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Abstract

This paper presents a comprehensive analysis of the gender differences
in the Chilean labor market. We formally deal with the selection of the
individuals into schooling levels and its consequences on the gender
gaps. Our approach allows for the presence of not only heterogeneity
in observable variables but also unobserved heterogeneity. We link this
unobserved heterogeneity to unobserved scholastic ability. In the
analysis, we utilize a new and rich data set for Chile. This data set
contains information on labor market outcomes (including labor
history), on schooling attainment and schooling performance, and on a
complete set of variables characterizing the family background of the
individuals in the sample

Our results show that there exist statistically significant gender
differences in several dimensions of the Chilean labor market.
Nevertheless, we show that these gaps critically depend on the
schooling level of the individuals considered in the analysis. For
example, the results indicate that there are no gender differences in
labor market variables among college graduates (except in the case of
hourly wages).

We interpret our results with prudence. Specifically, instead of
interpreting our findings as decisive evidence of the existence of
discrimination in the Chilean labor market, we argue that future
research based on better information might indeed explain some of the
unexplained labor market gaps presented in this paper. In this context,
our results represent a new and important attempt to provide a full
understanding of the structural causes of gender gaps in the Chilean
labor market but they are not conclusive.
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Abstract

This paper presents a comprehensive analysis of the gender differences in the Chilean labor
market. We formally deal with the selection of the individuals into schooling levels and its
consequences on the gender gaps. Our approach allows for the presence of not only
heterogeneity in observable variables but also unobserved heterogeneity. We link this
unobserved heterogeneity to unobserved scholastic ability. In the analysis, we utilize a new
and rich data set for Chile. This data set contains information on labor market outcomes
(including labor history), on schooling attainment and schooling performance, and on a
complete set of variables characterizing the family background of the individuals in the sample

Our results show that there exist statistically significant gender differences in several
dimensions of the Chilean labor market. Nevertheless, we show that these gaps critically
depend on the schooling level of the individuals considered in the analysis. For example, the
results indicate that there are no gender differences in labor market variables among college
graduates (except in the case of hourly wages).

We interpret our results with prudence. Specifically, instead of interpreting our findings as
decisive evidence of the existence of discrimination in the Chilean labor market, we argue that
future research based on better information might indeed explain some of the unexplained
labor market gaps presented in this paper. In this context, our results represent a new and
important attempt to provide a full understanding of the structural causes of gender gaps in
the Chilean labor market but they are not conclusive.

I. Introduction

Gender gaps in a variety of labor and educational outcomes (e.g. wages, earnings,
employment, schooling levels) are well documented. The structural reasons behind
these gaps, however, are not fully understood.

This paper contributes to the literature by studying gender differences in a
framework in which schooling decisions and labor market outcomes are
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endogenously determined. Our framework also allows individual heterogeneity not
only from the point of view of observable characteristics but also unobserved
variables. We assume that individuals know this additional source of heterogeneity,
and they base their schooling and labor market decisions on it. Unobserved
heterogeneity plays a crucial role in our approach.

Ours is a challenging task for several reasons. First, a comprehensive analysis of
gender differences in a variety of outcomes is subject to the usual and irremediable
data limitations. Second, the natural complexity associated with econometric models
of multiple, endogenous, and correlated outcomes makes these models usually not
very empirically appealing. And finally, the fact that we allow individuals decisions to
depend on variables unobserved by the researcher but known to the agent
represents an additional challenge of our approach. Nevertheless, we deal with each
of these difficulties. First, we utilize a new data set from Chile that contains detailed
information on labor market and schooling outcomes at the individual level. Second,
we postulate a simple factor structure model based on economic theory that
simplifies the manner we can deal with multiple endogenous variables. And finally,
we interpret this factor as unobserved heterogeneity since the researcher does not
need to know the individual factor (although it is assumed to be known by the
individual). We argue that the factor represents a combination of different scholastic
skills (cognitive and noncognitive skills).

As previously mentioned, we implement our approach using new information from
Chile. The Chilean case provides an interesting example of apparently huge gender
gaps in different dimensions of the labor market. Table 1 presents basic information
for a variety of schooling and labor market outcomes obtained from a sample of
males and females with ages between 28 and 40 years.?

The evidence in Table 1 provides an initial flavor of the gender differences that
motivate the idea of this paper. A comparison of the schooling outcomes (Panel A in
Table 1) leads to conclude that, in average, (i) women are slightly more educated
than males, (ii) women are less likely to repeat a grade in both primary and
secondary school, and (iii) women show a better performance in school than males
(measured by the average grade in secondary school). However, this educational
advantage of women over men seems to have no consequences on the labor market.
The evidence in Panel B illustrates this point. It shows that males overwhelmingly
dominate females in every single dimension of the labor market (monthly earnings,
employment, and experience).

This paper studies the factors explaining these gender differences in labor market
and schooling outcomes.

The paper is organized as follows. Section II describes the data. Section III presents
evidence on the differences in labor market outcomes between males and females

2 The information comes from the Social Protection Survey 2002 of Chile (SPS02) which is the source of
information used in this paper. This survey is described in detail in Section II.
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using a conventional approach. Section IV introduces our model and discusses its
empirical implementation. Section V presents a discussion of our results. Section VI
concludes.

1. Data

This paper uses information from the Chilean Social Protection Survey 2002 (SPS02).
This survey was designed to identify and analyze the most important determinants of
the social security decisions (participation in the social security system) among
Chileans. In order to do this, a representative sample of 17,246 participants of the
Chilean pension system was interviewed between June of 2002 and January of 2003.
For each individual in the sample, the survey collected information on household
composition (ages, genders and schooling levels of the household members as well
as their relations with the interviewee), current employment status, different sources
of income, schooling (maximum schooling attained, average grades in primary and
secondary school, characteristics of the primary and secondary school attended),
family history (mother's and father's education, characteristics of the place of
residence where the individual grew up, and number of previous relationships), labor
history since age 15 or since 1980 depending on the year the individual became 15
years old (periods of employment, unemployment and inactivity), training programs
(information on the three most important training programs since 1980),
expectations (job, retirement and life), savings (instruments and amounts), and a
set of variables describing the individual's knowledge of the characteristics and
performance of the Chilean pension system.

Information regarding the Social Protection Survey can be found in Bravo (2004) and
Bravo, Behrman, Mitchell and Todd (2006)°.

We use a sample of individuals with ages in the range of 28 and 40 years. This group
represents approximately the 21% of the original sample (3,566 versus 17,246). 4

We restrict the ages of sample for several reasons. First, since the information on
labor history begins only in 1980 (or since age 15), by using individuals 28-40 years
old we assure that our sample report complete labor histories from age 18. Second,
since schooling is an important ingredient of our analysis, by excluding individuals 27

3 Data and technical documentation can be found in www.proteccionsocial.cl

4 Our sample is obtained after considering the following exclusions. We first exclude the military sample
(57 individuals) and individuals reporting as occupation "family member without salary" (12 individuals).
Then, we exclude individuals 27 years old or younger and 41 years old or older. With this the sample
reduces from 17,177 to 5,439. Finally, individuals with missing values in any of the following variables are
excluded: "years of education", "mother's education", "father's education", "growing up in poverty" and
"growing up in a single parent household". This exclusion reduces the sample to the final 3,566
individuals. It is worth noting that the final exclusion is required since for each individual we need to have
valid values for the controls entering in the schooling decision model presented in Section III.1.
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years old and younger we focus our attention on individuals that have most likely
reached their final schooling level.>

Finally, it is worth noting that the current Chilean schooling system was designed
only in the early 80s. Therefore, since our analysis includes information on the
characteristics of the primary and secondary schools in which the individual was
enrolled, by restricting the analysis to the individuals with ages 28-40, we assure
that such information is available for most of our sample.

Table A.1 presents the summary statistics of the variables used in this paper.

I11. The Conventional Gender Gap Analysis

The gender differences in labor market outcomes are usually analyzed in the context
of linear models in which the variable of interested is regressed on the gender
dummy variable and set of additional controls. The coefficient associated with the
gender dummy is interpreted as the estimated gender gap. Given its popularity, our
first attempt to quantify gender gaps follows closely this idea. Table 2 presents the
results from the following model of (log) hourly wages (InW):

INW =« + ¢ Gender + X +U (1)

where Gender represents the gender dummy (Gender=1 if individual is Male and 0 if
Females), X represents individual's observable characteristics, and U is the error
term in the regression. In this simple model, the (conditional) gender gap is simply
¢. Each column in Table 2 represents a different specification of (1). In particular,
column (A) presents the results of a model in which we include the characteristics of
both the place of residence and occupation in the vector of controls X. Column (B)
adds a set of variables controlling for the individual's accumulated experience and
column (C) adds to the controls in (B) a set of variables controlling for schooling
levels. The results indicate that males make approximately 23% more than females
in terms of hourly wages. This gender gap is statistically significant regardless of the
column analyzed.

The last model in Table 1 (column D) includes a correction for the fact that the labor
market outcome is reported only for individuals working (Heckman, 1974). This is
particularly important given the gender differences in employment rates reported in
Table 1 (panel B). Thus, the model in column D is:

> A more general analysis of the schooling decisions would require a dynamic model for schooling choices.
The SPS02 does not allow us to carry out such analysis.



MICRO

DATOS

INW = o + ¢ Gender + X +U if wage is observed (D=1)
D =1[Z +V > 0] (2)

where 1[A] is an indicator function that takes a value of 1 if A is true and zero
otherwise, Z is a vector of observables and V represents the unobservables. D=1[.]
is the censoring rule for wages. In Z we include variables such as number of children,
whether or not the individual grew up in a poor household, mother’s and father’s
occupational status. The estimated gap after correcting for selection is 29% and it is
statistically significant. Thus, after controlling for selections, we not only find a
significant but larger gender gap in wages (compare to the ones estimated without
using the correction). This fact illustrates the importance of paying particular
attention to individual's endogenous decisions (in this case employment decisions)
when analyzing gender gaps. We exploit this point in the following section.

The analysis of gender gaps in wages is interesting and important but it represents
only one dimension of many among which males and females can differ. We first
extend our analysis to the case of monthly hours worked. We model (log) hours
worked using a linear-in-parameter models similar to (1) and the same set of
controls as the ones utilized for wages. Table 3 presents the estimates of gender
gaps in this case. The structure of this table is identical to the one in Table 2. The
results from columns (A), (B) and (C) suggest that males work approximately 11%
more hours per month than females. This difference is statistically significant and it
is stable across the three specifications. However, the last column in Table 3
presents (again) a different story. Unlike the results for wages, the correction for
selection significantly reduces the gender gap in hours worked. The estimated gap is
only 0.04% and it is not statistically significant.

