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Abstract: We assess for the first time inequality of opportunity (IOp) in education in Argentina 
following a parametric approach proposed by Bourguignon, Ferreira and Menéndez (2007). We use 
this methodology to quantify the degree of IOp associated with an empirical distribution of academic 
achievement from a sample of 15-year old students provided by the PISA 2009 survey. For this, we 
simulate the reduction in educational performance inequality which would attain if differences in 
“circumstance” variables – those that lie beyond the individual´s responsibility – were eliminated so 
that we can interpret this difference between observed and counterfactual inequality as a mean lower 
bound for IOp. We find that on average at least 20% of total students’ performance inequality is due to 
unequal opportunities. The most important circumstances affecting educational achievement are those 
one possibly highly correlated with student family income or wealth and with other unobservables 
such as parents’ dedication to their children’s education, in our case, whether the student goes to a 
public or private school, the possession of educational inputs at home and parental education. 
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I. Introduction 

There seems to be certain contrast between the focus of the studies in welfare 

economics and what people think and do in the real world about equality issues. 

While most of those studies are focused on the measurement of the distribution of 

certain outcomes – e.g. income or total consumption –, in practice people seem to care 

about all individuals have the same opportunities to attain these outcomes2. In this 

sense, most of the popular public programs aimed at reducing inequality of 

opportunities in education, basic health, housing, access to the labor market or basic 

services.   

 

Naturally, equality of opportunity does not imply equality in outcomes. For example, 

two students facing the same constraints may take different decisions and make 

different effort at school. Then, they may obtain different scores and reach different 

achievements. But this inequality may not be considered unfair3. Thus, a key argument 

in the attitude to inequality is whether inequalities are caused by factors that the 

individual cannot change – i.e. factors that lie beyond the individual´s responsibility – 

or by factors that depend on the individual choices – i.e. factors for which the 

individual can be held morally accountable –. In this context, Roemer (1998) first 

introduced a formalization of the definition of equal opportunities4. For this, he 

divides the factors that determine an outcome into factors that the individual does not 

choose (“circumstances”) and factors that the individual choose (“effort”). However, 

Roemer was not the first economist to think and argue that equality of opportunities 

should be of primary social concern and the ethical space to focus on. Other 

economists such as Rawls (1971), Dworkin (1981), Arneson (1989), Cohen (1989), 

Barry (1991), Le Grand (1991) and even Sen (1985) had made similar arguments.  

 

In this paper we examine for the first time inequality of opportunity (IOp) in 

education in Argentina following a parametric approach proposed by Bourguignon et 

al. (2007). We use this methodology to quantify the degree of IOp associated with an 

                                                           
2 A survey in Argentina for Clarin Newspaper (February 22, 2004) asked people how they think 
equality in the society should be measured. The results show that 72.9% of the respondents answered: 
“all people should have equal initial opportunities”. 
3 Gasparini (2002) raises a good discussion about the measurement of unfairness with an application to 
Education in Argentina. 
4 Defining a “type” as a set of persons with the same circumstances, Roemer suggests equalizing what 
he calls “advantages” – i.e. important outcomes such as earnings, household consumption or academic 
performance – for each centile of the effort distribution across “types” but not within “types”. 
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empirical distribution of academic achievement from a sample of 15-year old students 

provided by the PISA 2009 survey. Following Roemer, we refer to all observed 

educational performance determinants which are exogenous to the individual – e.g. 

gender, country of birth, parental education – as “circumstance” variables and to those 

determinants which the individual can influence – e.g. reading time, to do homework, 

repetition – as “effort” variables. Using this framework, we simulate the reduction in 

educational performance inequality which would attain if differences in 

“circumstance” variables were eliminated interpreting this difference between 

observed and counterfactual inequality as a mean lower bound for IOp. We find that 

on average at least 20% of total students’ performance inequality is due to unequal 

opportunities. The variables possibly highly correlated with family income or wealth 

and with other unobservables such us parents’ dedication to their children’s 

education, in our case, the school type – i.e. public or private –, parental education and 

the possession of educational inputs at home are the most important circumstances 

affecting educational achievement. 

 

 

The rest of the paper is organized as follows. Section II performs a short literature 

review. Section III presents the data and section IV takes a look of it. Section V 

describes the estimation and section VI reports its results. Section VII introduces the 

decomposition and section VIII shows its results. Section IX concludes. 

 

 

II. A Brief Literature Review 
 

Some progress on the measurement of inequality of opportunity (IOp) has been made. 

Bourguignon et al. (2003, 2007) first propose an inequality decomposition based on a 

parametric approach and apply it to the distributions of male and female earnings in 

Brazil. They find that observed circumstances account for around a quarter of the 

value of the Theil index and that parental education is by far the most important 

circumstance affecting earnings.   

 

From this work new methodologies began to be proposed trying to explain the 

influence of IOp in total observed inequality. Ferreira and Gignoux (2008) in a good 

contribution provide a simple conceptual framework which derives a class of indices 

of IOp directly from Roemer´s theory. They also introduce the concept of a vector of 

characteristics of the groups with the most limited opportunity sets in a given society 

called opportunity-deprivation profile. Finally, they apply these two methodological 

innovations to six countries in Latin America to estimate parametric and non-

parametric IOp for labor earnings, household per capita income and household per 
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capita consumption. They find, for instance, that for inequality in consumption the 

parametrically estimated opportunity share ranges from 24% to 50% depending on 

the country. 

