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a b s t r a c t

This study aims to verify whether a difference exists between the forms of entry
(lottery draw vs. merit-based) on the performance of students entering the federal
education schools. The data used were collected from students in their last year of high
school in relation to mathematics and Portuguese. As each federal education unit has
administrative independence in terms of the selection method, the identification strategy
is based on assigning students to two groups: treatment (lottery draw) and control
(merit-based admission process). Three matching methods were employed to estimate
these effects. The empirical results indicate that an effect exists between 0.14 and 0.40
standard deviation smaller in mathematics for students who enter by lottery draw, with
differences in gender and the distribution of grades. Among the female students, the
effect was greater in Portuguese, and among the male students, the effect was greater in
mathematics. Students in the lower quantiles of grade distribution showed the greatest
difference.

© 2022 Economic Society of Australia, Queensland. Published by Elsevier B.V. All rights
reserved.

1. Introduction

Following the publication of the Coleman report in 1965, the empirical literature on understanding the different
ducational outcomes of schools gained greater relevance. Studies under this theme have found that the selection process
nd the self-selection of students are important mechanisms to explain these differences in the peer effect and school
egregation. Thus, great efforts have been made to understand what is actually due to the school effect and what is a
esult of the characteristics of the students at each school.

The literature on school sector effects sought to determine howmuch of the performance of certain schools is due to the
o-called ‘‘school effect’’ and to the characteristics of the students (Angrist et al., 2006; Baude et al., 2020; Benevides and
oares, 2020; Chudgar and Quin, 2012; Hanushek et al., 2007; Howell et al., 2002; Hoxby and Rockoff, 2004; Lubienski and
ubienski, 2006; McEwan, 2004; Sapelli and Vial, 2002; Somers et al., 2004). Controlling for the endogenous characteristics
f students demonstrated that the results were less than expected or insignificant. Part of the educational outcomes
eflects the characteristics of the group of students, known as the ‘‘selection effect’’.

Thus, the selection process is crucial in explaining the differences in performance between schools, contributing to
he discussion on the quality of the Federal Education (FE) in Brazil. In its first large-scale and comparable assessment
f schools that offer secondary education, the 2017 Basic Education Assessment System (Saeb) pointed to a difference in
erformance between units of the educational system. The most recent data from 2019 indicate that the FE shows better
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erformance than other schools that comprise the public (state and municipal) and private school. The average FE score in
ortuguese (LP) was 335, 321.85 for the private, and 271.08 for the remainder of the public schools.1 The difference was
ven greater for mathematics (MT), with the FE reaching 356.13 points, whereas the private and public schools scored
34.45 and 267.76, respectively.
Therefore, the question arises: better schools or better students? Performance cannot be attributed entirely to the

chool effect, as the backgrounds of students who enter the FE differ from those of other students who remain in the
ublic school. Thus, a part of the FE performance may be related to the student selection process.
In this context, the present study seeks to provide empirical evidence on the magnitude of the difference between the

orms of entry (lottery draw vs. merit-based) of students entering federal education schools on their performance in the
ast year of high school. Therefore, this study investigates the extent to which the lottery-based process is superior or
nferior to the merit-based process2 from the point of view of student’s performance. The data used refer to students in
he last year of high school, available in the Basic Education Assessment System (Saeb), for Mathematics and Portuguese
ased on the autonomy of the teaching units in the selection process and admission of students. Given the existence of
wo forms of admission, lottery draw and merit-based, students were assigned to two groups: treatment and control,
espectively. The assumption is that all students have completed their enrollment (choice of school) and that, conditional
n observable characteristics, the difference in performance between the groups can be attributed to the selection process.
Three matching methods were used to estimate the effect: propensity score matching (PSM), coarsened exact matching

CEM), and entropy balancing. The empirical results indicate that an effect exists between 0.14 and 0.40 standard deviation
maller in mathematics for students who enter by lottery draw, with differences in gender and the distribution of grades.
mong the female students, the effect was greater in Portuguese, and among the male students, the effect was greater in
athematics. Students in the lower quantiles of grade distribution showed the greatest difference.
This study fills an important gap in the argumentative discussion on the superior performance of the FE. Some of the

echanisms that explain the best outcomes are found in the literature on peer effects. Lazear (2001) pointed out two
undamental points of class organization and peer effect: (1) the segregation of students by academic skills (tracking)
aximizes educational outcomes; contrastingly, it stratifies schools and increases inequality; and (2) without student

racking, integration tends to contribute to the peer effect; that is, students with a broader background can help others
ncrease their performance.

In summary, the effect of the school sector is smaller than expected. Most of the higher average performance of certain
chools is explained by the parents’ background, which influences the choice of school, and the way students are admitted,
hich establishes the performance criteria (Lara et al., 2011). Thus, efforts have been made to determine what is actually
ue to each type of effect. In this study, the effect of school choice becomes less relevant, given that all students have
lready performed when they compete for a place in federal schools.
Additionally, to the best of our knowledge, no other studies have measured the selection effect in secondary and

lementary education; investigating the existence of the school effect is also common. Therefore, this study is the first
ccording to our knowledge to provide empirical evidence of secondary education in Brazil. It should be noted that in
ddition to free and quality education, two other characteristics are part of the utility function of parents’ choice of school:
1) when attending public schools, students can later compete for quotas in higher education; and (2) peer effect gains—in
ore homogeneous classes (in the case of the merit-based admission process), performance gains are expected.
The remainder of the paper is structured as follows. Section 2 deals with the context of Brazil’s federal secondary

ducation schools. Section 3 describes the empirical strategy and data sample. Section 4 discusses the results. Finally,
ection 5 provides the conclusions.

. Characteristics of the federal secondary education system in Brazil

The Federal Basic Education in Brazil comprises 38 units of federal education institutes (IFs), the Federal University of
echnology (UTFPR), two Federal Centers for Technological Education (Cefet3), and 23 technical schools linked to Federal
niversities and Colégio Pedro II. The current federal education structure is derived mainly from the expansion plan of the
ederal Network of Professional and Technological Education, with two main legal frameworks. The first comes from Law
o. 11,195 of November 18, 2005, which proposed the expansion of professional education. Second, based on Law No.
1,892 of December 29, 2008, the Federal Institutes of Education, Science and Technology were created, and in addition
o new educational institutions, other federal school were named as such. Altogether, 500 new teaching units have been
reated in all regions of the country. In 2006, 144 units were in operation, which increased to 643 units in 2018 (MEC,
021).
By offering professional education integrated with students entering the federal secondary schools, the federal schools

ow share responsibility for the last stage of basic education with state and private education schools. In 2020, based on

1 The municipal school serves less than 1% of the student population. When analyzed separately, the average for the state school is 271, and that
for the municipal school is 285.29. Thus, for the sake of simplicity, we use the term ‘‘public’’ for state and municipal schools.
2 What we defined as the selection process is the merit-based admission process. Therefore, the control group was formed by students who were

admitted after doing an exam and the treatment group was formed by students who were admitted after a lottery.
3 Federal Centers for Technological Education Celso Suckow da Fonseca - CEFET-RJ and Minas Gerais - CEFET-MG.
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he Basic Education Census in Brazil, 3% of all enrollments in secondary education were in the federal education, 84% in
he state, and 13% in the private. Thus, despite the increased number of places in the federal schools, enrollments are
imited by the service capacity of teaching units, and no guarantee exists that all applicants will be admitted.

