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Abstract

We study the determinants of math achievement among children in early elementary school using data
from a unique experiment in which children were randomly assigned to classrooms within schools for four
consecutive grades. As a result, each child in our sample was exposed to four separate, orthogonal shocks
to the quality of teachers and peers. We first show that there are steep socioeconomic gradients and a
substantial boy-girl gap in math test scores. However, among children of mothers with university
education, there is no difference in the math achievement of girls and boys. We use the experimental design
to test for differences in how boys and gitls respond to different measures of the quality of their
classrooms, teachers, and peers. We find no evidence of differential responses by gender.

JEL classification: 121

Keywords: test scores, teachers, gender



1. Introduction

Parents, teachers, and peers are the most important determinants of learning outcomes in childhood. In
this paper, we use data from a unique, multi-year policy experiment in Ecuador, a middle-income country
in South America, to analyze how these inputs affect the relative math achievement of boys and girls in
early elementary school.

Our focus on math is motivated by two important facts. First, early math test scores strongly
predict later educational attainment and achievement. In the United States, children who have one-
standard deviation higher math scores at the beginning of kindergarten have math scores that are 0.41
standard deviations higher in 15t through 8t grades, on average (Duncan et al. 2007). Relative to the rest
of the population, children in the lowest quartile of the distribution of math test scores at ages 6, 8, and
10 are 13 percentage points less likely to graduate from high school, and 34 percentage points less likely
to attend college (Duncan and Magnuson 2011).

The second reason we focus on math is that girls lag behind boys in math achievement in
elementary school and, especially, in high school. In the United States, Fryer and Levitt (2010) use the
ECLS-K to show that, by 3t grade, boys have math test scores that are 0.2 standard deviations higher than
girls. The average score of girls on the math component of the Scholastic Aptitude Test (SAT) is 30-40
points (0.3-0.4 standard deviations) below that of boys. Since early math scores predict later math scores,
understanding the determinants of early math achievement may provide some clues about later career
choices, including about the relative absence of women in science, technology, engineering, and math
(STEM) jobs.

We study early math achievement using data from a cohort of approximately 13,500 children who
were assigned to kindergarten classrooms within 204 schools with a rule that is as-good-as-random. These
children were re-assigned to different classrooms in 13, 2nd, and 3t grades. Compliance with the as-good-
as random assignment was very high—98.8 percent on average. At the end of each grade, age-appropriate
math tests were applied to children. We have rich data on teachers, including on the quality of the
interactions between teachers and children, as measured by a rubric known as the Classroom Assessment
Scoring System (CLASS, Pianta et al. 2007).

We make several contributions to the literature on human capital formation in childhood. Like
others, we find that children of low socioeconomic status (SES) and gitls in our sample have substantially
lower math achievement: A child whose mother has university education has math scores that are 0.52
standard deviations higher than a comparable child (in age and gender) whose mother has only an
elementary school education. Girls have math scores that are on average 0.14 standard deviations lower

than boys, with particularly large gender gaps in the right tail of the distribution. The variance of test scores



of boys is larger than that of gitls, although the difference is modest—a ratio of the boy-girl variance of
1.09

Next, we carefully explore boy-girl differences in achievement for different components of the
math tests. This is motivated by earlier findings in the literature that suggest that, because boys and gitls
excel at different math tasks, the magnitude of the boy-gitl gap in achievement can be very sensitive to test
content.2 We show that in our sample boys outperform girls in all sections of the tests we use, although
there are differences in the magnitude of the gender achievement gap by task.

Having established these facts, we turn to possible explanations for the gender gap we observe.
We first focus on the quality of home inputs, proxied by maternal education. We show that, on average,
girls with mothers who have university education do 7oz have lower math test scores than boys of similarly-
educated mothers. The “protective” effect of maternal university education on the math achievement of
gitls, relative to boys, appears to be most pronounced among single mothers. We cannot cleanly establish
causality between maternal education and child achievement, but our results suggest that mothers may play
an important role in determining the early math achievement of girls.

Schools could in principle affect the gender gap in math achievement in various ways. For example,
all teachers in Ecuador could call on boys in class more than on girls, and this could affect math
achievement. Our data are not well-suited to analyze such behaviors. However, we can analyze how girls
and boys respond to as-good-as-random variation in the quality of classrooms, teachers, and peers. This is
of interest in its own right and, as we discuss in the next section, is a question that has not been resolved
in the literature.

To test for differential responses to classroom quality by boys and gitls, we build on our earlier
work on learning outcomes in kindergarten (Araujo et al. 2016), as well as on the large literature on teachers
in the United States.> We begin by estimating “classroom effects” separately for boys and girls. These
classroom effects measure the extent to which there is more (or less) learning in a given classroom, relative
to others within the same grade and school (the level at which the as-good-as-random assignment was
carried out). We show that classroom effects for boys and gitls are very close in magnitude and are not

statistically different from each other.

2 Casey et al. (1995) show that, when questions which rely on visuospatial abilities are statistically removed from the math
SAT, the sex difference in scores disappears; Gallagher and DelLisi (1994) and Gallagher et al. (2002) find a similar pattern
for the Quantitative Reasoning section of the Graduate Record Examination (GRE). Some of the differences in the
magnitude of the gender gap that are reported in the literature, even for children of the same age, in the same country, at
the same point in time, could also reflect differences in test content. For example, the boy-girl difference in math
achievement of U.S. high school students on the 2015 PISA math test, applied to 15-year-olds, was 0.09 standard deviations
(OECD 2016), while the boy-girl difference in the SAT in 2015 was 0.31 standard deviations (Perry 2016).

3 See Chetty et al. (2014a, 2014b); Jackson et al. (2014); Jacob et al. (2010); Rivkin et al. (2005); and Staiger and Rockoff
(2010), among many important contributions.



Furthermore, in kindergarten, we collected data on the learning outcomes of two cohorts of
children assigned to the same teachers in subsequent grades, so we can calculate “teacher effects” that
purge the classroom effects of any classroom shocks. Here, too, we cannot reject the null hypothesis that
the effects for boys and girls are the same, although these results are imprecise.

Next, we turn to data on the quality of teacher-child interactions, as measured by the CLASS. In
our earlier work, we showed that kindergarten children who were randomly assigned to teachers with
higher CLASS scores learned more. In this paper, we first show that the CLASS is more strongly associated
with learning outcomes in kindergarten and 15t grade than in 2°d and 3 grades. Averaging across grades,
however, we cannot reject the null that the association between teacher CLASS scores and math
achievement is the same for boys and girls.

We also test whether girls benefit more from having a female teacher than boys, as has been found
by Dee (2005) in the United States, and Muralidharan and Sheth (2016) in India. Teacher gender does not
affect the math achievement of boys or girls in our sample.

In the last part of our analysis, we turn to the possible role of peers. Despite as-good-as-random
assignment, there is some naturally occurring variation in the baseline test scores of children in one or
another class in the same school. We exploit this variation to test whether having peers with higher baseline
test scores increases own math achievement, and whether any effect is different for boys and girls. We
show that peer quality measured in this way does not predict overall math achievement, or the gender gap
in achievement.