 

Lefranc et al. (2008) analyze the relationship between income inequality and IOp 

among a set of nine OECD countries using stochastic dominance and nonparametric 

statistical tests. They find strong disparities in the degree of IOp across countries and 

a strong correlation with inequality of outcomes. Also, Lefranc et al. (2009) introduce 

a third factor, luck, in addition to circumstances and effort and apply standard 

stochastic dominance tools to measure equality of opportunity for income acquisition 

in France. Their results reveal that the degree of IOp tends to decrease over the period 

1979-2000 and that the degree of risk home distributions – conditional on social 

origin – appears very similar across all groups of social origins. 

 

Recently, Checchi and Peragine (2010) provide a new methodology based on a non-

parametric decomposition and apply it to income distributions of Italy. According to 

their results, IOp accounts for about 20% of overall income inequality in Italy. They 

also find the less developed regions in the South are characterized by a higher share of 

inequality due to unequal opportunities than the regions in the North. Following this 

non-parametric approach, Gamboa and Waltenberg (forthcoming) assess inequality of 

educational achievement in six Latin American countries using the PISA 2006-2009 

surveys. They show IOp range from less than 1% to up to 27% of overall inequality 

depending on the year, country, subject and specification of circumstances. 

 

In this paper we use the parametric approach proposed by Bourguignon et al. (2007) 

from which we decompose students’ performance inequality into a component due to 

unequal opportunities and a residual term, with a few methodological changes 

described later. The application of this parametric approach to measure IOp using 

educational achievement rather than income and for the case of Argentina is the 

substantive contribution of this paper. 

 

 

III. The Data 

Our data comes from the Programme for International Student Assessment (PISA) 

survey, which takes place every three years and it is conducted by the Organization 

for Economic Co-operation and Development (OECD). This survey has been designed 

to collect information about 15-year-old students – near the end of compulsory 

education – reviewing the extent to which they have acquired some key competences 

that are essential for their future educational attainment, success in the labor market 

and to meet real-life challenges. PISA takes place in OECD member countries and 
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partner countries; in 2009 sixty five countries participated in the assessment. The 

complete PISA 2009 sample size for Argentina is of 4,774 students from 199 schools5. 

After excluding students with missing entries for the relevant variables, we are left 

with a sample of 4,126 students. 

The outcome of interest is the student performance in reading, mathematics and 

science assessments. It is measured as the final score obtained in 219 unweighted 

questions (131 in reading, 35 in math and 53 in science). Figure 1 shows the final 

scores distribution. Other variables used in the analysis include a gender dummy 

variable, a country of birth dummy, parental education, two father job status 

dummies, possession of certain educational inputs at home, a school type dummy and 

five school community dummies6. We also use a repetition dummy variable and 

minutes of enjoyment reading.  

 

Figure 1 – Final Scores Distribution 

 

 

PISA uses for parental education the International Standard Classification of 

Education (ISCED). This classification was converted into years of schooling (here in 

quotes) using the following rule: No school or incomplete ISCED Level 1 (primary 

education) “0”; complete ISCED Level 1 “6”; complete ISCED Level 2 (lower secondary 

education) “10”; complete ISCED Level 3A, 3B, or 3C (upper secondary education) 

                                                           
5 For details and sample design and size description see OECD (2010). 
6 The gender dummy variable takes value 1 if the student gender is male and 0 otherwise. The country 
of birth dummy variable takes value 1 if the student was born in Argentina and 0 otherwise. Finally, the 
school type dummy variable takes value 1 if the student goes to a private school and 0 if he goes to a 
public school. 
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“12”; complete ISCED Level 5B (non-university tertiary education) “14,5”; complete 

ISCED Level 5A or 6 (university level tertiary education or advanced research 

programmes) “17”. We then compute the mean parental schooling. If a student did not 

report one parent education, we took the other parent value as mean. Regarding the 

father job status we have two dummies (CS and SS). CS takes value 0 if the student´s 

father is a blue collar worker and 1 if he is a white collar worker7; and SS takes value 0 

if he is a low skilled worker and 1 if he is a high skilled worker. If a student did not 

report the father job status, CS and SS were approximated with the mother job status. 

The database has also information on the possession of different types of inputs at 

home that contribute children in their education. Taking into account this information 

we create the variable “possession of educational inputs at home” (PO). PO is given in 

discrete levels and its value is the number of the following inputs that the student has 

at home: a desk to study at, an own room, a quiet place to study, a computer he can 

use for school work, educational software, a link to the Internet, classic literature (e.g. 

Shakespeare), books of poetry, works of art (e.g. paintings), books to help with his 

school work, technical reference books and a dictionary. Then, if a student has these 

twelve inputs, the variable PO takes value 12, and so on. We suppose all of these 

inputs have the same importance and PO along with the rest of the variables have a 

linear relationship with our outcome of interest. Also, there are five dummies for 

different types of communities in which the sample schools are located8. 

Finally, given that we have not got any variable to clearly measure the student effort 

we create the following two variables which will fulfill the role of proxies of “effort” 

variables: a repetition dummy that takes value 1 if the student has repeated at least 

once and value 0 if he has never repeated and minutes of enjoyment reading per day. 