The federal schools differ in terms of the amount of investment per student and academic training for teachers, which
rovides them with higher remuneration. The annual expenditure per enrollment in the federal school was R$15,741.98
n 2019, whereas a full-time high school student in the rest of the public schools cost R$6,564.00 in 2020 (PNP, 2020;
IMCAQ, 2021). The faculty primarily comprised master’s and doctorate degree (51.39% and 34.09%, respectively).
The student goes through the selection stage after being given the option of attending a school that is part of the federal

ducation. The teaching unit can adopt different types of admissions under Law No. 11,892 passed on December 29, 2008,
hich provides for the autonomy of entities included in the federal education. By using school censuses from 2013 to 2018,
he type of admission of students in the federal schools can be identified.4 The most common, which represents 86% of
nrollments in 2018, is the selection exam through knowledge tests or evaluation of the academic record from the previous
tage (in the case of high school, grades in the final years of elementary school). To a lesser extent, students admitted
hrough a lottery draw account for 1.5% of all integrated secondary school students—approximately 2700 students. The
emainder came from the school transfers.

The units that used lotteries as a selection method belonged to the Federal Institutes of Brasília (IFB), Acre (IFAC), Santa
atarina (IFSC), Rio Grande do Sul (IFRS), and Paraná (IFPR). The selection approach adopted by educational institutions
ay be the same for all campuses or may differ among or within them. At the IFB, the only form of selection is through
lottery draw, whereas at the IFAC, lottery draws were the selection process used from 2010 to 2015. At the IFSC, IFRS,
nd IFPR, some campuses or programs that were created in 2016 adopted the lottery draw for selection. Finally, some
eaching units adopted the lottery draw for the remaining spots.

. Empirical strategy

Considering the FE independence scenario for the adoption of the selection method, the identification strategy was
ased on designating students into two groups. The treatment group comprised of students who were selected through
ottery draws. The control group also registered but underwent a selection process (merit based) to attend high school in
he federal government. For both groups, students must compete for a place at the FE.

This strategy has advantages and disadvantages. On the one hand, it minimizes the problem of self-selection or
election bias, which represents one of the main factors of school choice. Regardless of the selection type, the students
egistered, which signals that the federal school is within the range of school choice. In addition, by comparing students
rom only one school system, homogeneity of the teaching structure was guaranteed. To ensure the validity of the
ypothesis and rule out possible problems with other variables linked to the characteristics of the schools affecting the
esults, the mean difference for a set of characteristics between the schools in the two groups under analysis (treatment
nd control) was tested. The result of the statistical tests demonstrated that they did not reject the hypothesis of equality
f means.5 As for the salaries of teachers in federal schools, they follow federal legislation and are equally followed by all
chools.
On the other hand, the students analyzed were those in the last year of high school, and it must be considered that the

ample represents the ‘‘winners’’. Although the high school dropout rate is only 1.7% in federal schools.6 Among schools
hat adopt different forms of selection, the average remains statistically the same.7

4 The identification variable is divided into nine admission categories: (1) No selection process, (2) Lottery draw, (3) Transfer, (4) Selection exam
without place reservation, (5) Selection exam, place reserved for public school students, (6) Selection exam, place reserved for students from the
public school, with low income and self-declared black, multiracial or indigenous, (7) Selection exam, place reserved for other affirmative action
programs, (8) Other form of admission, and (9) Selection exam, place reserved for low-income students from the public school. As of 2019, this
variable was discontinued; the last information on the selection process is for the year 2018.
5

Variable Mean Difference t-test

Treatment Control

Class size 28.77 31.34 2.56 1.27
Class time 7.52 7.43 −0.09 −0.11
Teaching regularity 3.29 3.24 −0.04 0.32
Percentage of teachers with higher education 99.0 98.8 −0.02 −0.13
Adequacy of Teacher Training
Group 1 67.74 69.99 2.3 0.42
Group 2 17.50 12.99 −4.50 −1.35
Group 3 5.51 7.15 1.63 0.69
Group 4 8.25 8.79 0.54 0.13
Group 5 1.00 1.05 0.05 0.04

6 The failure rate of federal secondary schools is 1.7%, higher than state schools (5.5%) and private schools (0.2%) in 2019.
7 The average dropout rate for schools using performance-based selection is 1.44%, the average dropout rate for schools using the lottery is 1.91.

Under the hypothesis of equal means, the test of equality of means presented a t = −0.59, which indicates that the null hypothesis was not rejected.
hat is, the means have no statistical difference.
899



L.R. Lazaretti and M.T.A. França Economic Analysis and Policy 77 (2023) 897–912

s

τ

r
a
A
c
t

c

3

R

c
I

t
s

R
t
t
(

w
t

The students in the two groups, treatment and control, tended to differ in terms of observable characteristics. In the
absence of a random allocation between the two groups, the simple specification of a model via ordinary least squares
(OLS) leads to an inconsistent estimation as there may be an error term (ε) correlated with the variable of interest (T) –
in this study, admission through a lottery draw – that is, cov (T , ε) ̸= 0.

To estimate a consistent parameter, finding a technique that addresses the problem listed in the OLS estimation is
necessary. Among the possible techniques to resolve this problem, balancing observable characteristics is a widely used
tool in the empirical literature. Given the existence of a selection process conditional on observable characteristics, the
treatment was assumed to be random.

With such reservations, the following sections formalize the model in terms of potential results and present three
estimators for balancing the observable characteristics between the treatment and control groups. The first, widely used in
the literature and taken from the seminal text by Rosenbaum and Rubin (1983), is propensity score matching (PSM). PSM
comprises of calculating a student’s probability of receiving treatment conditional on his/her observable characteristics.
The second method is coarsened exact matching (CEM), and the third is entropy balancing. Both methods seek to reduce
matching imperfections by using propensity scores. The CEM advances the exact matching model and forms groups of
similar strata. Entropy balance data pre-treatment reduces the imbalance of covariates between the treatment and control
groups, increasing the independence of the treatment variable. The use of these three methods aims to present robust
results regarding the balance of observable characteristics, and consequently, greater precision in determining causal
effects.