Similarly, there is some variation in the proportion of classmates who are girls in our sample. This
allows us to test whether having more girls in the classroom affects math achievement, as suggested by
Hoxby (2000). We show that having a higher proportion of female classmates improves the math test
scores of girls, although the magnitude of the effect is modest and the coefficient is only borderline
significant.

In sum, by and large there do not appear to be substantive or significant differences in how boys
and gitls respond to variation in the quality of classrooms, teachers, or peers. On the other hand, the
associations between maternal university education and the relative test scores of gitls and boys, especially
in single-mother households, suggest that there are aspects of the home environment that are important
in explaining early gender gaps in math achievement.

The rest of the paper proceeds as follows. In section 2, we briefly discuss the earlier literature on
gender, SES, and early math achievement. Section 3 describes the setting and our data. Section 4 discusses

identification and presents our main results. We conclude in Section 5.



2. Gender gaps in math achievement*

A number of papers in the economics and psychology literature, primarily from the United States, have
described, and attempted to explain, gender gaps in math achievement. Three striking facts emerge from
this literature.

First, gender gaps in math achievement are more apparent among older than younger children.
There is no evidence of a gender gap in math abilities among infants, toddlers, and children of preschool
age (Spelke 2005). In elementary school, Fryer and Levitt (2010) use the ECLS-K to show that, by 3
grade, boys in the United States have math test scores that are 0.2 standard deviations higher than girls,
and Bharadwaj et al. (2012) show that 4 grade boys in Chile have math test scores that are 0.09 standard
deviations higher than girls. The strongest evidence of gender gaps in achievement comes from
standardized tests taken in high school. The average score of girls on the math component of the Scholastic
Aptitude Test (SAT) is 30-40 points (0.3-0.4 standard deviations) below that of boys, and there has been
no substantive change in this gender gap for almost 50 years (Perry 2016). Data from the Programme for
International Student Assessment (PISA), a test applied to 15-year-olds, show that boys outperform girls
in most countries.

Second, there are differences in the £&inds of math tasks that males and females excel at. Females
tend to outperform males in basic computational tasks, while males do better than females on tests that
cover material that is not taught in the school curriculum (Geary 1996; Halpern 2000). The largest male
advantage is found in math tasks that involve visuospatial abilities, with gender differences of up to one
standard deviation (Halpern et al. 2007).

Third, the boy-gir]l gap in math achievement is largest in the right tail of the distribution. Early
work by Benbow and Stanley (1980; 1983) found ratios close to 13 to 1 in the extreme right tail (top 0.01
percent) of the distribution of the math component of the 7% grade SAT, although this ratio appears to
have decreased and stabilized around 4 to 1 (Wai et al. 2010). Ellison and Swanson (2010) show that the
male-female ratio among those scoring 800 on the SAT is 2.1 to 1. Using data from the American
Mathematics Competition, which focuses on very high math achievers, they find male-female ratios larger
than 10 to 1 in the extreme right tail of the distribution.

Although the basic facts about gender differences in math achievement are widely accepted, there
is vigorous scholarly (and popular) debate about why boys outperform girls in math, in particular on the
role of biological and environmental influences. Some have argued for the importance of hormonal
differences, or differences in brain structure, between men and women. When women are administered

male hormones in preparation for female-to-male sex-change surgery, their performance on some math

#In this section, our discussion of the evidence from psychology draws heavily on Halpern et al. (2007).



tasks (in particular, 3-D spatial cognition) improves (Van Goozen et al. 1994; 1995; Voyer et al. 1995).
Evolutionary psychologists and anthropologists have pointed out that males in traditional societies carry
out tasks that require visuospatial abilities, including tribal warfare and large-game hunting. This, in turn,
could have resulted in an evolutionary process that favors brain development in these abilities among males
(see the discussion in Halpern et al. 2007).

Others have focused on environmental influences. Crowley et al. (2001) show that, when parents
and children use interactive science exhibits at a museum, parents are three times more likely to explain
science concepts to boys than girls. In a science game that involved playing with magnets, mothers were
more likely to ask boys than girls questions about the scientific process, like their hypotheses and how to
test them (Tenenbaum et al. 2005).

Nosek et al. (2009) argue that national differences in gender—science stereotypes predict national
sex differences in science and math achievement. Using data from PISA, Else-Quest et al. (2010) and
Guiso et al. (2008) argue that the gender gap in math achievement is larger in countries where there is less
gender equality in other outcomes, although the empirical work underlying these estimates has been
brought into question (Stoet and Geary 2015). Nollenberger et al. (2016) also use the PISA data to show
that, among second-generation immigrants, the more unequal are various outcomes by gender in parents’
country of origin, the larger are the boy-girl difference in math achievement of their children—even though
children of immigrants from different countries are all exposed to the same institutional context, given by
their country of birth.

“Stereotype threat” may also play a role. In a well-known study with college students, participants
were divided in two groups before taking a math test. In one group, participants were told before taking
the test that men generally outperform women, while in the other group participants were not told anything
about gender differences in performance. In the first group, men had higher test scores than women, but
in the second group they did not (Spencer et al. 1999). A different explanation is found in Niederle and
Vesterlund (2010), who argue that the gender difference in math achievement is largely driven by the fact
that girls perform less well than boys in competitive test-taking environments.

Environmental influences also include teachers and schools. Teachers could have stereotypes
about the math ability of boys and gitls that affect how they treat students (as in Lavy and Sand 2015).
Teachers may call more on boys than gitls in class.> Even in the absence of differences in how teachers

perceive or treat boys and gitls, there could be differences in how boys and gitls respond to inputs like

> For the United States, see Sadker and Sadker (1995), and Halpern et al. (2007, p. 22, and the references therein); see also
Bassi et al. (2016) for a sample of 4t grade classrooms in Chile. Our data are not well-suited to analyze behaviors that are
common to all teachers.



teacher quality or better peers. This question has received attention in both psychology and economics. In
the economics literature, Autor et al. (20106) use data from Florida and argue that there are larger benefits
from school quality for boys than girls. On the other hand, Hastings et al. (2006) and Deming et al. (2014)
use data from lottery assignment in the Charlotte-Mecklenburg school district and argue that attending a

first-choice school benefits girls more than boys.

3. Setting and data

We study SES, gender, and math achievement in Ecuador, a middle-income country in South America. As
is the case in most other Latin American countries, math achievement of young children in Ecuador is low
(Berlinski and Schady 2015; Naslund-Hadley and Bando 2015).

The data we use come from an experiment in which an incoming cohort of children was assigned
to kindergarten teachers in 204 schools in the 2012 school year with an assignment rule that is as-good-as-
random.® These children were reassigned to 15t grade teachers in 2013, to 2nd grade teachers in 2014, and
to 3 grade teachers in 2015. Compliance with the assignment rules was very high—98.8 percent on
average.” As a result, for the main cohort of children we follow, we have four exogenous, orthogonal
shocks to classroom quality. In addition, a second cohort of kindergarten children was assigned to teachers
with the same assignment rule in 2013. Thus, for the majority of kindergarten teachers in our sample
(excepting those who moved schools, or taught a grade other than kindergarten in either year), we have
data on the learning outcomes of children in their classrooms for two consecutive years.