We also extend our analysis to employment status. In this case, we use a probit
model instead of a linear regression model. Table 4 presents the results for three
different specifications. For each specification, we present both estimated coefficients
and estimated marginal effects.® The results indicate that males are 22% more
likely to report an employment (during the month previous to the date of the
interview) than females when schooling and experience are excluded as controls.
When schooling or schooling and experience are included as controls the estimated
gap is 14%. The gaps are statistically significant regardless of the specification.

In summary, the results show that men dominate women in every labor market
outcome. Additionally, the results are robust across different specifications and only
in the case of hours worked and after controlling for selection we find neither
sizeable nor statistically significant gender differences.

Notice that up this point we have utilized the individual's schooling decisions and
accumulated experience as exogenous regressors. However, in principle these

% The marginal effects are computed at the mean values of the variables in the model.
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variables can also be subject to gender differences. Tables 5 and 6 present evidence
on this point. The implications of separate analyses of schooling choices and
accumulated experience on our previous results are left for the next section where
they are discussed in the context of a more general framework than the one used
here.”

We model accumulated experience assuming that, whatever experience level is
observed in the sample, it is the result of a decision involving three alternatives: less
than 10 years of experience, between 10 and 15 years of experience, and more than
15 years of experience. This decision is assumed to depend on the schooling level of
the individual as well as on his family background (mother's and father's education,
broken home, age, and growing up in poverty). Given this set up, we compute the
gender gaps in accumulated experience by estimating a multinomial probit model.
Table 5 presents the estimated coefficients and marginal effects. The estimates
associated with the gender dummy are all significant and suggest that males are
considerably more likely to report more experience than females. Specifically, males
are 40% less likely to report less than 10 years of experience and 29% more likely to
report more than 15 years of experience than females.

The analysis of gender differences in schooling decisions is also relevant in the
context of the previous results. On the one hand, if males are in fact more likely to
report higher schooling levels than females (after controlling for observable
characteristics), then the gender differences in labor market outcomes (including
accumulated experience) could be simply interpreted as the result of gender
differences in accumulated human capital. On the contrary, if females are more likely
to report higher schooling levels than males, then the estimated gender differences
in labor market outcomes could be interpreted as downward biased estimates of the
actual gaps.

Table 6 sheds light on existence of gender gaps in schooling decisions. It presents
the coefficients and marginal effects obtained from a multinomial schooling choice
model. The model is estimated using the maximum schooling levels reported by the
individuals in the sample. The schooling levels considered are: primary school,
secondary school, some post-secondary education, and complete tertiary education
(college graduates). The results show that (if anything) females are more likely than
males to reach higher schooling levels.

The advantage of females over males in schooling achievement/attainment is
confirmed in Table 7. This table presents the estimated gender gaps for three
variables measuring schooling performance: probability of a grade repeated during
primary school, probability of a grade repeated during secondary school, and
average grades during secondary school. For each variable we consistently observe
that females outperform males. Males are 7% and 4% more likely to repeat a grade

7 This is particularly important if we consider that schooling decisions and accumulated experience are
probably endogenous variables in the context of the models presented in Tables 2, 3 and 4. The model
presents in the next section deals with this possibility.
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during primary and secondary school, respectively, and males in average have a
significantly lower grades during high school than females (0.31 points of test’s
standard deviation).

Therefore, the evidence presented in Tables 6 and 7 leads us to conclude that
females should be better prepared than males to face the labor market. This also
implies that by not including the gender differences in schooling variables our
previous results might be underestimating the actual unexplained gender gaps (or
discrimination). We analyze this possibility by introducing a more general model in
which schooling decisions, schooling achievement, employment decisions,
accumulated experience, hours worked and hourly wages are modeled jointly.

IV. A Model of Schooling and Labor Market Outcomes under Unobserved
Heterogeneity

The model in this section follows the analysis in Heckman, Stixrud and Urzua (2006).
Heckman, Stixrud and Urzua (2006) postulate and estimate a model with two
underlying sources of unobserved heterogeneity that they interpreted as abilities
(cognitive and noncognitive abilities). Conditioning on the observables, these factors
account for all of the dependence across choices in the model. They show that both
abilities play a crucial role explaining a variety of labor market and behavioral
outcomes.

In this paper we postulate the existence of only one underlying factor representing
unobserved heterogeneity. This is mainly due to the fact that we do not have a set of
cognitive and noncognitive variables in the SPS02 sample. Consequently, we
interpret the source of unobserved heterogeneity as a combination of both cognitive
and noncognitive abilities.® The identification of its distribution is discussed in Section
I11.4 below.

Let 6 denote the unobserved heterogeneity or latent ability. We assume this latent
ability determines the individual's schooling and labor market outcomes, and that
there are not intrinsic differences between males and females regarding 6, so that
we can work with an overall distribution for 8.°

8 We expect to extend our model to a multi-factor model in which we can precisely distinguish between
cognitive and noncognitive abilities.

° The alternative would have been the estimation of gender specific distributions. We consider this an
attractive possibility. However, given the data limitations (sample size) and the large number of
parameters in the model, we prefer to follow a simple analysis by considering an overall distribution for 6.
Future research should consider the potential differences in unobserved heterogeneity between males and
females.
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IV.1. The Model for Schooling

Each agent chooses the level of schooling, among S possibilities, such that he
maximizes his benefit. Let I; represent the net benefit associated with each schooling

level s (s={1,...,§}) and assume the following linear-in-the-parameters model for Ig:

I, =p,Gender + X, +a,0+¢, for s=1...S (3)

here ¢, represents the gender gap associated with the schooling level s, X is a

vector of observed variables determining schooling, S is the associated vector of

parameters, o,
represents an idiosyncratic component assumed to be independent of 68, and X.. The

is the factor loading associated with the latent ability, and e

individual components {es }::1 are mutually independent. All of the dependence
across schooling choices comes through the observable, X;, and the latent ability 6.

The agent chooses the level of schooling with the highest benefit. Formally,

s* = argmax | 4
rgmay {I,} (4)

where s* denotes the individual’s chosen schooling level. Notice that conditional on

Xs (withs=1,...,§) and 6, equations (3) and (4) can be interpreted as a standard
discrete choice model.

IV.2. The Model for Accumulated Experience

The model also treats accumulated experience as an endogenous outcome.
Specifically, after deciding the schooling levels, agents are assumed to pick their

experience levels A different alternatives. As in the schooling model, given the
schooling level s, we assume a linear-in-the-parameters specification for the benefits

associated with the experience level a(s) (Ia(s)):
L) = PaCENder + B, o X, + a0 + €, for a(s) =1,..., A and s=1,...,S

where ¢, is the gender gap, X, is the vector of observed variables, S, is the

a

associated vector of parameters, «a is the factor loading, and e represents an

a(s) a(s)
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idiosyncratic component assumed to be independent of 8, and X,. The individual

components {ea(s)}:=l for any s are mutually independent. Finally, the observed

experience level A*(s*) (where s* represents the schooling level observed in the
data) is interpreted as

A*(s*) = argmax{l,}
a(s*)efL,..., A

1V.3. The Model for Hourly Wages and Monthly Hours Worked

For hourly wages and monthly hours worked, we consider schooling/experience
specific models. Consider first the model for wages. Denote by s and a(s) the

schooling and experience level attained by the individual. Wages (Ya(s)) are modeled
using a linear specification:

INY, ) = @y ayCENET + By 1) Xy + Uty a)0+8 ) TOr s=1,...Sanda(s) =1,.., A

where ¢, is the gender gap, X, is a vector of observed controls, f, . is the

vector of coefficients, « ) is the coefficient associated with the latent ability, and

a(s

€ .5y represents an idiosyncratic error term such that e, ,. L1(8, Xy) for any

a(s)(=1,...,A) and s(=1,.., S ).

A parallel strategy is used to model hours worked. Let H denote the monthly

a(s)

hours worked given schooling level s and experience level a(s). Thus, we assume

INH, () = @ o) CENAEr + By 4 Xy + Xy a0+ €45y TOr $=1,....S and a(s) =1,..., A

where @, ., is the gender gap, X,, is a vector of observed controls, f, . is the
vector of coefficients associated with X, @, ,, Is the parameters associated with

the latent ability, and e, represents an idiosyncratic error term such that

€4 L (8, X) for any a(s)(=1,..., A) and s(=1,..,, S ).
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1V.4. The Model for Employment

Let lg,, denote the net benefit associated with the alternative of having an

employment (versus the alternatives of unemployment or out of the labor force)
given the schooling level s and the accumulated experience a(s). As in the previous

cases, we assume a linear-in-the-parameters specification for I .,
It ais) = Peags)CENAET + Be 4 X + A a0 +8e o) fOr s=1,....5, a(s)=1.., A (5)

where ¢@c . Beagyr Xer Qeae) s @and €g ) are defined as before. Finally, the error

term is such that e; ., L (6, Xg) for any a(s)(:l,...,Z) and s(:1,...,§).

We use (5) to model the employment decisions observed in the data. Specifically, if
we let D¢, denote a binary variable such that is equal to 1 if the individual is

employed and 0 otherwise, we estimate a binary model assuming that
De acs) :1lIE,a(s) > OJ where 1[.] is (again) the indicator function.

IV.5. Schooling Performance: The Measurement System

The identification of the model can be established using the arguments developed in
Carneiro, Hansen, and Heckman (2003) and Hansen, Heckman, and Mullen (2004).
The identification strategy assumes the existence of a set of measurements. As
explained in the next section, these measurements are associated to the individual’s
schooling performance.

Let T; (i=1,...,nc) denote the i-th measure. We distinguish the unobserved ability
from the observed measure T;. This is important since T; is likely to depend on the

characteristics of school as well as on the family background of the individuals by the
time of the test. Thus, if X; denote these characteristics, we have

T=p X; +a; 0+e; for i=1...,n;

where e, 1(6,%;) and e, Le foranyi, je {l...n.} such that j#j.

10
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Since there are no intrinsic units for the latent ability, we need to normalize one of
the loadings in the system to unity to set the scale of the latent ability. Therefore,

for some T, (i=1,...,n¢), we set ar =1.

Notice that our assumptions imply that conditional on observables (variables
contained in X), the dependence across all measurements, choices and outcomes
come through the unobserved heterogeneity (8). Notice that if 8 were observed, we
could use a matching type of approach to control for this dependence (selection).
Instead, we estimate the distribution of the unobserved ability and then control for
the dependence. Finally, we assume that 6 measures the same thing for males and
females.

