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Abstract

This paper presents a model for the analysis of income inequality when schooling choices
and labor market outcomes are endogenously determined. In our framework, individual’s
schooling decisions and labor market productivity are determined by observable characteris-
tics and unobserved heterogeneity. We interpret this unobserved heterogeneity as a measure
of pre-labor market skills or abilities. We discuss the identification of our model. The empir-
ical analysis is carried out using longitudinal data from Chile for the period 1996-2006, sup-
plemented with information on schooling performance (test scores) and local educational and
labor market variables. Our results indicates that observable family characteristics (mother’s
education, father’s education and family income during childhood) are more important than
ability when explaining income inequality.

1 Introduction

This paper examines to what extent earnings inequality is driven by heterogeneity in pre-labor

market conditions (such as family background and abilities), heterogeneity in schooling deci-

sions, and differences in returns to schooling. We extend the recent advances in the literature on
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income inequality by developing a structural model that explicitly considers the direct and indi-

rect mechanisms by which parents’ human capital and individual’s abilities affect both schooling

decisions and labor market outcomes. We use this model to analyze the relative role of inher-

ited individual’s characteristics (circumstances) and endogenous decisions (efforts) in explaining

income inequality.

We use this model to analyze the determinants of income inequality in Chile. There are

two main reasons explaining our interest in Chile. First, the Chilean economy is considered

a successful case of development, and its experience is used as a paradigm among developing

countries. Since the early 80s, it has experienced positive rates of economic growth with a poverty

rate decreasing from 40% in 1980 to 17% in 2006. Nevertheless, income inequality in Chile has

stayed high and extremely stable. The Gini coefficient was 0.57 and 0.54, in 1990 and 2006

respectively. We believe our model can provide insights about the structural reasons explaining

these apparently inconsistent facts. Second, Chile is among the few developing countries that

possesses the level of information needed for our analysis.

The main questions examined in this paper are: (1) Is earning inequality in Chile primar-

ily driven by heterogeneity in pre-labor market conditions (family background, abilities), or

by differences in schooling investments and their return?; (2) What is the role of education in

explaining the intergenerational transmission of inequality?; (3) Can a model combining early

developmental conditions, schooling decisions and labor outcomes provide insights on effective

public policy interventions for reducing income inequality? In particular: what would be the ef-

fects of equalizing pre-labor market conditions (abilities, family income, family background) and

what would be the effects of increasing one generation’s schooling level on the next generation’s

income inequality?

Our work contributes to the previous literature along two fronts:

• Methodological: We develop a structural model of income inequality that explicitly con-

siders the direct and indirect mechanisms by which parents’ human capital and individual’s

abilities affect both schooling decisions and labor market outcomes, and consequently, in-

come distribution.
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• Empirical: We estimate to what extent the high inequality in labor market outcomes in

Chile is due to (i) unequal opportunities that individual inherit from their parents (parents’

human capital and family background), (ii) early developmental conditions (abilities), and

(iii) heterogeneity in schooling investments and their return.

To introduce our model, it is useful to look at a basic setup first. Following Bourguignon and

Menendez (2005), we can separate the determinants of a person’s earnings into circumstances

variables (C) which are exogenous to the person (e.g., family background), and effort variables

(E) which can be influenced by the individual (e.g., schooling decisions). Accordingly, assume

the following model of earnings:

Ln(wi) = Ciα+ Eiβ + Ui (1.1)

Ei = Cib+ Vi (1.2)

where wi denotes current earnings, α and β are two vectors of coefficients and Ui represents

the error term in the equation. In this setup, schooling E is affected by circumstances C and

unobserved determinants V . As a result, circumstances C have both direct (α) and indirect (βb)

effects on earnings (through schooling decisions). Notice that we are not imposing constraints

on the error terms in (1.1) and (1.2).

Simple empirical strategies applied on this model, such as OLS, are questionable. Consider

for example the consequences of allowing Ui and Vi to be correlated. In this case, the variable

Ei would be endogenous and hence, OLS estimates from (1.1) would be biased. This logic raises

doubts about the validity of conclusions from studies assuming exogeneity of schooling choices

when analyzing labor market outcomes. Our approach not only deals with the potential corre-

lation among unobserved components but interprets it as the existence of unobserved abilities

simultaneously determining schooling decisions and labor market productivity.

We might also expect C (circumstances) to be correlated with U and V . A model of in-

tergenerational transmission of abilities would produce such correlations. Most of the empirical

research on income inequality however, excludes the intergenerational transmission of ability as
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a potential channel for the intergenerational transmission of inequality (e.g., Bourguignon and

Menendez, 2005; Ferreira and Veloso, 2006; Dunn, 2007). 1

Instrumental variable strategies, using components of C as instruments for E, would not help

us to deal with the endogeneity biases in (1.1) and (1.2). For example, if family background

variables are independent determinants of earnings for a given level of schooling (e.g., through

access to social networks or “class discrimination” in the labor market.) 2, then we cannot use

the components of C as instruments for schooling.

The estimation of a reduced form model obtained from (1.1) and (1.2) is another empirical

strategy found in the literature (e.g., Nùñez and Tartakowsky, 2006). Specifically, substituting

(1.2) in (1.1) yields

Ln(wi) = Ciγ + εi (1.3)

where γ = (α + βb) and εi = (Viβ + Ui). Therefore, in principle the researcher could use this

expression to study the role of C in explaining income inequality. However, C might be correlated

with ε if the unobserved abilities of the child are correlated with the unobserved abilities of his

parents (intergenerational transmission of ability). In our general set up, we allow C to be

correlated with V and U . Additionally, estimates from this reduced form do not identify α,

β, b separately and, consequently, the expression (1.3) does not allow the distinction between

direct and indirect effects of C on labor market productivity. This is particularly important

because of the different policy implications associated with each of these effects. As mentioned

by Bourguignon, Ferreira, and Menendez (2003), policymakers interested in reducing inequality

of opportunities would benefit from knowing whether the effect of parental education on child’s

earnings operates predominantly through the direct effect (in which case differential access to

social networks might be a policy issue) or mainly through the effect on child’s education (in

which case programs such as conditional cash transfers targeted to disadvantaged students can

reduce inequality).

Our empirical strategy significantly departs from the previous literature. Our model ex-

1Also, if C is correlated with E (as we might expect if b 6= 0), then not only estimates of α but also estimates
of β are biased because of C being correlated with U . In that case, it is not valid to argue that the overall effect
of circumstances will be described by the estimates of α, as mentioned in Bourguignon and Menendez (2005).

2Núñez and Miranda (2007)
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plicitly treats both schooling decisions and labor market outcomes as endogenously determined

variables. Unobserved heterogeneity is assumed to be the cause of the endogeneity. Further-

more, following recent econometric advances, we use a methodology that allows us to link this

unobserved component to abilities (Heckman, Stixrud, and Urzua, 2006; Urzua, 2008). We iden-

tify the distribution of unobserved heterogeneity by estimating educational production functions

that link test scores to observable characteristics and to unobservable cognitive and non-cognitive

factors.2 In this way, after identifying the distribution of unobserved ability, we can control for

the potential endogeneity in (1.1) and (1.2), and hence recover the structural parameters, and

analyze direct and indirect effects of circumstances and abilities on income distribution.