Although the repetition variable is usually used as an outcome in the literature on 

Education, in this case we use it as a control variable not only because it was 

determined before the variable of interest but also it may be a good proxy of student 

effort because it depends strongly on the student besides it  

 

Table 1. Descriptive statistics 

   Mean Final Score 
 

23.08 

   
                                                           
7 The term blue collar worker refers to a worker whose job implies manual labor, while a white collar 
worker is a salaried professional or an educated worker who performs semi-professional office, 
administrative or business tasks. 
8 Village, hamlet or rural area (fewer than 3,000 people); small town (3,000 to about 15,000 people); 
town (15,000 to about 100,000 people); city (100,000 to about 1,000,000 people); large city (with over 
1,000,000 people). 
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Gender 
  Male 
 

44.81% 
Female 

 
55.19% 

   Country of birth 
  Argentina 
 

98.16% 
Other country 

 
1.84% 

   Mean parents´number of years of schooling 
 

11.14 

   Father´s occupational status 
  High Skilled 
 

54.39% 
Low Skilled 

 
45.61% 

   White Collar 
 

50.87% 
Blue Collar 

 
49.13% 

   Mean possession of educational inputs 
 

7.66 

   School type  
  Private 
 

33.93% 
Public 

 
66.07% 

   School community  
  Rural Area 
 

6.33% 
Small Town 

 
16.14% 

Town 
 

32.60% 
City 

 
29.64% 

Large City 
 

15.29% 

   Repetition 
  At least once 
 

29.62% 
Never 

 
70.38% 

   Mean minutes of enjoyment reading per day 
 

26.91 

   Number of individuals 
 

4,126 
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depends on his background as we will see later9. At 15 years old and before this age 

his effort may greatly influence teachers’ perception of his performance and therefore 

decisions about his repetition. In a same way the enjoyment of the reading time has “a 

given part” but it also depends on the student effort. You may like doing an activity 

but you do not make the necessary effort to achieve it. Enjoyment reading time is 

given in discrete levels and was approximated taking the following classification in 

minutes (here in brackets): no read for enjoyment (0); thirty minutes or less a day 

(20); more than thirty minutes to less than sixty minutes a day (45); one to two hours 

a day (90); more than two hours a day (120).  

Descriptive statistics of these variables are shown in Table 1. 
 
 

IV. A Quick Look at the Data 
 
In figure 2 the Mean Final Score (MFS) is presented by school type – i.e. public or 

private school – and by region. There are two main points to emphasize about this 

figure. First, there is a marked difference between MFS of public and private schools in 

favor of private schools. And second, MFS rises as the community in which the school 

is located is “bigger” or “more important”. In the extreme case,  MFS for private 

schools in large cities is almost twice the mean for public schools in rural areas. One 

factor behind these facts might be the difference in school resources. In this direction, 

there is a large literature about the effects of school resources – e.g. expenditure per 

student, class size or teacher characteristics – on student performance10. However, 

this literature has obtained inconclusive results about this relationship and recently 

has also focused on other possible student performance determinants such as 

cognitive skills and schooling institutions, teacher shortages and teacher contracts, 

teacher management and education quality, school decentralization, tracking, 

incentives to learn and teacher incentives11. As to family income or wealth all these 

factors might affect the student performance and be correlated with our 

“circumstance” variables. Consequently, in our estimation, we will capture not only 

the effects of observed circumstances on student performance but also the effects of 

that part of unobserved determinants which are correlated with them.  

                                                           
9 “Variables measured before the variable of interest was determined are generally good controls. In 
particular, because these variables were determined before the variable of interest, they cannot 
themselves be outcomes in the causal nexus.” (Angrist and Pischke 2008) 
10 See for example Hanushek (1997), Krueguer(2002), Rivking, Hanushek and Kain (2005), Hanushek 
(2006) and Hoxby (2006). 
11 See for example Hanushek (2003), Bourdon, Frolich and Michaelowa (2007), Galiani, Gertler and 
Schargrodsky (2008), Hanushek and Woessmann (2008), Holla and Kremer (2009), Duflo, Dupas and 
Kremer (2010) and Galiani and Perez-Truglia (forthcoming). 
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To sum up, in Argentina there is evidence of substantially differences on mean 

educational performance between public and private schools and between regions or 

community in which the school is located. In this sense, Rivas et al. (2010) performed 

a good analysis of education in Argentina for the last three decades and point out 

several of these facts. Also, Adrogué (forthcoming) estimates the quality of schools in 

Argentina using different indexes and assesses that while schools differences were 

found across provinces, even grater discrepancies were found among public schools 

located within provinces. 

Regarding students’ family background table 2 reports MFS for different values of 

mean parental education (MPE) for three groups: all the students’ sample (0) and two 

extreme cases, students with a low skilled and blue collar father (1) and students with 

a high skilled and white collar father (2). MFS tends to increase as MPE rises for the 

three groups. Also, the difference between (1) and (2) tends to be higher for the 

highest MPE values. 

 

 
Figure 2. Mean Final Score by school community and school type 

 

 

A variable likely to be highly correlated with the student family income and with 

parents’ dedication to their children’s education is the possession of educational 

inputs at home. Figure 3 indicates that MFS rises as the student has more of those 

inputs that potentially contribute to his education. 
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Finally, with respect to our effort variables, table 3 reflects that mean performance is 

substantially higher for students that have never repeated and is slightly higher for 

students that read more for enjoyment. 