3.1. Potential outcomes model

When taking the standardized performance test (Saeb) in the third year of high school, students from the federal
school obtained grade Y. Thus, y (1) is determined to be the potential outcome of the student who was admitted through
the lottery draw—treated, and y (0) is the potential outcome of the same student if he or she was admitted through a
test—untreated. Thus, the student’s observed outcome is yi = Tiyi (1) + (1 − Ti) yi (0), where Ti = 1 indicates that the
tudent received treatment, and Ti = 0 indicates that he or she did not.
To identify the effect of the treatment for each student, the potential outcome must be subtracted the two possibilities:

i = yi (1) − yi (0). However, the student was only subject to one of the events; that is, they either received or did not
eceive the treatment. If Ti = 1, then y (0) is unobserved; likewise, if Ti = 0, then y (1) is unobserved. Consequently,
missing data problem exists. Generalizing among the groups, the Average Treatment Effect on the Treated (ATT) is
TT = E [y(1)|T = 1] − E [y(0)|T = 1]. Finding a group that represents the counterfactual of the students treated in the
ase that they have not received treatment. The closer this control group was to the students’ counterfactual, the smaller
he measurement bias in identifying the causal effect.

To represent the counterfactual, matching estimators are used to bring students closer in terms of observable
haracteristics (X) to identify the effect of treatment on the treated.

.2. Propensity score matching (PSM)

Given that yi(0) is observed only among individuals who are not treated and assignment to treatment is not random,
osenbaum and Rubin (1983) proposed two assumptions to ensure that ATT is identified.
The first hypothesis was the selection of observables or conditional independence. Conditional on the variables

ontained in the vector of observable characteristics X, the treatment is random between treatment and control groups.
n other words, the potential results are independent of the treatment (Eq. (1)).

yi(0), yi(1)⊥T |Xi. (1)

In addition, students in the treatment group must have a peer in the control group who represents the case in which
hey did not receive treatment. This implies the second hypothesis of the model, the condition of overlap or common
upport (Eq. (2)).

0 < Pr [T = 1|X] < 1. (2)

This ensured that students with the same characteristics had a positive probability of being treated. Rosenbaum and
ubin (1983) also advanced the dimensional difficulty of exact matching. The more characteristics included in vector X,
he lower the chance of finding a match that is compatible with the characteristics of the treated individuals. To solve this,
he hypothesis of selection of the observables is also valid when conditional on the probability of receiving the treatment
Eq. (3)).

yi (0) ⊥ T |Xi ⇒ yi (0) ⊥ T | p (Xi) , (3)

here p(Xi) is the propensity score, which represents the probability of receiving treatment from the set of features of
he vector X. In practice, p(X ) is estimated using linear probability models, either probit or logit models.
i

900
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Thus, for Caliendo and Kopeinig (2008), the ATT estimator in PSM is the difference in means between the treated and
controls located within the common support and weighted by the propensity score distribution (Eq. (4)).

ATTPSM = Ep(X)|T=1 {E [Y (1)|T = 1, p(X)] − E [Y (0)|T = 0, p(X)]} (4)

To define which observations are part of the control group, one can choose a measure of the proximity of the propensity
score, such as n nearest neighbors, caliper and radius, or the kernel matrix. For this study, various metrics were used
to estimate the results and doubly robust method with inverse probability treatment weighting (IPWRA) proposed by
Emsley et al. (2008) and Lunceford and Davidian (2004). The double-robust technique allows for estimation with robust
and clustered standard errors, which is not possible in PSM.

Although consolidated in the literature, PSM is susceptible to criticism regarding the magnitude of unobservable
characteristics that can bias results. The following can be mentioned in the case of the study: low self-confidence or
insufficient information about parents regarding their children’s knowledge. To test whether the model is affected by
such a problem, the next section presents a sensitivity analysis technique.

3.3. Sensitivity analysis

With the assumption of conditional independence in PSM, the idea is that the variables that determine the condition of
the treated are included in the vector of observable characteristics X. According to Rosenbaum (2002), formally speaking,
the probability of receiving treatment (πj) is a function λ

(
xj
)
of this vector of observable characteristics of each j individual.

Thus, if two individuals (j and k) have the same covariates (xj = xk) but the probability of receiving treatment is different
between them (πj ̸= πk), an indication of bias exists; it may be that unobservable characteristics affect the treatment.

Although testing the conditional independence hypothesis was not possible, Rosenbaum (2002) proposed a sensitivity
analysis of the results. The idea is to attempt to understand the size of this difference to change the conclusions of the
study.

Given that the chances of receiving treatment are πj/(1−πj) and it is also valid for individual k, the odds ratio between
j and k is a number Γ ≥ 1 – Eq. (5).

1
Γ

≤
πj(1 − πk)
πk(1 − πj)

≤ Γ For every j and k with xj = xk (5)

When the chances of receiving treatment are equal, Γ = 1, and no bias exists. If Γ > 1, for example, Γ = 2, although
individuals have similar observable characteristics, one of them is twice likely to receive treatment. In the latter case, bias
was observed. Thus, Γ represents the degree of departure from the unbiased outcome. For several values of Γ , Rosenbaum
(2002) pointed out that if the outcomes are sensitive to values very close to Γ = 1, the validity of the idea that no other
unobservable characteristics (u) affect the treatment can be questioned.

3.4. Coarsened exact matching - CEM

As in PSM, coarsened exact matching (CEM) presupposes the independence of conditional treatment in observables:
P {T |X, y (0) , y (1)} = P (T |X). In this case, the treatment designation is independent of potency outcomes when
conditioned on X.

Unlike PSM, which calculates the probability of each unit of analysis being treated, CEM inserts an interval (bin)
between the values of the X vector variables to determine substantially significant groups (Blackwell et al., 2009; Iacus
et al., 2011; Iacus and King, 2008). In addition, CEMmakes it possible to choose variables with exact matching, for example,
categorical variables, such as gender or color/race. The CEM algorithm is well known for its simplicity and applicability to
large data samples. In summary, the algorithm procedures are as follows (1) make a copy (X*) of the variables contained
in vector X, (2) perform the groupings with the cuts defined or automatically generated by the algorithm, (3) create a
stratum for each X* observation and allocate each observation to a stratum, and (4) assign strata to the original data (X).
Strata that did not have at least one individual in the treatment group and one in the control group were excluded. The
ATT can be generated automatically by the difference in means between the groups or by linear regression, and matching
by CEM can be used together with another a posteriori method.