All in all, and anticipating our formal discussion of the model, in our framework schooling E

is allowed to be correlated with unobserved determinants of outcomes (V ⊥�⊥ U), circumstances

C are allowed to be correlated with unobservables U and V , individuals are allowed to act on

information on unobserved ability (not observed by the econometrician), and still we estimate

the structural parameters α, β, b separately.

This paper is organized as follows. Section 2 reviews the previous literature on circumstances

and efforts as the determinants of income inequality, focusing in studies of Latin American Coun-

tries (LAC). Section 3 presents the econometric model and its empirical implementation. Section

4 discusses the data used in this paper and shows descriptive statistics of the main variables

used in the estimations. Section 5 describes the empirical strategy adopted to implement the

model. Section 6 shows the empirical results and presents the policy simulations done using the

parameters of the model. Section 7 concludes.

2 Literature Review

During recent years, a significant number of empirical studies have analyzed the causes of the

stable and high income inequality in Latin American Countries (LAC) (World Bank, 2008;

Larrañaga, 2001). A popular approach is based on the analysis of micro-simulations. Under this

approach, a Mincer/Becker model of wages or earnings is estimated using data at the individual
2See Todd and Wolpin (2003) for a survey on education production functions. See Carneiro, Hansen, and

Heckman (2003) for a detailed theoretical explanation of this methodology.
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level and utilized to simulate the effects on income inequality of changes in prices (e.g., returns

to schooling) as well as changes in endowments (e.g., family background) (see Ferreira and

de Barros, 1999; Bravo et al., 2002). This line of research has been demonstrated to be a

fruitful one and has provided important insights about the determinants of income inequality

in the region. However, generally these studies assume education as exogenously determined

and therefore, misestimate its role in explaining income variability and its intergenerational

transmission. An important exception is Bourguignon and Menendez (2005), which deals with

the endogeneity of schooling decisions (effort in their language) by estimating bounds on the

return to schooling. Thus, by allowing the schooling decisions to be endogenous, the authors

attempt to identify the (direct) effect of inherited characteristics (circumstances) on earnings

as well as the (indirect) effect of these circumstances on earnings through education. They

decompose earnings inequality in Brazil into a component due to unequal opportunities and a

residual term. Their results indicate that altogether, observed circumstance variables (namely

parental schooling, father’s occupation, race and region of birth) account for more than a fifth

of the total earnings inequality within gender/cohort groups in Brazil in 1996 as measured by

the Theil index.

In the context of Chile – the country we focus our empirical analysis on in this paper –

recent efforts have been made to measure the extent to which income is intergenerationally

transmitted. In particular, Núñez and Miranda (2007) estimate intergenerational income elas-

ticities for Chile by using two-sample instrumental variables methods.3 This approach, however,

does not explicitly model individual’s wages or schooling decision processes. By these means,

the estimated elasticities are mainly descriptive which limits the scope of policy implications we

can derive from this exercise. Nùñez and Tartakowsky (2006) on the other hand, present an

analysis of the Chilean income distribution in the spirit of Bourguignon and Menendez (2005).

They consider a Mincer/Becker model of income in which education (years of schooling) is as-

sumed to be endogenously determined. In this analysis, years of schooling are assumed to be

a linear function of individual’s family background which is interpreted as his circumstances.

3This approach has been previously utilized in the context of intergenerational mobility in Brazil (see Andrade,
Ferreira, Madalozzo, and Veloso, 2003; Ferreira and Veloso, 2006; Dunn, 2007).
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By simulating changes in these variables they analyze the relative roles of circumstances versus

all other factors in explaining the Chilean income distribution. They interpret all these other

factors as an unknown combination of unobserved circumstances, individual effort, sheer luck

and possibly income measurement errors. They find that equalizing the observed circumstances

of origin across individuals reduces income inequality, but only in a small margin (around 15-20

percent drop of the Gini coefficient).

As explained below, our paper presents a novel, and more general, approach to deal with the

relationship between schooling decisions (efforts), individual’s characteristics (circumstances),

and the inequality observed in labor market outcomes.

3 A Model of Endogenous Ability

Our empirical approach is based on a joint model of schooling achievement, schooling decisions,

and labor market outcomes. The labor market outcomes considered are labor force participation,

hours worked and hourly wages. Our model allows the individual’s outcomes to be correlated

beyond the presence of common observable characteristics. In other words, we allow for the

presence of an unobserved component jointly determining each ingredient of the model. We

interpret this unobserved component as unobserved ability.

The unit of analysis is a family. Each family belongs to a particular group or type, which

is defined by a particular value of the vector Z, a vector of observable characteristics shared

by the family members. In our empirical analysis we define eight different types depending on

mother’s education, father’s education, and family income. However, for sake of generality, let

T denote the number of types.

Let θτi denote the ability level of individual i who belongs to a family of type τ (τ = 1, ..., T ).

This ability is assumed to be known by the agent but unobserved by the researcher. We inter-

pret this unobserved ability as the combination of (1) endowments associated with unobserved

cognitive and noncognitive traits that each individual was born with (genetic transmitted ability

endowment) and (2) the effect of early development conditions on these endowments (such as

health, primary education, and other pre-labor market conditions). In this paper we assume that
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this source of (unobserved) heterogeneity does not change over the labor-market life of the in-

dividual. We do allow however, for family-type specific distributions. More precisely, our model

assumes that each family type has an specific ability distribution (f τ (·)), so that θτi ∼ f τ (θ)

with τ = 1, .., T and f τ (·) 6= f τ
′
(·) for any τ 6= τ ′. The intuition behind this assumption comes

from the recent evidence highlighting the role of parental resources and practices in the produc-

tion function of abilities (see Cunha, Heckman, Lochner, and Masterov, 2006). The evidence in

Section 6 supports these results.

If the ability level θτi is known to the agent, we should expect the agent to act on it. In this

context, we expect θτi to determine individual’s schooling performance, schooling achievement,

and labor market productivity. Heckman, Stixrud, and Urzua (2006) presents evidence of the role

of unobserved abilities as determinant of schooling and labor market outcomes. The relationship

between unobserved ability and outcomes can be utilized to assure the identification of the

distribution of θτ . However, this process is not straightforward. Not any outcome can be used

to identify the distribution of unobserved abilities. Only variables not affected by endogenous

decisions (also affected by abilities) can be used in this process. The intuition is simple. Variables

determined by θτ but also determined by decisions that depend on θτ would not provide clean

information about the values of θτ (see Carneiro, Hansen, and Heckman, 2003, for details).

We illustrate the identification strategy utilized in this paper by using the simplest case.

Let Y 1, Y 2, and Y 3 denote three continuous variables that depend on θ (and other exogenous

variables). For a simpler exposition we suppress the super-index τ and sub-index i from the

analysis. We assume a linear model for each of the outcomes:

Y 1 = α1 + β1θ + ε1 (3.1)

Y 2 = α2 + β2θ + ε2 (3.2)

Y 3 = α3 + β3θ + ε3 (3.3)

where αj and βj represent the intercept and slope associated with outcome Y j , respectively,

and εj is the error term (j = 1, 2, 3). We also assume ε1 ⊥⊥ ε2 ⊥⊥ ε3 ⊥⊥ θ. We can then use

the information on (Y 1, Y 2, Y 3) and the argument in Carneiro, Hansen, and Heckman (2003) to
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identify the distribution of the unobserved component θ (within a particular family type). For

completeness, we present the intuition behind the identification argument here. From data on

(Y 1, Y 2, Y 3) we can form:

Cov
(
Y 1, Y 2

)
Cov (Y 1, Y 3)

=
β2

β3
(3.4)

Cov
(
Y 2, Y 1

)
Cov (Y 2, Y 3)

=
β1

β3
(3.5)

Thus, if we normalize β3 = 1, we can obtain β1 and β2 from equations (3.4) and (3.5),

respectively. Given the identification of the coefficients associated with θi, we can re-write

equations (3.1) and (3.2) as

Ỹ 1 = α̃1 + θ + ε̃1 (3.6)

Ỹ 2 = α̃2 + θ + ε̃2 (3.7)

where Ỹ j = Y j/βj , α̃j = αj/βj , and ε̃j = εj/βj for j = 1, 2. Finally, since
(
θ, ε̃1, ε̃2

)
are

mutually independent, we can apply Kotlarsky’s theorem for the nonparametric identification

of the distributions of the three unobserved components in (3.6) and (3.7) (see Kotlarski, 1967).