 

 

 

 
Table 2. Mean Final Score by MPE and Father Job Status  

 

MPE (years) All the sample Low Skill-Blue Collar High Skill-White Collar  
0 16.45 16.22 18.91 
3 17.45 15.90 17.25 
5 17.88 19.07 17.33 
6 18.37 17.77 19.57 

7.25 19.77 19.25 26.00 
8 20.68 18.83 24.48 

8.50 20.37 19.17 22.38 
9 21.24 21.19 22.05 

10 22.51 19.98 25.93 

10.25 21.79 20.30 20.38 
11 23.31 23.44 25.58 

11.50 23.58 21.68 28.55 
12 23.21 20.02 27.69 

12.25 24.71 19.57 30.41 
13.25 28.11 22.28 32.50 
13.50 24.19 23.78 24.75 
14.50 24.92 20.72 28.42 
15.75 26.46 22.11 29.72 

17 28.11 17.87 30.63 

Total 23.08 19.45 28.05 
        

  a) MPE is Mean Parental Education. 

 

 

 

 

 

Figure 3. Mean Final Score by possession of educational inputs at home (PO) 
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Table 3. Mean Final Score by Repetition Dummy and Reading 
Time 

  
Repetition Dummy 

 Never repeat 26.10 
Repeat at least once 15.91 

  Enjoyment Reading Time 
 0 22.10 

20 23.04 
45 24.54 
90 24.55 

120 24.04 

 
  

                  a) Enjoyment reading time is in minutes per day. 

 

Also, it is interesting to see how effort variables are related to some of our 

circumstance variables. Figure 4 pictures the repetition rate by MPE and by 

possession of educational inputs at home (PO) and table 4 indicates the repetition 

rate by school type. Both MPE and PO are negatively correlated with repetition rate. 

Also, this rate is clearly higher for public schools. 

 

Figure 4. Repetition rate by MPE and possession of educational inputs 
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Table 4. Repetition rate by school type 

    

School 
Type 

Repetition 
rate 

Public 0.38 

Private 0.14 

 

 

Finally, table 5 shows that the number of students decreases as enjoyment reading 

time increases while figure 5 displays this reading time positively correlated with 

possession of educational inputs at home. 

 

Table 5. Number of students by enjoyment reading time 

    

Enjoyment 
reading time 

No. of 
Students 

0 1683 
20 1223 
45 622 
90 439 

120 159 
a) Enjoyment reading time is in minutes per day. 

Figure 5. Mean enjoyment reading time (in minutes per day) by Possession of 

educational inputs at home 
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V. The First Step: The Estimation 
 
Given the division of factors that affect academic performance in effort variables – 

those the student can influence and change – and circumstance variables – those 

exogenous to the student –, our idea is to estimate the reduction in inequality of 

educational achievement which would attain if there were no differences in students’ 

circumstances. Then, this reduction will be a proxy of the contribution of inequality of 

opportunity to total performance inequality. 

 

We denote the student final score by fs, circumstance variables by the vector C, effort 

variables by the vector E and unobserved determinants by u – ui will be an i.i.d. 

random variable with zero mean –. Following Bourguignon et al. (2007) we have that 

effort variables also depend on circumstance variables. For example, if we have 

“reading time” as an effort variable, it is possible that if the student has more 

educational inputs at home and parents who transmitted him some ideas of returns to 

effort and reading he might make a higher effort and read more. Hence, we denote the 

student performance function as: 

fsi = f [Ci, Ei(Ci,vi), ui]  

then, 

ln(fsi) = Ci .α + Ei.β + ui   with  ui    Ci                                                    (1)  

Ei = Ci.B + vi   with vi   Ci                                                                                             (2)    

where α and β  are two vectors of coefficients, B is a matrix of coefficients and vi is 

also an i.i.d random variable with zero mean. 
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The first step we need to do is to estimate the relevant coefficients (α, β and B) in 

order to compute then the counterfactual value of the students’ performance if they 

would have the cross-sectional sample mean of each circumstance12. Based on the 

data set described above we have the following circumstance variables: gender (G), 

country of birth (CB), mean parental education (MPE), student’s father skill status 

(SS) and collar status (CS) at the job market, possession of educational inputs at home 

(PO), school type (ST) and five school communities: rural area (RA), small town 

(SMT), town (T), city (CI) and large city (LC). And our effort variables are repetition 

(R) and enjoyment reading time (RD). We can rewrite equations (1) and (2) as: 

 

ln(fsi) = α0 + Gi.αG + CBi.αCB+ MPEi.αMPE + SSi.αSS + CSi.αCS + POi.αPO +           STi.αST 

+ RAi.αRA + SMTi.αSMT + Ti.αT + CIi.αC + Ri.βR + RDi.βRD + ui              (3) 

 

Pr (R=1 / G, CB, MPE, SS, CS, PO, ST, RA, SMT, T, CI) = Pr (ξ > -c’(G, CB, MPE, SS, CS, 

PO, ST, RA, SMT, T, CI)                                                    (4)                                                         

 

RDi = b0 + Gi.bG + CBi.bCB + MPEi.bMPE + SSi.bSS + CSi.bCS + POi.bPO+ STi.bST          + 

RAi.bRA + SMTi.bSMT + Ti.bT + CIi.bC + vi                                                                  (5) 

 

Equation (3) is the linear student performance equation (1) and equations (4) and (5) 

correspond to the effort variables (2). We will estimate repetition (4) by a probit 

model and enjoyment reading time (5) by a linear model13.  