1V.6. Implementing the Model

The model with unobserved heterogeneity has the following ingredients: the
schooling decision problem, the linear models for hourly wages and monthly hours
worked (by schooling level s and experience level a(s)), the models for employment
(by schooling level s and experience level a(s)), the model for accumulated
experience (by schooling level), and finally, the system of measurements or school
achievement. Unobserved heterogeneity appears as determinant of each of these
components. In this paper we assume that 6 is distributed according to a two-
component mixture of normals. Formally,

0~ plN(,ul,zlz )+(1_ pl)N(ﬂl’zz )

with this assumption we allow a flexible functional form for the unobserved
heterogeneity.

Following the empirical strategy utilized in Section III, we estimate the schooling
choice model and the experience models using multinomial probit models. Then, we
implicitly assume that the idiosyncratic shocks in the equations describing the net
utilities are assumed to be jointly normally distributed. The four schooling levels
study used here are: primary school, secondary school (or high school), some
tertiary education (or some college graduates), and complete tertiary education (or
college graduates). For accumulated experience we use three categories: less than
10 years of experience, between 10 and 15 years of experience, and more than 15
years of experience.

In estimating the model, and since there is no sequential decision process, we use
the schooling and experience level reported at the time of the interview.*®

19 In the case of experience, we use the retrospective information provided by the respondent (labor
history). The labor history is reported from age 15 or since 1980 depending on the year the individual
became 15 years old. For details see Section II.

11
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For the models of wages and hours worked we use the information for the month
previous to the interview. The same applies in the case of employment status. This is
consistent with what we use in Section III.

The measurement system uses the following variables: Average Grade during
Secondary Education, Repeated Grade during Primary Education and Repeated Grade
during Secondary Education.

We normalize the mean of the factor to zero, and we normalize the loading to be
equal to one in the equation for the Average Grade during Secondary Education

Tables 8A and 8B display the variables used in the empirical implementation of the
model, as well as the normalization assuring the identification of the model. The
model is estimated using Markov Chain Markov Chain Monte Carlo Methods (MCMC).
See Appendix A for a formal discussion of the method used in this paper.

V. Main Results

Table 9 presents the gender gaps in hourly wages obtained from the model with
unobserved heterogeneity. The estimated gaps are in general sizeable and
statistically significant. We do not observe clear patterns either by schooling and/or
experience levels, although we consistently estimated the largest gender gaps
among college graduates (regardless of the experience level considered). In this
group we estimate that males make between 36% and 38% more per hour than
females. These numbers are larger than those presented in Section III. But Table 9
also presents a range for the gender gap in wages which goes from -6% (but non
significant) for high school dropouts reporting less than 10 years of experience to
38% for college graduates with between 10 and 15 years of experience. Importantly,
in only two cases we estimate a gender gap below 15%. Therefore, our evidence
indicates the existence of wage differentials that cannot be explained by observed or
unobserved characteristics.

As in the case of wages, the results obtained for hours worked show a range of
values for the gender gaps. These are presented in Table 10. We observe that the
point estimates are between -6% (high school dropouts with less than 10 years of
experience) and 18% (high school dropouts with between 10 and 15 years of
experience). In this case however, less than a half of the estimates are statistically
significant. For example, among high school graduates and college graduates we do
not find significant gender differences. This is consistent with the evidence presented
in Section III, although the numbers in Table 10 show a broader picture of the
gender gaps (if any) in hours worked.

12
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Table 11 presents the results for employment. Two are the main results here. First,
we observe, in general, a reduction in the estimated gap when we move from low to
high experience levels (the only exception is observed among high school
graduates). Second, the results suggest that schooling also helps to reduce the
estimated gaps (there are only two exceptions in Table 11). In fact, among college
graduates the estimated coefficients are -0.12 and -0.23 for experience levels
“between 10 and 15 years” and “more than 15 years”, respectively,***? so the gap
favor females in this case. However, as in the case of hours worked, only few
estimates are statistically significant, and when significant, they are usually
associated with low schooling and experience levels.

Table 12 presents the results obtained for the four multinomial choice models used
to study accumulated experience. The evidence in Table 12 shows how the gender
gap reduces with schooling. Specifically, the significant gender differences estimated
for high school dropouts and high school graduates are 100% larger than the ones
obtained among individuals with some college. Interestingly, among college
graduates we do not find significant differences between genders.

Our analysis of gender gaps in variables associated with the labor market leads us to
conclude that (1) there are differences between males and females that cannot be
explained with observable or unobservable characteristics, and that, in general, (2)
these differences are larger among individuals reporting low schooling level and they
almost vanish among the more educated individuals.*®

The model also allows us to analyze the gender differences in schooling attainment
and schooling achievement. It is worth recalling that the evidence presented in
Section III already suggested that females outperform males in these two
dimensions (see Tables 6 and 7). Table 13 and 14 repeat that analysis but now
incorporating unobserved heterogeneity (latent ability).

Table 13 presents the gender gaps in schooling decisions. The results show (again)
that females are more likely than males to reach higher schooling levels. When
compared with those in Table 6, we see that the effects are now larger. Something
similar occurs in the case of “repeating a grade during primary school”, “repeating a
grade during secondary school”, and “average grades during high school”. The
results are shown in Table 14. The evidence in this table suggests that females
outperform males, that the differences are statistically significant and that they are
larger than the ones presented in Table 7. Specifically, when comparing the
estimated gender gaps across tables we obtain 18% (0.26 versus 0.22) and 41%
(0.17 versus 0.12) increments in the gender coefficient associated with “repeating a
grade in primary school” and “repeating a grade in secondary school”, respectively.

1 For the group of individuals reporting more than 15 years of experience and a college degree, the
gender dummy perfectly predicts the labor status: the 29 women in this category reported a job during
the week previous to the interview.

12 These coefficients are the point estimates of the parameters associated with the gender dummy
variable, so they need to be interpreted cautiously since they do not represent the marginal effects.

13 The only exception to this point, and an important one, comes from the analysis of hourly wages.
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III

In the case of “average grade during secondary school” we obtain an increment of

6.4% in the gender gap (0.33 versus 0.31).

VI. Can Unobserved Heterogeneity Explain the Gender Gaps in the Labor
Market?

From the evidence presented in this paper we must conclude that this is still an open
question. Our results do indicate that, after controlling for unobserved heterogeneity,
there are non significant gender differences in a variety of labor market variables
among educated individuals (e.g., hours worked, accumulated experience,
employment), but we still find gender differences among the other schooling groups.
These differences can in principle be interpreted as “pure” discrimination. However,
this interpretation requires several qualifications.

First, our empirical strategy assumes that a one dimensional model of unobserved
heterogeneity is sufficient to capture and control for selection (endogeneity) across
different margins (decisions). Nevertheless, previous studies have shown the
existence of at least two underlying sources of unobserved heterogeneity when
explaining labor market outcomes and social behavior.'* 1In this context, our one-
dimensional model might be only partially capturing the unobserved heterogeneity in
the data. The consequences of incorporating additional sources of essential
heterogeneity on our results are hard to predict. Thus, in principle, we cannot
discard the possibility that what we interpret as “unexplained gaps” in the one
dimensional case, can be in fact “explained” by, for example, heterogeneity in other
unobserved traits (e.g. noncognitive abilities) or preferences (e.g. preferences for
leisure).*®

Second, and following up on the previous point, it is interesting to notice that in our
results the coefficients associated with what we identify as unobserved heterogeneity
are not always significant. The strongest effect of unobserved heterogeneity are
obtained for the schooling variables (Tables 13 and 14), and accumulated experience
(Table 12). Although the effects are sizeable for the other outcomes, they are usually
non-statistically significant. This suggests that our source of unobserved

14 See Heckman, Stixrud, and Urzua, 2006; Urzua, 2006; Cunha, Heckman and Navarro, 2004.

5 It is worth noting that the assumption of a single source of unobserved heterogeneity can
be relaxed depending on the availability of more comprehensive information at the individual
level. These needs for better and more comprehensive information come from the
identification argument of the models. Recall that the source of unobserved heterogeneity in
this paper is identified using the schooling achievement variable. In order to identify
additional sources of heterogeneity we would need additional variables in the measurement
system. The availability of information on personality traits, IQ tests, or time preferences
could allow the identification and estimation of more general models of unobserved
heterogeneity.
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heterogeneity is more closely related to scholastic ability®® which apparently is not
significantly valued in the Chilean labor market after schooling and experience levels
are taken into account. Nevertheless, there might be other sources of unobserved
heterogeneity that are in fact priced in the labor market. This again illustrates the
potential benefits of extending the model to multiple dimensions of unobserved
heterogeneity

A different consideration regarding the robustness and interpretation of our results
can be made by noticing that we implement the model by assuming the existence of
a single distribution of unobserved heterogeneity in the sample. The consequences of
allowing gender-specific distributions on our previous results are (again) hard to
predict, but we believe that the complications of such extension would most likely
dominate any potential new insights. This since the identification of gender-specific
distribution has additional complications and it relies on even stronger assumptions
that the one already made.’ Besides, from an intuitive point of view, we do not find
a priori deep reasons to believe that there are gender differences in the distributions
of unobserved heterogeneity. It is because of this remarks that the estimation of
gender-specific distribution is left for future research.

16 Before we interpret the source unobserved heterogeneity as a combination of cognitive and
noncognitive abilities.

17 gpecifically, even though we can assure the identification of gender-specific variance/covariance
matrices, the identification of gender-specific mean differences in the distribution of unobserved
heterogeneity would require the existence of at least one discrimination free variable. The selection and
existence of such variable(s) is non trivial is arguably as well. See Urzua (2006) for details.
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VI1Il. Conclusions

In this paper we present a comprehensive analysis of the gender gaps in a variety of
labor market outcomes for Chile. The analysis is carried out using two different
approaches. The first approach follows the literature by estimating linear and
nonlinear models of a variety of variables on different observable controls and the
gender dummy. This approach does not pay attention to potential selection problems
(endogeneity). The second approach is more general. It allows for the presence of
individuals’ unobserved heterogeneity that is assumed to be the cause of the
endogeneity problems in the conventional approach.

Our main results are robust across the approaches. They suggest the existence of
gender gaps in labor market variables that cannot be explained by observable or
unobservable characteristics or by underlying selection mechanisms generating
endogeneity. Nevertheless, the findings from the model with unobserved
heterogeneity indicate that the gender gaps critically depend on the schooling level
of the individuals considered in the analysis. This is particular important among
college graduates. For this group, the gender differences are in general non-
significant.