The identification of the distribution of ε̃3 can be obtained using the same argument.

Therefore, as long as data on (at least) three outcomes (Y 1, Y 2, Y 3) is available, we could

identify the distributions associated with unobserved ability (up to a single normalization). As

argued in Section 4, we use data on schooling performance (test scores) as proxies of (Y 1, Y 2, Y 3)

to secure the identification of the family-type specific distributions of unobserved ability.

3.1 Linking Unobserved Abilities to Endogenous Outcomes

We can also link unobserved ability to endogenous outcomes. Of interest to this paper are

labor market outcomes (hourly wages, annual hours worked, and annual earnings) and schooling

outcomes (schooling decisions and schooling achievement). Given the intrinsic differences among

these outcomes, we separate our analysis between continuous and discrete outcomes. As in the

previous case, we suppress the supra-index τ and sub-index i from the analysis.
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3.1.1 The Model for Continuous Variables

Let Ys denote the outcome of interest that depends on given schooling level s with s = 1, . . . , S.

We assume a linear model of the form:

Ys = ϕYs + βYsXs + αYsθ + eYs for s = 1, ..., S (3.8)

where Xs represents the exogenous vector of variables determining the outcome and eYs repre-

sents the associated idiosyncratic shock.

3.1.2 The Model for Discrete Variables

Let Js denote a binary variable that takes a value of 1 if the individual has experienced the

outcome J given schooling level s, and 0 otherwise. Thus, we assume that

Js = 1 [IJs > 0] , for s = 1, ..., S

where IJs represents the associated latent variable, which is assumed to depend on the set of

observable variables (RJ), and unobserved components (θ, eJs) according to

IJs = ϕJs + βJsRJs + αJsθ + eJs for s = 1, ..., S (3.9)

We use expression (3.9) to model binary outcomes. When modeling schooling decisions

we use a multinomial model. In particular, let s be a discrete outcome taking S values, i.e.

s = {1, ..., S}. If we denote by Υs the latent net utility associated with the s-th alternative,

then the individual’s decision is modeled as:

s∗ = arg max
s
{Υs}Ss=1 (3.10)

Υs = ϕs + βsPs + αsθ + es with s = 1, .., S

where Ps represents the exogenous vector of variables determining net utility associated with
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the alternative s, and es represents the associated idiosyncratic components.

Importantly, given that we have already secured the identification of f τ (θ) (with τ =

1, ..., T ), we can empirically deal with the role of θ as a determinant of endogenous outcomes.

Notice that conditional on θ and observable characteristics, the error terms in equations (3.8),

(3.9), and (3.10) are mutually independent, so there is no need to deal with endogeneity. This

makes our empirical analysis feasible.

4 Data

Our empirical strategy relies on the availability of data from the same individuals from at least

three different points in time: before the individual has decided his final schooling level, after

the final schooling level has been reached and once he has entered the labor market. Only with

this information we could analyze income inequality allowing the schooling decisions and labor

market outcomes to be endogenous.

Unfortunately, in the majority of developing economies such longitudinal information is

scarce, and when available, is limited. Chile however, is an exception. During the last twenty-

five years, the Chilean government has made important efforts toward collecting and providing

public access to a variety of household and individual surveys. It is this variety of sources which

allow us to carry out our analysis.

Table 1 describes each of the data sets used in this paper. Our main source of information is

the recently released three-wave CASEN panel. This panel contains schooling and labor market

variables for a representative sample of individuals living in four regions of Chile during the

year 1996. They are then re-interviewed in 2001, and 2006.4 The information is collected at

the household level, but schooling and labor market outcomes are available for each individual

in the sample. We select 3610 individuals who were between 13 and 28 years old in 1996, were

children of either the head of the household or the head of the nuclear family in 1996, and were

interviewed in the following rounds (2001 and/or 2006).

We also utilize information on a set of variables describing the supply of secondary and post-

4The regions included in the sample are the III, VII, VIII and XIII.
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secondary institutions at local level (municipality). These variables aim to control for the supply

of educational services available within each municipality during the period the individual was

choosing his schooling level. Specifically, our schooling decision model includes the number of

secondary schools as well as post-secondary institutions at the municipality level before 1996

as controls. This information is obtained from administrative data (SIMCE and the National

Directory of Post-Secondary Education).5 Additionally, recognizing the importance of primary

education, we construct a variable describing the quality of the primary schools to which the

individual had access to during childhood. Specifically, we use test scores on math and language

for 4th graders collected in 1994 to construct a national ranking of primary schools at the

municipality level. Information on test scores is available from the set of SIMCE censuses. We

incorporate our quality measure into the set of controls used in the schooling choice model (See

Table 2 for details).

Finally, we control for the local labor market conditions at the moment the individuals are

making their schooling decisions. Specifically, we incorporate a set of four unemployment rates

and average earnings calculated at the local level from CASEN 1996: local unemployment rate

and average earnings among high school dropouts, among high school graduates, among those

that have completed some college and among college graduates.

The CASEN panel does not contain information on schooling performance which, as shown

in Section 3, is a key ingredient of our model (we use it to identify the distribution of unobserved

ability). But as previously explained, data on schooling performance is available from the set

of SIMCE censuses. Information on family background, including parents’ socioeconomic and

educational variables, is also available from this administrative data. In this paper we use the

1998 SIMCE (10th graders) which is first available with student-level test scores.6 It is necessary

to point out that, given that we are supplementing our main source of information with data on

schooling performance, we are implicitly assuming that the distributions of unobserved ability

identified out of 1998 test scores approximate the ones associated with the 3610 individuals from

5SIMCE is the national evaluation system on the quality of education. Each year it provides information on
a battery of test scores (math, reading and science) taken by all students enrolled in a particular class (4th, 8th
or 10th graders, depending on the year).

6Before 1998 the information is only available at the school level.
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the CASEN panel.

We recover the distribution of unobserved ability for each of the eight family types considered

in our empirical analysis. Each type is defined as a function of family income before adulthood

and parents’ education. Specifically, we divide the SIMCE sample into eight groups depending

on family income (below or above the median), mother’s education (less or more than eight

years of education), and father’s education (less or more than eight years of education). Table 4

presents these details. The number of groups and the cutoff points are selected for convenience,

but our results are robust to alternative specifications. This strategy provides us with enough

flexibility to estimate the distribution of ability conditional on the family type and controlling

for additional exogenous variables.

Table 3 presents summary statistics of the variables used in this paper.

5 The Empirical Strategy

The model is implemented in two steps. First, we identify the distribution of unobserved ability.

