rst step, I estimated the most general model possible and re{

estimated several restricted versions that allowed me to perform likelihood
ratio tests. In order to implement the model, I have initially �tted a ver-
sion with observed heterogeneity and gradually included unobserved types.
Various experiments have indicated that it is not necessary to go beyond 4
types.15 It should be noted that the 7 regressors representing family back-
ground are relatively highly correlated. As a consequence, I treated the set
of regressors as a single block which can proxy skill heterogeneity and chose
not to remove the variables that may turn out to be insigni�cant in one of
the components of the wage regression.
There are 4 natural hypotheses of interest. The �rst one is that the

e�ect of schooling on log wages is linear (�2 = 0): The second hypothesis is
that, conditional on unobserved heterogeneity, the returns to experience are
una�ected by accumulated schooling (�1 = �2 = 0). The third hypothesis
is that skill heterogeneity is accounted for in the wage intercept and that a
random coe�cient speci�cation is not required. This boils down to imposing
�s = �E = 0, �s1 = ::::�sk; and �

E
1 = ::::�Ek (the \classical representation" of

the Mincer wage regression). This test hinges on a �xed (known) number of
types.16 Finally, the last null hypothesis is that the wage regression function

14Indeed, the estimation of the model with logistic hazard function has delivered practi-
cally identical results for the log wage regression parameters and comparable results (aside
from an obvious scaling problem) for the grade transition equation.
15Indeed, I tried with 6 types but it turned out that the parameter estimates and the

correlation estimates were practically not a�ected by the decision to go to 4 types. This
is most likely explained by the relatively large number of observed regressors already
included.
16Considering the number of types as �xed is relatively standard in the empirical liter-

ature where the estimation method consists of a relatively complicated mixed likelihood
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is homoskedastic in accumulated human capital (schooling and experience).
This is accomplished by imposing �1 = :::�4 = 0:
A summary of the likelihood ratio tests is found in Table 1 below. As

is clear from the test statistics reported in Table 1, all four hypotheses are
strongly rejected at the 1% level and, as a consequence, the optimal speci�-
cation requires non-linearities in schooling, dependence between the returns
to experience and accumulated schooling, skill heterogeneity in the slopes as
well as heteroskedasticity. The evidence is overwhelming and does not re-
quire further discussion. This speci�cation is now the baseline model which
can be used to investigate several issues to be addressed below.

4 The Parameter Estimates

In what follows, I discuss the parameter estimates and, in particular those
pertaining to the wage returns to schooling and experience. The entire set of
parameter estimates for the best model speci�cation is found in a sequence
of tables ranging from Table 2A to Table 2F. Without loss of generality,
the returns to education are measured upon entrance in the labor market
(when Experit = 0): The �rst and second moments of the slope parameters
as well as the key correlations are found in table 3A, 3B and 3C. A Variance
decomposition is documented in Table 4.

4.1 Parents Background Variables and Schooling At-

tainments

The estimates of the e�ects of parents background variables on the hazard
rate are found in the �rst column of Table 2A. After taking into account the
interaction term between mother's and father's schooling, the estimates indi-
cate that the school continuation probability increases with parents' school-
ing. This may be seen after noting that, given the range of father's and
mother's schooling, the negative e�ect of the interaction term (-0.0181) will
dominate when evaluating the marginal e�ects for both mother's schooling
and father's schooling. The parameter estimates also imply that school-
ing attainments will increase with household income, AFQT scores and de-

function. Aside from the case of a single spell duration model, non-parametric estimation
of K is rarely achieved in the empirical literature (see Heckman and Singer, 1984).
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crease with the number of siblings. Those raised with both biological parents
also tend to leave school later. These results are consistent with what has
been reported in Belzil and Hansen (2002a), Eckstein and Wolpin (1999) and
Cameron and Heckman (1998 and 2000). Similar results are also present in
numerous other studies. They do not require more discussion.

