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A B S T R A C T

This paper assesses the effect of teachers on the gender gap in student test scores. It combines different
empirical strategies from the value-added and labor economics literature to estimate teacher value-added and
its contribution to the math and reading gender gaps. We use rich administrative data from Chile that allow us
to follow teachers through different classes in different years. Our main findings indicate that teachers explain
up to 18% of student test score variance and help reduce the gender gap in math by 16.9%. The reduction
in the math gender gap is greater in voucher schools (16.1%), among students with more educated mothers
(24%) and among those with female math teachers (32.2%). We provide evidence supporting a within-class
effect, instead of sorting (between-class) effect. We conduct several tests and robustness checks to assess the
reliability of our findings.
1. Introduction

Gender differentials in educational outcomes have been exten-
sively studied in the empirical literature, documenting a significant
gender gap in standardized math test scores. This gap is present in
developed (Mead, 2006; Guiso et al., 2008) and low- and middle-
income (Bharadwaj et al., 2016; Guiso et al., 2008) countries. It appears
in the early years of schooling and then broadens with age (Fryer
and Levitt, 2010). The importance of studying this gap lies in the fact
that math test scores are a strong predictor of wage levels (Paglin and
Rufolo, 1990; Altonji and Blank, 1999; Murnane et al., 2000, 1995;
Weinberger, 1999, 2001) and career choices (see Altonji et al., 2012,
for a review). In particular, women are underrepresented in science,
technology, engineering, and mathematics (STEM) fields. This gender
disparity has implications not only for the overall productivity of the
scientific field but also for women who aspire to enter STEM and find
themselves at a disadvantage due to underperformance in standardized
math testing. This circumstance effectively denies them the opportunity
to pursue STEM careers, which often offer elevated income prospects
and employment stability (Weinberger, 2001).
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A growing body of literature documents differences in teacher ef-
fectiveness by student characteristics, such as gender, race, and so-
cioeconomic status (Fox, 2016; Bates et al., 2022; Aucejo et al., 2022;
Graham et al., 2023; Biasi et al., 2021). However, as noted by Delgado
(2023), it is unclear whether these differences are actually caused by
the teachers themselves or if they occur because of the sorting of
students to teachers. Understanding whether these variations are due
to the real impact of teachers or just to the way in which students are
sorted is important for policymaking. If some teachers are particularly
good at teaching certain groups of students, reallocating teachers could
improve the achievements of all students and reduce learning gaps.

In this paper, we contribute to the literature by estimating the
impact of teachers on reading and math gender gaps. We use adminis-
trative data from Chile that match student characteristics and outcomes
to teachers, allowing us to identify and compute teacher value-added
(VA) in student test scores. We examine whether teachers differentially
provide VA to female and male students by implementing the Chetty
et al. (2014) VA estimator separately for each gender. This approach
yields two distinct VA measures for each teacher: one that represents
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the average impact of the teacher on male students’ scores and another
for female students’ scores.

The Chilean case helps shed light on the math gender gap issue for
two reasons. First, Chile exhibits significant gender differences in school
and the labor market despite advances in the last decades. Second, the
availability of rich administrative test score data at the student level
from Chile’s Ministry of Education permits matching students’ results

ith teacher information via unique identifiers. These facts render the
hilean case informative regarding the math gender gap.

The estimation of any teacher VA model faces the identification
hallenge of addressing potential student–teacher sorting and ensuring
hat observed differences in student outcomes genuinely reflect the
ausal effect of teachers. As shown by Chetty et al. (2014), including a
tudent’s own lagged test scores as control variables makes the forecast
ias of the estimate negligible and statistically insignificant. To mitigate
his identification concern, we incorporate controls for students’ prior
est scores and socioeconomic characteristics when estimating our VA
odels.

To further reduce identification concerns, we provide quasi-
xperimental evidence based on teacher staff changes that rules out
he presence of forecasting bias in our teacher VA estimates. We
xploit naturally occurring teacher turnover as in Chetty et al. (2014),
nhancing the validity of our findings on the impact of teachers on
tudent outcomes.

Once we estimate the teacher VA for boys and girls, we compute the
ontribution to the test score gender gap for both math and reading and
pply Card et al. (2016) (CCK hereafter) to decompose the teacher VA
ontribution to the gender gap into teacher–student sorting (between-
lass) and a within-class effect. As discussed in the following section,
he sorting effect manifests as gender test score differences due to the
ifferent distributions of boys and girls across classrooms. Hence, it
easures the effect of between-classroom gender segregation on the

est score gap that appears, for example, if boys are overrepresented in
lasses with teachers with higher VA and vice versa. The presence of
his channel has been documented in Italy by Carlana (2019). On the
ther hand, the within-class effect refers to the portion of the gender
est score gap that results from interactions within a classroom after
emoving the effect of gender segregation between classrooms. The
echanisms behind this ‘‘within-class’’ effect may be due to teacher or

tudent behavior, with the former referred to as ‘‘teacher bias’’ (San-
one, 2017; Alan et al., 2018; Carlana, 2019) and the latter as ‘‘role
odel’’ (Dee, 2007; Hoffmann and Oreopoulos, 2009; Carrell et al.,
010).

For reading, we find that the male–female gender gap (−0.211 SD)
is explained in a small fraction (7.1%) by teacher VA; a similar con-
tribution is found among male and female teachers when analyzing
the effects in public and voucher schools. On the other hand, in math,
where boys outperform girls by 0.071 SD, we observe that teacher VA is
greater for girls than for boys. This difference in value-added between
genders is −0.012 SD, meaning that teacher VA contributes to reducing
the gap by 0.012 SD. This difference accounts for 16.9% of the overall
math gap.

Regarding teacher gender, the math gender gap is smaller for stu-
dents with female teachers (0.059 SD) than for those with male teachers
(0.095 SD). While teacher VA for boys and girls does not differ for
male teachers, female teachers’ VA is greater for girls than for boys.
This teacher VA difference accounts for 32.2% of the overall math gap.
Interestingly, approximately 3/4 of this effect is due to the within-class
effect, and the rest is due to the sorting effect.

When we conduct an analysis by school type, we find that the math
gender gap is larger in voucher schools than in public schools (0.09 SD
vs. 0.06 SD), where the differences in teacher VA between boys and
girls are −0.007 SD and −0.015 SD, accounting for 10.9% and 16.1% of
the total gap, respectively. In both cases, the channel is a within-class
effect. Finally, the math gender gap is lower the higher the level of
2

mother’s education. For students with mothers with tertiary education o
the differences in teacher VA between boys and girls is −0.014 SD,
ccounting for 24% of the total gap.

While many studies have focused on the effect of teacher character-
stics on student achievement (Dee, 2007; Hoffmann and Oreopoulos,
009; Carrell et al., 2010; Paredes, 2014), we focus on gender differ-
nces in teacher effectiveness across student genders, expanding the
pproach of Chetty et al. (2014) and implementing nonparametric
ecompositions from Card et al. (2016). This empirical approach allows
s to assess the direct effect of teacher VA on the student test score gap
nd to disentangle whether this effect is due to a sorting channel or a
ithin-class effect.