As we detail below, we do this by using information on individual’s test scores as well as weekly

hours of study for each of the eight family types. Once the identification of the unobserved

component is secured, we estimate the models of endogenous outcomes (schooling decisions and

labor market outcomes taking into account the endogeneity coming from the schooling choices).

The empirical implementation of the model utilizes the rich set of variables available from

multiple sources of information (see Table 1). Table 2 presents the variables utilized in the

estimation of each equation in the measurement (test scores) and endogenous outcome systems.

The estimation is carried out using a combination of Bayesian and classical methods (see

Heckman, Stixrud, and Urzua, 2006, for a detailed description of the Bayesian estimation carried

out in this paper).

The distribution of abilities is estimated using Monte Carlo Markov Chain (MCMC) tech-

niques. A two-component mixture of normals is used to model the distribution of the unobserved
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component. Thus, for each family type τ we assume:

θτ ∼ pτ1N
(
µτ1 , (σ

τ
1 )2
)

+ (1− pτ1)N
(
µτ2 , (σ

τ
2 )2
)

for τ = 1, ..., T .

This distribution provides enough flexibility in the estimation and it does not impose normality

a priori (which is rejected in our data). As previously mentioned, each family type is defined by

the values associated with the family income during childhood, the mother’s years of schooling,

and the father’s years of schooling. See further explanation in the next section.

We use the linear equation (3.8) to model wages (w) and annual hours worked (h). More

precisely, if we denote by Dτ a dummy variable taking a value of 1 if the individual’s family is

of type τ and 0 otherwise, and by Ds a dummy variable if the individual’s schooling level is s

and 0 otherwise, we assume:

Ln(w) =
T∑
τ=1

δτDτ +
S∑
s=1

αsDs + λwθ + U if I = 1, (5.1)

Ln(h) =
T∑
τ=1

γτDτ +
S∑
s=1

βsDs + λhθ + ξ if I = 1, (5.2)

where I denotes individual’s employment status, i.e., I = 1 if working and 0 otherwise. We

use the generic model for discrete outcomes introduced in section 3.1.2 to model employment

status (expression (3.9)) and schooling choices (expression (3.10)). Specifically, for employment

we assume:

I = 1

[ T∑
τ=1

κτDτ +
S∑
s=1

γsDs + λIθ + ε > 0

]
, (5.3)

whereas, in the case of schooling decisions we consider:

Ds∗ = 1 if and only if s∗ = arg max
s

{
ϕ0,s +

T∑
τ=1

ϕτ,sDτ + λS,sθ + Vs

}S
s=1

(5.4)

Provided with the distribution of unobserved ability for each family type τ (τ = 1, ..., T ),

assuming a sample of size N , and adding the sub-index i to denote individual-specific values,
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we can write our likelihood as:

N∏
i=1


[∫
f(lnhi, lnwi, Ii, {Ds,i}Ss=1|θ,D1,i = 1)dF (θ|D1,i = 1)

]D1,i Pr [D1,i = 1]
...[∫

f(lnhi, lnwi, Ii, {Ds,i}Ss=1|θ,DT ,i = 1)dF (θ|DT ,i = 1)
]DT ,i Pr [DT ,i = 1]


Finally, it is worth mentioning that, given that conditional on θ the idiosyncratic shocks in the

model are jointly independent, we can write the joint density f(lnhi, lnwi, Ii, {Ds,i}Ss=1|Dτ,i =

1, θ) as the product of densities (always conditional on θ).

6 Results

6.1 Distributions of Unobserved Ability

Figure 1 depicts the estimated distributions of latent ability by family types. The first column of

Figure 1 shows the estimated distribution for family types 1 through 4 and column 2 shows the

distribution for family types 5 through 8. Notice that a normality assumption of the distribution

is rejected by the data in all cases except for family types 7 and 8. Indeed, the distributions

have individuals at both sides of the support, accumulating more individuals to the right once

we move towards less disadvantaged family types. These results underline the importance of not

imposing normality a priori and therefore justify the approach based on a mixture of normal

distributions.

Tables 5 presents the estimated mean ability resulting from each of the eight distributions

shown in Figure 1.

Table 6 and 7 describe the effect of ability on language score and hours of study per week.7

In both cases the effect of ability is smaller among less disadvantaged family types.

7Recall that the effect of ability on math scores is not possible to recover since in this case we normalize the
factor loading associated with unobserved ability to one. This secures the identification of the other parameters
of the measurement system.
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6.2 Goodness of fit

Figures 2 through 4 present evidence on the goodness of fit of the model. Figure 2 depicts the

distribution of schooling choices obtained from the model and the distribution observed in the

data. Overall, the model does a good job, however, it somewhat overestimates the two lowest

categories and underestimates the two highest categories. Figures 3 and 4 show the goodness of

fit for the cases of the labor income and hourly wages. The model predicts hourly wage more

accurately than labor income. This is not surprising since the distribution of hours worked

cannot be characterized by a simple linear structure.

6.3 Schooling Choices

Table 8 reports the marginal effects of the schooling choice model. The model considers four

schooling levels: (1) less than secondary education; (2) secondary education completed; (3)

some college and (4) college completed. Family-type variables are strong predictors of schooling

choices, even controlling for ability. This indicates that family background (i.e., family income

and parental schooling) are important determinants of schooling decisions. Given that we are

controlling for ability, this result might be underlying the presence of financial barriers, such as

credit constraints, when accessing post-secondary institutions. It is also noticeable that mother’s

schooling level seems to have a bigger effect than father’s schooling, suggesting the presence of

asymmetries in the role of the two parents.8

On the other hand, ability seems to play a small role on the probability of getting either less

than 11 years of education or graduating from college. However, it does play a greater role on the

probability of graduating from high school or achieving some college. Possible explanations for

this can be related to the fact that family background conditions most of schooling opportunities

if you are born in either a very advantaged or disadvantaged family.

The evidence in Table 8 also indicates that the number of secondary and post-secondary

schools at the municipality level do not have a significant effect on schooling choices. This

suggests that supply side variables might not play an important role as determinants of schooling

8This can be seen by comparing, for example, the effect of family type 7 versus family type 6.
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choices. Nevertheless, we recognize that the urban dummy might be capturing some of the supply

restrictions that rural individuals might face with respect to schooling decisions.

Interestingly, the average ranking of primary schooling at the municipality level appears as

an important factor affecting schooling choices. This can be interpreted as evidence that the

access to primary institutions is not restricted in terms of quantity but in terms of quality.

Finally, local labor market variables (i.e., average income and unemployment rates by edu-

cational level) do not have significant effects on schooling choices. The evidence suggests that

these proxies of the opportunity cost of schooling do not play a role once we control for family

background and ability.

Table 9 shows how both abilities and family type play an important role as determinant

of schooling choices. Panels A to D in this table present the simulated fraction of individuals

reporting different schooling levels, conditional on family type and unobserved ability. For

completeness, this table also shows the joint distribution of ability and family type. Interestingly,

we do not observe individuals with family type equals to 8 and low ability levels.

6.4 Labor Market Outcomes

Table 10 shows the estimates associated with labor force participation, hourly wages and hours

worked. In each of these models we use as controls potential experience, educational level, family

background and other demographic characteristics. Additionally, unlike the previous literature

in this area, we control for unobserved ability. In this context, we can analyze the effects of

circumstances (represented by family-type dummies) and efforts (represented by schooling level)

free from the ability-related endogeneity.