4.2 Parents Background Variables and Wages

Overall, It is clear that the level of signi�cance of the family background
variables in the wage regression is somewhat lower than what was found in the
grade transition equation. Notwithstanding this, there is evidence that most
variables associated with higher schooling attainments (lower hazards) are
also associated with higher returns to schooling, higher returns to experience
and higher wage intercepts (Table 2A). This conclusion is reached after the
examination of the e�ects of parents background variables and after taking
into account the interaction terms. In particular, the returns to schooling
and experience increase with father's schooling and mother's schooling. Both
the intercept term and the returns to experience also increase with family
income and AFQT scores. However, the returns to schooling appear to be
decreasing with both parents income and AFQT scores, although the e�ects
are relatively small.

4.3 Non-linearity

The results found in Table 2B show strong evidence in favor of the convexity
of the wage-schooling relationship. The parameter estimate for �2 (equal to
0.0435), along with the estimates for �s (Table 2A), imply an average re-
turn to schooling equal to 0.0426 per year of schooling prior to high school
graduation and 0.0863 in college (Table 3A). This is consistent with evi-
dence presented in Belzil and Hansen (2002a) and seems to indicate that the
non-linear (convex) shape of the wage schooling relationship is acute and,
furthermore, not a re
ection of omitted skill heterogeneity. This issue will
be addressed in Section 7.17

Aside from the convexity, it should also be noted that, when compared to
the OLS estimate of the returns to schooling applied over the entire sample

17The increasing degree of convexity of the wage regression is also pointed in Mincer
(1997), Lemieux (2003) and Deschênes (2001).
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(9.9%) and to those reported in the IV literature, these estimates are small.
They are in accordance with the relatively lower estimates obtained in the
structural literature. As do structural models, the maximum likelihood esti-
mates presented therein imply a relatively strong ability bias.18 Finally, the
returns to experience, averaging 6% per year in the population, exceed the
return to schooling in high-school but are below the returns to college.

4.4 Unobserved Heterogeneity

An inspection of the unobserved heterogeneity support points, along with the
type probabilities (Table 2C and Table 2D), reveals that those types who will
experience higher schooling attainments (lower hazard rates) will also expe-
rience higher returns to schooling and experience. More precisely, and after
conditioning on observed attributes, type 3 individuals (representing 54%
of the population) will experience the highest level of schooling (the lowest
hazard) and will be endowed with the second highest returns to schooling
and experience. The highest return to schooling and experience is achieved
by type 2 individuals while type 4 individuals will obtain the lowest returns.

4.5 The Causal E�ect of Schooling on Wage Growth

After conditioning on skill heterogeneity, and taking into account the en-
dogeneity of schooling, there is a positive correlation between accumulated
schooling and the individual speci�c returns to experience (Table 2B). How-
ever, this positive correlation is mostly explained by schooling acquired be-
yond high school graduation. This is illustrated by the relatively small value
of the estimate for �1 (0.0033) and the much larger value for �2 (0.0573).
This is consistent with the view that accumulated schooling may have a
causal e�ect on wage growth.19

18In the OLS/IV literature, the di�erence between IV and OLS estimates is often im-
puted to potential measurement error in schooling. The reader will however notice that,
in a very general model speci�cation such as the one proposed here, this argument breaks
down.
19In the recent (but growing) empirical literature devoted to personnel economics, it is

reported that schooling has a relatively small e�ect on promotion outcomes (see Baker,
Gibbs and Holmstrom, 1993, Lazear, 1999, and Belzil and Bognanno, 2004).
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4.6 Heteroskedasticity

The wage regression function appears to be heteroskedastic in experience
(Table 2F). The estimates for experience (-0.0298) and experience2 (0.0012)
indicate that the wage variance will decrease with experience over the relevant
range. However, the insigni�cance of the parameters associated to education
and its square seems to indicate that there seems to be very little correlation
between risk (at the wage level) and education.