The evidence also demonstrates that females outperform males in schooling
achievement and schooling performance. This is observed regardless of the
approach, but we find the stronger effects in the model with unobserved
heterogeneity. These gender differences favoring women represent an argument
against the conventional idea that labor market differences can be interpreted as the
result of differences in the human capital between genders. Obviously, this
conclusion assumes that the utilized variables are good proxies of the actual human
capital accumulated by the individuals.

Overall, the estimates in this paper could lead us to conclude that women are
effectively discriminated in the labor market with the largest gender gaps observed
among the less educated people. However, we prefer to interpret our results
cautiously. We believe that the availability of better data and the estimation of even
more general models than the one considered here could indeed explain some of the
unexplained estimated gender gaps.
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6 Appendix A: The Computation of the Model

We use the Markov Chain Monte Carlo (MCMC) method to estimate the model introduced
m Section 3. This appendix illustrates the algorithm using a simplhfied version of the
model. The model used here 1s a two-sector Roy economy. Formally, let I denote the net
utility associated with the choice problem of selecting between to sectors. Let Y and Y]

denote the associated potential outcomes. Thus,

Yi = X8, +=

Yo = XoBp+eo

D = 1I=>0)
with I = Z7 4 V. In addition, assume that

V = fay LUy

g8 = 9(}.‘1 + LT]_

g = Bop+ U

Uy UL Up 1L Uy, and f 1L (Up, Uy, Uy), and
Uy ~ N(0,0f,)
E"’O -~ ‘F\F(OJG—%—U}
Uy ~ N(0,0%)

Following the identification strategy discussed in Section 3.4, we assume the existence

of a set of measurements

Th = Qnnp, +00n + U,

where Ug, ~ N(0, gg,.T Ywith h=1,... H
h

Finally, the unobserved factor 1s assumed to be distributed according to a mixture of

K -normal distnbutions, 1.e.

- K K K
6~ MN ({m}, (Zpdis, (e}

such that E () =0.
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The hikelihood function of the model 1s given by:

N H
) 1 1
T(Y,T,D;0) = H] [ =——-e (_—2 (Thj — Qn il _955,1)2)
=1/ |hm V2Ton, 29

UTH

D;
1 1 )
exp | — (Y1 ; — X;81 —6ja1)" | ©(—Z;v— B;01)
|:\,f 2mor, ( 20%"}. J 1 J i J

1 1 1-D;
— exp|——(Yo; - X8 —6-&0)2) (1—@ —Z-”-'—G-a..-)} dF(8:).
[x/‘Em p( 2030{ o (=27 = biav)) i)

6.1 The Gibbs Sampler
We start by specifying the priors. For the parameters in the models for wages (5‘5}- NeFR 1/0%—}_) :

y At 20 0
8 ~ N(880%1)
a; ~ N (a?; O’OQJI)

l/o%.-j ~ Gamma (ay,,by,) -

For the parameters in the models for test scores (T}h] Op, 1/0%.'1%):
Ny ~ N ("72; 02,,1)
5 ~ N(6,051)

1 /O’%—Th ~ Gamma (G‘UT,prrh) .

For the parameters in the model for the latent variable (7, ay ) :

-

y o~ N (’}"030'2.1 )
oy ~ Ni(al,od I).
For the parameters in the factor’s distribution ({pk}f:l , {Eﬂ,k}f:l ;{pk};{:l):

» ~ Dirichlet (a1, ..., ax)
Ty ~ Gamma (vgz V,f)

Hy ~ N (#gzgﬂk)-
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Notice that in what follows we denote I'g; = Eg_il i.e T'g; denotes the precision for the [

component.

Let A = (a, 3, 7.7, 1, 6,%) Using the block structure of the model we can derive the

formulae tor the conditional posteriors:

For wages:
e o
F(8i/05,70;,0.Y. D) ccexp { =1 | D (¥i - Xi8; — a;6:)" | ——* (8~ 3% (8; - 8% ¢ fori=0,1
iD=j
consequently,
-1 -1
AT 0 - 0 750 0
g, ~N ||y Z X X!+ 8,1 T, Z Xi(Yi —a;6:) +73 167 | | 7oy Z XX+ 8,1
u:.D=j wD=j :D=j
(4)
Similarly for a;,
-1 —1
a; ~ N TU; Z 6»'3 + ng U, 0,(Y, — X:8;) + nga_? Ny Z 9;’7 + ng
i:D=j i:D=j uD=]
(5)

For test scores:

Following the same logic az in the previous case, it 13 straightforward to obtain that:

-1 -1

N N N
Ny~ N (TUTn Z QzQ: + Tgh_lr) (TUT,, Z Qi{Th:i — opb;) + 'rghfeﬂ) s (TUrn Z QlQ; + Tghf)
=1

=1 =1
(6)
and
N -1 N N -1
o (20 8) (o @ 8t ) (1, k8
=1 i=1 i=1
(7)
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For probit:

We need a completion for D. Let D* be the latent variable. Thus,

flv.ev, D% /D) = f(Dfay,v,D")f(D" /oy, 7)f(7)flav)

1 Dim(en /2 0_0. - ’
)T e (B et e
Dz'm(qr-)f.-"Q 0_9
® [( ) exp (_?’ (nlf- _ n{.O) (,}_- _ .»-}_-0)}'):|

{[1(93 > 0)6 (D} — Ziy — avt)] >

)qcl =

4
i

% [1(D; < 0)6(D; — Ziy — av:)] P}
Now,

flv/onr,0,D7 . D Z) o P (D] — 2y — ay ;)

=

=1
1o 2 a? ’
ot exp {—5 Z (D] — 2y — o b;)” — ?ﬂj (v— ”f’o} (v- ’“:"0) }
I=1
Consequently,
. -1, * -1
v~ N ((z'z + TE_I) [2:’ (D* —ay8) + TE_I“;‘O), fz’z + TE.I} ) (8)

Using the same logic as in (5) we obtain:

-1

N -1 N
ay ~ N (z 6% + Tg‘_) (Z' (D" —ay6) + 72 o), (Z 6% + Tg‘,) o (9)
=1 a=1

Finally,
F(D} Jav,0,7, D) o [I(D} > 0)¢ (D; — Ziy — av8:)|”* (D] < 0)¢ (D} — Ziy — av6s)]' >
Therefore, we sample D! from:

_D: _ { TJN:OJGC} (Z;v + av s, 1) it D; =1 (10)

TN (oo (Ziy +av6;,1) if D; =0

. 21
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Precisions:

The posterior distributions for the precisions are:

Z':D:' 1 1 .
Ty, ~ G % +ay;, | 5 N (Yi- Xif; —a8)* | +by, | for =01 (11)
i:D=j
N 1
4 2
Tur, ~ G| T g, |5 Z (Thp — Qi — 0n0:)" | + bug, forh=1_ H. (12)
a=1
Factor’s Distribution:
L—1
Since we restrict the mean to be zero: yuy = —Z L£L ;. we have that

=1 Pr

1
exp | =" (1 = 1) (11 = 1) = 5 D (8 = ) Ty (6: = pry)

1l

! !
i = 0 = 0 1 o o
rexp |~ *ZP—LM*# *ZP—LM*M *52 9£+ZP—LM Tor 9a+Zp—L#z
=1 =1 iL =1 =1
0
T ! 1
=exp | == (i — %) (i = ") = 5D (O =) Tpa (6 — )

il

-0 2 L1 L-1 !
—_ 2L N Pr, _ BL,0 —_ | = Bry, _ EL,0
. (n) (‘u'l ( Z{:2 Pl )) (#1 ( Z;:g T ol ))
Xexp

2 L—1 L-1
1 R BL .
2 (%) E :gz‘r_ (‘u'l - (_%9I‘=* - Zg:z %“E)) Tor (,Lc] - <_ 1 Or; _E :

[=2 P1
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thus,

0.0
Tul” T Lo Zi:],lﬂz
04N 2\ 0y - + ﬂ)zr“ —Zl_lﬂ,u —Epl
Ty +Nilgq + (m) (T# + JNLFQ‘L) PL u =2 m T p
py ~ N 2 L—1
2L _Erg. _ 2

+ (PL FP‘L Zi:l,L ( P 61 Zg:z M 'u"!)

2 2

] 0 1
(fr“ +Tg+7, (%) + (%) Fg__L)
For the probabilities.

L
1 op+N;—1
Prp)oc—”p”'“
(7l B(a)z=lf

s0,
p~D(ay+ Ny, ...,ar +N).

For the group indicator

P16 (6:, 04y, T 1) pre (0:,p0p.To L)

zi~ MN - R -
> P8 Tor) Y pid(8ip.Tay)

Following the same argument as in the case of the other precisions, we have that the
posterior distribution for the precisions I'g; follows a Gamma distribution.

Finally the posterior for the factor:

Pr(8 /MY T, D = 1) cexp (7%(};1 —XiBy — 9,a1)2)

1
X exp (—5 (D] — Ziy — av&;)i)

H
T .
» exp (— 3 LQT” (Tin — Qigmip, — 9i5h)2)

h=1

1
X exp (759221"9)

( —Z (Y - X8, — 6ia1)? — L (Df — Ziy — av8;)? )
exp H TUL 7 2 1.0
=Y (B @ - Quim - 0,617 - 40T
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To simplify notation let 6} = Y; — Xg-ﬁj, 0%, =T — Qipbr. 0" = D! — Z;y. Then

~T0(6r —6,00)% — L (87 —ay,)’

n/2

Pr(8; /Y, T, D; =1 3 K T
MEANT D= eep| (—LU; (ezk—egcsk,ﬁ) — 46Ty

Notice that

—\/ —+
_T_;'L (9,; — 92) afag (192- -0,

—% (9{ — E:‘) &Lay (91' — 5:;)

where 0, = (c}a;1) " (16!) and 0, = (a},ay) " (e 0!"). Then,

1
exp (—%(93 — 0% — B (87" — m-"ﬂz')z) o exp

1 1, ot ~
exp (—T—;ﬁ(ﬁ: - 9,’01)2 -3 (o7 — a;:&i)z) o exp (—5 (8; — Pij" (0 — 9:‘])

where 3; = (Tpnala1 + afay) (TULa’lalaf — oci_.ro,-q.:??) and # = (Tpr0for Falay) .
Repeating the same argument multiple times we get,
Pr(8:/\,Y:, T:, D; = 1) ~ N (Tg;, Zg) (13)

with

H -1 H

_ ; ' ; ;= ; — ) o o

Ro; = (TU]Q::[QI + Qo + g TUThath + FH) (TUIQ]_CHQ,;- +ayayvd; + E Tbrrhéhéhak,i)
h=1 h=1

H -1
Ty = (701 afag +ajray + z TUr, 84,05 + 1_'9)
h=1

where EIH = {5;5;1}_1 (67.6:in) -

Finally, the gibbs sampling procedure 1s:

1. Cheoese initial values for the parameters, and an arbitrary first draw for
the factor. (T used #(™ ~ N(0,1))

For m=1M

1. Sample D*u‘)[m) for j=1,. N according to (10)
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2. Sample 6(j)"™ for j=1,. .. N according to (13)
3. Sample IBEM] (i=1,2) according to (4)
4. Sample O:Em) (i=1,2) according to (5)
5. Sample 7™ according to (8)
6. Sample a‘;n according to (9)
7. Sample T,Em] (¢=1,2) according to (11)

8. Sample T4 @' according to (12)

9. Sample 7, ' according to the respective Gama distribution.

We iterate over m until converge.