The results indicate that once we control for schooling and family background, ability does

not have significant effect in any of the labor outcomes considered in this study. This conclusion

changes if we just include schooling, ability and other controls, but not family background

variables.

The effects of individual’s schooling level and family background, on the other hand, are im-

portant in magnitude and usually statistically significant. For example, the gross return to high
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school graduation and college graduation on hourly wages are 15% and 90%, respectively. Like-

wise, the difference in mean wages between individuals from different family types is substantial,

even controlling for schooling and ability. For example, the estimates show an 18% difference in

hourly wages between those individuals growing up in family of type 8 (family income above the

median, and parents with 8 or more years of education each) versus those individuals growing

up in family type 1 (family income below the median, and father and mother with less than

8 years of education), after controlling for schooling decisions and unobserved abilities. This

indicates an important effect of family background on determining labor market productivity in

its own right, that is, not only through its indirect effect on schooling choices but also through

its direct effect on wages.

6.5 Understanding Income Inequality

We use the model of schooling decisions and labor market outcomes to analyze the determinants

of income inequality. We begin by writing observed outcomes using the structure of the system

formed by (5.1), (5.2), (5.3), and (5.4). Specifically, if we let Y denote observed earnings, we

can use the model to write

Y =
S∑
s=1

Ds × [(ws × hs)× Is] (6.1)

where Ds is a binary variable that takes a value of 1 if the schooling level s is observed, Ys

represents total labor income (the product of hours worked hs and hourly wages ws) associated

with schooling level s, and Is is an indicator function taking a value of 1 if the individual is

working and zero otherwise. Therefore, we can represent observed outcomes as combination of

counterfactual variables and endogenous decisions. Since we have modeled each of these aspects,

we can analyze their role in explaining observed income inequality. Furthermore, we can also

compute the contribution to income inequality of the variables determining (Ds, ws, hs, Is). In

this paper, we focus our analysis on how income inequality is affected by family background

(type τ) and ability (θ).

To illustrate our strategy, let fY (·|τ) denote the distribution associated with labor income
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(6.1) for individuals with family of type equal to τ . Thus, we have that

fY (Y |τ) = fY

(∫ S∑
s=1

Ds (τ, x)× [(ws (τ, x)× hs (τ, x))× Is (τ, x)] f τ (x) dx

)
(6.2)

and the overall distribution can be written as

fY (Y ) =
T∑
τ=1

fY (Y |T =τ) Pr [T =τ ] . (6.3)

We can use data draw from this distribution to compute different inequality measures. For-

mally, we can compute

G = G
(
{Yi}Ni=1

)
where G represents a particular inequality measure computed from a sample of N individuals

with labor market income draw from fY (Y ).

Expressions (6.2), (6.3) and the structure of our model are the cornerstone of our analysis of

income inequality. With them we can analyze the role of family background and ability as driving

forces behind the dispersion in income summarized by G (or a set of Gs), but allowing for general

selection mechanisms (endogeneity caused by unobserved ability). We do this by simulating data

from our structural model under different assumptions on the ability and family background

distributions. Specifically, we analyze the consequences on income inequality of equalizing the

distributions of (i) unobserved ability, (ii) mother’s education, (iii) father’s education, and (iv)

family income in the population. One can imagine different ways of “equalizing” each of these

variables. In this paper, the definition of equalizing the distribution of unobserved ability is:

there is a single distribution of unobserved ability in the population (the distribution associated

with family type 8). On the other hand, the definition of equalizing the distribution of parents’

education is: for each family in the data, both parents have completed at least primary school

(eight years of education). Finally, in the case of family income, we assume that every household

had at least 147,000 pesos per month in 1996 (median family income for that year). Using the

structure of the model, we simulate data under each of these scenarios. The resulting income

distributions are then summarized by a battery of different inequality measures. Tables 11, 12,
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and 13 present these results.

Table 11 presents the simulated distributions of schooling choices associated with each exer-

cise. The findings are consistent with our previous discussion on the determinants of schooling

choices (see section 6.3). Equalizing the distribution of unobserved ability (column (1) in Table

11) has a small impact on schooling choices, as opposed to the sizeable effects of the family

background variables (columns (2), (3) and (4)). Equalizing mother’s education has the largest

effect on schooling decisions among these variables. In this case, the high school dropout rate

reduces to 6 percent (from 37 percent) whereas the college graduation rate increases to 18 per-

cent (from 10 percent). These are sizable effects. However, we obtain an even larger effect when

we simultaneously equalize all the family background variables. Here the high school dropout

rate is only 2 percent and the college graduation rate increases to 51 percent. Interestingly,

even though equalizing ability does not seem to drive schooling decisions, when its effects are

combined with those associated with family background variables we obtain the largest changes

in schooling choices presented in Table 11 (last column). The effect of ability on high school

graduation rate and college enrollment are highlighted in this case.

Table 12 shows the effects on income inequality associated with the different simulation exer-

cises. We use a set of seven measures of inequality to study the changes in income distribution.

Specifically, Table 12 presents the changes in four measures from the General Entropy Class, the

Gini coefficient, and two percentile ratios as we modify the distributions of ability and family

background characteristics.

The results in Table 12 indicate that equalizing the distribution of ability has small effects

on income inequality. None of the inequality measures show significant changes in this case.

The effect of equalizing family background characteristics on the other hand, has sizeable but

ambiguous effects. While GE(1) (Theil index) and GE(2) reduce with the exercise, GE(-1)

and P90/P10 increase. Finally, after equalizing both ability and background characteristics

we observe that the only significant changes are associated with decreases in the inequality

measures. This suggests that only a joint improvement of ability and family background could

deliver an unambiguous improvement in income inequality.
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The results in Table 13 follow the same structure as those presented in Table 12 with the im-

portant exception that, in this case, schooling choices (efforts) are not endogenously determined.

In other words, the simulations do not affect the individual’s schooling decision.

The comparison of the results from Tables 12 and 13 suggests an interesting finding. The

inequality measures in Table 12 are, in general, smaller than those presented in Table 13. The

differences are particularly important for GE(1) and GE(2) when we simultaneously equalize

family background characteristics and unobserved ability. This evidence suggests an important

role for endogenous schooling decisions as driving forces of income equality.

7 Conclusions and Implications

In this paper we examine to what extent earnings inequality is driven by heterogeneity in family

background and unobserved ability. We postulate a model of counterfactual outcomes, in which

the role of endogenous schooling decisions is highlighted. In this model, both individual’s school-

ing choices and labor market productivity are determined by family background and unobserved

ability. The empirical analysis is carried out combining Chilean data on schooling and labor

market histories, schooling performance, and local schooling and labor market variables.

Our findings indicate that unobserved ability is a significant determinant of schooling choices,

but not of labor market outcomes (conditional on schooling). Family background variables

(family type), on the other hand, are important determinants of both schooling choices and

labor market productivity (also conditional on schooling), particularly hourly wages.

Using the structure of the model and our estimates, we analyze the consequences on income

inequality of compensating for differences in family background and unobserved ability. Our

results indicate that, even though family background appears as the most important force driving

the dispersion in labor income, only after compensating for both sources of heterogeneity can

we produce significant improvements in the income distribution. Furthermore, we show how a

significant fraction of this improvement can be attributed to the endogenous changes in schooling

decisions.