As-good-as-random assignment means that we can deal effectively with concerns about any
purposeful matching of students with teachers that can arise in a non-experimental setting (Chetty et al.
2014a; Rothstein 2010). Throughout, we work with a balanced panel of 9,013 children for whom we have
data on maternal education; their receptive vocabulary at the beginning of kindergarten, as measured by
the Test de Vocabulario en Imdgenes Peabody (TVIP), the Spanish version of the widely used Peabody Picture
Vocabulary Test (PPVT) (Dunn et al. 1986);8 and valid test score data in all four grades. We provide further

¢ These schools are a random sample of all public schools that had at least two kindergarten classtooms in the coastal
region of the country. See Araujo et al. (20106) for details.

7 Random assignment experiments of students to teachers in the United States have had much lower compliance rates.
For example, contamination was a setious issue in the influential Measuring Effective Teaching (MET) project (Kane and
Staiger 2012). Across the six different sites, compliance with the random assignment ranged from 66 percent (in Dallas)
to 27 percent (in Memphis).

8 Performance on this test at early ages has been shown to predict important outcomes in a vatiety of settings, including
in Ecuador. Schady (2012) shows that children with low TVIP scores before they enter school are more likely to repeat
grades and have lower scores on tests of math and reading in early elementary school in Ecuador; Schady et al. (2015)
show that many children in Ecuador start school with substantial delays in receptive vocabulaty, and that the difference in
vocabulary between children of high and low socioeconomic status is constant throughout elementary school.



details on the assignment rules and compliance in Appendix A, and on changes in the sample that arise as
children transfer into or out of our sample of schools in Appendix B.

At the end of each grade, we applied age-appropriate math tests to children. Test scores are
normalized by subtracting the grade-specific mean and dividing by the grade-specific standard deviation.
Details on test scoring and aggregation are provided below and in Appendix C.

Table 1, Panel A, summarizes the characteristics of children and their families. Children were
approximately 5 years old on the first day of kindergarten. Half of them are girls, as expected. At the time
children enrolled in kindergarten, mothers were on average in their eatly thirties, and fathers were in their
mid-thirties. Education levels are similar for both parents—just under nine years of school (which
corresponds to completed middle school). The average child in our sample has a TVIP score that places
her more than 1 standard deviation below the reference population that was used to norm the test,
indicating that many children begin formal schooling with significant delays.” The baseline TVIP score of
girls in our sample is lower than that of boys, a difference of about 0.08 standard deviations.

Table 1, Panel B, summarizes the characteristics of teachers in our sample. Teachers are in their
mid-40s, on average, and 89 percent of them are women. The average teacher has 18 years of experience,
and three-quarters are tenured (rather than working on a contract basis). Average class size is 37 students.

We measure the quality of teacher-student interactions using the CLASS (Pianta et al. 2007). The
CLASS measures teacher behaviors in three domains: emotional support, classroom organization, and
instructional support. In practice, in our application of the CLLASS (as well as in others), scores across
domains are highly correlated with each other. For this reason, we focus on a teacher’s total CLASS score.
A number of papers using data from the United States have found that children exposed to teachers with
better CLLASS scores have larger learning gains, better self-regulation, and fewer behavioral problems
(references include Howes et al. 2008; Grossman et al. 2013; Kane and Staiger 2012). In our earlier work
(Araujo et al. 2016) we found that kindergarten children who were randomly assigned to a teacher with a
one-standard deviation higher CLLASS score had 0.08-0.09 standard deviation higher math test scores.
Further details on the CLLASS rubric and the process of filming teachers and coding video footage are
given in Appendix D.

Figure 1 graphs univariate densities of the distribution of total CLLASS scores for teachers in our
study, separately by grade. The CLASS is scored on a 1-7 scale, with scores of 1 or 2 being “low”, between
3 and 5 being “medium”, and 6 or 7 being “high” quality. The average score of teachers in our sample is

3.3. A few teachers have scores in the “low” range, but the vast majority, more than 80 percent, have scores

? The TVIP was standardized on a sample of Mexican and Puerto Rican children. The test developers publish norms
that set the mean at 100 and the standard deviation at 15 at each age (Dunn et al. 1986).



between 3 and 4. In the figure we also graph the distribution of CLLASS scores in a nationally representative
sample of 773 kindergarten classrooms in the United States (Clifford et al. 2003). The average CLLASS
score in this sample is 4.5. The difference in scores between the United States and Ecuador samples is
substantial, equivalent to 2.4 standard deviations of the U.S. sample and 4.7 standard deviations of the
Ecuador sample. Fifteen percent of the teachers in the U.S. sample but none of the teachers in the Ecuador

sample have scores of 5 or higher.

4. Estimation strategy and results

A. Descriptive results

To motivate our results, Figure 2 presents math achievement by gender, averaged across the four grades.
Panel A shows that girls have 0.14 standard deviations lower math achievement than boys. Panel B focuses
on distributional differences. The figure shows that girls are slightly over-represented in the bottom part
of the distribution of achievement: 53 percent of those below the 10t percentile are girls. There are larger
gender differences in the right tail of the distribution: The percentages of girls above the 75%, 90th, 95t
and 99t percentiles of the distribution are 43 percent, 40 percent, 39 percent, and 36 percent, respectively.
Put differently, in the very right tail of the distribution of math achievement, there are almost twice as
many boys as gitls.

Figure 3 focuses on maternal education gradients in math achievement. For this purpose, we
classify children into those whose mothers have only elementary school education (39 percent of the
sample), those with at least some secondary school (51 percent of the sample), and those with at least some
post-secondary education (10 percent of the sample; university, for short—we cannot distinguish among
different kinds of post-secondary education in our data). Panel A shows that children of mothers with
university education have achievement levels that are 0.52 standard deviations higher than children of
mothers with only elementary school education.

The other panels in the figure focus on distributional differences in math achievement by maternal
education. Panel B shows that children of low-education mothers are over-represented at the bottom of
the distribution, and under-represented at the top. Forty-seven percent of children in the lowest decile of
math achievement, but only 29 percent in the highest decile, have mothers with elementary school
education. Conversely, Panel D shows that children of high-education mothers are under-represented at
the bottom of the distribution, and over-represented at the top. Six percent of children in the lowest decile

of math achievement, but 15 percent in the highest decile, have mothers with university education.

B. Maternal education, gender, and math achievement

10



To further explore the associations between SES, gender, and math achievement, we stack the data for the

four grades, and run regressions of the following form:

(1) Ying = ag + BrAgeing + P2E2ing + B3E3ing +B4Female ing + Bs(E3*Female)ing + ing,

where the subscripts i, h, and g stand for individuals, households, and grades, respectively; Ying is the math
test score; B2y and E3ig are indicator variables for children with mothers (or fathers, in some
specifications) with secondary school and university education, respectively; Female i is an indicator
variable for girls; (E3*Female)ig refers to girls of mothers (fathers) with university education; Ageing is
child age and age squared at the beginning of kindergarten; o, is a set of grade-specific intercepts; and eing
is the error term. Standard errors are clustered at the student level.!