Our paper relates to the literature stream on disparities in teacher
mpacts by student type. In particular, our paper relates to the work
f Aucejo et al. (2022), Delgado (2023) and Barrios-Fernandez and
iudavets-Barcons (2024), who study the gender differential effects
f teachers on different types of student test score gaps. They imple-
ent a similar approach to ours by estimating a student type-specific

eacher VA measure (student race and gender) using the estimator
roposed in Chetty et al. (2014) broken out by student type. Our
aper complements theirs by implementing a between- and within-class
ecomposition (CCK) to these student-type-specific teacher VA effects
n the gender gap in student test scores.

The rest of the article is organized as follows. Section 2 describes
he methods used for estimating teacher VA and decomposing the con-
ribution to gender gaps into sorting and within-class effects. Section 3
etails the institutional background and data, while Section 4 discusses
he results. Section 5 concludes the paper.

. Methods

.1. Teacher value-added model

To assess the effect of teachers on student test scores, we fol-
ow (Chetty et al., 2014). Recent literature has mentioned their ap-
roach as one of the most convincing in reducing forecast bias, even in
he presence of sorting (Kane and Staiger, 2008; Delgado, 2023; Aucejo
t al., 2022).

To allow for differentiated effects of teachers for girls and boys, we
stimate teacher VA measures separately by student gender, exploiting
atched student–teacher panel data. Hence, in a given year 𝑡, a student
of gender 𝐺(𝑖) ∈ {male, female} is assigned to a classroom 𝑐 = 𝑐(𝑖, 𝑡)
nd is taught by a teacher 𝑗 = 𝑗(𝑐). The student’s test score is denoted
y 𝐴∗

𝑖𝑡, where 𝜇𝐺(𝑖)𝑗𝑡 is teacher VA in year 𝑡 for students of gender 𝐺(𝑖).
ote that we allow teacher VA terms 𝜇𝐺(𝑖)𝑗𝑡 to vary by student gender.
he empirical model is as follows:

𝐴∗
𝑖𝑡 = 𝑿𝑖𝑡𝛽𝐺(𝑖) + 𝜈𝑖𝑡,

𝜈𝑖𝑡 = 𝜇𝐺(𝑖)𝑗𝑡 + 𝜃𝑐 + 𝜀̃𝑖𝑡
(1)

here 𝑿𝑖𝑡 are observable determinants of test scores, such as lagged
est scores, student and classroom characteristics that vary over time.1

e decompose the error term 𝜈𝑖𝑡 into the gender-specific teacher VA
𝐺(𝑖)
𝑗𝑡 , exogenous classroom shock 𝜃𝑐 and idiosyncratic exogenous shock
o test scores 𝜀̃𝑖𝑡. Let 𝜀𝑖𝑡 ≡ 𝜃𝑐 + 𝜀̃𝑖𝑡 be the unobserved component in
tudent achievement that is unrelated to teacher quality.

While there are no restrictions on how 𝜇𝐺(𝑖)𝑗𝑡 can vary over time,
e need to assume that teacher VA and student test scores follow
covariance stationary process. Hence, 𝐸[𝜇𝐺(𝑖)𝑗𝑡 |𝑡] = 𝐸[𝜀𝑖𝑡|𝑡] = 0;
𝑜𝑣(𝜇𝐺(𝑖)𝑗𝑡 , 𝜇𝐺(𝑖)𝑗,𝑡+𝑠) = 𝜎𝜇𝑠 and 𝑐𝑜𝑣(𝜀𝑖𝑡, 𝜀𝑖,𝑡+𝑠) = 𝜎𝜀𝑠 for all 𝑡.2

1 We exclude parent characteristics, such as household income and educa-
ion level, from our control variables 𝑿𝑖𝑡 to test for selection on observables,
s in Chetty et al. (2014). More details are provided in Section 4.2.

2 As noted by Chetty et al. (2014), this assumption simplifies the estimation
f teacher VA by decreasing the number of parameters to be estimated.
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The key empirical challenge is that the characteristics 𝑿𝑖𝑡 can be
correlated with 𝜀𝑖𝑡; therefore, we must account for that selection to
estimate 𝜇𝐺(𝑖)𝑗𝑡 . For example, if students who achieve high test scores
are tracked by the principal and assigned to better teachers, then
our estimates of teacher fixed effects would be upward biased. The
intuition and main assumption behind the estimator described below
is that controls 𝑿𝑖𝑡 are sufficiently rich that any remaining unobserved
heterogeneity is balanced (on average) across teachers. Following our
example, high-achieving students who are assigned to better teachers
probably received high test scores in the previous period; therefore,
conditional on past test scores (which we control for), the remaining
variation in test scores should be due to the teachers themselves and
conditionally uncorrelated with unobservables 𝜀𝑖𝑡, which we assume are
conditionally balanced across teachers.

As Chetty et al. (2014), we estimate teacher VA in three steps.
First, we estimate 𝛽𝐺(𝑖) by exploiting within-teacher variation using the
ollowing regression function:
∗
𝑖𝑡 = 𝛼𝑗 +𝑿𝑖𝑡𝛽

𝐺(𝑖), (2)

here 𝛼𝑗 is a teacher fixed effect. We then compute the residualized
est scores:

𝑖𝑡 = 𝐴∗
𝑖𝑡 −𝑿𝑖𝑡𝛽

𝐺(𝑖) = 𝜇𝐺(𝑖)𝑗𝑡 + 𝜀𝑖𝑡 (3)

Finally, using the residualized test scores 𝐴𝑖𝑡, we compute 𝐴̄𝑗𝑡, which
epresents the average residual test scores of all the students of teacher
in period 𝑡. Then, we obtain our teacher VA measure as the best linear
redictor of 𝐴̄𝑗𝑡 based on past scores:

̂𝐺𝑗𝑡 =
𝑡−1
∑

𝑠=1
𝜓̂𝑠𝐴̄𝑗𝑠 (4)

The vector (𝜓̂1,… , 𝜓̂𝑡−1) is chosen such that it minimizes the (mean-
quared) forecast error of the average residualized test scores:

𝜓̂1,… , 𝜓̂𝑡−1) = argmin
(𝜓1 ,…,𝜓𝑡−1)

∑

𝑗

(

𝐴̄𝑗𝑡 −
𝑡−1
∑

𝑠=1
𝜓𝑠𝐴̄𝑗𝑠

)2

(5)

he vector (𝜓̂1,… , 𝜓̂𝑡−1) corresponds to shrinkage factors for our VA
stimates to reduce the incidence of small sample bias. Hence, the
alue-added estimate is weighted by a shrinkage coefficient to correct
he possible temporal variation of teacher quality.

Note that our VA estimate in Eq. (4) is a leave-year-out measure
f teacher VA. As noted by Chetty et al. (2014), if 𝐴̄𝑗𝑡 is not left out,
ny regression of student test scores in year 𝑡 on teacher VA would
nclude the same estimation errors on the left- and right-hand sides
f the regression. This would lead to biased estimations of the true
eachers’ causal effects.