These results have important policy implications. First, they suggest a significant role for
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social programs aimed to compensate for limited resources available early on in life. Specifically,

programs designed to improve parents’ education might have important short term consequences

on individual ability, and long term effects on schooling choices and labor market outcomes.

Second, our results indicate that interventions late in life (after schooling choices are made)

might have little impact on income inequality. These two implications are in line with the

discussion on inequality in Heckman (2005). Finally, our analysis suggests that minimizing (or

excluding) the role of individual’s endogenous responses (in terms of schooling choices) to social

programs could underestimate their long term effects on income inequality. Social programs

should have a long term perspective, incorporating the individual’s endogenous responses to the

improved conditions in their design and evaluation.
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Data Source Characteristics Unit of Analysis Purpose

Panel CASEN 1996-2001-2006 Longitudinal data on schooling and labor 
market outcomes for a representative 
sample from four regions of Chile.

Household and 
individual level

Estimation of the model

SIMCE 1998 Test scores (math and language) and 
hours of study. Reported for all students 
attending 4th grade.

School and student 
level

Identification of the distributions of 
unobservedabilities by family type, and to provide 
information on the number of secondary schools 
at municipality level

National Directory of Post-Secondary 
Education

Directory of all post-secondary 
institutions in Chile

Institution Number of post-secondary institutions at 
municipality level

SIMCE 1994 Test scores (math and language) and 
hours of study. Reported for all students 
attending 4th grade.

School level To construct national ranking of primary schools 
at local level (municipality)

CASEN 1996 Demographic variables Household and 
individual level

Local unemployment rate and wages (muncipality 
level) by educational group

Table 1. Sources of Information utilized in the Empirical Implementation of the Model



Variables Measurement System
(Math, Language, Schooling Choice Wages Hours Worked Employment

and Hours of Study) Model
Gender (=1 if Male) Yes Yes Yes Yes Yes
Age Yes Yes Yes Yes Yes
Regional Dummies Yes Yes Yes Yes Yes
Urban Yes Yes Yes Yes Yes
Final Schooling Level No No Yes Yes Yes
Local Average Monthly Income (by Educational Group) in 1996 No Yes No No No
Local Employment Rate (by Educational Group) in 1996 No Yes No No No
Number of Post-Secondary Institutions at Municipality Level - 1994 No Yes No No No
Number of Post-Secondary Institutions at Municipality Level - 1996 No Yes No No No
Number of Secondary Schools in 1998 at Local Level No Yes No No No
Average Ranking of Primary Schools in 1994 at Local Level No Yes No No No
Type of Primary School (Public, Voucher, Private) Yes No No No No
Family Income in 1996 Yes Yes Yes Yes
Mother's Highest Grade Completed Yes Yes Yes Yes
Father's Highest Grade Completed Yes Yes Yes Yes
Unobserved Ability Yes Yes Yes Yes Yes

Endogenous Outcomes

The Measurement System is 
Estimated by Family Type

Table 2 . Empirical Implementation: Outcomes, Measurement System, and Controls



Variable Mean Std. Dev. Minimum Maximum

Gender (=1 if Male) 0.52 0.50 0 1
Age in 1996 20.64 5.05 12.00 29.00
Region 7 0.17 0.38 0 1
Region 8 0.37 0.48 0 1
Region 13 0.40 0.49 0 1
Urban 0.82 0.38 0 1
FatherHG<8,MotherHG<8,Family Income 96<Median (b) 0.39 0.49 0 1
FatherHG>8,MotherHG<8,Family Income 96<Median 0.06 0.23 0 1
FatherHG<8,MotherHG>8,Family Income 96<Median 0.05 0.23 0 1
FatherHG>8,MotherHG>8,Family Income 96<Median 0.10 0.30 0 1
FatherHG<8,MotherHG<8,Family Income 96>Median 0.20 0.40 0 1
FatherHG>8,MotherHG<8,Family Income 96>Median 0.05 0.21 0 1
FatherHG<8,MotherHG>8,Family Income 96>Median 0.02 0.14 0 1
FatherHG>8,MotherHG>8,Family Income 96>Median 0.13 0.34 0 1
Less than 11 Years of Education 0.33 0.47 0 1
High School Graduate 0.36 0.48 0 1
Some College 0.18 0.38 0 1
Four Year College Graduate 0.12 0.33 0 1
Local Average Monthly Income Among HS Dropouts in 1996 (d) 78.73 37.79 34.49 358.19
Local Employment Rate Among HS Dropouts in 1996 0.94 0.03 0.87 0.99
Local Average Monthly Income Among HS Graduates in 1996 (d) 105.06 35.38 52.69 285.10
Local Employment Rate Among HS Graduates in 1996 0.92 0.04 0.79 0.98
Local Average Monthly Income Among Some College in 1996 (d) 169.32 88.49 0 550
Local Employment Rate Among Some College in 1996 0.92 0.13 0 1
Local Average Monthly Income Among College Graduates in 1996 (d) 217.70 139.03 0 1141.88
Local Employment Rate Among College Graduates in 1996 0.95 0.09 0.38 1
Number of Post-Secondary Institutions at Municipality Level - 1994 43.05 53.52 0 111
Number of Post-Secondary Institutions at Municipality Level - 1996 46.13 57.40 0 119
Number of Post-Secondary Institutions in the Region - 1994 1663.32 2004.77 4.00 4107
Number of Post-Secondary Institutions in the Region - 1996 1782.75 2149.63 4.00 4403
num_col94 28.85 19.65 1 107
Number of Secondary Schools in 1998 at Local Level 9.76 11.14 0 68
Average Ranking of Primary Schools in 1994 at Local Level 0.48 0.12 0.10 0.92
Family Income in 1996 0.63 0.70 0 12.70
Mother's Highest Grade Completed 6.82 3.84 0 19
Father's Highest Grade Completed 6.99 4.07 0 20
Number of Observations 

Math Score 0 1 -2.12 3.20
Language Score 0 1 -3.28 3.25
Hours of Stydy Last Week 5.04 3.57 1 13
Region 9.64 3.64 1 13
Voucher School 0.36 0.48 0 1
Private School 0.11 0.32 0 1
Number of Observations 

Table 3. Summary Statistics 
SIMCE 1998 and CASEN Panel 1996-2001-2006

Notes: (a) CASEN contains information for a representative sample of individuals living in three regions (Region 3, Region 7,
Region 8, and Region 13). The sample was interviewed in 1996, 2001, and 2006. (b) FatherHG = Fathers's Highest Grade
Completed. Likewise, MotherHG=Mother's Highest Grade Completed; (c) SIMCE 1998 contains information for the
population of fourth graders attending the school when the test scores are taken; (d) Thousands of 1996 pesos.

3610

117185

SIMCE 1998 (c)

CASEN PANEL (1996, 2001, 2006) (a)



Mother's Education \ Father's Education 8 or less more than 9
8 or less Fam Type I Fam Type II
more than 9 Fam Type III Fam Type IV

Mother's Education \ Father's Education 8 or less more than 9
8 or less Fam Type V Fam Type VI
more than 9 Fam Type VII Fam Type VIII

   Table 4. SIMCE 1998 - Definition of Family Types

A. Family Income Below Mediam

B. Family Income Above Mediam

(According to Family Income and Parents' Education)

Mother's Education \ Father's Education 8 or less more than 9
8 or less 0 (a) 0.362
more than 9 0.283 0.359

Mother's Education \ Father's Education 8 or less more than 9
8 or less 0.215 0.369
more than 9 0.584 0.736

Table 5. Estimated Mean Ability by Family Type

A. Family Income Below Median

B. Family Income Above Median

Source: Authors' calculation using SIMCE 1998. All estimates are statistically significant at 5%. (a)
We normalize the mean of unobserved ability in this group.