4.7 Cross-Sectional Dispersion in the Returns to School-

ing and Experience

The second moments (the standard deviations) of all the determinants of
the wage regressions, also found in table 3A, indicate that there is more
cross-sectional variability in the returns to experience than in the returns to
schooling. Interestingly, and as indicated by the correlations found in Table
3B those endowed with high returns to schooling will also be endowed with
high returns to experience, although the correlation (0.05) is quite small. The
unobserved components of the returns to schooling and experience (Table 3C)
are however more strongly correlated (the correlation is 0.76).

4.8 Variance Decompositions

Some variance decompositions are found in Table 4. These may be used to in-
fer the relative importance of parents background variables, unobserved skills
and schooling (for the returns to experience) in explaining skill heterogeneity.
The main �ndings seem to indicate that, while modeling wage regressions in
a context where the coe�cients are allowed to be correlated with observed
characteristics is important, skill heterogeneity is captured mostly through
unobserved skills. More precisely,

� Only 10% of the cross sectional variations in returns to schooling is
explained by parents background variables while 90 % is explained by
unobserved skills

� 19% of the cross-sectional variations in the returns to experience are
explained by parents background variables while 65% are explained by
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unobserved skills. Interestingly, accumulated schooling explains 16%
of the returns to experience.

� 41% of the cross sectional variations in the wage intercept are explained
by parents background variables while 59% are explained by unobserved
skills.

5 Assessing the Relative Importance of Het-

erogeneity and Non-linearity.

At this stage, it is natural to investigate the consequence of ignoring either
skill heterogeneity or non-linearity on the accuracy of the estimates of the
returns to schooling. After all, most estimates published in the literature
(based on IV methods) are based on cross-section data and on model speci-
�cations where the wage regressions are assumed to be linear in schooling.
The reliability of various model speci�cations may be investigated by

comparing estimates of the returns to schooling upon labor market entrance
obtained when various dimensions of the most general model speci�cation
are removed. In Table 5, I perform such comparisons. I also report estimates
of the returns to schooling and experience in the case where skill heterogene-
ity and non-linearity are omitted (in column 4) and compare them to the
estimates already reported.
The results indicate that, to a certain extent, the degree of convexity of

the wage schooling relationship is a�ected by the omission of skill hetero-
geneity. The di�erence between the returns in high school and in college, of
the order of 4.5 percentage points in a 
exible model which allows for both
skill heterogeneity and non-linearities (column 3), is now increased to 7 per-
centage point when skill heterogeneity is not controlled for (column 2). This
results is not surprising and illustrates eloquently the importance of dynamic
self-selection.
However, as indicated by the rejection of the linear model, a fair degree

of convexity persists. At the same time, the consequences of ignoring non-
linearity are also quite spectacular. The estimate for the population average
return to schooling in a linear model, which is around 6.5% per year (column
1), seriously over estimates the return to high school training and under
estimates the return to post high school training.
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Ignoring both nonlinearity and skill heterogeneity, raises the return to
schooling to 0.0892 (column 4) and creates the statistical illusion that log
wages are increased by more than 9% per year, what ever is the level of
schooling. This estimate, 8.9%, is still below what would be obtained by
OLS (around 9.9% per year) but it is the largest obtained so far. Somehow,
this indicates that di�erences in the intercept term alone, are not capable of
capturing a level of dynamic self-selection compatible with the ability bias
implied by the most general model speci�cation(s).
Finally, another consequence of ignoring non-linearity is the exaggeration

of the importance of skill heterogeneity. This is illustrated by the increase in
the standard deviation of the returns to schooling from 0.0259 (when non-
linearity is accounted for) to 0.0362 (when it is ignored).
In short, the results indicate that both non-linearity and heterogeneity

are important and, perhaps more importantly, that ignoring either of those
aspects may have serious consequences.