Given that the bin is defined ex ante to the matching, one advantage of CEM is that it reduces the imbalance bias
a priori, whereas in most matching methods, the tests to verify the adjustment are performed ex post. This attribute is
called monotonic imbalance bounding (MIB), where: the maximum imbalance of some empirical characteristics is limited
before matching is performed.

3.5. Entropy balancing

With the idea of improving balance, in the case of entropy, the objective is to make the treatment variable more
independent (orthogonal) from individual characteristics. To do this, pre-treatment was performed between the variables
such that the characteristics of the units of analysis were re-weighted in the weight function to ensure a better adjustment
of the two groups (treatment and control).
901
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Fig. 1. Identification of admission type.
Source: Prepared by the authors.

Based on the same model of potential outcomes formally written by Hainmueller (2012), entropy balancing reweighs
the control group (Eq. (6)).

E ˆ[y(0)|T = 1] =

∑
{i|T=0} yiωi∑
{i|T=0} ωi

(6)

where ωi denotes the weight of the control unit. The choice of weight for reweighting is minωi H(ω) =
∑

{i|T=0) h(ωi),
here h(.) is a distance metric conditional on the shortest distance between the observations.
In summary, this means that several moments of the sample distribution are created from the set of characteristics

f the treatment group, and with the reweighting of the control group, the X densities of the two groups becomes very
lose. Therefore, unlike in the case of PSM, which first estimates unit weights on the basis of a probabilistic distribution
nd then verifies the adjustment, the weights are estimated directly, considering the moments of the sample.

.6. Sample and database

The performance data of Brazilian students were extracted from the Basic Education Assessment System (Saeb).
his survey was a large-scale assessment carried out every two years and students are evaluated in Portuguese and
athematics. In addition to the knowledge test, the students answered a questionnaire containing information about

heir education, parents’ education, socioeconomic characteristics, and demographic profile. Additionally, to identify the
election method for each teaching unit, the School Census of Basic Education, which is carried out annually and on a
ensus basis, is used.
As students in the federal schools attended secondary education integrated with a technical course, the students in

his analysis took four years to completed the last stage of basic education, whereas students in the introductory courses
omplete it in three years. Therefore, to identify the method of student admission, it must be verified which selection
rocess each teaching unit adopted in the four-year period prior to the analysis (Fig. 1).
The cohort of students who took the Saeb test in 2017 and 2019 entered their first year of high school in 2014 and

016, respectively. Thus, through the teaching unit code, the type of selection can be identified, and subsequently, the
ohort of students who entered through the lottery draw or a selection exam (merit-based selection process). Therefore,
e used datasets from 2017 and 2019. In addition, the period was determined by whether high schools were surveyed

n 2017 for the first time.
Of the 25,017 students who took Saeb in their fourth year of high school in the federal school, 5638 did not have

chool identification and were only included in the calculation of state and national averages.8 In addition, to maintain a
omparison group without other students entering school through the lottery draw, the schools that used this selection
ethod for the remaining spots were excluded from the sample. The final sample included 348 students who entered

hrough the lottery draw and 18,637 newcomers through the selection exam.
The characteristics of the treated and control students before and after matching are shown in Table 1. Differences

ith negative values indicated that students who entered through the lottery draw lots had higher values than students
n the selection process, and the inverse was valid in the case of positive values.

Most of the characteristics were statistically different between the two groups before matching, except for parents
aving completed high school, students living with both parents, and socioeconomic status. After matching, the averages
f the characteristics showed no statistically significant differences.

8 Through Law No. 13,005, of June 2014, the results of students with school identifications are disclosed to schools with an attendance rate of 80%
of enrolled students. As of Inep Ordinance No. 366, of April 29, 2019, the cumulative enrollment of at least 10 students at the time of application
of the assessment instrument is still included.
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Table 1
Descriptive statistics.
Source: Prepared by the authors.
Variable Matching Mean Difference t-test

Treatment Control

Caucasian Before 0.23 0.34 0.11*** −3.97
After 0.25 0.26 0.01 −0.28

Black Before 0.12 0.09 −0.03* 1.79
After 0.25 0.26 0.01 1.15

Multiracial Before 0.49 0.37 −0.12*** 4.67
After 0.53 0.55 0.02 −0.65

Asian Before 0.04 0.02 −0.02*** 2.62
After 0.04 0.04 0.00 0.21

Mother completed high school Before 0.27 0.31 0.04 −1.50
After 0.30 0.31 0.01 −0.27

Mother completed higher education Before 0.31 0.26 −0.05** 2.18
After 0.33 0.30 −0.03 0.79

Father completed high school Before 0.24 0.28 0.04 −1.60
After 0.26 0.26 0.00 −0.19

Father completed higher education Before 0.18 0.13 −0.05*** 2.62
After 0.20 0.20 0.00 −0.10

Works outside the home Before 0.15 0.30 0.15*** −6.16
After 0.08 0.08 0.00 −0.15

Went to daycare or preschool Before 0.52 0.70 0.18*** −6.71
After 0.57 0.57 0.00 −0.16

Public education Before 0.77 0.68 −0.09*** 3.46
After 0.83 0.84 0.01 −0.44

EJA Before 0.32 0.55 0.23*** −8.08
After 0.36 0.36 0.00 −0.08

Lives with both parents Before 0.54 0.56 0.02 −0.80
After 0.59 0.64 0.05 −1.43

Failure Before 0.23 0.27 0.04** −1.97
After 0.16 0.19 0.03 −0.86

Dropout Before 0.12 0.17 0.05** −2.15
After 0.06 0.06 0.00 −0.00

Parents are encouraging Before 0.82 0.70 −0.12*** 4.93
After 0.89 0.90 0.01 −0.40

Computer Before 0.70 0.80 0.10*** −4.60
After 0.69 0.68 −0.01 0.35

Socioeconomic level Before 0.04 −0.04 −0.08 1.46
After 0.04 0.01 −0.03 0.46

Note: 1. *, **, and *** represent 90%, 95%, and 99% confidence levels, respectively.

In terms of color/race, the treatment group had 12 percentage points (p.p.) more multiracial individuals and fewer
Caucasian individuals than did the control group. On average, after matching, 53% of the sample comprised of self-declared
multiracial students; Caucasian and black students represented 25% each, and 4% were Asian. The proportion of mothers
who had completed high school and higher education was greater than that the fathers. Among mothers, roughly 30% had
completed both levels of education, and among fathers; 26% had completed secondary education, and 20% had completed
higher education.