 (Family Income, Mother's Education, and Father's Education)



Mother's Education \ Father's Education 8 or less more than 9
8 or less 0.383 0.363
more than 9 0.313 0.301

Mother's Education \ Father's Education 8 or less more than 9
8 or less 0.318 0.205
more than 9 0.042 0.004

Table 6. Effect of Ability on Language Score (Standardized Coefficients)

A. Family Income Below Median

B. Family Income Above Median

Source: Authors' calculation using SIMCE 1998. All estimates are statistically significant at 5%.

by Family Income, Mother's Education, and Father's Education

Mother's Education \ Father's Education 8 or less more than 9
8 or less 0.517 0.737
more than 9 0.522 0.688

Mother's Education \ Father's Education 8 or less more than 9
8 or less 0.378 0.300
more than 9 0.043 0.003

Table 7. Effect of Ability on Hours of Study per Week (Standardized Coefficients)

A. Family Income Below Median

B. Family Income Above Median

Source: Authors' calculation using SIMCE 1998. All estimates are statistically significant at
5%.

by Family Income, Mother's Education, and Father's Education



Variable Less than 11 Years High School Some College College 
of Education Graduates Graduates

Gender 0.118 -0.041 -0.059 -0.018
0.021 0.021 0.016 0.011

Age 0.001 -0.013 0.003 0.009
0.003 0.003 0.002 0.001

Round -0.072 0.033 -0.008 0.047
0.016 0.018 0.015 0.011

Region = 7 -0.112 -0.035 0.107 0.040
0.055 0.060 0.057 0.046

Region = 8 -0.144 -0.080 0.161 0.063
0.050 0.051 0.047 0.040

Region = 13 0.069 -0.006 -0.077 0.014
0.089 0.087 0.073 0.045

Urban -0.151 0.029 0.057 0.065
0.033 0.031 0.024 0.013

Family Type =2 (a) -0.079 0.069 -0.006 0.016
0.042 0.047 0.037 0.031

Family Type =3 -0.200 0.075 0.072 0.054
0.032 0.049 0.040 0.035

Family Type =4 -0.239 -0.081 0.152 0.169
0.024 0.036 0.035 0.035

Family Type =5 -0.108 0.082 0.018 0.007
0.026 0.031 0.025 0.019

Family Type =6 -0.217 0.105 0.016 0.095
0.033 0.053 0.039 0.040

Family Type =7 -0.227 0.032 0.005 0.190
0.043 0.078 0.058 0.079

Family Type =8 -0.321 -0.147 0.141 0.327
0.020 0.037 0.035 0.043

Local Average Monthly Income Among HS Dropouts in 1996 (a) -0.001 0.000 0.001 0.000
0.001 0.001 0.000 0.000

Local Employment Rate Among HS Dropouts in 1996 1.381 -0.559 -0.283 -0.538
0.574 0.563 0.434 0.302

Local Average Monthly Income Among HS Graduates in 1996 0.000 0.000 0.000 0.001
0.001 0.001 0.000 0.000

Local Employment Rate Among HS Graduates in 1996 -0.155 -0.327 0.250 0.232
0.363 0.353 0.270 0.187

Local Average Monthly Income Among Some College in 1996 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000

Local Employment Rate Among Some College in 1996 0.064 -0.068 0.026 -0.022
0.089 0.089 0.068 0.051

Local Average Monthly Income Among College Graduates in 1996 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000

Local Employment Rate Among College Graduates in 1996 0.127 -0.065 -0.050 -0.012
0.116 0.117 0.101 0.071

Number of Post-Secondary Institutions at Municipality Level - 1994 -0.046 -0.006 0.006 0.046
0.079 0.077 0.053 0.037

Number of Post-Secondary Institutions at Municipality Level - 1996 0.042 0.005 -0.004 -0.043
0.073 0.072 0.050 0.035

Number of Secondary Schools in 1998 at Local Level -0.001 -0.001 0.001 0.001
0.002 0.002 0.001 0.001

Average Ranking of Primary Schools in 1994 at Local Level -0.293 -0.041 0.232 0.102
0.125 0.118 0.091 0.059

Ability -0.022 -0.046 0.055 0.013
0.026 0.026 0.021 0.015

Table 8. Model Estimates - Schooling Choice Model - Marginal Effects

Note:(a)FamilyType1=(FatherHG<8,MotherHG<8,FamilyIncome96<Median);FamilyType2=(FatherHG>8,MotherHG<8,FamilyIncome96
<Median);FamilyType3=(FatherHG<8,MotherHG>8,FamilyIncome96<Median);FamilyType4=(FatherHG>8,MotherHG>8,FamilyIncome
96<Median);FamilyType5=(FatherHG<8,MotherHG<8,FamilyIncome96>Median);FamilyType6=(FatherHG>8,MotherHG<8,FamilyInco
me96>Median);FamilyType7=(FatherHG<8,MotherHG>8,FamilyIncome96>Median);FamilyType8=(FatherHG>8,MotherHG>8,FamilyIn
come96>Median). (b) Thousands of 1996 pesos. Standard Errors presented in italics.



FamilyType=1 FamilyType=8 Overall
Ability < q20 0.74 0 0.59
Ability > q80 0.80 0 0.41
Overall 0.76 0 0.37

FamilyType=1 FamilyType=8 Overall
Ability < q20 0.26 0 0.39
Ability > q80 0.17 0.08 0.31
Overall 0.23 0.09 0.45

FamilyType=1 FamilyType=8 Overall
Ability < q17 0 0 0.01
Ability > q80 0.02 0.27 0.13
Overall 0.01 0.31 0.08

FamilyType=1 FamilyType=8 Overall
Ability < q20 0 0 0.01
Ability > q80 0.01 0.65 0.15
Overall 0.003 0.60 0.10

1 2 3 4 5 6 7 8 Overall
Ability < q17 0.12 0.00 0 0.02 0.02 0 0 0 0.17
q17<Ability<q34 0.12 0.02 0.005 0.01 0.02 0 0 0 0.17
q34<Ability<q50 0.02 0.003 0.02 0.005 0.08 0.03 0 0 0.17
q50<Ability<q66 0.06 0 0.01 0.02 0.05 0.01 0.02 0 0.17
q66<Ability<g83 0.07 0.002 0.01 0.02 0.02 0.001 0.00 0.04 0.17
Ability>q83 0.00 0.03 0.01 0.02 0.001 0.005 0.00 0.10 0.17
Overall 0.39 0.06 0.05 0.10 0.20 0.05 0.02 0.13 1.00

Family Type

E. Joint Distribution of Ability and Family Type

Note:FamilyType1=(FatherHG<8,MotherHG<8,FamilyIncome96<Median);FamilyType2=(FatherHG>8,MotherHG<8,FamilyIncome96<Me
dian);FamilyType3=(FatherHG<8,MotherHG>8,FamilyIncome96<Median);FamilyType4=(FatherHG>8,MotherHG>8,FamilyIncome96<Me
dian);FamilyType5=(FatherHG<8,MotherHG<8,FamilyIncome96>Median);FamilyType6=(FatherHG>8,MotherHG<8,FamilyIncome96>Me
dian);FamilyType7=(FatherHG<8,MotherHG>8,FamilyIncome96>Median);FamilyType8=(FatherHG>8,MotherHG>8,FamilyIncome96>Me
dian). 