The model introduced 1n Section 3 15 simply a more general version of this two-zectors
Roy model.
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Table 1. Means of Schooling and Labor Market Outcomes by Gender

SPS02
Variable (Dummy=1 if Apply) Females Males
Mean Std. Dev Mean Std. Dev
A. School Information
Maximum Schooling Level = Primary Education 0.11 0.32 0.17 0.38
Maximum Schooling Level = Secondary Education 0.51 0.50 0.49 0.50
Maximum Schooling Level = Some Tertiary Education 0.26 0.44 0.24 0.43
Maximum Schooling Level = Complete Tertiary Education 0.11 0.31 0.10 0.30
Repeat a Grade in Primary School 0.22 0.41 0.30 0.46
Repeat a Grade in Secondary School 0.20 0.40 0.24 0.43
Average Grade in Secondary School ® 0.16 0.98 017 1.00
B. Labor Market Variables
Monthly Earnings 215,266 214,323 285,140 360,046
Hours Worked per Week 43.41 11.74 48.17 9.81
Hourly Wage 1,292 1,257 1,636 4,649
Working During Last Month 0.59 0.49 0.82 0.39
Less than 10 years of Experience 0.56 0.50 0.25 0.43
Between 10 and 15 years of Experience 0.26 0.44 0.34 0.47
More than 15 years of Experience 0.18 0.39 0.41 0.49
Number of Observations 1,765 1,801

Note: The numbers presented in this table corresponds to the sample of individuals with ages between 28 and 40 years old at the
time of the interview.
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SPS02
Variables (A) (B) (C) (D)
Male 0.24 0.23 0.23 0.29
(0.03) (0.03) (0.03) (0.03)
Schooling @
Secondary Education - - 0.29 0.30
- - (0.04) (0.04)
Some Tertiaty Education - - 0.49 0.50
- - (0.04) (0.05)
Complete Tertiary Education] - - 0.90 0.92
- - (0.06) (0.06)
Experience ®
Between 10 and 15 years of Experience - 0.04 0.05 0.14
- (0.03) 0.03) (0.03)
Mote than 10 years of Expetience - 0.04 0.10 0.19
- (0.03) (0.03) (0.04)
Residence
Central -0.15 -0.15 -0.15 -0.15
(0.04) (0.04) (0.04) (0.04)
South -0.04 -0.04 -0.05 -0.004
(0.04) 0.04) 0.04) (0.04)
Santiago| 0.22 0.22 0.21 0.24
(0.03) (0.03) 0.03) (0.03)
Type of Job @
Employer or Self-Worker -0.13 -0.13 -0.10 -0.11
(0.03) 0.03) 0.03) (0.03)
Domestic Service -0.08 -0.08 -0.04 -0.06
0.07) ©0.07) ©0.07) 0.07)
Occupations ©
Professionals 0.09 0.10 -0.18 -0.17
0.07) 0.07) 0.07) 0.07)
Technicians and associate professionals -0.33 -0.33 -0.27 -0.25
(0.07) 0.07) 0.07) 0.07)
Cletks -0.71 -0.72 -0.56 -0.53
(0.07) 0.07) (0.06) (0.06)
Service workers and shop and market sales workers -1.08 -1.08 -0.84 -0.83
0.07) 0.07) 0.07) 0.07)
Skilled agricultural and fishery workers -1.35 -1.36 -0.96 -0.93
(0.08) (0.08) (0.08) (0.09)
Craft and related trades workers -1.05 -1.05 -0.77 -0.74
(0.06) (0.06) (0.06) (0.06)
Plant and machine operators and assemblers -1.11 -1.11 -0.85 -0.82
0.07) 0.07) ©0.07) 0.07)
Elementary occupations -1.28 -1.28 -0.94 -0.91
0.07) 0.07) 0.07) 0.07)
Constant 7.63 7.61 7.04 6.75
(0.07) 0.07) (0.08) (0.10)
Correction for Selection No No No Yes

Notes: (a) The baseline category is Primary Education; (b) The baseline category is Less than 10 years of experience; (c) The baseline category is North
(I to IIT regions). Central represents IV-VII regions (including the XIII region), South represents VIII-XII regions; (d) The baseline category is Public
and Private Employees; (e) The baseline category is Legislators, senior officials and managers. For each model Shooling corresponds to the declared
schooling level for each individual in the sample. Specification (D) includes the same controls as (C) but is estimated including a correction for
selection. The variables used in the first stage are number of children, mothet's occupational situation, fathet's occupational situation, and whether or
not the individual grew up in a poor household. Standard Errors are presented in parentheses.
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SPS02
Vatiables (A) (B) (C) (D)
Male 0.12 0.11 0.11 0.004
(0.02) (0.02) (0.02) (0.02)
Schooling @
Secondary Education - - -0.01 -0.04
- - 0.02) (0.02)
Some Tertiary Education - - 0.02 -0.03
- - (0.03) 0.02)
Complete Tertiary Education] - - -0.03 -0.04
- - 0.04) 0.03)
Experience ®
Between 10 and 15 years of Experience - 0.08 0.08 -0.07
- (0.02) 0.02) 0.02)
Morte than 10 years of Expetience - 0.08 0.08 -0.08
- 0.02) 0.02) 0.02)
Residence
Central -0.002 -0.005 -0.01 0.02
(0.03) (0.03) 0.03) (0.03)
South -0.05 -0.05 -0.05 -0.10
(0.02) 0.02) 0.02) (0.03)
Santiago 0.02 0.02 0.02 -0.03
(0.02) (0.02) 0.02) 0.02)
Type of Job @
Employer or Self-Worker -0.20 -0.20 -0.20 -0.05
(0.02) 0.02) 0.02) 0.02)
Domestic Service -0.11 -0.12 -0.12 0.01
(0.04) (0.04) (0.04) (0.03)
Occupations @
Professionals -0.30 -0.28 -0.27 -0.22
(0.04) 0.04) 0.04) (0.03)
Technicians and associate professionals -0.24 -0.24 -0.25 -0.17
(0.04) 0.04) 0.04) (0.03)
Clerks -0.18 -0.18 -0.19 -0.16
(0.04) (0.04) (0.04) (0.03)
Service workers and shop and market sales workers -0.19 -0.19 -0.19 -0.11
(0.04) (0.04) (0.04) 0.03)
Skilled agricultural and fishery workers -0.18 -0.20 -0.20 -0.16
(0.05) (0.05) (0.05) 0.04)
Craft and related trades workers -0.16 -0.17 -0.18 -0.13
(0.04) (0.04) 0.04) (0.03)
Plant and machine operators and assemblers -0.12 -0.13 -0.13 -0.06
(0.04) (0.04) (0.04) (0.03)
Elementary occupations -0.24 -0.25 -0.25 -0.17
(0.04) 0.04) 0.04) (0.03)
Constant 3.95 391 3.92 4.21
(0.04) 0.04) (0.05) (0.04)
Corttection for Selection No No No Yes

Notes: (a) The baseline category is Primary Education; (b) The baseline category is Less than 10 years of experience; (c) The baseline category is North
(I to IIT regions). Central represents IV-VII regions (including the XIIT region), South represents VIII-XII regions; (d) The baseline category is Public
and Private Employees; (e) The baseline category is Legislators, senior officials and managers. For each model Shooling corresponds to the declared
schooling level for each individual in the sample. Specification (D) includes the same controls as (C) but is estimated including a correction for
selection. The variables used in the first stage are number of children, mothet's occupational situation, fathet's occupational situation, and whether or
not the individual grew up in a poor houschold. Standard Errors are presented in parentheses.
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Table 4. The Gender Gap in Employment

MICRO
DATOS

SPS02
Variables (A) (B) (C)
Coefficient ~ Marg. Effect Coefficient ~ Marg. Effect Coefficient ~ Marg. Effect
Male 0.67 0.22 0.42 0.14 0.41 0.14
(0.05) (0.02) (0.05) (0.02) (0.05) (0.02)
Background @
Number of Children -0.09 -0.03 -0.08 -0.03 -0.04 -0.01
0.02) 0.01) 0.02) 0.01) 0.02) 0.01)
Age 0.02 0.01 -0.03 -0.01 -0.04 -0.01
(0.01) (0.00) (0.01) (0.00) (0.01) (0.00)
Mother's Occupation -0.05 -0.02 -0.03 -0.01 -0.06 -0.02
0.05) 0.02) (0.05) 0.02) (0.05) 0.02)
Father's Occupation| -0.27 -0.08 -0.21 -0.07 -0.13 -0.04
0.29) (0.08) (0.30) 0.09) 0.31) 0.09)
Growing Up in Poverty)| -0.24 -0.08 -0.27 -0.09 -0.14 -0.05
(0.05) 0.02) (0.05) 0.02) (0.05) 0.02)
Schooling ®
Secondary Education - - - - 0.26 0.09
- - - - 0.07) (0.02)
Some Tertiary Education - - - - 0.59 0.17
- - - - (0.08) (0.02)
Complete Tertiary Education - - - - 1.22 0.27
- - - - 0.12) 0.01)
Experience
Between 10 and 15 years of Experience - - 0.66 0.20 0.73 0.21
- - (0.06) 0.02) (0.06) 0.02)
More than 10 years of Experience - - 0.88 0.26 1.04 0.29
- - 0.07) 0.02) (0.08) 0.02)
Residence ©
Central -0.08 -0.03 -0.09 -0.03 -0.06 -0.02
(0.08) (0.03) (0.08) (0.03) (0.08) (0.03)
South 0.22 0.07 0.24 0.08 0.24 0.08
(0.08) (0.03) (0.08) (0.03) (0.08) (0.03)
Santiago 0.24 0.08 0.24 0.08 0.18 0.06
0.06) 0.02) 0.06) 0.02) (0.06) 0.02)
Constant| 0.03 - 1.25 - 0.91 -
0.37) - (0.40) - 0.42) -