6 The Importance of Non-Separability

Among all particular dimensions that I have examined, the issue of separa-
bility of log wages in education and the returns to experience may be the
most interesting from an economic standpoint. While non-linearity and het-
erogeneity may be seen as \statistical" issues, the absence of separability
suggests the relevance of modeling wage growth. As stated earlier, wage
growth may not only be seen from a human capital perspective but also from
a pure incentive angle. Indeed, in the literature on labor market incentives
and personnel economics, wage growth is also related to �rm payment mech-
anisms (promotions, tournaments and various delayed payment schemes).
At this stage, two issues naturally arise. First, if schooling a�ects wage

growth (given unobserved skills), the returns to schooling must be rede-
�ned so to incorporate the fact that schooling facilitates access to high wage
growth. The returns to schooling, de�ned for the early years of labor market
experience, are found in Table 6. Despite the seemingly small estimate for
�2, it is clear that the return to post high-school training rises signi�cantly.
It goes from 0.08 (at entrance in the labor market) to 0.11 after 8 years of
experience.
A second issue relates to the e�ect of assuming separability at the esti-
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mation level. To illustrate this, I re-estimated a conventional form of the
regression (setting �1 and �2 to 0), and re-evaluated the returns to school-
ing upon entrance in the labor market and experience. The results are in
Table 7. I �nd that imposing separability reduces the return to schooling
(beyond high school graduation) by around one percentage point. In this re-
stricted version, the population average return to college training is 0:0795.
As such, these estimates indicate that evaluating the returns to schooling
using a traditional (separable) functional form, induces estimated returns to
schooling upon entrance in the market which are 14% to 15% lower than
they should. This is a severe under-estimation which, as far as I know, is
practically never discussed in the literature. Although non-linearity and skill
heterogeneity have been investigated before and will likely be investigated by
researchers in the future, the cause of non-separability deserves some more
attention. Modeling the channels by which schooling a�ects wage growth
(training opportunities, promotions,..etc.) appears to be most appropriate.

7 Heteroskedasticity or Heterogeneity?

Empirical wage regressions are virtually always assumed to be homoskedastic.
This is surprising as the relationship between risk and education is a rather
fundamental economic question. The e�ect of schooling on earnings disper-
sion (or wage and employment rate dispersion) is a di�cult question to tackle.
While few individuals have recently investigated the determinants of school
�nancing in a context where individuals are willing to smooth consumption
(Keane and Wolpin, 2001, Sauer, 2002 and Cameron and Taber, forthcom-
ing), few people have tried to quantify the link between education and labor
market earnings risk (Belzil and Hansen, forthcoming, Carneiro, Hansen and
Heckman, 2002, and Chen, 2003, are recent examples). In stylized \implicit
contract" frameworks, in which risk averse individuals are willing to trade
wage rigidity against stable employment patterns, it is reasonable to assume
that the need for risk sharing will be smaller for low educated workers who
bene�t from a relatively high level of social insurance. However, at the same
time, wage dispersion may also vary with factors such as union status, occu-
pation type and the like. As a consequence, the link between education and
wage/earnings dispersion is not trivial.20

20For a survey of the contract literature, see Rosen (1985).
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Evidence already presented in Table 2A suggests that Mincerian wage re-
gressions estimated from the NLSY are homoskedastic in schooling but het-
eroskedastic in experience. This result is consistent with the possibility that
senior workers are less exposed to business cycle 
uctuations or other sto-
chastic shocks a�ecting the labor market. However, given the reduced-form
nature of the model, it is not possible to give a \structural" interpretation
to the level (or absence) of heteroskedasticity. It nevertheless appears that
modeling the channels by which accumulated experience a�ects earnings or
wage dispersion would be most appropriate.
In classical random coe�cient framework, in which regressors are exoge-