Our first set of regression results are in Table 2. In each grade, our test has three sections: number
recognition and basic arithmetic (section 1), number sense (section 2), and word problems (section 3). Panel A reports
the results from regressions of math achievement on a single variable—the indicator for girls. These results
are therefore estimates of the boy-girl gap in achievement for different sections of the test, or different
ways of scoring or aggregating questions and sections. Columns (1) through (3) show there are large
differences in the magnitude of the estimated gender gap in achievement across test sections. The gender
gap is 0.115 standard deviations for the number recognition and basic arithmetic section, 0.162 for the number
sense section, and 0.066 for the word problems section.!!

The other columns in Table 2 compare different ways of scoring responses and aggregating test
sections. In our preferred specification in column (4) of Table 2, questions within each section are
aggregated by Item Response Theory (IRT), and each section is given one-third of the weight in the total
score.!? With this aggregation, the overall boy-girl gap is 0.143 standard deviations. An alternative, in

column (5), is to simply count the number of correct responses in each section (rather than using IRT),

10We have also considered models including an interaction between E2 and Female. However, the estimated coefficient
is always small and statistically insignificant.

1 Conceivably, this pattern could atise if there were differences in the quality of the test across sections—in the extreme,
if a test were completely inappropriate for children of a given age, we would expect there to be no differences in
achievement by gender. However, this does not appear to be the case in our data: The achievement gaps between boys
whose mothers have more or less education are very similar for all three sections. Rather, it appears that the gender
differences in achievement by section reflect true underlying differences by gender in skills, and that these gender
differences are larger for some skills——wnumber sense—than for others—aword problems. We also note that the pattern of results
in Table 2 is consistent with what has been reported in the psychology literature: Halpern et al. (2007, p. 29) argue that
there is “converging evidence” that the largest gender gaps in math achievement favoring boys are found in tasks such as
place value and representation on a number line—precisely the math skills that are in the number sense section—while the
smallest gaps are found in math tasks that are represented in a verbal format—as is the case in the word problems section of
our tests.

12 In columns (1) through (3) in the table, individual questions within each section are also aggregated by IRT.
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but still give one-third of the weight to each section. With this aggregation, the gender gap is 0.150 standard
deviations. Finally, in columns (6) and (7) we test the robustness of the results to different ways of choosing
the weights that are given to each section. In both columns, the questions in each section are aggregated
by IRT, as in column (4). In column (6), however, we use factor analysis to aggregate the three sections,
which results in an estimate of the boy-girl gap of 0.157 standard deviations. In column (7) we use the
approach proposed by Anderson (2008), which results in an estimated gap of 0.136 standard deviations."”

In sum, although there are differences in the boy-girl gap in achievement for different sections of
our math test, our results are robust to alternative ways of calculating a total math score. On the other
hand, any conclusion one might draw on the evo/ution of the gender gap as children age is very sensitive to
choices of test scoring and aggregation.!* These concerns have also been highlighted in recent research on
the evolution of the Black-White test score gap in the United States (Boyd and Lang 2012). For this reason,
we do not analyze changes in the gender gap as children age in this paper.

Panel B refers to results that also include the controls for age, maternal education, and the
interaction between maternal university education and girls. The most interesting result in Panel B of Table
2 is the coefficient on the interaction term between maternal university education and gender. This
coefficient is generally of about the same magnitude, but of opposite sign, as the coefficient on gitls, and
is highly significant. F-tests reported at the bottom of the table show that we can never reject the null that
the sum of the two coefficients is equal to zero. In other words, among children whose mothers have
university education, the math achievement of boys and girls is essentially the same.

To further explore the association between maternal education, gender, and math achievement,
we first control for household wealth.!> These results are in Table 3. Column (1) in the table reproduces
our preferred specification from Panel B of Table 2. In column (2) we add a fourth-order polynomial in

wealth. Unsurprisingly, controlling for wealth substantially reduces the coefficients on the maternal

13 The steps for constructing the Anderson aggregate are as follows (1) Suppose we have N tests in an aggregate: testl,
test2, test3, ..., testN. Calculate the variance-covariance matrix for these N tests. It should be a symmetric NN matrix. Call
that COV; (2) calculate the inverse of COV, call that INVCOV. That should also be a symmetric NN matrix; (3) compute
weights for each test, which are needed to construct the weighted average that forms the index. The denominator of each
weight is the sum of all the elements in INVCOV. The numerator in each weight is the sum of all the elements in each
line of INVCOV (line 1 for testl, line 2 for test2, ..., line N for testN). Weights add up to 1, since the sum of all these line
sums will be the sum of all the elements in INVCOV; (4) compute the aggregate using these weights to form a weighted
average of all tests.

14 Depending on how tests are aggregated, one can show that the gender gap increases between kindergarten and 1% grade,
but then falls between 1%t and 3" grade; increases from kindergarten to 274 grade but then falls between 2°d and 3 grade;
or increases in every grade between kindergarten and 3™ grade.

15 To construct our measure of wealth, we aggregate the following variables by principal components: whether the
household has piped water inside the home, whether it is connected to the public sewerage system, the main materials of
the roof, walls, and floors (three separate variables), and whether the household has a fridge, TV, computer, and washing
machine (four separate variables). The wealth index is given by the first principal component.
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education indicators. However, the coefficient on the interaction term between maternal university
education and gender changes very little: It is 0.137 (0.0506) in column (1), and 0.132 (0.056) in column (2).

Next, we create indicator variables for households in the lowest 40 percent of the distribution of
wealth, between the 40t and 90t percentiles, and above the 90t percentile of the distribution. We partition
the wealth data in this way to closely mimic the distribution of education. In column (3) of Table 3 we
include the indicator variables for medium and high wealth, as well as an interaction term between high
wealth and gender. The coefficient on the interaction term is small and is not statistically significant. Finally,
in column (4), we include the indicator variables for maternal education and wealth, as well as both
interaction terms. The interaction term between high wealth and gender is -0.013 (0.059), while the
interaction term between maternal education and gender is 0.143 (0.060). In sum, Table 3 shows that
wealth per se does not predict the test scores of gitls, relative to boys, and controlling for wealth does not
change the association between maternal university education and the gender gap in math achievement.

We also partition the data into children of single mothers, and children who live with both
biological parents.!¢ Table 4 focuses on children who live with both biological parents. The table shows
that the coefficients on the interaction between university education and gender are somewhat larger for
mothers than fathers, although neither is significant:!7 0.105 (0.066) for mothers in column (1), and 0.063
(0.074) for fathers in column (3). The coefficient on the interaction between paternal university education
and girls is reduced by half when the regression also includes maternal university education and wealth, as
can be seen in column (6). On the other hand, the coefficient on the interaction between maternal
university education and girls is unaffected by the inclusion of these additional controls.