Notes: (a) Mother's and Father's Education are dummy variables that take a value of one if the respective parent worked as asalaried and zero otherwise; (b) The baseline

category is Primary Education; (c) The baseline category is Less than 10 years of experience; (d) The baseline category is North (I to III regions). Central represents IV-
VII regions (including the XIII region), South represents VIII-XII regions. Standard Errors are presented in parentheses.
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Table 5. The Gender Gap in Accumulated Experience

SPS02
Variables Less Than 10 Years ® Between 10 and 15 Years © More than 15 Years ©
Coefficient Marg. Effect Coefficient ~ Marg. Effect Marg. Effect
Male 1.1 -0.40 1.92 0.11 0.29
(0.07) (0.02) (0.09) (0.02) (0.02)
Secondary Education 0.26 -0.04 -0.08 0.09 -0.04
0.11) (0.03) 0.12) 0.03) 0.02)
Some College 0.08 0.04 -0.61 0.08 -0.13
0.13) 0.04) 0.14) 0.03) 0.02)
College Graduates -0.07 0.11 -1.16 0.07 -0.18
0.106) (0.04) 0.19) (0.04) (0.02)
Mother's Years of Schooling -0.01 0.002 0.00 -0.002 -0.0003
0.01) (0.003) 0.01) (0.003) (0.003)
Father's Years of Schooling -0.02 0.01 -0.04 -0.003 -0.01
0.01) (0.003) 0.01) (0.003) (0.003)
Growing Up in Poverty -0.05 0.003 0.06 -0.02 0.02
(0.08) 0.02) 0.09) 0.02) 0.02)
Growing Up in Broken Home -0.15 0.01 0.16 -0.06 0.05
0.17) (0.05) 0.21) (0.04) (0.03)
Age 0.11 -0.07 0.42 -0.01 0.08
0.01) (0.00) 0.01) (0.00) (0.00)
Constant -4.10 -15.07
(0.40) (0.55)

Notes: (a) The experience levels correspond to the accumulated experience declared during the interview. Post-secondary

education includes includes technical education (complete and incomplete). (b) The shooling level corresponds to the schooling

level declared in the sample. Post-secondary education includes includes technical education (complete and incomplete).

Table 6. The Gender Gap in Schooling Decisions

SPS02
Variables Primary School Secondary School Some Post-Secondary Education | College Graduates
Coefficient Marg. Effect Coefficient Marg. Effect Coefficient Marg. Effect Marg. Effect
Male -0.30 0.04 -0.33 -0.02 -0.30 -0.02 -0.004
(0.08) (0.01) (0.09) (0.02) (0.10) (0.02) (0.01)
Mother's Years of Schooling 0.08 -0.02 0.15 -0.01 0.17 0.02 0.01
0.02) (0.00) 0.02) (0.00) 0.02) (0.00) (0.002)
Father's Years of Schooling 0.05 -0.01 0.13 -0.02 0.16 0.02 0.01
0.01) (0.00) 0.01) (0.00) 0.02) (0.00) (0.002)
Growing Up in Poverty -0.59 0.11 -0.84 0.00 -0.84 -0.08 -0.03
(0.08) (0.01) 0.09) (0.02) 0.11) 0.02) 0.01)
Growing Up in Broken Home 0.43 -0.09 0.83 0.00 0.34 0.11 -0.01
0.17) (0.03) 0.21) (0.04) (0.23) (0.03) (0.03)
Age -0.03 0.004 -0.04 -0.002 -0.01 -0.004 0.003
0.01) (0.001) (0.01) (0.002) 0.01) (0.002) (0.001)
Constant 1.07 -0.68 -2.35
(0.40) (0.45) (0.52)

Notes: The shooling level corresponds to the schooling level declared in the sample. Post-secondary education includes includes technical education

(complete and incomplete).
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Table 7. The Gender Gap in Schooling Achievement

SPS02
Variables Repeating a Grade in Repeating a Grade in Average Score during
Primary School Secondary School Secondary School ©
Coefficient Marg. Effect Coefficient Marg. Effect Coefficient
Male 0.22 0.07 0.12 0.04 -0.31
(0.05) (0.01) (0.05) (0.02) (0.04)
Mother's Education *
Secondary Education -0.06 -0.02 0.02 0.01 0.05
(0.06) 0.02) (0.06) 0.02) 0.04)
Some Tertiary Education 0.14 0.04 -0.06 -0.02 0.11
0.19) (0.06) 0.20) (0.06) (0.13)
Complete Tertiary Education| -0.29 -0.08 -0.13 -0.04 0.35
0.22) (0.06) 0.20) (0.05) 0.13)
Father's Education
Secondary Education -0.17 -0.05 -0.05 -0.01 0.14
(0.06) (0.02) (0.06) (0.02) 0.04)
Some Tertiary Education| -0.51 -0.13 -0.29 -0.08 0.23
0.106) 0.03) 0.16) 0.04) (0.10)
Complete Tertiary Education -0.41 -0.11 -0.11 -0.03 0.21
0.16) 0.04) 0.15) (0.04) (0.10)
Background
Growing Up in Poverty 0.25 0.08 -0.04 -0.01 -0.16
(0.05) 0.02) (0.06) 0.02) 0.04)
Growing Up in Broken Home -0.38 -0.13 0.04 0.01 0.10
0.11) 0.04) 0.13) 0.04) 0.09)
School Characteristics ©
Utban Primary School -0.20 -0.07 - - 0.02
(0.08) 0.03) - - (0.08)
Utrban Secondary School - - 0.40 0.10 0.22
- - 0.24) (0.05) (0.16)
Private-Subsized Primary School -0.10 -0.03 - - 0.07
0.07) 0.02) - - (0.006)
Coorporation - Primary School -0.45 -0.12 - - 0.22
0.59) 0.12) - - (0.35)
Private Primary Schoo -0.27 -0.08 - - 0.09
0.12) (0.03) - - 0.09)
Private-Subsized Secondary School - - -0.21 -0.06 0.13
- - (0.06) 0.02) (0.05)
Cootporation - Secondary School - - -0.42 -0.10 0.15
- - (0.26) (0.05) 0.17)
Private Secondary School - - -0.41 -0.10 0.24
- - 0.12) 0.03) (0.10)
Constant -0.18 - -1.15 - -0.33
(0.13) - 0.27) : 0.17)

Notes: (a) The average score is standarized to have mean 0 and variance 1 in the population; (b) The baseline category is Primary
Education; (c) In the case of the dummies controlling for the type of management the baseline category is Public School.
Standard Errors are presented in parentheses.
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Table 8A. Variables in the empirical implementation of the model

Outcome Equations

Variables Houtly Wage @[ Monthly Hours Employment @ Accumulated Educational Choice
Worked @ Experience ® Model ©
Gender Dummy Yes Yes Yes Yes Yes
Region of Residence Yes Yes Yes - -
Growing Up in Broken Home - - - - Yes
Mothet's Education - - - Yes Yes
Father's Education - - - Yes Yes
Growing Up in Poverty - - - Yes Yes
Age - - Yes Yes Yes
Type of Occupation Yes Yes - - -
Type of Job Yes Yes - -
Unobserved Ability Yes Yes Yes Yes Yes

Notes: (a) Houtly wages, monthly hours worked and employment models are estimated for four different schooling categories (primary,
secondary, some tertiaty and complete tertiary) and three different levels of accumulated experience (less than 10 years, between 10 and
15 years, and more than 15 years). In cach case, the labor market outcome refers to the previous month individual's outcome; (b)
Accumulated experience is modeled with a multinomial choice model. The categories considered are: less than 10 years, between 10 and
15 years, and more than 15 years. The level of accumulated experience is the total work experience reported at the time of the interview;

Table 8B. Variables in the empirical implementation of the model

Auxiliary Measures

Variables Average Grade in| Repeat Any Repeat Any
Secondary Grade in Grade in
Education Primary School Secondary
School
Primary School in a Urban Area (Dummy) Yes Yes -
Secondary School in a Urban Area (Dummy) Yes - Yes
Growing Up in Broken Home Yes Yes Yes
Mothet's Education Yes Yes Yes
Father's Education Yes Yes Yes
Growing Up in Poverty Yes Yes Yes
Primary School System (Public, Private, etc.) Yes Yes -
Secondary School System (Public, Private, etc.) Yes - Yes
Unobserved Ability Yes Yes 1.0
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Table 9. Model with Essential Heterogeneity