 

As mentioned earlier, the circumstances (C) are exogenous to the student. Then, 

econometric endogeneity could arise from the existence of omitted variables but not 

from reverse causation. This is an important point. In this model the α coefficients will 

capture the effects of observed C on student performance and also the effects of 

omitted variables which affect it and are correlated with observed C. Assuming that ui 

is orthogonal to C we are also treating these omitted determinants as exogenous C and 

considering their impact on the decomposition described later. However, 

unobservables (ui) in the student performance equation (3) cannot be assumed to be 

independent of the repetition and reading time variables – i.e. effort variables –. 

Consequently, if the equations (3-5) are estimated using standard methods, the 

correlation between ui and Ei – or ui and vi or ui and ξ – will introduce bias in the 

estimation of our coefficients. For example, the student family income – an 

unobservable in our case – can directly affect student performance and be correlated 

with the reading time variable – this last one affected indirectly by family income in 

                                                           
12 It is possible to value the circumstance variables on other values than the sample mean. 
13  ξ is assumed to be normally distributed with zero mean. 
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equation 5 –14. Hence, we will be computing to effort part of the effect which is caused 

by a circumstance. 

 

To avoid introducing bias in the decomposition of total inequality into circumstance 

and effort components and in absence of a good set of instrumental variables we 

follow the parametric bound analysis proposed by Bourguignon et al. (2007) from 

which they explore the sign and magnitude of the potential bias in the estimation of 

the relevant coefficients. 

 

 

Let X = (C, E) = (G, CB, MPE, SS, CS, PO, ST, RA, SMT, T, CI; R, RD)  

 

and  λ= (α, β)’ 
 

We can rewrite equation (3) as: 

 

ln(fsi)= Xi.λ + ui                                                                      (7)                                                   
 
Then, the bias of the OLS estimation of equation (7) is given by: 

 

B = S−1.X’.u = S−1. (ρxu*. σx). σu15                                                                         (8)                                                       

 

where S= X’.X, ρxu is the vector of correlation coefficients between the components of 

X and u, σx is the vector of standard errors of X and σu is the standard error of u. 

Unfortunately, the problem of computing the bias equation B is that we do not know 

σu and the correlations coefficients between the effort variables and u (ρRu and 

ρRDu)16. As proposed by Bourguignon et al. (2007) we can obtain an unbiased 

estimator of σu through the following expression: 

 

σu2 = σu2 + B’.S.B = σu2 / (1-K)    with K= (ρxu*. σx)’. S−1.(ρxu*. σx)         (9)                 
 

where σu2 is the variance of the OLS residuals. 

 

To compute equations (8) and (9) we first need to obtain values for ρRu and ρRDu. For 

this we randomly generate 1,000 values for each of these correlation coefficients from 

an uniform distribution defined on (-1, 1) so that if we enter each of these pairs of the 

randomized set in the correlation matrix, the latter is positive semi-definite (see 

                                                           
14 We can also think in a direct impact of family income on the reading time variable or both. 
15  *. is a “point to point” product. 
16  By assumption ρCu=0 for each circumstance variable. 
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appendix A). Then, we keep the draws that satisfied: ρRu < 0 and ρRDu > 017. We are 

now able to compute the standard error of u and the bias B – i.e. equations (9) and (8) 

–. Given this procedure there are as many bias vectors as surviving pairs of correlation 

coefficients. However, since in this case we obtain very small bias vectors (see 

appendix B), it does not make sense to find a vector of “unbiased” coefficients for each 

vector of bias and generate a series of counterfactual distributions. Unlike 

Bourguignon et al.’s paper we compute the mean estimate of the bias of each 

coefficient and therefore in section VII we will generate a unique counterfactual 

performance distribution. 
 

VI. Estimation Results 
 
Student performance equation is estimated using OLS as shown in Table 6. There, we 

first report the estimate of the “unbiased” coefficients – i.e. OLS estimated coefficients 

corrected by the average bias obtained by the procedure described previously –. We 

also report the unadjusted OLS coefficients with its standard error in brackets. The 

coefficients of the gender and country of birth dummies are the only variables not 

statistically significant. The coefficients of “mean parental education”, “father skill 

status”, “father collar status”, “possession of educational inputs at home” and “school 

type” have the expected effect on student performance. They are all positive and 

statistically significant. On the other hand, the coefficients of the school community 

dummies have a negative and significant impact respect to the “large city” variable 

(omitted). Regarding the effort variables, they also have the expected effect on 

student performance. The “repetition” variable has a negative and significant impact 

while the “reading time” is positive and significant. 