Table 5 refers to single mothers, and has the same structure as Table 3.8 We first note that the

coefficient on gitls in this sample is somewhat smaller, -0.114 (0.045), than in the sample of married or

16 We do this for both practical and substantive reasons. On the practical side, the household survey only collected
information on the education of all household members who were co-residing with the focal child. Thus, in households
with both parents, we have information on the education of fathers and mothers, while in single-mother households there
is no information on the education of fathers. There are 9,457 children for whom we have data on child age, gender, the
baseline TVIP score, and the end-of-grade math test scores for kindergarten through 3t grade. Of these children, 7,131
(75.4 percent) lived with both biological parents at the time of the survey, and 1,891 (20 percent) lived only with their
mother. We have data on the education of mothers for 9,013 of these 9,457 children, and data on the education of fathers
for 7,119 of children who lived with both biological parents, as well as 137 of the 138 children who lived only with their
fathers. There are also 270 children (2.9 percent of the total) who lived with neither biological parent, and we do not have
data on the education of either patrent for these children.

17 Of course, the education of both parents in two-parent households is correlated: The correlation between years of
completed schooling of father and mothers is 0.48. However, there are 438 children who have university-educated mothers
but fathers without university education, and 314 children who have university-educated fathers but mothers without
university education. These are the two groups that are important for the estimates in Table 4.

18 We refer to women as “single mothers” if they do not co-reside with the biological father of the focal child. 332 of the
1891 women who do not live with the father of the focal child live with a new partner. To sharpen our comparisons, we
do not include these women in the sample of single mothers, or in the sample of children who live with both parents.
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cohabitating women, -0.147 (0.021). Moreover, in this sample the association between maternal university
education and the math achievement of girls, relative to boys, is very large: the coefficient on the interaction
term is 0.239 (0.119). The next three columns in the table show that this conclusion does not change if we
control for wealth.

Finally, we use quantile regressions to analyze differences in math achievement between boys and
girls at different points in the distribution. To keep the number of results manageable, we focus on
maternal education. The regressions for all quantiles are estimated simultaneously, and standard errors are
generated using a block bootstrap procedure (each child is a block). We report results in Table 6, for the
full sample of children (Panel A) and for the sample of children of single mothers (Panel B).

In both panels, boys outperform girls throughout the distribution of math achievement. The girl
disadvantage is larger at the top than at the bottom of the distribution—significantly so, in the case of the
full sample of women. There are differences in the two panels, however, in the “protective” effect of
university education on the math achievement of girls, relative to boys. In the full sample, boys outperform
girls at the 75t percentile of the distribution or above even among children of university-educated mothers.
In the sample of single mothers, we can never reject that the math achievement of sons and daughters of
university-educated women is the same.

In sum, our data suggest that maternal education, living arrangements, and child gender interact
in important ways. That said, we do not know what highly-educated mothers 4o to boost the math
achievement of girls, relative to boys, and why this effect is particularly large among single mothers. It is
possible that highly-educated women who select into single parenthood have unmeasured characteristics
that are correlated with the math achievement of their daughters. It is also possible that mothers have
preferences for the math achievement of their daughters, and are better able to act on these preferences

when they are highly-educated and single.!® Our data do not allow us to test these or other hypotheses.

C. Classroom effects

The most novel aspect of our data is the as-good-as-random assignment of children to classrooms, with
very high levels of compliance, in four consecutive grades. We use this to carefully analyze possible

differences by gender in the returns to the quality of classrooms, teachers, and peers.

However, our results are very similar if we reclassify these women as single mothers. These results are available from the
authors upon request.

19 A number of papers have shown that when women control resources, investments in daughters increase more than
investments in sons (for example, Duflo 2003; Rangel 2006). There is no exogenous change of resources in our data, but
the finding that maternal university education boosts the math achievement of gitls, relative to boys, more in single-
mother- than in two-parent-households may be an indication that batgaining power is important: In two-parent
households, mothers need to bargain with fathers, in single-mother households, they do not.
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We calculate classroom effects, separately by grade, and also separately for boys and gitls. For this
purpose, as is standard in the literature, we (1) regress end-of-grade math scores ona fourth-order
polynomial in lagged math scores, child age and its square, the indicator variables for mothers with
secondary school and university education, and classroom fixed effects;?0 (2) construct residualized math
scores by subtracting the estimated effects of lagged math scores, age, and maternal education; (3) calculate
classroom and school means of these residualized scores; and (4) subtract the school means from the
classroom means of residualized scores.

The distribution of the demeaned classroom averages we calculate has mean zero, by construction.
In principle, the standard deviation of this distribution is an estimate of how much more learning there is
in a classroom with one standard deviation higher quality. In practice, however, the estimated variance (or
standard deviation) includes both the variance of the true classroom effects and the variance of sampling
error, and is therefore an upward-biased estimate of the variance of classroom effects. As in our earlier
work (Araujo et al. 2016), we use a standard Empirical Bayes procedure to estimate the variance of the
sampling error, and subtract this from the variance of the observed classroom effects.?! Furthermore,
because we are interested in comparing the magnitude of the classroom effects for boys and gitls, we use
a block bootstrap procedure (each school is a block) to calculate standard errors of each of the estimated
classroom effects.

Results are reported in Table 7. The table has five columns—the first column corresponds to the
stacked data for all four grades, and the next columns refer to grade-specific estimates of the classroom
effects. The table shows that classroom effects decline monotonically by grade, from 0.13 to 0.10. We
cannot reject the null that estimated effects are the same for boys and gitls in any grade. In the stacked
data, the confidence interval for the boy-girl difference is reasonably tight, and we can rule out differences

in classroom effects by gender of 0.014 standard deviations or larger.??

D. Teachers and teacher behaviors

20 In the regressions that do not separate the sample into boys and girls, we also include the indicator variable for gender.
We do not have data on lagged math scores for children in kindergarten. In this case, and following our earlier work
(Araujo et al. 20106), we include a fourth-order polynomial in the TVIP.

2'The Empirical Bayes correction we apply takes account of the fact that the school mean is unknown, and must therefore
be estimated. See Araujo et al. (2016), Appendix D, and Chetty et al. (2011). In the most flexible formulation this correction
factor can be grade-specific. However, estimating so many parameters leads to substantial imprecision, especially when we
compare parameters by gender. Therefore, in the estimates we report, we fix the variance of the sampling error to be equal
to the average of the grade-specific variances. Conclusions from the more flexible specification with grade-specific
estimates of the sampling error are the same, but the estimates are less precise.

22 The standard deviation of classroom effects for the whole sample is smaller than the standard deviation of classroom
effects for boys and girls. This need not be surprising. To see this, consider a case with two random variables with the
same variance. The variance of the mean of these variables will be lower than the variance of the individual variables, as
long as they are not perfectly correlated (which we do not expect because of within-school random assignment).
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As is well known from the literature on teachers, classroom effects include both teacher quality and
idiosyncratic classroom shocks (for example, the presence of a particularly difficult child who disrupts
learning). With two or more years of data on learning outcomes for children assigned to the same teachers,
it is possible to calculate teacher (rather than classroom) effects by taking the square root of the cross-
cohort covariance of the classroom effects for the same teacher (Hanushek and Rivkin 2012; McCaffrey
et al. 2009). For kindergarten only, our experiment collected data on learning outcomes for two cohorts
of children as-good-as-randomly assigned to the same teachers.?> We use these data to calculate
kindergarten teacher effects, once again separately for boys and gitls.