Students in the control group worked more outside the home than the treatment group did (30% and 15%, respectively).
The proportion of the control group was also higher among those who went to day care or preschool (18 p.p.) and those
who studied in classes for youth and adult education (EJA) (13 p.p.). A greater proportion of the students in the treatment
group studied in public schools (5 p.p.).

Students who lived with their parents (fathers and mothers) represented more than half of the sample, and there
was no statistically significant difference between the two groups. Regarding student performance, those who entered
by grade had a higher proportion of failure (4 p.p.) and dropout (5 p.p.) students. Students in the treatment group were
encouraged by their parents to study more often than those in the control group (82% and 70%, respectively).

Regarding socioeconomic characteristics, although the control group had more students with computers (10 p.p.),
the variable that indicated the socioeconomic level of the students did not show a statistical difference between
the two groups of students. This variable is constructed through principal component analysis, with the extraction
of the first component, which includes the characteristics of the student’s residence, such as having a refrigerator,
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Table 2
Differences in means for Portuguese and Mathematics grades.
Source: Prepared by the authors.
Subject Mean Difference t-test

Treatment Control

Portuguese 297.73 315.35 17.61*** 2.55
Mathematics 297.12 326.52 29.39*** 2.88

Note: 1. *, **, and *** represent 90%, 95%, and 99% confidence levels, respectively.

Table 3
Results of the treatment effect on the treated using PSM.
Source: Prepared by the authors.

OLS NN (1) NN(1)WR NN (3) NN (5) Kernel Radius IPWRA
(a) (b) (c) (d) (e) (f) (g) (h)

Portuguese −0.09 −0.04 −0.09 −0.04 −0.07 −0.09* −0.20*** 0.06
(0.100) (0.036) (0.068) (0.059) (0.056) (0.050) (0.048) (0.044)

Mathematics −0.24** −0.27*** −0.28*** −0.24*** −0.24*** −0.26*** −0.40*** −0.14***
(0.113) (0.080) (0.076) (0.066) (0.063) (0.057) (0.054) (0.054)

Notes: 1. *, ** and *** represent 90%, 95%, and 99% confidence levels, respectively. 2. OLS = ordinary least squares; NN
(1) = nearest neighbor – first nearest neighbor; NN (1) WR = first nearest neighbor without replacement; NN (3) = first
three nearest neighbors; NN (5) = first five nearest neighbors; radius = 0.10; IPWRA = inverse probability-weighted
regression adjustment.

number of bedrooms, televisions, bathrooms, cars, and washing machines. The higher the value, the higher the students’
socioeconomic level. Appendix A presents the adequacy tests used in the analysis. The procedure was carried out given
that the Saeb questionnaire did not include information on students’ family income.

Regarding the performance of students in Portuguese and Mathematics, the difference in means test confirmed that
disparities existed between the treatment and control groups (Table 2).

Students who entered school through merit-based selection exhibited superior performance in both subjects. Students
in the treatment group had a mean score on the Saeb scale of 297.73 in Portuguese and 297.12 in Mathematics, whereas
those in the control group achieved 315.35 points in Portuguese and 326.52 in Mathematics. The difference between
the groups was 17.61 points for Portuguese and 29.39 points in mathematics. As the analyzed students were from two
editions of the Saeb, to minimize the effect of the cohort on the grades, the outcomes are presented as a standardized
score with a mean of zero and a standard deviation (SD) equal to one.

4. Results and discussion

To isolate the selection effect of students entering the federal education schools, three matching methods were used,
and combinations were presented. The first is PSM, for which, as presented in the previous section, after its use, the
difference in the means of the observable characteristics was not statistically significant, which represents an indication
of adjustment. Appendices B and C present the bias size test and the probability score distribution for the treatment,
respectively. The reduction in the values of the mean bias, median bias, and pseudo R2 test as well as the overlapping of
the propensity scores of the treatment and control groups reinforces the hypothesis of adjustment and balancing of the
sample.

The first step in identifying the effect of treatment on those treated via PSM is to calculate the probability of receiving
treatment, that is, having entered school through the lottery draw. The variables used for the estimation are presented
in Table 1 in Section 3.6. The model indicates that the probability of receiving treatment is associated with the region
of residence and decreases if the student works outside the home, goes to daycare or preschool, or studies in a public
school (Appendix D). As expected, students living in the North and Midwest regions are more likely to enter the federal
school through the lottery draw, as these regions most frequently adopt this type of selection.9 The other characteristics
do not influence how students are admitted, generally confirming that the choice of the selection process is intrinsic to
the school (each institution has administrative autonomy, Law No. 11,892, passed on December 29, 2008) and exogenous
in relation to students. The second step, shown in Table 3, is the estimation of ATT.

FE students who were admitted through different types of selection processes, generally showed no difference in
performance in Portuguese, with the exception of the PSM estimation with kernel and radius weight matrices, which
demonstrates that students who enter school through lottery draws have lower performance in Portuguese. Contrastingly,
the results for the mathematics subject were robust to all specifications. With the estimation of the effect between 0.14sd
and 0.40sd less in grades, this is equivalent to saying that students who enter school through lottery draws have lower
math grades than those who enter through merit-based admission. Initially, the OLS estimation shows that students who

9 The Federal Institute of Acre is located in the North region, and the Federal Institute of Brasília is located in the Midwest region.
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Table 4
Results of the treatment effect on treated using CEM and entropy balancing.
Source: Prepared by the authors.

CEM Entropy CEM/Entropy CEM/PSM
(a) (b) (c) (d)

Portuguese −0.12* −0.07 −0.13*** −0.18***
(0.068) (0.043) (0.047) (0.077)

Mathematics −0.27*** −0.22*** −0.27*** −0.36***
(0.071) (0.046) (0.050) (0.086)

Note: 1. *, **, and *** represent 90%, 95%, and 99% confidence levels, respectively.

Table 5
Results for the 2017 Saeb with inclusion of the gender characteristic and effects separated by gender.
Source: Prepared by the authors.