nous, the regression model is often represented as a linear regression with
an heteroskedastic error term. The degree of heteroskedasticity re
ects the
degree of cross sectional variation in the coe�cients. It is therefore rel-
evant to ask if the level of heteroskedasticity found in wage regression is
strongly a�ected by the absence of control for skill heterogeneity. To provide
a transparent example, I re-estimated the model with a linear relationship
for the variance function (excluding the quadratic term for schooling and
experience). As a �rst step, I estimate the unrestricted version of the lin-
ear heteroskedsticity model (with skill heterogeneity, non-linearity and non-
separability).The estimates are found in column 1 of Table 8. Subsequently,
I re-estimated it while imposing population homogeneity in the returns to
schooling and experience (column 2 of Table 8). The results illustrate that
the degree of heteroskedasticity is in
ated when skill heterogeneity is ignored.
For instance, the variance of wages seem to increase with schooling (see col-
umn 2) while the homoskedasticity hypothesis would be practically rejected
in presence of skill heterogeneity (column 1). Again, the evidence suggests
that heteroskedasticity is created by labor market experience, not schooling.

8 Conclusion

In this paper, I present econometric estimates of the celebrated Mincer wage
regression obtained with a degree of 
exibility which, as far as I know, has
not been achieved before. The econometric model is novel. It is based on a
reduced-form dynamic model of schooling attainment based on the hazard
speci�cation of the transition from one grade level to the next with observed
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and unobserved heterogeneity and a wage regression with the following at-
tributes; skill heterogeneity, non linearity in schooling, non-separability be-
tween schooling and experience and heteroskedasticity. The model is esti-
mated from a panel of young males taken from the National longitudinal
survey of Youth (79-90). The empirical likelihood function maximizes the
joint probability of the schooling attainment and the wage histories observed
between 1979 and 1990.
The data reject all simplifying assumptions common in the empirical liter-

ature. I �nd that the degree of convexity of the wage regression, as measured
by the di�erence in the local returns to schooling before and after high school
graduation, is dependent on the allowance for skill heterogeneity. However,
the log wage regression remains highly convex, even after conditioning on
unobserved and observed skills. The convexity is acute and is therefore not
solely a re
ection of omitted skill heterogeneity. Not surprisingly, skill het-
erogeneity is also found to be quite important and I �nd that there is more
cross-sectional variability in the returns to experience than in the returns to
schooling. Interestingly, those endowed with high returns to schooling will
also be endowed with high returns to experience, although the correlation is
quite small.
After conditioning on skill heterogeneity, there is a positive correlation

between accumulated schooling and the individual speci�c returns to experi-
ence. This is consistent with the view that accumulated schooling may have
a causal e�ect on wage growth. Standard models based on the separability
assumption have two major defects. First, they ignore the positive bene�t of
education on future wage growth. Secondly, they appear to under-estimate
the returns to schooling upon labor market entrance by a signi�cant margin
(as much as 15%).
Finally, wages are found to be homoskedastic in schooling but heteroskedas-

tic in experience. This result is consistent with the possibility that senior
workers are less exposed to business cycle 
uctuations or other stochastic
shocks a�ecting the labor market.
Overall, the results presented therein are much more in line with those

reported in the structural literature than in the OLS/IV literature. For
instance, the population average return to college education upon entrance
in the labor market, around 8% per year, is much inferior to IV estimates
often exceeding 15%. The huge discrepancy between structural estimates and
OLS/IV estimates does not seem to be attributable to the strong parametric
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assumptions required in structural models. After all, the estimation strategy
proposed in this paper is based on a wage regression more generally speci�ed
than in the literature and on a relatively 
exible way to treat the endogeneity
of schooling decisions. The discrepancy between structural estimates and
reduced-form estimates has been noticed relatively recently. As of now, it
is certainly not well understood. The results reported here seem to suggest
that it may well be explained by di�erences in the econometric speci�cation
of the wage regressions but only further investigation will enable applied
econometricians to fully understand these marked di�erences.
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Table 1
Testing for skill heterogeneity, non-linearities

and heteroskedasticity

Likelihood Ratio # of restrictions critical value
statistics at 1% level

Null Hypothesis

Linear returns 17.1 1 6.6
to schooling

E�ect of schooling 10.9 2 9.2
on return to experience

Homogenous returns 271.9 14 29.1
schooling/experience

Homoskedasticity 19.6 4 13.3
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Table 2A- The E�ects of Parents Background Variables
(asymptotic t-ratios)