.2. Normalization of teacher VA estimates

Given that teacher VA is a zero-mean measure, to assess the average
ontribution of teachers to test the score gender gap in the entire
ample (𝐸[𝜇𝑀𝑗𝑡 ] − 𝐸[𝜇𝐹𝑗𝑡]), we need to renormalize the VA estimates
elative to a reference group. One plausible group is teachers with
ow scores on the College Entrance Exam (CEE), since it has been
ocumented that there is a strong positive correlation between teach-
rs’ precollege academic achievement and several measures of teacher
roductivity (Gallegos et al., 2019).3

Hence, we normalize the 𝜇𝐺𝑗𝑡 estimates by setting teacher VA (by
tudent gender, subject and year) for a group of ‘‘low-CEE’’ teachers
o zero. A simple way of implementing this is by defining ‘‘low-CEE’’
eachers as those in the tenth percentile of the CEE distribution.

3 The College Entrance Exam is mandatory for most applicants to Chilean
niversities and has been implemented since 1967. The CEE includes two
andatory tests, reading and math, and up to three optional tests, science

biology, physics, and chemistry), history and social science.
3

s

2.3. Decomposing the effect of teacher VA

To analyze the impact of teacher VA on math and reading gen-
der gaps, we follow the approach of Card et al. (2016), which is
based on an Oaxaca-style decomposition into teacher–student sorting
(between-class) and within-class effects (Oaxaca, 1973; Fortin et al.,
2011).

For simplicity, we use male and female as shorthand for the respec-
tive events 𝐺(𝑖) = 𝑚𝑎𝑙𝑒 and 𝐺(𝑖) = 𝑓𝑒𝑚𝑎𝑙𝑒. Then, using Eq. (1), the
gender gap in test scores is given by:

𝐸
[

𝐴∗
𝑖𝑡|𝑚𝑎𝑙𝑒

]

− 𝐸
[

𝐴∗
𝑖𝑡|𝑓𝑒𝑚𝑎𝑙𝑒

]

= 𝐸
[

𝑿𝑖𝑡𝛽
𝑀 + 𝜇𝑀𝑗𝑡 + 𝜃𝑐 + 𝜀̃𝑖𝑡|𝑚𝑎𝑙𝑒

]

− 𝐸
[

𝑿𝑖𝑡𝛽
𝐹 + 𝜇𝐹𝑗𝑡 + 𝜃𝑐 + 𝜀̃𝑖𝑡|𝑓𝑒𝑚𝑎𝑙𝑒

] (6)

here 𝐸
[

𝜇𝑀𝑗𝑡 |𝑚𝑎𝑙𝑒
]

and 𝐸
[

𝜇𝐹𝑗𝑡|𝑓𝑒𝑚𝑎𝑙𝑒
]

correspond to the average VA
eceived by boys and girls, respectively. The difference between these
wo terms is the contribution of teachers to the gender gap, and we
ecompose the difference into sorting and within-class effects by:

𝐸
[

𝜇𝑀𝑗𝑡 |𝑚𝑎𝑙𝑒
]

− 𝐸
[

𝜇𝐹𝑗𝑡|𝑓𝑒𝑚𝑎𝑙𝑒
]

= 𝐸
[

𝜇𝑀𝑗𝑡 − 𝜇𝐹𝑗𝑡|𝑚𝑎𝑙𝑒
]

+𝐸
[

𝜇𝐹𝑗𝑡|𝑚𝑎𝑙𝑒
]

− 𝐸
[

𝜇𝐹𝑗𝑡|𝑓𝑒𝑚𝑎𝑙𝑒
] (7)

= 𝐸
[

𝜇𝑀𝑗𝑡 − 𝜇𝐹𝑗𝑡|𝑓𝑒𝑚𝑎𝑙𝑒
]

+𝐸
[

𝜇𝑀𝑗𝑡 |𝑚𝑎𝑙𝑒
]

− 𝐸
[

𝜇𝑀𝑗𝑡 |𝑓𝑒𝑚𝑎𝑙𝑒
]

(8)

imilar to Card et al. (2016), the first right-hand side term in Eq. (7)
epresents the average within-class effect, calculated by comparing VA
easures 𝜇𝑀𝑗𝑡 and 𝜇𝐹𝑗𝑡 across the distribution of boys. The second line

f Eq. (7) is the average sorting effect that results from comparing the
verage VA for female students, 𝜇𝐹𝑗𝑡 , across the distributions of boys and
irls. Eq. (8) presents an alternative decomposition in which the within-
lass effect is calculated using the distribution of girls, and the sorting
ffect results from the comparison of VA measures for male students
cross boys and girls’ distributions.

Note that if all teachers face the same split of boys and girls
50/50) in their classrooms, then the sorting component in the CCK
ecomposition would be zero by construction since 𝐸

[

𝜇𝑀𝑗𝑡 |𝑚𝑎𝑙𝑒
]

=
[

𝜇𝑀𝑗𝑡 |𝑓𝑒𝑚𝑎𝑙𝑒
]

. Hence, for the sorting component to matter, there
eeds to be some student gender segregation across classrooms/
eachers or, in other words, some variation in the female share across
lassrooms/teachers. In Section 3, we analyze the distribution of female
tudents across classrooms, showing that variation across classrooms
otivates the analysis of the sorting component in the decomposition.

The decomposition of the teacher VA differential is highly relevant
ince it allows us to identify how these two complementary channels
xplain gender gaps. On the one hand, a positive (negative) sorting
ffect arises when female students are less (more) likely to be assigned
o a teacher with higher VA. On the other hand, a positive (negative)
ithin-class effect arises when teachers, on average, are more (less)

ikely to deliver higher VA to male students than female students.
Finally, as discussed by Card et al. (2016), the normalization of the

eacher VA will not affect the sorting (between-class) component in
he CCK decompositions since the constants will cancel out. However,
ithin-class sex-specific terms might be affected by normalization.

. Background and data

The primary educational system in Chile consists of public and
oucher schools, which enroll approximately 93% of students, and
rivate schools, enrolling the remaining 7%. For these schools, the
ystem for Measuring the Quality of Education (SIMCE) is a standardized
nstrument for measuring school performance. Every year, all students
f certain grades take the test on different grade-specific subjects,

uch as math and reading. These tests, based on item response theory,
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such as the TIMSS or PISA tests, reveal a significant math gender gap
favoring males.4 The difference in math scores ranges from 0.17 to
0.19 standard deviations (SD) across several cohorts (Paredes, 2014;
Bharadwaj et al., 2016). As in other countries, the difference appears
in the early stages of schooling and widens with age (Bharadwaj et al.,
2016). Consequently, while only 21% of Chilean STEM graduates are
female, the OECD average female representation is 39% (Cruz and Rau,
2022).

Our census data come from several sources. The core data for all
6th-grade students were obtained from records of achievement between
2013 and 2015; this information is publicly available through the
Ministry of Education (MINEDUC, 2023). With these records, we have
student-level information such as gender, age, attendance rate, an
indicator for repeating the grade, class size, class female proportion,
class identifier, and GPA in 4th and 5th grades. In addition, we use data
from the SIMCE, which is available upon request (SIMCE, 2023). For
the same period, we have access to standardized test scores in math and
reading for all 6th graders along with socioeconomic information such
as family income and educational level for both parents. Moreover,
we also have access to math and reading test scores two years earlier
when students were in 4th grade to control for prior test scores in
our VA models, as suggested by Chetty et al. (2014).5 We link all this
information through a student-level identifier.