Panel A of Table 8 shows that the kindergarten teacher effects we estimate in this way appear to
be somewhat larger for girls than boys—~0.11 compared to 0.07. However, as is the case with the classroom
effects, we cannot reject the null that the teacher effects are the same, although the confidence interval for
this difference is large, suggesting that the test has low power.

Although classroom and teacher effects for boys and girls are indistinguishable from one another
in our data, it is possible that some teachers are especially effective at teaching boys, while others are
especially effective at teaching gitls. To explore this, we calculate the cross-cohort correlations between
the estimated learning gains a given kindergarten teacher produces for all children, for boys only, and for
girls only, and the bootstrapped standard errors of these correlations.?* These estimates are reported in
Panel B of Table 8. The top, left-hand value in the table, 0.29, is the cross-cohort correlation of the teacher
effects for all children. The other two diagonal elements in the table indicate that the gender-specific
correlations are 0.10 for boys, and 0.24 for girls.

Panel B of Table 8 provides no evidence that some kindergarten teachers are consistently more
effective with boys while others are consistently more effective with girls. We cannot reject the null that
knowing how much learning a teacher produced among boys in cohort 1 predicts her effectiveness with
girls in cohort 2 as well as knowing how much learning this teacher produced among girls in cohort 1 (the
correlations of 0.17 and 0.24 are statistically indistinguishable from each other); similarly, we cannot reject

the null that knowing how much learning a teacher produced among gitls in cohort 1 predicts her

23 For the second kindergarten cohort, we only collected data on two of the three math sections—ruumber recognition and
basic arithmetic, and word problems, but not the third domain, #umber sense. Our estimated teacher effects therefore only refer
to the average of these two domains.

24To calculate these correlations, we need the vatiance of the teacher effect for boys, the variance of the teacher effect for
gitls, and the covariance between the teacher effects for boys and girls. The two variances are given by the square of the
gender-specific standard deviations of teacher quality reported in Table 8. The covariance can in principle be estimated by
taking the covariance between the boy-specific classroom effects in cohort 1 and the girl-specific classroom effects in
cohort 2 for each teacher, or the covariance between the girl-specific classroom effects in cohort 1 and the boy-specific
classroom effects in cohort 2 for each teacher. In practice, we take the average of these two quantities.
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effectiveness with boys in cohort 2 as well as knowing how much learning this teacher produced among
boys in cohort 1 (the correlations of 0.13 and 0.10 are statistically indistinguishable from each other).
We next turn to an analysis of teacher characteristics and behaviors. For this purpose, we run

regressions of math achievement of the following form:

ihjgs -1 S : S s s )
2) Yinjgs = ttog + B1 Yinjg1s + BoXinjgs + B3 Tjes + Bo(Tjee*Femaleinjgs) + Sinigs

where Yinjgs is the math test score of child i in household h with teacher j in grade g and school s; Yinjg 15 is
a vector containing terms of a fourth-order polynomial in lagged test scores for this child; asg is a vector
of school-by-grade fixed effects; Xinjgs includes child age and its square, an indicator variable for gitls, and
the indicator variables for mothers with secondary school and university education, respectively; Tig is a
given teacher characteristic or behavior; and einjgs is the error term. Standard errors are clustered at the
classroom level, as recommended in Abadie et al. (2017).2>

We begin by analyzing how teacher gender affects the math achievement of girls and boys. Dee
(2005) and Muralidharan and Sheth (2016) argue that female teachers particularly benefit girls using data
from the United States and India, respectively. We can only carry out this analysis for 3t grade because in
earlier grades almost all teachers are women.2¢ In 3td grade, 22 percent of the teachers are male, and roughly
one-third of the schools in the sample have at least one male and one female teacher. These results, in
Panel C of Table 8, show that the coefficient on having a female teacher is very small for boys and girls,
and we cannot reject the null hypothesis that they are the same.

Finally, we turn to teacher-child interactions, as measured by the CLLASS.?’ Panel D of Table 8
shows that children who are taught by teachers with a one-standard deviation higher CLLASS have 0.043
standard deviations higher math achievement, on average. We note that the CLASS is likely to have
substantial measurement error, which would bias these coefficients towards zero. In our earlier work
(Araujo et al. 2016) we used the CLASS score for kindergarten teachers teaching an earlier cohort of

children to instrument the current CLASS with the lagged CILASS.28 The coefficient on the CLASS in

%5 However, our results are very robust to alternative ways of clustering—for example, clustering at the school level—or
to no clustering at all. These results are available from the authors upon request.

26 The proportions of the teachers that are female in kindergarten, 1%t grade, and 204 grade are 99 percent, 93 petcent, and
87 percent, respectively.

27 'The CLASS is missing for two teachers in the sample, who had 20 and 8 children, respectively, in their classes. As a
result, the sample size for the stacked (all grades) regression in Panel D of Table 8 has 132 (28 times 4) fewer observations
than the regressions in the other tables in the paper.

28 The coefficient on the CLASS for kindergarten teachers in Table 8, 0.054 (0.013) is not the same as the comparable
OLS coefficient in Table IV in Araujo et al. (2016), 0.07 (0.02). This difference is a result of differences in the estimation
samples. In Table IV in Araujo et al. (20106), the sample was limited to kindergarten teachers for whom lagged CLLASS
scores were available, and this restriction does not apply in Table 8 above. On the other hand, the sample in Table IV in
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these IV regressions was more than twice as large as those in the comparable OLS regressions. We do not
have data on the lagged CLLASS scores of teachers in grades other than kindergarten. It seems likely to us,
however, that the coefficient on the CLASS for these other grades suffers from a similar degree of
attenuation bias (unless measurement error in CLASS is substantially different across grades).

Turning to possible differences by gender, Panel D of Table 8 shows that the association of the
CLASS with the math achievement of girls goes down monotonically between kindergarten (0.073) and
3rd grade (0.014).2° No such pattern is apparent for boys. Most importantly for the discussion in our paper,
however, when we stack all the data (first column) we cannot reject the null that the coefficient on the
CLASS is the same for boys and girls. Like our earlier results on teacher effects and on the effect of female
teachers, the results in Panel D of Table 8 suggest that boys and girls respond similarly to as-good-as-

random variation in teacher quality.

E. Peers

Much as girls could in principle be more (or less) sensitive than boys to variations in teacher quality, there
could also be gender differences in response to peer quality. In spite of random assignment, there is some
naturally occurring variation in the composition of peers in different classrooms in the same grade and
school, and we can exploit this variation for identification.

To analyze peer effects, we proceed in the same way as with teachers, but replace the teacher
variable Tjgs in equation (2) with a variable reflecting the composition of peers in the classroom, Pegs, where
the subscript ¢ stands for classrooms. We consider two measures of peer “quality”. The first is the leave-
-out (jackknifed) mean of lagged test scores in the classroom. This builds on a substantial literature that
has tested for linear-in-means effects of peer achievement on own achievement, with mixed results,
including in elementary school.3? The second measure builds on Hoxby (2000), and is the proportion of
peers in the classroom who are gitls.