Gender Gap in Hourly Wages, by Schooling Level and Accumulated Experience @

SPS02
Variable High School Dropouts High School Graduates Some Post-Secondary Education College Graduates
Less than  Between 10 More than 15| Less than Between 10 More than 15| Less than 10 Between 10 More than 15| Less than Between 10 More than 15
10 Years and 15 Years 10 Years and 15 Years Years and 15 Years Years 10 Years and 15 Years
Male -0.06 0.30 0.07 0.35 0.15 0.19 0.23 0.35 0.15 0.38 0.38 0.36
(0.29) (0.18) (0.14) (0.09) (0.06) (0.05) (0.08) (0.08) (0.10) (0.08) (0.15) (0.20)
Employer or Self-Worker © 0.41 0.34 -0.30 0.19 0.19 0.23 0.22 0.06 0.12 0.00 -0.10 0.41
(0.37) 0.15) (0.10) 0.11) (0.08) (0.06) 0.12) 0.14) 0.14) (0.15) (0.20) (0.39)
Domestic Service -0.52 0.18 -0.27 -0.11 -0.13 0.16 - 0.08 -1.44 -0.11 - -
0.37) 0.24) (0.20) (0.16) 0.17) 0.17) - (0.28) 0.61) (0.50) - -
Professionals © - - - -1.04 - -0.52 0.26 0.42 -0.11 -0.21 -0.18 -0.18
- - - (0.63) - 0.48) 0.22) 0.36) 0.29) 0.14) (0.24) (0.30)
Technicians and associate professionals - - - -0.96 -0.36 -0.40 0.03 0.26 -0.41 -0.11 -0.46 -0.03
- - - (0.28) (0.20) 0.15) 0.18) 0.25) 0.23) (0.18) (0.30) (0.35)
Clerks - - -0.83 -1.22 -0.48 -0.43 -0.38 -0.11 -0.53 -0.55 -0.79 -0.56
- - (0.60) (0.25) (0.18) (0.13) 0.19) 0.26) 0.24) 0.19) (0.39) (0.47)
Service workers and shop and market sales workers - -0.57 -0.48 -1.66 -0.61 -0.84 -0.64 -0.46 -0.59 - -0.84 -
- 0.48) 0.32) (0.25) (0.18) (0.13) (0.20) 0.26) 0.24) - (0.52) -
Skilled agricultural and fishery workers 0.39 -0.55 -0.78 -1.75 -0.83 -0.92 -0.44 0.47 -0.81 - - -
0.57) (0.40) 0.29) (0.37) (0.24) 0.16) (0.63) (0.46) (0.38) - - -
Craft and related trades workers 0.25 -0.38 -0.57 -1.44 -0.68 -0.67 -0.57 -0.27 -0.63 - - -1.22
(0.34) (0.38) 0.28) (0.26) 0.17) 0.12) 0.22) (0.26) 0.25) - - (0.85)
Plant and machine operators and assemblers 0.69 -0.36 -0.57 -1.52 -0.72 -0.81 -0.80 -0.52 -1.11 - 0.59 -1.37
(0.56) (0.40) (0.30) (0.26) 0.17) 0.12) 0.27) 0.27) 0.32) - (0.69) (0.59)
Elementary occupations 0.35 -0.67 -0.63 -1.66 -0.80 -0.88 -0.91 -0.55 -1.18 -0.97 -1.75 -
0.32) (0.38) 0.28) 0.26) (0.20) 0.13) (0.28) (0.30) 0.28) (0.38) (0.50) -
Central 0.48 -0.11 -0.13 -0.29 -0.21 -0.15 -0.05 -0.19 0.11 -0.13 0.38 -0.58
0.51) 0.22) 0.13) 0.12) 0.09) 0.07) (0.15) 0.15) 0.23) 0.17) (0.28) (0.38)
South 0.41 -0.13 -0.03 -0.24 -0.07 0.03 -0.10 -0.13 0.11 0.03 0.42 -0.12
0.43) 0.21) 0.14) 0.11) 0.09) 0.08) 0.13) 0.14) 0.23) 0.15) 0.27) 0.34)
Santiago -0.25 0.36 0.19 0.22 0.25 0.27 0.08 0.20 0.12 0.35 -0.05 0.39
(0.35) 0.16) 0.11) (0.10) 0.07) (0.06) 0.11) (0.10) 0.13) 0.11) 0.19) (0.26)
Intercept 5.56 7.04 7.04 8.10 7.36 7.37 7.28 7.12 7.52 8.07 7.98 8.80
0.47) 0.51) (0.34) 0.27) 0.19) (0.13) 0.21) (0.30) (0.30) (0.25) (0.43) (0.55)
Unobserved Heterogeneity -0.20 0.71 -0.03 0.17 0.13 -0.19 -0.32 -0.30 -0.004 -0.39 -0.50 -0.89
(0.13) (0.43) (0.07) (0.15) 0.11) (0.09) (0.15) 0.17) (0.20) (0.22) (0.39) (0.51)

Notes: The accumulated experience corresponds to the retrospective information reported by the individual at the time of the interview. The shooling level corresponds to the schooling level declared in the sample. Post
secondary education includes includes technical education (complete and incomplete). (b) For the characteristics of the type of job (employer or self-worker and domestic service), the baseline category is Public and
Private Employees; (c) For the set of variables controlling for occupation characteristics (from Professionals to Elementary Occupations in this table) the baseline category is Legislators, senior officials and managers.



Table 10. Model with Essential Heterogeneity

Gender Gap in Hours Worked, by Schooling Level and Accumulated Experience ®

SPS02
Variable High School Dropouts High School Graduates Some Post-Secondary Education College Graduates
Less than Between 10 More than [Less than 10 Between 10 More than |Less than 10 Between 10 More than 15| Less than Between 10 More than
10 Years and 15 15 Years Years and 15 Years 15 Years Yeats and 15 Years Years 10 Yeats and 15 15 Yeats
Male -0.06 0.18 0.14 0.08 0.10 0.07 0.17 0.12 0.10 0.02 0.00 0.08
(0.15) (0.13) (0.08) (0.07) (0.03) (0.03) (0.05) (0.04) (0.05) (0.06) (0.08) (0.10)
Employer or Self-Worker ® -0.01 -0.12 -0.17 -0.53 -0.06 -0.16 -0.24 -0.31 -0.22 -0.09 -0.02 -0.07
(0.18) 0.11) 0.06) (0.09) (0.04) 0.03) (0.08) 0.07) 0.07) 0.11) 0.10) (0.20)
Domestic Service 0.18 -0.09 0.08 -0.25 0.00 -0.18 - 0.07 -0.75 -0.09 - -
0.19) 0.18) 0.11) (0.14) (0.08) 0.09) - 0.14) (0.30) (0.36) - -
Professionals © - - - -0.96 - -0.08 -0.34 -0.45 -0.33 -0.20 -0.29 -0.15
- - - (0.55) - (0.26) 0.15) 0.18) (0.15) (0.10) 0.13) (0.15)
Technicians and associate professionals - - - -0.34 -0.05 -0.21 -0.42 -0.38 -0.22 -0.19 -0.19 -0.31
- - - 0.24) (0.10) (0.08) 0.12) 0.12) 0.11) 0.13) (0.15) 0.17)
Cletks - - 0.31 -0.21 -0.11 -0.25 -0.27 -0.34 -0.22 -0.02 -0.15 -0.02
- - 0.34) 0.22) 0.09) 0.07) 0.13) 0.13) 0.12) 0.14) 0.19) (0.24)
Service workers and shop and market sales workers - 0.36 -0.27 -0.11 -0.11 -0.23 -0.38 -0.31 -0.28 -0.02 0.00 -
- (0.36) (0.20) 0.21) (0.09) 0.07) 0.13) 0.13) 0.12) 0.28) 0.27) -
Skilled agricultural and fishery workers 0.01 -0.10 -0.09 -0.31 -0.06 -0.22 0.11 -0.29 -0.09 - - -
0.29) 0.29) 0.19) (0.30) 0.12) 0.09) 0.41) 0.23) (0.18) - - -
Craft and related trades workers -0.11 0.07 -0.06 -0.23 -0.05 -0.23 -0.27 -0.33 -0.09 - - 0.38
0.17) (0.28) (0.18) 0.22) (0.08) (0.06) 0.15) 0.13) 0.12) - - (0.43)
Plant and machine operators and assemblers 0.06 0.03 -0.08 -0.09 -0.02 -0.16 -0.06 -0.25 -0.43 - -0.06 0.02
(0.28) (0.30) (0.20) 0.23) 0.09) (0.06) 0.18) 0.13) (0.16) - (0.36) 0.29)
Elementary occupations -0.16 0.01 -0.09 -0.28 -0.09 -0.27 -0.68 -0.64 -0.05 - -0.52 -
0.16) 0.28) 0.18) 0.22) 0.10) 0.07) 0.18) 0.15) (0.14) - (0.26) -
Central 0.05 -0.07 0.05 -0.04 -0.02 -0.02 0.13 -0.05 -0.12 -0.07 -0.26 -0.20
(0.25) 0.16) (0.08) (0.10) (0.05) 0.04) 0.09) 0.07) 0.12) 0.12) 0.14) (0.20)
South -0.19 -0.01 -0.15 0.00 0.00 -0.04 0.07 -0.04 -0.07 -0.19 -0.22 -0.31
0.22) 0.16) (0.08) (0.09) (0.04) (0.04) 0.09) 0.07) 0.12) 0.11) 0.14) 0.17)
Santiago -0.09 -0.02 -0.02 0.07 0.05 0.01 -0.03 0.03 0.09 0.02 0.02 0.03
0.17) 0.12) (0.06) 0.09) 0.04) 0.03) 0.07) (0.05) 0.07) (0.08) (0.10) 0.14)
Intercept 4.35 3.54 4.01 391 3.85 4.05 3.92 417 4.06 3.90 4.04 4.05
0.27) 0.37) 0.22) 0.22) 0.09) 0.07) 0.14) 0.14) (0.15) 0.17) 0.21) 0.27)
Unobserved Heterogeneity 0.40 -0.39 0.23 -0.15 0.01 0.03 0.18 0.06 0.08 0.08 0.17 -0.04
0.13) (0.26) (0.06) 0.12) (0.05) (0.05) (0.10) (0.08) 0.10) 0.13) 0.17) 0.22)

Notes: The accumulated experience corresponds to the retrospective information reported by the individual at the time of the interview. The shooling level corresponds to the schooling level declared in the sample.
Post-secondary education includes includes technical education (complete and incomplete). (b) For the characteristics of the type of job (employer or self-worker and domestic service), the baseline category is Public
and Private Employees; (c) For the set of variables controlling for occupation characteristics (from Professionals to Elementary Occupations in this table) the baseline category is Legislators, senior officials and
managers.



Table 11. Model with Essential Heterogeneity
Gender Gap in Employment Status, by Schooling Level and Accumulated Experience

SPS02
Variable High School Dropouts ® High School Graduates Some Post-Secondary Education College Graduates ®
Less than Between 10 More than | Less than Between 10 More than | Less than Between 10 More than |Less than 10 Between 10
10 Years and 15 15 Years 10 Years and 15 15 Years 10 Years and 15 15 Years Years and 15 Years
Male 1.40 0.35 -0.10 0.98 0.30 0.34 0.80 0.36 0.18 -0.12 -0.23
(0.54) (0.35) (0.35) (0.14) (0.12) (0.13) (0.14) (0.20) (0.24) (0.25) 0.47)
Central - - - -0.17 -0.09 0.00 0.03 0.42 0.42 -0.39 -
- - - 0.17) 0.21) (0.22) (0.23) (0.32) (0.48) (0.61) -
South - - - 0.16 0.05 -0.06 0.29 1.17 1.45 -0.36 -
- - - 0.17) (0.20) (0.22) (0.23) (0.37) 0.62) (0.59) -
Santiago - - - 0.17 0.27 0.10 -0.06 0.20 0.10 -0.19 -
- - - 0.14) 0.16) (0.16) (0.18) (0.26) (0.33) (0.33) -
Number of Children 0.09 0.04 0.11 -0.11 -0.07 -0.07 -0.04 -0.03 0.01 0.14 0.17
(0.10) (0.13) (0.10) (0.05) (0.05) (0.05) 0.07) (0.09) (0.10) (0.13) 0.21)
Intetcept -2.20 -0.26 0.13 -0.08 0.62 0.79 0.06 0.40 0.38 1.13 3.16
(1.17) (0.54) 0.61) (0.17) (0.20) (0.23) (0.21) (0.29) (0.44) 0.72) (2.09)
Unobserved Heterogeneity -1.65 -1.63 -1.64 0.37 0.21 0.10 0.07 0.07 0.22 0.59 -1.69
(1.35) (1.27) (1.62) (0.22) (0.27) (0.25) (0.29) (0.44) (0.54) (0.70) (1.81)

Notes: The accumulated experience corresponds to the retrospective information reported by the individual at the time of the interview. The shooling level corresponds to
the schooling level declared in the sample. Post-secondary education includes includes technical education (complete and incomplete). (a) Among high school dropouts, the
characteristics of the place of residence perfectly predict the labor status, so those variables are excluded in these cases. (b) For the group of individuals reporting more
than 15 years of experience and a college degree, the gender dummy perfectly predicts the labor status: the 29 women in these category reported to be working (34 out of
37 males report to be working). Since the gender coefficient is the main interest of this table we do not include this model here.