Inclusion of gender Girls Boys

IPWRA CEM CEM/Entropy IPWRA CEM CEM/Entropy IPWRA CEM CEM/Entropy

(a) (b) (c) (d) (e) (f) (g) (h) (i)

LP −0.10 −0.11 −0.10 −0.14 −0.17* −0.20** −0.12 −0.02 −0.05
(0.112) (0.087) (0.067) (0.105) (0.098) (0.087) (0.127) (0.137) (0.094)

MT −0.34*** −0.32*** −0.27*** −0.23*** −0.24*** −0.27*** −0.49*** −0.38*** −0.34***
(0.100) (0.077) (0.076) (0.073) (0.077) (0.093) (0.176) (0.112) (0.119)

Note: 1. *, **, and *** represent 90%, 95%, and 99% confidence levels, respectively. 2. LP = Portuguese; MT = mathematics.

nter school through lottery draws have 0.24 fewer standard deviations in the mathematics subject in the Saeb exam
han students who enter through the selection process based on grades. The effect is maintained or higher when PSM
stimation is used (Columns (b) to (g) of Table 3). Only in Column (h), which considers a doubly robust approach and
dvances when considering robust and clustered standard errors per class, a process that is not possible in PSM, does the
agnitude of the effect decrease, and the ATT becomes −0.14sd.
The other matching methods, CEM and entropy balancing, are presented in Columns (a) and (b) of Table 4. In addition

o the effects found with the PSM specifications, the effect in mathematics remains statistically significant and of a similar
agnitude (−0.22 and −0.27 standard deviations), whereas in Portuguese, it does not present statistical significance with
ntropy balancing. Furthermore, according to Iacus et al. (2009), CEM can be used in conjunction with other methods
o improve the reliability of results. In Columns (c) and (d) of Table 4, the coefficients generated by CEM+Entropy
nd CEM+PSM reinforce the results. As a complementary contribution, a statistically significant exists inference for the
ortuguese subject (−0.13 and −0.18 standard deviations).
However, although with a smaller magnitude in the IPWRA estimation, the mathematical outcomes are robust to

ifferent specifications and similar in terms of the effect direction. The parameters corroborate previous literature on
he selection effect (Duflo et al., 2011; Hanushek and Wözmann, 2006; Lara et al., 2011) with regard to the existence
f some form of tracking or choice by skill; to an extent, the superior performance of certain schools is a result of the
tudents’ own selection.
According to Lubienski and Lubienski (2006), the fact that there is an effect in mathematics and less robustness in

ortuguese is often related to how subjects are taught. Languages and reading may, in part, reflect the family context,
hich, in this study, is supposed to be balanced between groups, and the effects on mathematics are the result of teaching
ithin the school. In addition, specific literature differentiates language and mathematics skills according to gender
Contini et al., 2017; Gevrek et al., 2020). Girls are more skilled in Portuguese and boys are more skilled in mathematics.
o ensure that there was no gender confusion in the results, as the 2019 Saeb does not distinguish students in terms of
ender and the characteristics were thus not included in the study, Table 5 presents the results for 2017.
The validity of the results after controlling for gender characteristics is confirmed in Columns (a), (b), and (c) of Table 5.

he effect remained robust for mathematics and there was no treatment effect on the treated Portuguese. When analyzing
he separate effect for girls and boys (columns (d) to (h)), as expected, in 2017, the self-declared female students showed
statistical difference in LP (−0.17 and −0.20 standard deviations), and there was no effect among the self-declared male
tudents. Complementarily, in mathematics, the ATT was higher among boys (−0.34 to −0.49 standard deviations) when
ompared to the result for girls (−0.23 to −0.27 standard deviations).

.1. Sensitivity analysis and entropy balancing adjustment

As PSM hypothesizes the independence of the treatment conditional on observable characteristics, a sensitivity
easure was used to verify whether the estimation is reliable. Although testing this hypothesis is not possible, the
se of Rosenbaum bounds makes it possible to verify the magnitude of the unobservable effects to generate a bias
n the matching estimates. The higher the critical value of Γ , the less sensitive the outcomes are to the unobservable
haracteristics affecting the treatment, and the closer it is to unity, the greater the chance.
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Table 6
Results by quantiles of grade distribution.
Source: Prepared by the authors.

Q10 Q25 Q50 Q75 Q90

IPWRA

Portuguese −0.01 0.14*** 0.04 −0.02 0.06
(0.15) (0.054) (0.046) (0.040) (0.490)

Mathematics −0.25** −0.31*** −0.11** −0.13*** 0.21***
(0.133) (0.114) (0.059) (0.519) (0.065)

CEM

Portuguese −0.13 −0.03 0.02 −0.13*** 0.02
(0.128) (0.080) (0.049) (0.043) (0.040)

Mathematics −0.32*** −0.32*** −0.27*** −0.21*** −0.15***
(0.119) (0.072) (0.083) (0.044) (0.056)

Note: 1. *, ** and ***, represent 90%, 95% and, 99% confidence levels, respectively. 2. Robust standard
errors per class.

The sensitivity analysis calculated the difference in the confidence intervals of the means between the treatment and
control groups. Appendix E presents the critical test values for the estimates that showed statistical significance. For
Portuguese, with the CEM+PSM specification, the critical value of Γ was 1.3. That is, the unobservable factors must
ncrease the chances of treatment by 1.3 times so that the treatment effect is not significant. For mathematics, the critical
alues are even higher: 1.5 and 1.7 via PSM and CEM + PSM, respectively. The further away from the unit, the smaller
he chance that unobserved effects will affect the results. This estimate corroborates with the robustness of the selection
ffect found in this study.
Specifically, for entropy balancing, which always reweights the data sample, the adjustment must be verified in the

ariance and asymmetry of the distribution in addition to the mean. Appendix F demonstrates that after entropy, the
ample becomes precisely balanced.

.2. Mechanisms

To understand the factors that contribute to the reduction in the Saeb score among students who enter school
hrough lottery draws, this section discusses and tests the possible paths that led to this result. First, empirical literature
mphasizes the possibility of different effects between grade quantiles (Cummins, 2017; Epple et al., 2002). The quantile
egression specification (Table 6) allows the use of a doubly robust approach (IPWRA) in conjunction with CEM. In both
pecifications, mathematics has a greater effect on the lower distribution of grades (quantiles 10 and 25), and it loses
agnitude in higher quantiles. Thus, the students with lower performance showed the greatest difference between the

wo selection modes.
In the existence of different effects between grades and greater differences between students in the lower quantiles,

he second possibility to be tested is the existence of a peer effect. If high-performing students contribute to the learning
f lower-performing students, it is convenient for students from classes that enter school randomly (given the lottery
raws) to have fewer high-ability peers, and consequently, to lose from low-ability peers. That is, classes with students
elected on the basis of grades tend to have a higher average ability and are more homogeneous, and classes comprising
tudents selected through lottery draws tend to be more heterogeneous. In this case, a positive relationship likely exists
etween the average performance of a class and students’ grades. An alternative specification10 is tested to check for peer

effects (Table 7).
The estimated peer effects parameter confirmed the influence of peers on students’ grades. In terms of the magnitude

of the association, the other students in the class contribute approximately 0.70sd in the grades of the two subjects. The
ATT coefficients of both subjects also lost magnitude and, in some cases, significance, which reinforces the strong influence
of peers. The inclusion of alternative peer effect control corroborates one of the main mechanisms of grade differences for
the assignment of students by performance. According to Carrell et al. (2011), Cummins (2017), and Epple et al. (2002),
in the existence of different grades between classes with tracking, some results are explained by the peer effect.