Results are in Table 9, which has the same structure of Panel D of Table 8. To put things in

context, we note that the median within-school, across-classroom difference in lagged peer test scores is

Araujo et al. (20106) included math test scores for all children in the kindergarten classrooms in the sample, while in the
current paper we restrict the sample to children with test score data in all four grades, as well as data on maternal education
and the baseline TVIP.

2 The variance of the CLASS is larger in kindergarten (0.080), than in 1%t grade (0.052), 24 grade (0.057), or 3" grade
(0.056). If instead of standardizing the CLASS to have a grade-specific zero mean and unit standard deviation we work
with the unstandardized scores, the coefficients on the CLASS in the “all children” row in Table 8 are 0.191 (0.044) for
kindergarten, 0.263 (0.053) for 1%t grade, 0.134 (0.055) for 2°d grade, and 0.096 (0.042) for 3t grade.

30 Important references for elementary school include Angrist and Lang (2004), Graham (2008), Hanushek et al. (2003),
Hoxby (2000), Imberman et al. (2012), and Whitmore (2005), all with U.S. data.
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0.16 standard deviations; at the 90t percentile, the difference is 0.42 standard deviations.3! Similarly, the
median within-school, across-classroom difference in the number of boys and girls is 2, relative to a mean
class size of 37 children; at the 90t percentile, the difference is 8.32

Panel A shows there is no evidence that the lagged math test scores of peers affect own math
achievement, in any grade, for boys or for girls. In the stacked data, we can rule out positive peer effects
of 0.052 standard deviations or larger with 95 percent confidence. Panel B, on the other hand, finds
suggestive evidence that having more girls as classmates raises own math achievement of girls. In the
stacked data, a 10-percentage point increase in the proportion of peers who are girls leads to a 0.021
standard deviation increase in own test scores of girls, although this result is only borderline significant.3?
Moreover, we cannot reject the null that the effect is the same for boys and girls.

In sum, and subject to the caveat that in our data the cross-classroom variation in peer quality is
modest in magnitude, which would keep us from credibly extrapolating to policies that entail large changes
in peer composition—for example, ability tracking or single-sex education—we find that the effects of

peers on own math achievement are at most small, and do not vary by gender.

5. Conclusion

In this paper, we study the math gender gap in early elementary school. Our analysis of how different
inputs—mothers, teachers, peers—affect early math achievement, including differences in achievement
between boys and gitls, has implications for a broader understanding of the process of human capital
formation at early ages. The data we use are unique, including four rounds of as-good-as-random
assignment of children to classrooms, teachers, and peers.

Much as has been found by others, we show that boys have higher math achievement than girls
on average. Underlying the overall boy advantage, however, there is interesting heterogeneity. Among
children of mothers with university education, there is no difference in mean math achievement by gender.
Further research to identify the effects of socioeconomic status generally, and maternal education
specifically, on math learning at early ages seems to us an important priority.

We next turn to the possible role of classroom, teachers, and peers. By and large, we find little

evidence that boys and girls respond differently to these inputs into the production of early math

31 In their sample of non-tracked schools in Kenya, Duflo et al. (2011) report median differences in lagged peer test scores
of 0.17 standard deviations.

32 For these calculations, when there are more than two classrooms in a school, we select two at random. Peer scores and
the proportion female are calculated for all children for whom we have lagged achievement data and for all children in the
class, respectively, including those who entered the panel after the beginning of kindergarten or left at some point between
kindergarten and the end of 3 grade (and who are therefore not included in the main regressions of the paper).

33 This implies that, in a class of 40 students, increasing the number of girls from 20 to 30 would increase the test score of
gitls by 0.052 standard deviations.
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achievement. Thus, as-good-as-random variation in the quality of these dimensions of the school
environment is unlikely to explain the gender differences in the means and distributions of test scores we
observe in our data. A corollary of this conclusion is that across-the-board improvements in the quality of
teachers or peers would probably do little to close the gender gap in math achievement. There would be
high returns to policy experimentation, and careful evaluation, of more targeted school-based interventions
that seck to ensure that girls do not fall behind in math achievement as they progress through the school

system.
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Figure 1: Distribution of CLASS scores, Ecuador and US data
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teachers in Ecuador, and in a nationally representative sample of kindergarten classrooms in the United States (Clifford
et al. 2003). The CLASS is scored on a 1-7 scale; scores of 1-2 indicate poor quality, scores of 3—5 indicate intermediate
levels of quality, and scores of 6—7 indicate high quality. Calculations are based on an Epanechnikov kernel with optimal

bandwidth.
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Figure 2: Differences in Math Achievement, by Gender

Panel A: Mean differences Panel B: Proportion female at different points in the
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Note: Sample size is 9,013. The math test score is given by an equally-weighted sum of the individual scores on the three sections of
the test in each grade: number recognition and basic arithmetic, number sense, and word problems. The questions within each section are

aggregated by Item Response Theory (IRT).
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Figure 3: Differences in Math Achievement, by Maternal Education

Panel A: Mean differences Panel B: Proportion of children of mothers with
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test in each grade: number recognition and basic arithmetic, number sense, and word problems. The questions within each section are aggregated by
Item Response Theory (IRT).
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Table 1: Summary Statistics

Mean S.D. Obs.
Panel A: Children
Age (months) 60.22 4.62 9,013
Proportion female 0.50 0.50 9,013
TVIP 84.03 16.78 8,933
Mother's age 30.49 6.57 9,012
Father's age 34.74 7.91 7,110
Mother's years of schooling 8.89 3.76 9,013
Father's years of schooling 8.53 3.78 7,099
Panel B: Teachers
Age 44.37 10.38 1,699
Proportion female 0.89 0.31 1,716
Experience 18.18 10.58 1,710
Proportion tenured 0.77 0.42 1,704
Class size 37.44 7.50 1,719

Note: The TVIP is the Test de Vocabulario en Imdgenes Peabody, the Spanish version of the Peabody
Picture Vocabulary Test (PPVT). The test is standardized using the tables provided by the test
developers which set the mean at 100 and the standard deviation at 15 at each age.