Table 12. Model with Essential Heterogeneity
Gender Gap in Accumulated Experience, by Schooling Level

SPS02
Variables High School Dropouts High School Graduates Some College College Graduates
Between 10 More than | Between 10 More than 15] Between 10 More than 15| Between 10 More than
and 15 Years 15 Years |and 15 Years Years and 15 Years Years and 15 Years 15 Years
Male 1.47 2.95 1.48 2.50 0.75 1.02 0.14 0.41
(0.23) (0.24) (0.12) (0.15) (0.14) 0.21) (0.28) (0.42)
Mother's Years of Schooling 0.04 -0.02 0.03 0.03 -0.01 0.05 -0.04 -0.11
(0.05) (0.05) (0.02) (0.02) (0.02) (0.04) (0.00) (0.09)
Fathert's Years of Schooling -0.04 0.00 0.00 -0.02 -0.02 0.00 0.09 -0.06
(0.05) (0.04) (0.02) (0.02) (0.02) (0.04) (0.06) (0.10)
Growing Up in Poverty -0.21 -0.03 -0.16 -0.14 0.02 0.25 -0.30 0.79
(0.24) (0.22) (0.12) (0.14) (0.19) (0.26) 0.42) 0.69)
Age -0.05 0.26 0.11 0.46 0.20 0.01 0.39 0.78
(0.03) (0.03) (0.02) (0.03) (0.03) (0.06) (0.00) (0.11)
Intercept 1.37 -10.45 -4.22 -17.06 -6.98 -22.97 -16.69 -25.84
(1.29) (1.21) (0.64) (0.97) (1.00) (2.73) (3.54) (4.42)
Unobserved Heterogeneity 1.19 -0.20 1.23 1.57 0.53 2.09 2.95 -1.71
(0.74) (0.17) (0.28) (0.306) (0.45) (0.96) (1.55) (3.10)

Notes: The accumulated experience corresponds to the retrospective information reported by the individual at the time of the interview. The table
presents the results for three multinomial choice models (each for each schooling level). The baseline category is less than 10 years of accumulated
experience.



Table 13. Model with Essential Heterogeneity

Gender Gap in Schooling Decisions

SPS02
Variable Secondary Some Post- College
School Secondary Graduates
Male -0.47 -0.55 -0.61
(0.11) (0.13) (0.30)
Mother's Years of Schooling 0.13 0.23 0.41
0.02) (0.03) (0.06)
Father's Years of Schooling 0.09 0.21 0.44
(0.02) (0.02) 0.07)
Growing Up in Poverty -0.03 -0.03 0.08
(0.01) (0.02) (0.04)
Growing Up in Broken Home 0.53 1.02 0.46
0.22) (0.30) (0.71)
Age -0.81 -1.25 -2.20
(0.11) (0.15) (0.46)
Intercept 1.10 -1.66 -12.93
(0.51) 0.64) (2.99)
Unobserved Heterogeneity 1.90 3.52 10.90
(0.38) (0.48) (1.96)

Notes: The shooling level corresponds to the schooling level declared in the sample. Post-secondary

education includes includes technical education (complete and incomplete). The baseline category is Primary

School.
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Table 14. Model with Essential Heterogeneity
Gender Gap in Hours Schooling Achievement

SPS02
Variables @ Repeating a Grade in| Repeating a Grade in Average Score during
Primary School Secondary School Secondary School ®)
Male 0.26 0.17 -0.33
(0.05) (0.06) (0.04)
Mother: Secondary Education -0.08 -0.04 0.10
0.07) 0.07) 0.04)
Mother: Some Tertiary Education 0.06 -0.20 0.23
0.21) 0.22) 0.12)
Mother: Complete Tertiary Education -0.30 -0.18 0.38
(0.25) (0.23) 0.12)
Father: Secondary Education -0.20 -0.12 0.20
(0.06) 0.07) 0.04)
Father: Some Tertiary Education -0.61 -0.44 0.30
0.18) 0.18) 0.10)
Father: Complete Tertiary Education -0.40 -0.17 0.24
0.17) 0.17) (0.09)
Growing Up in Poverty 0.28 0.04 -0.23
(0.06) 0.07) 0.04)
Growing Up in Broken Home -0.09 0.45 0.01
(0.08) (0.26) (0.08)
Utban Primary School -0.40 - 0.13
0.12) - (0.09)
Utrban Secondary School - 0.01 0.19
- (0.16) 0.14)
Private-Subsized Primary School 0.00 - -0.01
(0.08) - (0.05)
Coorporation - Primary School -0.57 - 0.26
(0.68) - 0.32)
Private Primary Schoo -0.11 - -0.06
0.13) - (0.08)
Private-Subsized Secondary School - -0.20 0.12
- 0.07) (0.05)
Coorporation - Secondaty School - -0.47 0.16
- (0.28) 0.15)
Private Secondary School - -0.28 0.17
- (0.14) (0.09)
Intercept -0.36 -1.17 -0.40
0.14) (0.30) 0.16)
Unobserved Heterogeneity -0.98 -1.22 1.00
0.09) 0.12) -

Notes: (2) In the case of mother's and father's education the baseline category is Primary Education. In the case of
the dummies controlling for the type of management the baseline category is Public School. (b) The average score
is standatized to have mean 0 and variance 1 in the population. Standard Errors are presented in patentheses.
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Table Al. Descriptive Statistics SPS02 by Gender

Variable (Dummy=1 if Apply) Females Males

Mean Std. Dev. Mean Std. Dev.
Age 33.76 3.76 33.71 3.79

A. School Information

Maximum Schooling Level = Primary Education 0.11 0.32 0.17 0.38
Maximum Schooling Level = Secondary Education 0.51 0.50 0.49 0.50
Maximum Schooling Level = Some Tertiary Education 0.26 0.44 0.24 0.43
Maximum Schooling Level = Complete Tertiary Education 0.11 0.31 0.10 0.30
A.1. Primary School

Primary School in Urban Area 0.91 0.29 0.89 0.31
Repeating a Grade in Primary School 0.22 0.41 0.30 0.46
Was Primary School Public? 0.77 0.42 0.81 0.39
Was Primary School Private-Subsidized? 0.16 0.37 0.13 0.33
Was Primary School Managed by a Coorporation? 0.00 0.05 0.00 0.04
Was Primary School Private? 0.07 0.25 0.06 0.23

A.2. Secondary School
Secondary School in Urban Area 0.98 0.14 0.99 0.12
Repeating a Grade in Secondary School 0.20 0.40 0.24 0.43
Was Secondary School Public? 0.70 0.46 0.70 0.46
Was Secondary School Private-Subsidized? 0.23 0.42 0.22 0.42
Was Secondary School Managed by a Coorporation? 0.01 0.08 0.02 0.13
Was Secondary School Private? 0.07 0.25 0.06 0.24
Average Grade in Secondary School 0.16 0.98 -0.17 1.00

B. Family Background

Mothet's Employment - Asalaried 0.56 0.50 0.55 0.50
Father's Employment - Asalaried 0.99 0.07 0.99 0.09
Total Number of Children 1.64 1.19 1.47 1.22
Mother's Education (yeats of schooling) 7.51 3.77 7.42 3.69
Father's Education (years of schooling) 8.14 4.11 7.91 4.00
Growing up under Poverty 0.28 0.45 0.35 0.48
Growing up in a Broken Home 0.96 0.20 0.96 0.20
C. Labor Market Variables
Monthly Earnings 215,266 214,323 285,140 360,046
Hours Worked per Week 43.41 11.74 48.17 9.81
Hourly Wage 1,292 1,257 1,636 4,649
Working During Last Month 0.59 0.49 0.82 0.39
Total Work Experience since Jan. 1980 113.43 66.00 165.02 63.52
Less than 10 years of Experience 0.56 0.50 0.25 0.43
Between 10 and 15 years of Experience 0.26 0.44 0.34 0.47
More than 15 years of Experience 0.18 0.39 0.41 0.49
C.1 Type of Job
Asalaried 0.81 0.39 0.80 0.40
Employer or Self-Worker 0.11 0.32 0.20 0.40
Domestic Service 0.08 0.27 0.00 0.02
C.2 Type of Occupation
Administrative and Managerial Workers 0.03 0.17 0.06 0.24
Professionals 0.13 0.34 0.08 0.27
Technicians and associate professionals 0.14 0.35 0.11 0.32
Clerks 0.26 0.44 0.10 0.30
Service workers and shop and market sales workers 0.22 0.42 0.09 0.29
Skilled agricultural and fishery workers 0.01 0.09 0.06 0.23
Craft and related trades workers 0.04 0.19 0.23 0.42
Plant and machine operators and assemblers 0.04 0.19 0.17 0.37
Elementary occupations 0.13 0.34 0.10 0.31
D. Place of Residence
North (I to 111 Regions) 0.13 0.33 0.11 0.32
Central (IV to VII Regions) 0.65 0.48 0.62 0.49
South (VIII to XII Regions) 0.23 0.42 0.26 0.44
Santiago (Region XIII) 0.43 0.49 0.42 0.49
Number of Observations 1,765 1,801

Note: The numbers presented in this table corresponds to the sample of individuals with ages between 28 and 40 years old at the
time of the interview.
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