Another explanation for the differences in grades is school choice (student self-selection for schools) (Allen, 2007;
Ivaniushina et al., 2018; Kim, 2018; Piopiunik, 2014). However, in the design of this study’s empirical strategy, all students
have already made their choice of school; one of the main sources of bias for omitted variables when calculating the
school effect concerns the unobservable characteristics of the cohort in the region (Angrist et al., 2006; Baude et al., 2020;
Benevides and Soares, 2020; Chudgar and Quin, 2012; Hanushek et al., 2007; Howell et al., 2002; Hoxby and Rockoff, 2004;
Lubienski and Lubienski, 2006; McEwan, 2004; Sapelli and Vial, 2002; Somers et al., 2004). To investigate whether there

10 The most traditional way to capture the peers effect is through the linear-in-means model. Formally, it follows the specification yi =

+ β1y−i + γXi + ρX−1 + εi . This means that the outcome variable y is a function of the observable characteristics of student i, the average
grade of the class without the specific grade of the student, y , and the average characteristics of the class (Sacerdote, 2011).
−i
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Table 7
Average treatment effect on the treated and peer effects.
Source: Prepared by the authors.

IPWRA CEM CEM/Entropy

Portuguese 0.05* −0.02 −0.05*
(0.021) (0.023) (0.029)

Peer effects 0.70*** 0.77*** 0.64***
(0.048) (0.022) (0.051)

Mathematics −0.04 −0.05** −0.09***
(0.032) (0.023) (0.028)

Peer effects 0.62*** 0.77*** 0.62***
(0.068) (0.020) (0.058)

Note: 1. *, ** and ***, represent 90%, 95% and, 99% confidence levels, respectively. 2. Robust
standard errors per class.

Table 8
Average treatment effects controlling for the average grade of ninth-grade students in the
municipality in the years 2013 and 2015.
Source: Prepared by the authors.

IPWRA CEM CEM/Entropy

Portuguese 0.05 −0.11 −0.11*
(0.048) (0.075) (0.064)

Average 9th grade 0.0004 0.01*** 0.01*
(0.002) (0.001) (0.004)

Mathematics −0.10* −0.25*** −0.24***
(0.058) (0.077) (0.069)

Average 9th grade 0.01** 0.01*** 0.005
(0.002) (0.001) (0.004)

Note: 1. *, ** and ***, represent 90%, 95% and, 99% confidence levels, respectively. 2. Robust
standard errors per class.

Table 9
Average treatment effect for the treated on failure and dropout variables.
Source: Prepared by the authors.

IPWRA CEM CEM/Entropy

Failure −0.02 −0.01 −0.01
(0.021) (0.03) (0.02)

Dropout 0.01 0.02* 0.02*
(0.009) (0.01) (0.01)

Note: 1. * 90% confidence level. 2. Robust standard errors per class.

exists any type of effect intrinsic to students in the region or in relation to the average quality of the cohort of students,
Table 8 adds the average grade of ninth-grade students in the municipality corresponding to each student for 2013 and
2015 as a control. These groups were cohorts of high school students in 2017 and 2019.

Although it had a statistically significant relationship with students’ grades, the average grade of the ninth-grade cohort
had a magnitude of 0.01sd and did not affect the ATT of interest. The effect on math remains robust; students who enter
through lottery draws have lower performance.

In terms of the unobservable variable, whether treatment influences the incidence of failure and dropout among
students can be verified. Both characteristics are controlled for in the estimates; however, the direct effect (Table 9)
reinforces that the two groups are extremely close in terms of unobservable characteristics.

Finally, we return to the discussion regarding the analysis centered on finishers, then called winners. The idea is that
the Saeb is a low-risk low-stakes exam; thus, the use of a high-risk high-stakes exam, such as the National High School
Exam (ENEM), can change the conduct of students during the test, as it is used in part or in full for admission to higher
education in several teaching units. In this case, to the extent that student effort can vary, if the difference in results is
maintained in ENEM (Table 10), there exist indications of the effects of the selection type in stages after high school, that
is, in entering higher education and, consequently, in the labor market as well as in wages.

The ENEM grades were divided into five blocks and assigned independently to each block. As a result, the effect on the
mathematics subject remains robust to different specifications, and a difference also exists in candidates’ essay grades.
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Table 10
Average treatment effect for the treated on ENEM scores.
Source: Prepared by the authors.

IPWRA CEM CEM/Entropy

Natural sciences −9.66* −6.46 −8.45
(4.990) (4.654) (5.266)

Human sciences −19.99*** −16.35*** −7.27
(4.786) (3.781) (5.152)

Language and codes −11.05*** −10.77*** −5.39
(3.626) (3.053) (3.863)

Mathematics −27.46*** −22.39*** −35.50***
(5.662) (6.426) (6.995)

Essay −47.66*** −48.86*** −33.61***
(8.327) (7.847) (10.934)

Note: 1. *, **, and *** represent 90%, 95%, and 99% confidence levels, respectively. 2. Robust standard
errors per class. 3. The control variables were gender, color/race, parents’ education, income, whether
the student lived alone, whether the student had a computer, socioeconomic level, region of residence,
and information available in the ENEM questionnaire.

. Final considerations

The different grades achieved on standardized exams by educational institutions are normally seen as a measure of
ffectiveness. Students entering school are rarely viewed directly as part of the set of grades provided by the school. This
tudy sought to provide empirical evidence on how the selection process affects the grades of Brazilian students in an
nnovative way, and is based on an empirical strategy that explores how students enter the federal education schools.

The results indicate that a difference exists in math grades from 0.14sd to 0.40sd when students enter FE through
ottery draws. In terms of the magnitude of the effect, the total standard deviation of the scores in the sample is 0.94,
hich represents a reduction in dispersion between 14% and 42%. Additionally, the average grades of students from 2017
o 2019 increased by 0.20sd, which indicates a considerable magnitude, as the size of the impact is equivalent to one to
our years of grade increase.