 

 

 

 

 

Table 6. Student performance equation 

   Gender -0.0245 
 

 
-0.0244 

 
 

(0.0203) 
    Country of birth 0.1017 
                                                            

17 This type of sign constrains are usually imposed in modern bound analysis. Here, given that the three 
most important unobservables might be family income or wealth, student ability and parents’ 
dedication to their children’s education, we suppose the error term is negatively correlated with 
repetition and positively correlated with enjoyment reading time. 
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0.1018 

 
 

(0.0731) 
    Mean Parental Education 0.0137 
 

 
0.0137 *** 

 
(0.0025) 

  
Father Job Status 

  Skill Status 0.0430 
 

 
0.0429 ** 

 
(0.0206) 

 Collar Status 0.0839 
 

 
0.0839 *** 

 
(0.0214) 

 
   Po. of educational inputs at home 0.04210 

 

 
0.04209 *** 

 

(0.0046) 
     

School Type  

 
 

 
0.1722 

 
 

0.1722 *** 

 
(0.0229) 

 School Community  (Large City omitted) 
 Rural Area -0.3397 
 

 
-0.3397 *** 

 
(0.0477) 

 Small Town -0.2489 
 

 
-0.2488 *** 

 
(0.0358) 

 Town -0.0769 
 

 
-0.0770 *** 

 
(0.0310) 

 City -0.1208 
 

 
-0.1209 *** 

 
(0.0311) 

     
 
                        continue on next page 
 

Table 6 – continuation 
 

    
Repetition   -0.4474 

 
 

-0.4475 *** 
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(0.0225) 

 
   Time of enjoyment reading per day 0.0008 

 
 

0.0008 *** 

 
(0.0003) 

    Constant 2.4989 
 

 
2.4989 *** 

 
(0.0841) 

    Sample size 4,126 
 Adj R-squared 0.2510 
       

 
a) Dependent variable is the log of student final score. b) For each variable we present OLS estimated coefficients 

corrected by the average bias (in bold), OLS estimates and OLS standard errors (in brackets); * significant at 

10%; ** significant at 5%; *** significant at 1%. 

 

 

Table 7 and Table 8 display the impact of circumstances on the repetition and reading 

time variables. In table 7 we report the Probit marginal effect estimates for repetition. 

We find the coefficient of the gender dummy is positive and statistically significant 

while the coefficients of “father skill status”, “father collar status”, “possession of 

educational inputs at home”, “school type”, “rural area” and “town” have a negative 

and significant impact on repetition. The coefficients of “Country of birth” and “Mean 

Parental Education” as well as the region dummies “small town” and “city” are not 

significant.  

 

Finally, table 8 shows the OLS estimation for enjoyment reading time. The coefficients 

of “gender”, “country of birth”, “father collar status” and “school type” are negative 

and statistically significant while the coefficients of “possession of educational inputs 

at home” and “rural area” variables have a positive and significant effect on reading 

time. The rest of the coefficients are not statistically significant. 

 

 

 

Table 7. Probit estimates for repetition dummy 

   Gender 0.0991 *** 

 
(0.0145) 

 
   Country of birth -0.0441 

 
 

(0.0552) 
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Mean Parental Education -0.0019 
 

 
(0.0018) 

 Father Job Status 
  Skill Status -0.0532 *** 

 
(0.0149) 

 Collar Status -0.0447 *** 

 
(0.0154) 

 
   Posession of educational inputs at home -0.0227 *** 

 
(0.0032) 

 
   School Type  -0.188 *** 

 
(0.0148) 

 School Community  (Large City omitted) 
  Rural Area -0.0646 ** 

 
(0.0305) 

 Small Town 0.0221 
 

 
(0.0267) 

 Town -0.0423 * 

 
(0.0226) 

 City -0.0226 
 

 
(0.0229) 

 
   Sample size 4,126 

 Pseudo R-squared  0.0867 
       

a) Dependent variable is repetition dummy. b) Probit marginal effect estimates reported with standard 

error in brackets; * significant at 10%; ** significant at 5%; *** significant at 1%. 

 

 

 

 

Table 8. OLS estimates for enjoyment reading time 

   Gender -14.22 *** 

 
(1.021) 

 
   Country of birth -6.609 * 

 
(3.783) 

 
   Mean Parental Education 0.0550 
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(0.128) 

 Father Job Status 
  Skill Status 0.399 

 
 

(1.064) 
 Collar Status -2.738 ** 

 
(1.108) 

 
   Posession of educational inputs at home 1.26 *** 

 
(0.233) 

 
   School Type  -2.982 ** 

 
(1.165) 

 School Community  (Large City omitted) 
  Rural Area 10.6 *** 

 
(2.464) 

 Small Town 1.844 
 

 
(1.854) 

 Town 1.141 
 

 
(1.602) 

 City 1.030 
 

 
(1.609) 

 
   Constant 30.05 *** 

 
(4.271) 

 
   Sample size 4,126 

 Adj  R-squared 0.0548 
       

a) Dependent variable is enjoyment reading time. b) OLS estimates reported with standard errors in 

brackets; *significant at 10%; **significant at 5%; *** significant at 1%. 

 

VII. The Second Step: The Decomposition 
 
In order to obtain a measure of inequality of opportunity we follow the decomposition 

proposed by Bourguignon et al. (2007). For this we simulate a vector fst given by: 

 

ln(fst) = C̅.α̂ +  ̂i.β̂R +  D̂i.β̂RD +  ûi  

 
 Pr ( ̂=1 / C̅) = Pr [ ξ > -c’(C̅) ] , from which we obtain b̂r                                                                                                         

 

 D̂i= C̅. b̂rd + v̂i                                                                                                                  
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where  ̅ is a vector with the mean sample of each circumstance,  ̂ and  ̂  are the 

“unbiased” coefficients obtained in the previous section and  ̂i is the OLS estimation 

residuals for each individual for the performance equation (3). fst,  ̂ and   ̂ are the 

micro-simulated counterfactuals of final score, repetition and reading time variables. 