Table 9. The Interaction between Ability and Family Background as Determinants of Schooling 
Choices

A. Probability(S=11 or less Years of Education)

B. Probability(S=High School Graduate)

C. Probability(S=Some College)

D. Probability(S=College Graduate)



Variables (Log) Wages (Log) Hours Worked Employment
(Marginal Effect)

Gender 0.07 0.12 0.22
0.03 0.02 0.02

Age 0.12 0.04 0.21
0.03 0.02 0.02

Age2 -0.002 -0.001 -0.003
0.000 0.000 0.000

Round 0.21 0.01 -0.04
0.03 0.02 0.02

Region = 7 -0.11 -0.02 -0.01
0.06 0.04 0.04

Region = 8 -0.12 -0.07 -0.06
0.06 0.04 0.04

Region = 13 0.07 -0.10 0.08
0.06 0.04 0.04

Urban 0.10 -0.02 -0.11
0.03 0.02 0.03

High School Graduates 0.15 0.09 0.12
0.03 0.02 0.02

Some College 0.40 0.05 0.02
0.04 0.03 0.03

College Graduate 0.90 0.02 0.06
0.05 0.03 0.04

Family Type =2 0.10 -0.05 -0.04
0.05 0.05 0.04

Family Type =3 0.16 -0.09 0.03
0.06 0.05 0.04

Family Type =4 0.08 -0.05 -0.01
0.05 0.04 0.04

Family Type =5 0.14 0.00 0.01
0.03 0.02 0.03

Family Type =6 0.22 -0.05 0.06
0.07 0.04 0.05

Family Type =7 0.19 -0.05 -0.03
0.12 0.07 0.07

Family Type =8 0.18 0.01 -0.08
0.06 0.03 0.04

Ability 0.01 0.03 0.00
0.03 0.02 0.02

Intercept 4.23 4.43 -
0.36 0.27 -

Note: FamilyType1=(FatherHG<8,MotherHG<8,FamilyIncome96<Median); FamilyType2=(FatherHG>8,MotherHG<8,FamilyIncome96<Median);
FamilyType3=(FatherHG<8,MotherHG>8,FamilyIncome96<Median); FamilyType4=(FatherHG>8,MotherHG>8,FamilyIncome96<Median);
FamilyType5=(FatherHG<8,MotherHG<8,FamilyIncome96>Median); FamilyType6=(FatherHG>8,MotherHG<8,FamilyIncome96>Median);
FamilyType7=(FatherHG<8,MotherHG>8,FamilyIncome96>Median);FamilyType8=(FatherHG>8,MotherHG>8,FamilyIncome96>Median). Standard Errors are
presented in italics.

Table 10. Model Estimates - Endogeneous Outcomes



Schooling Model Equalizing Equalizing Equalizing Equalizing Equalizing Equalizing 
Level Ability (a) Father's Highest Mother's Highest Family Family Background Family Background

Grade Completed (b) Grade Completed (c) Income (d) and Ability
(1) (2) (3) (4) (2)+(3)+(4) (1)+(2)+(3)+(4)

Less than 11 Years 0.37 0.38 0.18 0.06 0.18 0.02 0.02
Secondary 0.45 0.41 0.60 0.66 0.61 0.28 0.18
Some College 0.08 0.10 0.10 0.11 0.07 0.19 0.28
College 0.10 0.10 0.12 0.18 0.14 0.51 0.52

Note: (a) We assume a single distribution of unobserved ability. We use the distribution associated with Family Type 8 to simulate data for the whole population. (b)
We assume father's highest grade completed is at least 9 for each individual in the population. (c) We assume mother's highest grade completed is at least 9 for each
individual in the population. (d) We simulate schooling decisions assuming that every household had at least 147,000 pesos per month in 1996 (median family income
in 1996).

Table 11. Distribution of Schooling Choices by Simulation Exercise



Inequality Measure

GE(-1)
(Within,Between) 0.27 0.075 0.27 0.073 0.273 0.101 0.267 0.082

GE(0) 
(Within,Between) 0.197 0.084 0.197 0.082 0.194 0.08 0.195 0.065

GE(1) (Theil)
(Within,Between) 0.208 0.102 0.208 0.099 0.2 0.067 0.202 0.053

GE(2)
(Within,Between) 0.38 0.133 0.377 0.128 0.29 0.058 0.286 0.045

Gini
P90/P10
P90/P50 2.55

Notes: In each case, the within/between decomposition of the inequality measured is computed using schooling groups. (a) In this case we use the
estimated distribution of unobserved ability for the group with (family income above the mediam, mother's education > 8 years, father's education >
8) to simulate the model. (b) We substitute family income by the mean family income in the population, we assume mother's education > 8 in the
population, father's education > 8, and no overcrowding at the household level when young.

Table 12. Comparison of Model Generated Inequality Measures 
and Inequality Measures Under Different Simulation Exercises

0.255

0.331

0.388
6.52

Equalizing Family 
 Background and Ability

0.349

0.26

2.64
6.14 7.13

2.572.61
6.21

Model Equalizing Ability (a) Equalizing Family 

0.281

 Background (b)

0.345 0.3740.343

0.279

0.4070.409

0.513

0.31 0.307

0.505

0.396

0.348

0.267

0.274



Inequality Measure

GE(-1)
(Within,Between) 0.27 0.075 0.27 0.074 0.273 0.077 0.271 0.074

GE(0) 
(Within,Between) 0.197 0.084 0.197 0.082 0.199 0.086 0.199 0.082

GE(1) (Theil)
(Within,Between) 0.208 0.102 0.208 0.1 0.214 0.098 0.213 0.094

GE(2)
(Within,Between) 0.38 0.133 0.378 0.13 0.389 0.12 0.382 0.114

Gini
P90/P10
P90/P50

                    but Assuming The Original Schooling Decisions

0.411

0.509

0.312

0.285

0.409

0.513

0.31 0.308

0.508

Model Equalizing Ability (a) Equalizing Family 

0.281

 Background (b)

0.345 0.3500.344 0.345

0.281

2.64
6.14 6.05

2.582.67
6.2

0.279

0.408

2.56

Notes: In each case, the within/between decomposition of the inequality measured is computed using schooling groups. (a) In this case we use the
estimated distribution of unobserved ability for the group with (family income above the mediam, mother's education > 8 years, father's education >
8) to simulate the model. (b) We substitute family income by the mean family income in the population, we assume mother's education > 8 in the
population, father's education > 8, and no overcrowding at the household level when young.

Table 13. Comparison of Model Generated Inequality Measures 
and Inequality Measures Under Different Simulation Exercises 

0.307

0.496

0.408
5.98

Equalizing Family 
 Background and Ability
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Figure 1. Distribution of Unobserved Heterogeneity (Ability), by Family Type
                                               SIMCE 1998 
 

Nonte: Authors' calculation using the estimated results from the measurement system (math
score, language schore, and hours of study).  
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 Note: Authors' calculation using the estimates from the model and actual data. 
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Figure 4. Distribution of Hourly Wage

Note: Authors' calculation using the estimates from the model and actual data. 

                 Observed Mean Wage = 972.87 
                 Simulated Mean Wage = 954.59 
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