Regarding teacher-related data, our primary data source consists of
records documenting teachers assigned to specific classes obtained from
MINEDUC. This dataset encompasses all 6th-grade math and reading
teachers and allows us to build a panel dataset covering 2013 to 2015.
Each teacher’s entry in the dataset contains gender information, and for
each academic year, we have individual information, including class
identifiers and school characteristics that indicate whether the school
is situated in a rural or urban setting and whether it is publicly funded
or a voucher school.

Furthermore, we link this dataset with information concerning
school average monthly fees, sourced from MINEDUC for all voucher
schools. Public elementary schools do not entail any costs.6 All these

4 For more details about Chile’s educational system, see Contreras and Rau
2012) and Rau et al. (2013).

5 This is why we chose 6th graders as our population of interest. Beginning
n 2013, the SIMCE for both math and reading was applied yearly in 6th grade,
nd the closest evenly spaced available prior test scores were those in fourth
rade for the same cohorts.

6 We exclude private school teachers (7.46% of the main sample) since
here is no public information about fees for these schools. As discussed
y Urrea (2018), school fees are essential for the unbiasedness of teacher VA
4

stimates in the Chilean context. a
data are linked with the student data through the class identifier.7
Finally, from the Department of Educational Evaluation, Measurement and
Registration (DEMRE), we obtained CCE scores for approximately 18%
of our teacher observations (DEMRE, 2023). We average the math and
reading scores and standardize it to build the normalization constants
as discussed in Section 2.2.

Table 1 provides summary statistics for all variables at the teacher
and student levels annually from 2013 to 2015. We have data from
19,239 teachers in math and reading. Note that 10,411 (54%) of
these teachers appeared only once during 2013–2015, whereas 8,828
appeared multiple times. Furthermore, teachers may be assigned to
more than one class, with 76% teaching a single class per year and
24% managing two to five classes annually. Approximately 74% of
math and reading teachers are female. Over 50% of teachers work
at voucher schools in classrooms of about 30 students, where female
students represent approximately 48% with an SD of nearly 15%.8

Finally, regarding the split of male and female students across
classrooms, Fig. 1 shows the distribution of the share of females across
mixed-gender classrooms. There is considerable variation around 0.5,
which motivates the sorting component’s potential role in CCK decom-
position.

4. Results

4.1. Variance decomposition and teacher value-added estimates

We follow the methodology in Chetty et al. (2014) for estimating
teacher VA as described in Section 2.1. First, we estimate test score
residuals within each subject (reading and math), for which we regress
raw scores (standardized at the subject-year level) on a vector of
individual, class, school-year and school covariates along with teacher
and year fixed effects.9

7 As in Chetty et al. (2014), we restrict our data to the sample of obser-
ations that (i) have prior test scores available, (ii) exclude special education,
ducation at home and others, (iii) drop classrooms with fewer than 10 and
ore than 50 students, (iv) exclude teachers with more than 200 students in
single grade, (v) have nonmissing data on current or prior test scores in

he subject for which the VA model is estimated, and (vi) drop classrooms
ith fewer than 7 observations with current and prior test scores in math or

eading.
8 Teacher characteristics do not vary economically or statistically by the

umber of years that teachers appear in our study. See Appendix A for details.
9 We replicate the list of covariates used by Chetty et al. (2014) as closely

s possible. At the individual level, we include gender, age, attendance rate,
n indicator for repeating the grade, cubic polynomials for prior test scores
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Table 1
Descriptive statistics.

2013 2014 2015

Variable Mean SD Obs. Mean SD Obs. Mean SD Obs.
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Teachers: 10,639 10,723 10,465
Female (%) 74.15 43.78 9,965 74.13 43.79 10,715 75.15 43.22 10,458
Rural school (%) 15.01 35.72 10,639 15.33 36.03 10,723 15.51 36.20 10,465
Voucher school (%) 51.48 49.98 10,639 51.64 49.98 10,721 52.39 49.95 10,463
School monthly fee (CLP$) 8,651 17,543 9,034 8,862 16,895 9,096 9,409 18,249 8,763
School imputed fee (%) 56.66 49.56 9,034 56.52 49.58 9,096 56.46 49.58 8,763
Class size 30.74 9.27 10,639 30.30 9.28 10,723 29.96 9.28 10,465
Class female proportion (%) 47.83 14.95 10,639 48.22 14.88 10,723 48.25 14.73 10,465
CCE score 499.97 80.49 1,691 499.26 79.18 2,113 497.91 78.50 1,841

Students: 171,586 173,369 166,573
Math score 250.88 47.86 166,959 249.14 48.06 170,152 250.81 48.43 153,621
Reading score 251.20 48.64 167,011 240.92 50.15 169,677 246.89 52.03 161,865
Female (%) 50.68 50.00 171,586 50.98 50.00 173,369 50.95 50.00 166,573
Age (years) 11.21 0.48 171,585 11.22 0.48 173,368 11.27 0.49 166,573
Attendance (%) 92.86 6.10 171,488 93.02 6.02 173,263 93.03 6.07 166,482
Repeating grade (%) 0.07 2.67 171,540 0.07 2.58 173,304 0.06 2.55 166,521
GPA in 5th grade 5.67 0.55 171,451 5.72 0.53 173,236 5.74 0.53 166,443
GPA in 4th grade 5.87 0.51 171,477 5.86 0.50 173,202 5.88 0.50 166,503
Father’s education (years) 11.52 3.45 132,434 11.64 3.41 142,119 11.66 3.46 131,447
Mother’s education (years) 11.57 3.30 138,777 11.67 3.26 148,396 11.79 3.30 136,920
Monthly household income (CLP$k) 413.86 386.82 138,917 436.74 392.46 149,649 475.10 419.17 137,085

Notes: SD stands for standard deviation. Observations for teachers correspond to 19,239 different people over time. Teachers may be assigned to more than one class and even
teach math and reading to the same group of students in a given year.
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Second, we estimate the autocovariances and autocorrelations of
mean test score residuals across classes taught by a given teacher
in different periods, separately for boys and girls and reading and
math. Panel A of Table 2 presents the estimation results with findings
similar to those of Chetty et al. (2014). Here, correlations represent the
reliability of lagged mean test scores by class as predictors of current
teacher quality. The greater the autocorrelation, the more effective
lagged scores are as predictors of teacher performance. For reading,
reliability declines from 0.228–0.261 in the first year to 0.133–0.234
after two years, while it declines from 0.500–0.531 to 0.446–0.460
for math. In addition, we present in Panel B of Table 2 the raw
variances of test score residuals by subject and their decomposition
into components driven by student-, class-, and teacher-level variation,
provided that 6th-grade teachers can teach more than one class per
year. Teachers explain only 7.46%–7.50% of the variation in reading
and 15.53%–17.94% in math. In both cases, idiosyncratic student-level
variation accounts for approximately 80% of the total raw variation in
achievement.