The effects were distinct between student genders and across the distribution of grades. The magnitude of the impact
oefficient on mathematics was greater among self-declared male than among self-declared female students. In addition,
mong the girls who entered through lottery draws, there were also indications of differences in their performance in
ortuguese. The selection effect was greater among students who fell into the lower end of the grade distribution.
One possible explanation for this selection effect is the gain in terms of peers. As the average performance of the class

ncreased, there were indications of a positive association between students’ grades in Portuguese and mathematics. In
ddition, the selection effect can be reflected in the grade achieved for admission to higher education, such as ENEM, and
an consequently impact on students’ lives.
The results were robust to a set of specifications, and the tests showed a low probability of unobserved effects,

enerating bias in the estimates.
This work has some limitations, as the results refer to a specific profile of students – those in the last year of high

chool in the federal education schools – which results in low external validity. Nonetheless, the evidence emphasizes
he importance of how students are admitted, which should be taken into account in public educational policies that
onsider how students are assigned to schools and classes. Ultimately, the work contributes to the Brazilian educational
ontext and inspires future research on the subject.
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ppendix A. KMO and Bartlett tests

Kaiser-Meyer-Olkin measure of sampling adequacy 0.7929

Bartlett’s test of sphericity Chi-square 1.8e+4

Sig. 0.0000

Source: Prepared by the authors.
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A
ppendix B. Pseudo R2 test, maximum likelihood, medium bias, and median bias

Sample Pseudo R2 p value χ2 Medium bias Median bias
Unmatched 0.095 0.000 27.4 19.2
Matched 0.010 0.995 2.9 2.2
Source: Prepared by the authors.

Appendix C. Distribution of propensity score for treated and untreated with a closest neighbor

Appendix D. Estimated results for the probability of receiving treatment

Covariate Estimated parameter
Northeast region (base = North) –
Southeast region –
South region −0.25***

(0.091)
Midwest region −0.05

(0.071)
Afternoon shift (base = morning) 0.05

(0.098)
Caucasian −0.17

(0.149)
Black 0.19

(0.166)
Multiracial 0.13

(0.146)
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Asian 0.32
(0.218)

Mother completed high school −0.12
(0.076)

Mother completed higher education −0.07
(0.081)

Father completed high school −0.09
(0.073)

Father completed higher education 0.03
0.087

Works outside the home −0.29***
0.095

Went to daycare or preschool −0.24***
(0.063)

Public education −0.39***
(0.086)

EJA 0.21
(0.132)

Lives with both parents −0.01
(0.063)

Failure −0.085
(0.085)

Dropout 0.22
(0.149)

Parents are encouraging −0.01
(0.093)

Computer −0.06
(0.071)

Socioeconomic level 0.03
(0.036)

R2 0.1021
Source: Prepared by the authors.
Note: 1. *, ** and *** represent 90%, 95% and 99% confidence, respectively.

Appendix E. Sensitivity analysis critical values (Rosenbaum limits)

Γ p-critical
Portuguese CEM + PSM 1

1.1
1.2
1.3

0.001557
0.011663
0.050047
0.141531

Mathematics PSM 1
1.1
1.2
1.3
1.4
1.5

0.000054
0.000784
0.00589
0.026721
0.082211
0.187152

CEM + PSM 1
1.1
1.2
1.3
1.4
1.5
1.6
1.7

<0.00001
0.00001
0.000133
0.001022
0.005117
0.018278
0.04982
0.109157

Source: Prepared by the authors.
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A
ppendix F. Adjustment of means, variance, and asymmetry for before and after entropy balancing

Variable Before: weightless
Treatment Control
Average Variance Asymmetry Average Variance Asymmetry

Color/Race
Caucasian 0.2567 0.1914 1.114 0.393 0.2386 0.4383
Black 0.13 0.1135 2.2 0.1115 0.09909 2.468
Multiracial 0.53 0.2499 −0.1202 0.4274 0.2448 0.2933
Asian 0.04 0.03853 4.695 0.0197 0.01931 6.913
Indigenous 0.0067 0.0066 12.12 0.0078 0.0078 11.15
Mother’s education
High school 0.3 0.2107 0.8729 0.366 0.2321 0.5562
Higher education 0.3333 0.223 0.7071 0.3014 0.2106 0.8659
Father’s education
High school 0.26 0.193 1.094 0.3242 0.2191 0.751
Higher education 0.2 0.1605 1.5 0.1595 0.1341 1.86
Works outside the home 0.08 0.07385 3.096 0.1906 0.1543 1.576
Went to daycare or preschool 0.5667 0.2464 −0.2691 0.8127 0.1522 −1.603
Public education 0.83 0.1416 −1.757 0.7889 0.1665 −1.416
EJA 0.3567 0.2302 0.5985 0.6338 0.2321 −0.5553
Lives with both parents 0.5867 0.2433 −0.352 0.6502 0.2275 −0.6299
Parents are encouraging 0.89 0.09823 −2.493 0.8154 0.1505 −1.626
Computer 0.69 0.2146 −0.8216 0.769 0.1776 −1.277
Socioeconomic level 0.0452 0.9755 0.4132 0.6486 0.2279 −0.6226
Variable After: with weight

Treatment Control
Average Variance Variable Average Variance Variable

Color/Race
Caucasian 0.2567 0.1914 1.114 0.2565 0.1907 1.115
Black 0.13 0.1135 2.2 0.1301 0.1132 2.199
Multiracial 0.53 0.2499 −12.02 0.53 0.2491 −0.1202
Asian 0.04 0.03853 4.695 0.04 0.0384 4.695
Indigenous 0.0067 0.0066 12.12 0.0067 0.0066 12.13
Mother’s education
High school 0.3 0.2107 0.8729 0.3 0.21 0.8727
Higher education 0.3333 0.223 0.7071 0.3332 0.2222 0.7078
Father’s education
High school 0.26 0.193 1.094 0.26 0.1924 1.094
Higher education 0.2 0.1605 1.5 0.1999 0.1599 1.501
Works outside the home 0.08 0.07385 3.096 0.08001 0.07361 3.096
Went to daycare or preschool 0.5667 0.2464 −0.2691 0.5672 0.2455 −0.2714
Public education 0.83 0.1416 −1.757 0.8298 0.1413 −1.755
EJA 0.3567 0.2302 0.5985 0.3567 0.2295 0.5985
Lives with both parents 0.5867 0.2433 −0.352 0.5867 0.2425 −0.3522
Parents are encouraging 0.89 0.09823 −2.493 0.89 0.09792 −2.493
Computer 0.69 0.2146 −0.8216 0.6899 0.214 −0.821
Socioeconomic level 0.0452 0.9755 0.4132 0.445 0.9422 0.2942
Source: Prepared by the authors.
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