 ̂rd is the vector of coefficients obtained by the OLS estimation for “enjoyment reading 

time” (5) and   ̂i is its estimation residuals for each individual.  ̂r is the vector of 

coefficients obtained by the Probit marginal effects estimation for “repetition” (4). 

However, we observe actual residuals for the OLS estimation ( ̂i) but not for the 

Probit estimation. Then, to obtain the Probit model counterfactual we simulate 

pseudo-residuals drawing the residuals randomly in the law of extreme values and 

verifying and keeping those which are consistent with the observed values in the 

actual distribution. 

 

After obtaining these pseudo-residuals and the counterfactual fst we are able to 

compute how much of the total inequality on students´ performance is due to 

inequality of opportunity as: 

 

ϴ = [ I(fs) – I(fs / Ci = C̅, for all i ) ] / I(fs) = [ I(fs) – I(fst) ] / I(fs) 

 

where I( ) will be one of the following inequality indexes defined over our outcomes of 

interest: Gini, Theil and Atkinson (ϵ =0.5, ϵ =1 and ϵ =2)18. 

 

We can also decompose the impact of unequal opportunities into a direct effect on 

student performance and an indirect effect which works through the “effort” 

variables. For the direct effect we compute the following counterfactual: 

 

ln(fsd) = C̅.α̂ + Ri.β̂R + RDi.β̂RD +  ûi         

 

where Ri  and RDi are now vectors with the observed values. 

 

Hence, the direct effect share is: 

 

ϴd = [ I(fs) – I(fsd) ] / I(fs)   

 

and the indirect effect can then be obtained by ϴi = ϴ - ϴd 

 

We can compute another counterfactual by putting all the variables, including the 

effort ones, on its cross-sectional sample mean. This might give us an idea of whether 

                                                           
18 “ϵ” is the inequality aversion parameter. 
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the effect of circumstances through the effort variables is larger than the effects 

captured by our decomposition. Finally, we can examine the total effect of equalizing 

each individual significant circumstance variable by putting them one at a time on its 

mean and keeping the rest on its observed values. This last one is a good exercise to 

see what the most important circumstances affecting students’ performance are. 

 
After you equal the circumstances a degree of inequality due to unequal opportunities 

remains. In this sense the estimates are a lower bound. One main problem of this 

literature is that the predictive power of the estimated regressions is usually low and 

although you equal the circumstance variables between students the degree of 

inequality of opportunities may remain very high and therefore the estimates may be 

a very low bound. This is a potential problem in our paper. However, in our case, the 

results are still very useful giving a first quantitative approximation to inequality of 

opportunity in education in Argentina and allowing us to detect some main potential 

determinants. 

 
VIII.  Decomposition Results 
 
Table 9 reports the decomposition results from five inequality indexes. The first row 

contains the observed performance inequality. The second row shows the total 

counterfactual inequality after equalizing the circumstance variables and indicates 

that on average at least 17% of students’ performance inequality is accounted by 

unequal opportunities. If we only consider the Theil, the Atkinson with ϵ=0.5 and the 

Atkinson with ϵ=1 indexes – taking into account that the Gini and Atkinson with 

ϵ=0.5 indexes might underestimate the reduction in observed inequality – we have 

this mean lower bound increases to 20%, a near share to the ones obtained for income 

by Bourguignon et al. (2007) in Brazil and Checchi and Peragine (2010) in Italy19. 

 

 

 

 

Table 9. Effects of equalizing circumstances on performance inequality (micro-simulation results) 

          Gini Theil A(0.5) A(1) A(2) Mean Mean 2 

Total Observed Inequality (1) 0.2905 0.1376 0.0741 0.1665 0.6073 - - 

Total effect of equalizing circumstances 
  

        Estimation with the mean bias (2a) 0.2579 0.1110 0.0591 0.1328 0.5229 - - 

        
                                                           
19  Bourguignon et al. use only the Theil index. 
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Share % = ((1)-(2a))/(1)*100 11.23 19.33 20.21 20.26 13.89 16.98 19.93 

      
    

Direct effect of equalizing circumstances 
  

        Estimation with the mean bias (2b) 0.2655 0.1168 0.0625 0.1406 0.5493 - - 

        Share % = ((1)-(2b))/(1)*100 8.59 15.11 15.67 15.56 9.54 12.89 15.44 

                

Indirect effect of equalizing circumstances 
       

        Estimation with the mean bias (2c) 0.2828 0.1318 0.0707 0.1587 0.5809 - - 

        Share % =((1)-(2c))/(1)*100 2.64 4.22 4.54 4.70 4.35 4.09 4.49 

      
    

Treating observed efforts as circumstance variables 
  

        Estimation with the mean bias (2d) 0.2586 0.1120 0.0590 0.1309 0.5042 - - 

        Share %  = ((1)-(2d))/(1)*100 10.96 18.61 20.38 21.37 16.97 17.66 20.12 

                

a) “Mean 2” only considers the Theil, the Atkinson with ϵ=0.5 and the Atkinson with ϵ=1 

indexes. b) “Share %” is the share of total observed inequality due to unequal opportunities. 

 

 
 

The second and third rows display the direct and indirect effect of equalizing the 

students´ circumstances. We can interpret that around 76% of the inequality of 

opportunity share is caused by the direct impact of circumstances on student 

performance while 24% is because the indirect effect through the effort variables. The 

last row indicates what happens if we treat effort variables also as circumstances. We 

find the share of inequality due to unequal opportunities is slightly higher in this case 

than the first micro-simulated total share. 