Third, we predict each teacher’s VA for every year 𝑡 using test score
esiduals from all years except year 𝑡 and the estimated autocovariances
resented in Table 2. The SDs of our teacher VA estimates in reading
re 0.078 and 0.085 for boys and girls, respectively, while the SDs of
eacher VA estimates in math are 0.169 and 0.164 for boys and girls,
espectively. These results are also in line with those obtained by Chetty
t al. (2014).

Fig. 2 displays the density of the raw teacher VA estimates by
eacher/student gender and school type for math. While the distribu-
ion of teacher VA for female teachers is clearly to the right of the

in both math and reading and cubic polynomials for the GPA in 5th and 4th
grades standardized at the class level. In addition, we set the other-subject
prior score to zero when missing, and we include an indicator variable for
other-subject missing data that interacts with the polynomial of prior own-
subject scores. At the class level, we add class size, female proportion, and
cubic polynomials for average prior scores in both math and reading and
averages for age, assistance rate and repeating grade. At the school-year level,
we include monthly fee, an indicator for imputed fee and means for female
proportion, age, assistance rate and repeating grade. Finally, at the school
level, we add indicator variables for rural/urban and voucher/public and cubic
polynomials for average prior scores in both subjects.
5

o

VA distribution of male teachers when looking at female students,
such a pattern is not present for male students. In fact, the mean
difference (male–female) in teacher VA is −0.037 SD for girls, while it
is −0.018 SD for boys; both are significant at the 1% level. This suggests
hat girls receive greater VA from female teachers than boys do in math.
y type of school (public or voucher), we can see that girls and boys
btain more VA from voucher schools. The mean difference (voucher-
ublic) in teacher VA is 0.058 SD for girls and 0.054 SD for boys, both
f which are significant at the 1% level. The corresponding results for
eading are presented in Appendix B.

.2. Reliability and normalization of teacher VA estimates

As discussed in Section 2.1, the estimator for teacher 𝑗’s VA in year
𝜇̂𝐺𝑗𝑡 is the best linear predictor of 𝐴̄𝑗𝑡 based on prior scores. Therefore,
s Chetty et al. (2014) point out, a regression of test score residuals 𝐴𝑖𝑡
n teacher VA 𝜇̂𝐺𝑗𝑡 should yield a coefficient of 1 by construction (see
qs. (3) and (4)) under stationarity. We confirm this by running an OLS
egression of 𝐴𝑖𝑡 on teacher VA 𝜇̂𝐺𝑗𝑡 , including fixed effects by subject
nd student gender with clustered standard errors at the school cohort
evel. The point estimate is 0.978, and the 95% confidence interval is
0.948, 1.009).

Panel A in Fig. 3 presents the relationship between residuals 𝐴𝑖𝑡
nd teacher VA estimates 𝜇̂𝐺𝑗𝑡 nonparametrically. Teacher VA has a 1–1
elationship with test score residuals, showing that the linear prediction
odel fits the data well.

As Chetty et al. (2014) note, the relationship found between 𝜇̂𝐺𝑗𝑡
nd 𝐴𝑖𝑡 could be driven by the true causal effect of teachers 𝜇𝐺𝑗𝑡 or by
ifferences in student characteristics 𝜀𝑖𝑡 that persist across teachers. For
his reason, following the authors, we present forecast bias estimates for
ur model to verify that teacher VA measures are unbiased predictors of
eacher quality. First, we focus on the degree of selection on observable
haracteristics that we excluded from the model to estimate forecast
ias. Second, we focus on the bias from selection on unobservables
y estimating it through a quasi-experimental approach that exploits
eacher turnover.
Bias on observables. We can measure the degree of bias by analyzing

hether students are sorted to teachers based on unobserved determi-
ants of scores 𝜀𝑖𝑡. Even if we cannot observe 𝜀𝑖𝑡, we can nonetheless

btain partial information about 𝜀𝑖𝑡 by using variables that predict score
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Table 2
Teacher VA parameter estimates.

Reading Math

Boys Girls Boys Girls

Panel A: Autocovariance and autocorrelation vectors

Covariance Correlation Covariance Correlation Covariance Correlation Covariance Correlation
(1) (2) (3) (4) (5) (6) (7) (8)

Lag 1 0.022 0.228 0.022 0.261 0.048 0.500 0.050 0.531
(0.002) (0.001) (0.002) (0.002)

Lag 2 0.011 0.133 0.017 0.234 0.044 0.446 0.045 0.460
(0.002) (0.002) (0.002) (0.002)

Panel B: Within-year variance decomposition

Variance % Variance % Variance % Variance %
(1) (2) (3) (4) (5) (6) (7) (8)

Total 0.500 100.00 0.432 100.00 0.399 100.00 0.363 100.00
Individual 0.431 86.13 0.371 85.76 0.323 80.89 0.285 78.52
Class 0.032 6.38 0.029 6.78 0.014 3.58 0.013 3.55
Teacher 0.038 7.50 0.032 7.46 0.062 15.53 0.065 17.94

Notes: Standard errors clustered at the teacher level in parentheses for covariance estimations. Autocovariances and autocorrelations are estimated for mean test score residuals
between classes taught by a given teacher, separately for math and reading and boys and girls. Following Chetty et al. (2014), these statistics are measured at one-year and
two-year lags.
Fig. 2. Empirical distributions of math teacher VA estimates by gender and school type.
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esiduals 𝐴𝑖𝑡 but were omitted from our VA model. These variables are
arental characteristics (household income and education level of both
arents), and assuming that students are sorted to teachers purely on
hese variables, we can estimate forecast bias by regressing predicted
est scores based on these characteristics that were excluded from the
A model on teacher VA estimates. The degree of forecast bias due

o selection on parental characteristics is 0.7% since this regression’s
oefficient is 0.0067. The 95% confidence interval upper bound for this
stimate is 0.8%. Panel B in Fig. 3 presents the nonparametric analog of
his linear regression, which is nearly flat throughout the distribution,
onfirming that forecast bias from selection on observable parent char-
cteristics excluded from our VA model is negligible. Furthermore, and
s expected, including these characteristics as control variables results
n virtually the same VA estimates.
Bias on unobservables. The previous analysis does not rule out the

ossibility that students are sorted to teachers based on unobservable
6

haracteristics orthogonal to parent characteristics. For this reason, we
se the proposed quasi-experiment that exploits teacher turnover to
ssess bias in a complementary way. In our sample, 30% of teachers
ove to a different grade the following year within the same school,
5% of teachers move to a different school, and another 20% drop
rom our sample entirely. Therefore, adjacent student cohorts in a given
chool are usually exposed to different teachers. We use this naturally
ccurring teacher turnover to estimate forecast bias by comparing
he change in mean scores across cohorts to the change in mean
A driven by teacher turnover. As in Chetty et al. (2014), we can

dentify the degree of bias by assuming that the changes in VA within a
chool are uncorrelated with changes in other determinants of student
chievement.10

10 This quasi-experimental approach exploiting teacher turnover to test for
the presence of bias on unobservables has been successfully implemented by
other authors in the literature (Adnot et al., 2017; Urrea, 2018; Delgado,
2023).
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Fig. 3. Reliability of teacher VA estimates: Effects of VA on actual and predicted scores.
𝜇

Fig. 4. Teachers’ value-added and college entrance exam.