Grade Wage Regression
transition

intercept return return
term to schooling to experience

parameters 
1 �w �S �E

Family background
variables
father's educ 0.1375 0.0010 0.0822 -0.0415

(7.04) (0.13) (4.31) (2.76)
mother's educ 0.1646 -0.0074 0.0481 -0.0387

(10.79) (-1.04) (2.59) (3.11)
father's ed.*mother's ed -0.0181 -0.0003 -0.0048 0.0033

(12.01) (0.56) (3.45) (3.21)
fam. Income -0.0071 0.0014 -0.0027 0.0043

(4.69) (3.25) (2.45) (4.90)
AFQT scores -0.3336 0.0258 -0.0425 0.0466

(21.35) (6.72) (4.03) (4.97)
siblings 0.1033 0.0008 0.0282 -0.0410

(6.21) (0.18) (2.02) (3.03)
nuclear family -0.1143 0.0067 0.0124 -0.0421

(1.54) (3.06) (0.20) (1.75)
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Table 2B
Non-Linearity and Non-Separability parameters

(with asymptotic t-ratios)

Non-linearity - -
(�2) 0.0435

(8.07)
Non-Separability

(�1) 0.0033
(1.20)

(�2) 0.0573
(4.27)
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Table 2C
Unobserved Heterogeneity Support points

(with asymptotic t-ratios)

Grade Transition Wage regression
Parameter � �w �S �E

type 1 0.0000 1.6598 -6.9796 -1.4075
(normalized) (18.37) (44.22) (10.910

type 2 -1.5302 1.6020 -3.3086 -2.5175
(8.29) (20.61) (15.70) (19.57)

type 3 -2.8651 1.3792 -3.6724 -2.5537
(19.52) (18.23) (16.85) (19.62)

type 4 -1.5762 1.4791 -13.3947 -3.1716
(8.87) (19.79) (3.79) (20.48)

Table 2D
Type Probabilities

(with asymptotic t-ratios)

q0k pk

type 1 -2.1757 0.0225 -
(10.04) (13.23)

type 2 0.1481 0.2365 -
(1.11) (19.67)

type 3 0.9684 0.5371 -
(8.39) (20.06)

type 4 0.00 0.2036 -
- -
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Table 2E
Grade Speci�c Intercepts
(with asymptotic t-ratios)

grade level

grade 6 -3.3499
(8.47)

grade 7 -1.6928
(4.01)

grade 8 -0.9949
(2.45)

grade 9 -0.5181
(1.27)

grade 10 -1.4109
(4.40)

grade 11 2.3609
(6.37)

grade 12 1.8589
(4.85)

grade 13 2.5220
(6.75)

grade 14 1.2321
(5.02

grade 15 4.8649
(14.52)

grade 16 3.5557
(10.47)

grade 17 or more 4.7731
(13.09)
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Table 2F
Heteroskedasticity in the wage regression

(with asymptotic t-ratios)
Wage variance

constant (�0) -1.1705
(22.50)

schooling (�1) 0.0074
(0.53)

schooling2 (�2) -0.00002
(0.25)

experience (�3) -0.0258
(3.76)

experience2 (�4) 0.0012
(1.65)

cov("it; hazard) 0.1545
(1.95)
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Table 3A
Skill heterogeneity: �rst and second moments of the

returns to schooling and experience

Mean St. Dev Minimum Maximum

Returns
to Schooling
until grade 12 0.0428 0.0259 0.00001 0.1491

grade13-more 0.0864 0.0259 - -

Returns 0.0606 0.0288 0.0157 0.2813
to experience

wage intercept 1.5293 0.1256 1.2762 1.9186

Note: The returns to schooling are measured at entrance in the
labor market.
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Table 3B
Skill heterogeneity: Correlation table