 

Finally, table 10 shows that the most important circumstances affecting student 

performance are those ones possibly highly correlated with student family income or 

wealth and with other unobservables such us parents’ dedication to their children’s 

education, in our case, possession of educational inputs at home, whether the student 

goes to a public or private school and parental education. 
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Table 10. Effects of equalizing each individual circumstance on performance inequality 

          Gini Theil A(0.5) A(1) A(2) Mean Mean 2 

Total Observed Inequality (1) 0.2905 0.1376 0.0741 0.1665 0.6073 - - 

Total effect of equalizing each individual significant circumstance variable 
  

        Mean Parental Education 0.2768 0.1255 0.0678 0.1531 0.5721 - - 

Share % 4.72 8.81 8.56 8.04 5.79 7.18 8.47 

        Father Skill and Collar Status 0.2782 0.1265 0.0683 0.1542 0.5795 - - 

Share % 4.24 8.03 7.87 7.42 4.57 6.43 7.77 

        Possession of educational inputs at home 0.2690 0.1190 0.0643 0.1457 0.5701 - - 

Share % 7.39 13.52 13.28 12.48 6.12 10.56 13.09 

        School Type 0.2728 0.1223 0.0659 0.1491 0.5732 - - 

Share % 6.08 11.08 11.02 10.43 5.60 8.84 10.84 

        School Community 0.2776 0.1259 0.0678 0.1528 0.5744 - - 

Share % 4.42 8.49 8.49 8.22 5.42 7.01 8.40 
                

a) “Mean 2” only considers the Theil, the Atkinson with ϵ=0.5 and the Atkinson with ϵ=1 

indexes. b) “Share %” is the share of total observed inequality due to the respective 

circumstance. 

 

IX. Final Remarks 
 

The need for empirical work on the measurement of inequality of opportunity (IOp) in 

education has been repeatedly stressed. In this direction, we quantify for the first time 

following a parametric approach IOp in education in Argentina stressing evidence that 

might help to define effective policies for reducing this inequality. We find that at least 

20% of total observed educational performance inequality is due to unequal 

opportunities. According to our results, reducing the differences between public and 

private schools, the differences on parental education and on parents’ dedication to 

their children’s education might be effective policies for reducing inequality of 

educational opportunities in Argentina. 

 

It would be interesting for future work to assess IOp over time using for instance the 

previous PISA surveys for Argentina, compare our results with other countries’ shares 

and verify whether there is a reduction, persistence or exacerbation of IOp over the 

life of individuals comparing the findings from performance inequality with the ones 
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obtained from income inequality. Finally, it is necessary to improve the measure of 

student effort and the predictive power of the estimation model in order to obtain 

more accurate bounds. For this, it is crucial to have better data sources.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix A. Correlation Matrix. 

 

 
G CB MPE SS CS PO ST RA SMT T C R RD u 

G 1 -0.0034 0.053 0.0307 0.0345 0.0045 -0.0385 0.0121 -0.0178 -0.0091 0.0127 0.103 -0.21 0 

CB -0.0034 1 -0.0111 0.0193 0.0204 0.0081 0.003 0.0282 0.0062 0.0261 0.0297 -0.0177 -0.0229 0 

MPE 0.053 -0.0111 1 0.232 0.348 0.408 0.261 -0.158 -0.0726 -0.0235 0.0563 -0.132 -0.0021 0 

SS 0.0307 0.0193 0.232 1 0.178 0.219 0.186 -0.0359 -0.0214 -0.0078 -0.0076 -0.122 0.0028 0 

CS 0.0345 0.0204 0.348 0.178 1 0.299 0.213 -0.0852 -0.067 -0.0313 0.054 -0.13 -0.0337 0 

PO 0.0045 0.0081 0.408 0.219 0.299 1 0.311 -0.122 -0.0829 -0.009 0.0458 -0.207 0.0613 0 

ST -0.0385 0.003 0.261 0.186 0.213 0.311 1 -0.0664 -0.113 -0.0779 0.0762 -0.245 -0.0182 0 

RA 0.0121 0.0282 -0.158 -0.0359 -0.0852 -0.122 -0.0664 1 -0.114 -0.181 -0.169 0.0081 0.0598 0 

SMT -0.0178 0.0062 -0.0726 -0.0214 -0.067 -0.0829 -0.113 -0.114 1 -0.305 -0.285 0.0776 0.0053 0 

T -0.0091 0.0261 -0.0235 -0.0078 -0.0313 -0.009 -0.0779 -0.181 -0.305 1 -0.451 -0.0117 -0.0058 0 

C 0.0127 0.0297 0.0563 -0.0076 0.054 0.0458 0.0762 -0.169 -0.285 -0.451 1 -0.0258 -0.0162 0 

R 0.103 -0.0177 -0.132 -0.122 -0.13 -0.207 -0.245 0.0081 0.0776 -0.0117 -0.0258 1 -0.018 ρRu 

RD -0.21 -0.0229 -0.0021 0.0028 -0.0337 0.0613 -0.0182 0.0598 0.0053 -0.0058 -0.0162 -0.018 1 ρRDu 

u 0 0 0 0 0 0 0 0 0 0 0 ρRu ρRDu 1 
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Appendix B. First five bias vectors of 238 vectors and mean bias vector. 
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