We begin by constructing leave-two-year-out estimates of teacher
A for each teacher using all years except 𝑡 − 1 and 𝑡 and averaging

he VA for boys and girls weighted by the gender proportion within
he classroom. Then, we calculate the change in mean teacher VA
or each school-subject-year cell that represents the changes in the
uality of the teaching staff. Finally, we regress the changes in mean
est scores across cohorts on changes in the quality of teaching staff.

e find that changes in the quality of teaching staff strongly predict
hanges in test scores across cohorts in a school-subject cell. The
stimated coefficient is 0.836 with a standard error of 0.115, implying
statistically nonsignificant bias of 16.42%.
Normalization of teacher VA estimates. As discussed in Section 2.2, we

ormalize our VA estimates relative to a reference group. In particular,
hose at the tenth percentile of the teachers’ CEE distribution were
ncluded. We do so because of a documented positive correlation
etween teachers’ precollege measures of teacher productivity.11

Fig. 4 shows a bin scatter of teacher VA and teacher CCE. There
s a positive correlation between the two measures. Thus, on average,
eachers with low CEE scores have low VA. This finding agrees with
hose of Gallegos et al. (2019) on teacher precollege achievement and
hort- and long-run measures of teacher productivity.

11 In Appendix C, we present an alternative normalization of teacher VA
sing male teachers in rural schools as the reference group and find similar
esults.
7

To implement the normalization, we use the average score be-
tween math and reading as our measure of CEE (the mandatory sub-
jects). Once we estimate the normalization constants, we normalize
the teacher VA measures (subtracting those constants) for the entire
sample.

Finally, Fig. 5 presents the nonparametric relationship between
teacher VA and the gender gap attributed to teachers for math and
reading in Panels A and B, respectively. For every teacher-year class,
an overall VA is calculated as the average between the normalized VA
for boys 𝜇𝑀𝑗𝑡 and the corresponding VA for girls 𝜇𝐹𝑗𝑡 , weighted by the
student gender proportion in class:

𝑗̂𝑡 = 𝜇𝑀𝑗𝑡 ⋅ (1 − %Girls𝑗𝑡) + 𝜇𝐹𝑗𝑡 ⋅%Girls𝑗𝑡

In addition, for every teacher-year class, we calculate the gender
gap in VA as the difference between the normalized VA for boys and
girls:

TVA gap = 𝜇𝑀𝑗𝑡 − 𝜇𝐹𝑗𝑡

The relationship between the gender gap in teacher VA and average
teacher VA is flat through VA support for math teachers (Panel A)
and slightly decreasing for reading teachers (Panel B). However, the
slope is minimal. Hence, better teachers do not necessarily exhibit
larger/smaller gender gaps for boys or girls. We further investigate
these results in the next section.

4.3. CCK decomposition

Table 3 presents the results from the decomposition depicted in
Eqs. (7) and (8). This analysis excludes single-sex schools (approxi-
mately 4% of our sample) since we need teacher VA estimates for both
male and female students. Column (1) shows the (male–female) gender
gap in SDs, and Columns (2) and (3) show the means of teacher VA
for each gender. Column (4) reports the total contribution of teachers
to the test score gender gap. The sorting (between class) and within-
class effects are shown in Columns (5)–(8). Finally, the numbers in
parentheses represent the percentage of the test score gap explained
by teachers’ VA.

In Panel A of Table 3, we can see that the contribution of teacher VA
to the gender gap differs by subject. While teacher VA tends to increase
the reading gender gap by 7.1% (favoring females), it helps decrease
the math gender gap by 16.9% (favoring females). When breaking
down the teachers’ contribution to the test score gender gap into sorting
and within-class effects, we observe that the predominant factor is the
within-class effect.

In Panel B, we analyze the heterogeneous effects of teacher VA
on the test score gender gap by teacher gender. First, in Column (1),
the math gender gap is smaller when students are assigned to female
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Fig. 5. Relationship between teacher VA and gender gap.
Table 3
Contribution to gender gap and CCK decomposition.

Decompositions of contribution:

Means of TVA Total Sorting (between-class) Gender specific (within-class)

Gender Among Among contribution Using male Using female Using male Using female
gap boys girls of TVA effects effects distribution distribution
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A – Overall sample:

Math 0.071 −0.005 0.007 −0.012 −0.002 −0.002 −0.010 −0.010
(−16.9) (−2.8) (−2.8) (−14.1) (−14.1)

Reading −0.211 0.013 0.029 −0.015 −0.000 −0.001 −0.014 −0.015
(7.1) (0.0) (0.5) (6.6) (7.1)

Panel B – By teacher gender:

Math
Male 0.095 −0.013 −0.014 0.001 0.001 0.001 −0.000 −0.001

(1.1) (1.1) (1.1) (−0.0) (−1.1)
Female 0.059 −0.000 0.018 −0.019 −0.004 −0.004 −0.015 −0.015

(−32.2) (−6.8) (−6.8) (−25.4) (−25.4)
Reading

Male −0.210 0.011 0.022 −0.011 −0.002 −0.002 −0.009 −0.009
(5.2) (1.0) (1.0) (4.3) (4.3)

Female −0.211 0.013 0.029 −0.016 0.000 −0.001 −0.015 −0.016
(7.6) (−0.0) (0.5) (7.1) (7.6)

Panel C – By school dependency:

Math
Public 0.064 −0.033 −0.027 −0.007 −0.001 −0.002 −0.005 −0.006

(−10.9) (−1.2) (−3.1) (−7.8) (−9.4)
Voucher 0.093 0.020 0.035 −0.015 −0.001 −0.001 −0.014 −0.014

(−16.1) (−1.1) (−1.1) (−15.1) (−15.1)
Reading

Public −0.222 0.016 0.032 −0.016 −0.000 −0.001 −0.015 −0.016
(7.2) (0.0) (0.5) (6.8) (7.2)

Voucher −0.193 0.011 0.026 −0.015 0.000 −0.001 −0.014 −0.015
(7.8) (−0.0) (0.5) (7.3) (7.8)

Notes: We restrict the analysis to the sample of teachers in mixed classes where teacher VA is estimated for boys and girls, therefore excluding those teachers in single-sex classes.
Figures in parentheses represent the percent of the overall gender gap.
teachers and greater when they are assigned to male teachers. Female
teachers reduce the math gender gap by 32.2%, while male professors
increase it by 1.1%. Furthermore, the CCK decomposition allows us
to better understand the underlying mechanisms involved. As shown
by Columns (5) to (8) of Panel B, while for male teachers there is
not much variation, approximately three-fourths of female professors’
contribution to the math gap is explained by the within-class effect
(25.4 pp out of 32.2%), and the other one-fourth is explained by
sorting.