Returns Returns Wage
to Schooling to experience intercept

('i1) ('Ei ) ('Wi )
Returns to 1.0000 - -
Schooling ('i1)

Returns 0.0503 1.0000 -
to experience ('Ei )

wage intercept ('Wi ) -0.0626 0.4335 1.0000

Note: The returns to schooling are measured at entrance in the
labor market.
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Table 3C
Unobserved heterogeneity: Some Correlations

Returns Returns wage
to Schooling to experience intercept

Returns 1.0000 - -
to Schooling

Returns 0.7631 1.0000 -
to experience

wage -0.1177 0.1279 1.0000
intercept

Table 4
Variance Decomposition of Skill heterogeneity:

Family Background, Unobserved Skills and Schooling

% Variance explained
Parents' background unobserved accumulated
variables skills schooling

Returns 10% 90% -
to Schooling

Returns 19% 65% 16%
to experience

wage intercept 41% 59% -
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Table 5
Skill heterogeneity vs non-linearity:

Comparison of the returns to schooling and experience
(standard deviation in parentheses)

Speci�cation
(1) (2) (3) (4)

Skill Heterogeneity yes no yes no
Non-linearity no yes yes no

Returns
to Schooling

High school 0.0654 0.0020 0.0428 0.0892
(0.0367) (0.00) (0.0259) (0.00)

Post high school - 0.0725 0.0864 -
(0.00) (0.0259)

Returns 0.0611 0.0596 0.0606 0.0592
to experience (0.0301) (0.00) (0.0288) (0.00)
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Table 6
The returns to post-high-school education
in the early phase of labor market experience

returns to
schooling

years of
experience

0 0.0864
2 0.0925
4 0.0986
6 0.1047
8 0.1092

Table 7
Returns to schooling and experience with/without Separability

(standard deviations in parentheses)

with non-separability with separability

Returns to Schooling
until grade 12 0.0428 0.0409

(0.0259) (0.0213)

grade 13 or more 0.0864 0.0795 - -
(0.0259) (0.0213)

experience 0.0606 0.0625
(0.0288) (0.0295)
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Table 8
The E�ect of ignoring skill heterogeneity on Heteroskedasticity

(with asymptotic t-ratios)
Wage variance

constant (�0) -1.2432 -1.1245
(19.43) (17.97)

schooling (�1) 0.0034 0.0044
(0.93) (1.88)

experience (�3) -0.0154 -0.0152
(3.76) (2.01)

cov("it; hazard) 0.1145 0.4321
(1.95) 2.87)
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Appendix 1-The Data

The sample used in the analysis is extracted from the 1979 youth cohort
of the The National Longitudinal Survey of Y outh (NLSY). The NLSY is
a nationally representative sample of 12,686 Americans who were 14-21 years
old as of January 1, 1979. After the initial survey, re-interviews have been
conducted in each subsequent year until 1996. In this paper, we restrict our
sample to white males who were age 20 or less as of January 1, 1979. We
record information on education, wages and on employment rates for each
individual from the time the individual is age 16 up to December 31, 1990.
The original sample contained 3,790 white males. However, we lacked in-

formation on family background variables (such as family income as of 1978
and parents' education). We lost about 17% of the sample due to missing
information regarding family income and about 6% due to missing informa-
tion regarding parents' education. The age limit and missing information
regarding actual work experience further reduced the sample to 1,710.
Descriptive statistics for the sample used in the estimation can be found

in Table 1. The education length variable is the reported highest grade com-
pleted as of May 1 of the survey year and individuals are also asked if they
are currently enrolled in school or not.21 This question allows us to identify
those individuals who are still acquiring schooling and therefore to take into
account that education length is right-censored for some individuals. It also
helps us to identify those individuals who have interrupted schooling. Over-
all, the majority of young individuals acquire education without interruption.
The low incidence of interruptions (Table 1) explains the low average number
of interruptions per individual (0.22) and the very low average interruption
duration (0.43 year) . In our sample, only 306 individuals have experienced
at least one interruption. This represents only 18% of our sample and it is
along the lines of results reported in Keane and Wolpin (1997).22 Given the
age of the individuals in our sample, we assume that those who have already
started to work full-time by 1990 (94% of our sample), will never return to
school beyond 1990. Finally, one notes that the number of interruptions is