Panel C analyzes the heterogeneous effects of teacher VA on the
student test score gap by school dependency. For math, while teachers
in public schools help reduce the gap by 10.9%, teachers in voucher
schools show a stronger effect, decreasing the gap by 16.1%. When
8

analyzing whether the effects are due to sorting or within-class effects,
we find that most are due to within-class effects, especially in voucher
schools (15.1 pp out of 16.1%).

Our findings align with the literature documenting a student–
teacher match component in teacher effectiveness. In particular, our
results agree with those of Paredes (2014), who finds that while teacher
gender does not correlate with boys’ achievement, girls benefit from
being assigned to female teachers in Chile. This favorable effect on
girls may be due to role model effects, which are compatible with
our within-class effects. Additionally, using data from the US, Carrell
et al. (2010) finds that while teacher gender has only a limited impact
on boys, it has a significant effect on girls’ math test scores. They
hypothesize that the role model effect may be behind their results
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Table 4
Contribution to math gender gap and CCK decomposition, heterogeneous effects.

Decompositions of contribution:

Means of TVA Total Sorting (between-class) Gender specific (within-class)

Gender Among Among contribution Using male Using female Using male Using female
gap boys girls of TVA effects effects distribution distribution
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A – By mother’s education, all teachers:

Primary 0.087 −0.042 −0.030 −0.011 0.004 −0.005 −0.011 −0.010
(−12.6) (4.6) (−5.8) (−12.6) (−11.5)

Secondary 0.079 −0.030 −0.018 −0.012 −0.002 −0.004 −0.008 −0.008
(−15.2) (−2.5) (−5.1) (−10.1) (−10.1)

Tertiary 0.058 0.008 0.022 −0.014 −0.003 −0.003 −0.011 −0.012
(−24.1) (−5.2) (−5.2) (−19.0) (−20.7)

Panel B – By mother’s education, female teacher:

Primary 0.078 −0.041 −0.018 −0.023 0.002 −0.010 −0.017 −0.016
(−29.5) (2.6) (−12.8) (−21.8) (−20.5)

Secondary 0.068 −0.028 −0.009 −0.019 −0.003 −0.006 −0.014 −0.014
(−27.9) (−4.4) (−8.8) (−20.6) (−20.6)

Tertiary 0.045 0.012 0.032 −0.021 −0.004 −0.004 −0.016 −0.017
(−46.7) (−8.9) (−8.9) (−35.6) (−37.8)

Notes: We restrict the analysis to the sample of teachers in mixed classes where teacher VA is estimated for boys and girls, therefore excluding those teachers in single-sex classes.
Figures in parentheses represent the percent of the overall gender gap.
but do not test for this channel. In another context, Delgado (2023)
also documents disparities in teacher impacts by student type apart
from gender. The author finds that some teachers are more successful
at improving black students’ test scores, while others show greater
effectiveness with non-black students.

Our findings contribute to the understanding of the effect of teacher
gender on student performance. The higher VA of female teachers to
girls than boys is mainly determined within the classroom and not
through sorting effects. This result rules out the hypothesis that sixth-
grade Chilean girls self-select into schools with low-VA teachers. This
sorting channel has been reported to be relevant in Italy by Carlana
(2019), who finds that teacher stereotypes make girls ‘‘self-select into
less demanding high schools, following the track recommendation of
their teachers’’. However, our findings are not comparable, since (Car-
lana, 2019) analyzes 8th graders and their educational track decisions
after middle school (academic-oriented, technical, and vocational high
school), and our sample includes younger students (6th graders) with
no such decisions.

4.4. Heterogeneous effects

In Table 4, we assess the presence of heterogeneous effects in
two additional dimensions: mother’s education and mother’s education
combined with teacher gender. We focus on math only since the
contribution of teachers to the reading gender gap is small.12

In Panel A, we analyze the student test score gap for mothers
with different levels of education. The math gender gap decreases as
mothers’ education increases. Additionally, the greater the mother’s
education, the greater the effect of teachers in reducing the math
gender gap. While girls of mothers with primary education see a 12.6%
reduction in the math gender gap due to teachers, those of mothers with
tertiary education see a 24.1% reduction in the gender gap associated
with teachers.

Panel B refines the analysis in Panel A, focusing on female teachers
only. We observe the same declining pattern in the math gender gap
as the mother’s education level increases but with lower levels than
those of Panel A. For example, the math gender gap for children of
mothers with tertiary education is 0.058 SD overall, but the gap for that
same group with a female teacher decreases to 0.045 SD. Interestingly,
the contribution of female teachers to the gap increases from 24.1% to
46.7% for that same group.

12 The reading results can be found in Appendix D.
9

Hence, daughters of more educated mothers with female teachers
have a lower math gender gap, and teachers’ contribution to reducing
the gap is greater. Identifying whether these differences in teacher
effectiveness are due to teacher or student behavior is beyond the scope
of this paper but indicates an interesting avenue for future research.

5. Conclusions

In this paper, we use rich administrative data from Chile to estimate
the effect of teacher VA on the gender gap in student math (which
favors boys) and reading (which favors girls) test scores. Our data allow
us to follow teachers over time and through different classes, and we
combine different empirical strategies (Chetty et al., 2014; Card et al.,
2016) to obtain unbiased estimates of teachers’ impact on test scores
and their contribution to gender gaps. Overall, we find that teachers
account for up to 18% of the score variance and that their value-added
helps reduce the gender gap in math and tends to increase the gender
gap in reading, favoring girls in both cases. In math, the decrease in
the gender gap is nearly one-third when girls are assigned to a female
teacher.

When analyzing the channel of these effects, we ruled out the sort-
ing channel: girls are not overrepresented in classrooms with low-VA
teachers (between-class effect). This effect occurs within the classroom.
This within-class effect is larger when girls are assigned to a female
math teacher and even larger when they have mothers with tertiary
education.

These teacher–student match effects have policy implications since
reallocating some teachers may improve female students’ achievement
in math, reducing the persistent gender gap in that subject.
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Table A.1
Teacher descriptive statistics by number of classes.

2013 2014 2015

Characteristics/# of classes 1 > 1 Diff. 1 > 1 Diff. 1 > 1 Diff.
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Female 0.76 0.74 0.02* 0.76 0.74 0.02* 0.77 0.74 0.03**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Rural school 0.16 0.15 0.01 0.18 0.14 0.04*** 0.17 0.15 0.02*
(0.01) (0.00) (0.01) (0.01) (0.00) (0.01) (0.01) (0.00) (0.01)

Voucher school 0.51 0.52 −0.01 0.51 0.52 −0.01 0.54 0.51 0.03**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

School monthly fee (kCLP$) 8.15 8.93 −0.78* 7.92 9.20 −1.28** 9.15 9.53 −0.38
(0.31) (0.23) (0.38) (0.32) (0.21) (0.40) (0.32) (0.24) (0.41)

School imputed fee 0.58 0.56 0.02 0.59 0.56 0.03* 0.56 0.57 −0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Class size 30.07 31.08 −1.01*** 29.13 30.73 −1.60*** 29.41 30.25 −0.84***
(0.15) (0.11) (0.19) (0.18) (0.10) (0.20) (0.16) (0.11) (0.19)

Class female proportion 0.48 0.48 0.00 0.48 0.48 −0.00 0.48 0.48 −0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Observations: 3,853 6,786 2,922 7,801 3,636 6,829

Notes: SE in parenthesis. Diff. presents the difference-in-mean test. Observations for teachers correspond to 19,239 different people over time. Teachers may be assigned to more
than one class and even teach math and reading to the same group of students in a given year.
* 𝑝 < 0.05.
** 𝑝 < 0.01.
*** 𝑝 < 0.001.
Fig. B.1. Empirical distributions of reading teacher VA estimates by gender and school type.
b
(

Appendix A. Teacher characteristics by number of classes

Table A.1 presents yearly summary statistics for teachers, separated
by the number of classes they teach in our sample (one class vs.
more than one class). Columns (3), (6) and (9) present difference-in-
mean tests. Teachers with one or more than one class are balanced
across voucher schools and have classes with the same share of fe-
male students. Now, while some other variables have a statistically
significant difference, the differences are rather small and economically
comparable. For example, while 76% of teachers with one class were
female in 2013, for those with more than one class, this percentage is
74%. The two percentage point difference is statistically significant but
economically negligible.
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Appendix B. Reading teacher VA estimates

In terms of teacher gender, the mean difference (male–female) in
teacher VA is −0.009 SD for girls (significant at 1%) and −0.004 SD for
oys (significant at 10%). Regarding school type, the mean difference
voucher-public) in teacher VA is −0.006 SD for girls and −0.004 SD

for boys, both of which are significant at the 1% level. Fig. B.1 displays
the density of our reading VA estimates. As can be seen, the differences
by teacher gender and school type appear to be negligible.

Appendix C. Alternative normalization of VA estimates

As discussed by Card et al. (2016), while the ‘‘sorting’’ or ‘‘between-
class’’ component does not depend on normalization, the within-class
component does. Therefore, our results regarding the between-class
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Fig. C.1. Teachers’ value-added, rurality and gender.
contribution of teacher VA to the gender gap are invariant to the
reference group. On the other hand, the within-class contribution of
VA to the gap can be affected by the reference group that is chosen
for normalization. Nonetheless, our results and main conclusions are
robust to the normalization of VA estimates.

Fig. C.1 presents the mean teacher VA estimates separately for
male and female teachers in rural and urban schools, along with the
corresponding 95% confidence intervals. As seen, male teachers in rural
schools have, on average, the lowest VA.
11
Table C.1 presents the contribution of teacher VA to the gender gap
and CCK decomposition when using male teachers in rural schools as
the reference group for the normalization of VA measures, with similar
findings to those presented in Table 3.

Appendix D. Reading gender gap: Heterogeneity

Table D.1 shows heterogeneous effects in teachers’ contribution
to the gender gap and CCK decompositions for reading by mother’s
education and mother’s education combined with teacher gender.
Table C.1
Contribution to gender gap and CCK decomposition using male teachers in rural schools as reference group for the normalization.

Decompositions of contribution:

Means of TVA Total Sorting (between-class) Gender specific (within-class)

Gender Among Among contribution Using male Using female Using male Using female
gap boys girls of TVA effects effects distribution distribution
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A – Overall sample:

Math 0.071 0.038 0.052 −0.014 −0.002 −0.002 −0.012 −0.013
(−19.7) (−2.8) (−2.8) (−16.9) (−18.3)

Reading −0.211 0.017 0.022 −0.005 −0.000 −0.001 −0.004 −0.005
(2.4) (0.0) (0.5) (1.9) (2.4)

Panel B – By teacher gender:

Math
Male 0.095 0.029 0.031 −0.002 0.001 0.001 −0.003 −0.003

(−2.1) (1.1) (1.1) (−3.2) (−3.2)
Female 0.059 0.043 0.064 −0.021 −0.004 −0.004 −0.017 −0.018

(−35.6) (−6.8) (−6.8) (−28.8) (−30.5)
Reading

Male −0.210 0.015 0.015 0.000 −0.002 −0.001 0.002 0.002
(−0.0) (1.0) (0.5) (−1.0) (−1.0)

Female −0.211 0.018 0.023 −0.006 0.000 −0.001 −0.005 −0.006
(2.8) (−0.0) (0.5) (2.4) (2.8)

(continued on next page)
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Table C.1 (continued).
Decompositions of contribution:

Means of TVA Total Sorting (between-class) Gender specific (within-class)

Gender Among Among contribution Using male Using female Using male Using female
gap boys girls of TVA effects effects distribution distribution
(1) (2) (3) (4) (5) (6) (7) (8)

Panel C – By school dependency:

Math
Public 0.064 0.010 0.019 −0.009 −0.001 −0.002 −0.008 −0.008

(−14.1) (−1.6) (−3.1) (−12.5) (−12.5)
Voucher 0.093 0.063 0.080 −0.017 −0.001 −0.001 −0.016 −0.016

(−18.3) (−1.1) (−1.1) (−17.2) (−17.2)
Reading

Public −0.222 0.020 0.026 −0.006 −0.001 −0.001 −0.005 −0.005
(2.7) (0.5) (0.5) (2.3) (2.3)

Voucher −0.193 0.015 0.019 −0.004 0.000 −0.001 −0.004 −0.005
(2.1) (−0.0) (0.5) (2.1) (2.6)

Notes: We restrict the analysis to the sample of teachers in mixed classes where teacher VA is estimated for boys and girls, therefore excluding those teachers in single-sex classes.
Figures in parentheses represent the percent of the overall gender gap.
Table D.1
Contribution to reading gender gap and CCK decomposition, heterogeneous effects.

Decompositions of contribution:

Means of TVA Total Sorting (between-class) Gender specific (within-class)

Gender Among Among contribution Using male Using female Using male Using female
gap boys girls of TVA effects effects distribution distribution
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A.1 – By mother’s education, all teachers:

Primary −0.196 0.010 0.022 −0.012 0.002 0.001 −0.015 −0.013
(6.1) (−1.0) (−0.5) (7.7) (6.6)

Secondary −0.218 0.013 0.024 −0.011 0.000 −0.000 −0.011 −0.011
(5.0) (−0.0) (0.0) (5.1) (5.1)

Tertiary −0.208 0.015 0.033 −0.018 −0.000 −0.001 −0.017 −0.018
(8.7) (0.0) (0.5) (8.2) (8.7)

Panel B.1 – By mother’s education, female teacher:

Primary −0.196 0.011 0.024 −0.013 0.001 0.000 −0.015 −0.014
(6.6) (−0.5) (−0.0) (7.7) (7.1)

Secondary −0.217 0.013 0.025 −0.012 0.001 −0.000 −0.012 −0.012
(5.5) (−0.5) (0.0) (5.5) (5.5)

Tertiary −0.208 0.014 0.033 −0.019 0.000 −0.001 −0.018 −0.019
(9.1) (−0.0) (0.5) (8.7) (9.1)

Notes: We restrict the analysis to the sample of teachers in mixed classes where TVA is estimated for boys and girls; therefore excluding those teachers in single-sex classes. Figures
in parenthesis represent the percent of the overall gender gap.
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