21This feature of the NLSY implies that there is a relatively low level of measurement
error in the education variable.
22Overall, interruptions tend to be quite short. Almost half of the individuals (45 %)

who experienced an interruption, returned to school within one year while 73% returned
within 3 years.
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relatively small.
Unlike many reduced-form studies which use proxies for post-schooling

labor market experience (see Rosenzweig and Wolpin), we use actual labor
market experience. Actual experience accumulated is computed using the
fraction of the year worked by a given individual. The availability of data
on actual employment rates allows use to estimate the employment security
return to schooling.
The average schooling completed (by 1990) is 12.8 years. As described

in Belzil and Hansen (2000), it is clear that the distribution of schooling
attainments is bimodal. There is a large fraction of young individuals who
terminate school after 12 years (high school graduation). The next largest
frequency is at 16 years and corresponds to college graduation. Altogether,
more than half of the sample has obtained either 12 or 16 years of schooling.
As a consequence, one might expect that either the wage return to schooling
or the parental transfers vary substantially with grade level.
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Table A1 - Descriptive Statistics

Mean St dev. # of individuals
Family Income/1000 36,904 27.61 1710
father's educ 11.69 3.47 1710
mother's educ 11.67 2.46 1710
# of siblings 3.18 2.13 1710
prop. raised in urban areas 0.73 - 1710
prop. raised in south 0.27 - 1710
prop in nuclear family 0.79 - 1710
AFQT/10 49.50 28.47 1710
Schooling completed (1990) 12.81 2.58 1710
# of interruptions 0.06 0.51 1710
duration of interruptions (year) 0.43 1.39 1710
wage 1979 (hour) 7.36 2.43 217
wage 1980 (hour) 7.17 2.74 422
wage 1981 (hour) 7.18 2.75 598
wage 1982 (hour) 7.43 3.17 819
wage 1983 (hour) 7.35 3.21 947
wage 1984 (hour) 7.66 3.60 1071
wage 1985 (hour) 8.08 3.54 1060
wage 1986 (hour) 8.75 3.87 1097
wage 1987 (hour) 9.64 4.44 1147
wage 1988 (hour) 10.32 4.89 1215
wage 1989 (hour) 10.47 4.97 1232
wage 1990 (hour) 10.99 5.23 1230
Experience 1990 (years) 8.05 11.55 1230
Note: Family income and hourly wages are reported in 1990 dollars.

Family income is measured as of May 1978. The increasing number of wage
observations is explained by the increase in participation rates.
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Appendix 2- An Alternative Identi�cation Strategy

In the most general model estimated above, identi�cation of non-linearities
is based on an unknown spline function parameter estimated at the same time
as individual speci�c terms explaining the baseline returns to high school
training. It may be argued that identi�cation is achieved through a particu-
lar parametric form. One alternative possibility is to used observed regressors
in order to identify non-linearites. This is achieved by assuming that

'i2 = exp(X
0
i�2)

While this speci�cation has the unappealing feature that imposing skill
homogeneity in the slopes automatically results in imposing linearity, it is
still an appealing speci�cation for investigating the robustness of the results.
I have re-estimated the model with this particular speci�cation and found
practically identical results. For instance, the returns to high school educa-
tion is 0.0401 while the return to post high school training averages 0.0810.
The average returns to experience was found to be 0.0616.23

23These results may be obtained upon request from the author.
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