Table 2: Mother’s education and math achievement

Test score: .
Number Test Test IRT, Simple IRT, IRT,
. score: score: count,
recognition Number Word equal equal factor Anderson
and basic weights h aggregate aggregate
arithmetic sense problems weights
) @ 3) @ () ©) ©
Panel A: Bivariate associations between math achievement and gender
Gitls -0.115 -0.162 -0.066 -0.143 -0.150 -0.157 -0.136
(0.017) (0.015) (0.016) (0.018) (0.018) 0.018) (0.018)
Panel B: Multivariate associations between math achievement and gender
Girls -0.114 -0.162 -0.063 -0.141 -0.148 -0.156 -0.135
(0.018) 0.016) (0.0106) (0.019) (0.019) (0.019) (0.019)
Secondary school 0.236 0.227 0.192 0.271 0.277 0.273 0.266
(0.018) 0.016) (0.0106) (0.019) (0.019) (0.019) (0.019)
University 0.402 0.385 0.363 0.473 0.476 0.475 0.466
(0.037) (0.036) (0.039) (0.042) (0.044) (0.043) (0.042)
University*girls 0.115 0.122 0.091 0.137 0.144 0.130 0.137
(0.050) (0.048) (0.052) (0.056) (0.058) (0.057) (0.056)
F-test (p-value) 0.99 0.37 0.57 0.94 0.93 0.64 0.96

Note: Sample size is 36,052 in all regressions. All regressions include controls for child age in months and its square. F-test is
test that the sum of the coefficients on gitls and the interaction between girls and mothers with university education is zero.
Standard errors clustered at the student level.
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Table 3: Mother’s education, wealth, and math achievement

©) 2 €) @
Gitls -0.141 -0.137 -0.133 -0.138
(0.019) (0.019) (0.019) (0.019)
Secondary school 0.271 0.170 0.201
(0.019) (0.021) (0.020)
University 0.473 0.237 0.301
(0.042) (0.045) (0.045)
Interaction: University*girls 0.137 0.132 0.143
(0.056) (0.050) (0.060)
Wealth-Middle 0.240 0.164
(0.019) (0.020)
Wealth-Top 0.514 0.360
(0.041) (0.044)
Interaction: Wealth-Top*girls 0.042 -0.013
(0.056) (0.059)
Polynomial in Wealth N Y N N
F-test 1 (p-value) 0.94 0.94 0.94
F-test 2 (p-value) 0.09 0.01
Number of obsetrvations 36,052 36,020 36,020 36,020

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients
on girls and the interaction between girls and the dummy for mothers with university education is zero. F-test 2
is test that the sum of the coefficients on girls and the interaction between girls and the dummy for top wealth
is zero. Standard errors clustered at the student level.
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Table 4: Married and cohabitating mothers:

Parental education, wealth, and math achievement

@ 2) 3) @ ©) ©)

Gitls -0.147 -0.141 -0.144 -0.138 -0.140 -0.143
(0.021) (0.021) (0.021) (0.021) (0.021) (0.022)

Secondary school-mother 0.303 0.195 0.182
(0.021) (0.023) (0.023)

University-Mother 0.501 0.250 0.228
(0.049) (0.052) (0.050)

Interaction: University-mother*girls 0.105 0.098 0.100
(0.060) (0.065) (0.073)

Secondary school-father 0.268 0.176 0.151
(0.021) (0.022) (0.022)

University-father 0.515 0.289 0.271
(0.053) (0.055) (0.058)

Interaction: University-father*girls 0.063 0.065 0.037
(0.074) (0.071) (0.080)

Wealth-Middle 0.261 0.153
(0.021) (0.023)

Wealth-Top 0.567 0.333
(0.047) (0.053)
Interaction: Wealth-Top*girls 0.023 -0.028
(0.064) (0.069)

Polynomial in Wealth N Y N Y N N

F-test 1 (p-value) 0.50 0.48 0.56

F-test 2 (p-value) 0.25 0.29 0.18

F-test 3 (p-value) 0.05 0.01
Number of observations 28,480 28,456 28,384 28,360 28,456 28,360

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients on gitls and the
interaction between girls and mothers with university education is zero. F-test 2 is test that the sum of the coefficients on girls
and the interaction between girls and fathers with university education is zero. F-test 3 is test that the sum of the coefficients

on girls and top wealth is zero. Standard errors clustered at the student level.
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Table 5: Single mothers: Education, wealth, and math achievement

@ 2 (3) @
Girls -0.114 -0.112 -0.089 -0.113
(0.045) (0.044) (0.044) (0.046)
Secondary school 0.114 0.041 0.068
(0.047) (0.051) (0.049)
University 0.370 0.192 0.261
(0.092) (0.098) (0.098)
Interaction: University*girls 0.239 0.247 0.251
(0.119) (0.118) (0.123)
Wealth-Middle 0.157 0.108
(0.045) (0.047)
Wealth-Top 0.351 0.220
(0.089) (0.093)
Interaction: Wealth-Top*girls 0.067 0.006
(0.126) (0.129)
Polynomial in Wealth N Y N N
F-test 1 (p-value) 0.26 0.22 0.24
F-test 2 (p-value) 0.85 0.40
Number of observations 6236 6228 6228 6228

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the
coefficients on girls and the interaction between girls and mothers with university education is zero. F-
test 2 is test that the sum of the coefficients on girls and the interaction between gitls and top wealth is
zero. Standard errors clustered at the student level.
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Table 6: Distributional effects: Mother’s education and math achievement

q05 ql0 q25 q50 q75 q90 q95
@ 2 €] @ © ©) @
Panel A: All children (N=36,052)
Dummy: girls -0.063  -0.065 -0.097 -0.147 -0.189 -0.223 -0.201
(0.026)  (0.025)  (0.022)  (0.021)  (0.021)  (0.027)  (0.029)
Dummy: Secondary school 0.231 0.245 0.253 0.271 0.269 0.270 0.260
(0.03) (0.027)  (0.022)  (0.022)  (0.021)  (0.027)  (0.029)
Dummy: University 0.487 0.466 0.476 0.484 0.471 0.435 0.384
(0.067)  (0.057)  (0.054)  (0.057)  (0.045) (0.063)  (0.054)
Interaction: University*gitls 0.056 0.143 0.136 0.175 0.108 0.083 0.056
(0.091)  (0.078)  (0.074)  (0.069)  (0.057)  (0.081) (0.07)
F-test 1 (p-value) 0.77 0.26 0.72 0.69 0.10 0.05 0.02
F-test 2 (p-value) 0.00
F-test 3 (p-value) 0.43
F-test 4 (p-value) 0.76
F-test 5 (p-value) 0.44
Panel B: Children of single mothers (IN=6,236)
Dummy: gitls -0.124  -0.073 -0.119 -0.126 -0.117 -0.151 -0.168
(0.065) (0.07) (0.055)  (0.053)  (0.052)  (0.059)  (0.071)
Dummy: Secondary school 0.138 0.150 0.161 0.165 0.066 0.072 0.042
(0.059)  (0.063)  (0.051)  (0.056)  (0.056)  (0.061)  (0.074)
Dummy: University 0.461 0.482 0.361 0.368 0.314 0.360 0.346
(0.093)  (0.085)  (0.127)  (0.123)  (0.127)  (0.141) (0.15)
Interaction: University*gitls 0.177 0.252 0.282 0.299 0.178 0.202 0.174
(0.183)  (0.145)  (0.159)  (0.153)  (0.147)  (0.201)  (0.189)
F-test 1 (p-value) 0.98 0.28 0.28 0.19 0.70 0.70 0.98
F-test 2 (p-value) 0.38
F-test 3 (p-value) 0.36
F-test 4 (p-value) 0.39
F-test 5 (p-value) 0.95

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients on girls
and the interaction between girls and mothers with university education is zero. F-test 2 is test that the coefficients on
gitls in quantiles 10 and 90 are the same. F-test 3 is test that the coefficients on secondary school in quantiles 10 and 90
are the same. F'-test 4 is test that the coefficients on university in quantiles 10 and 90 are the same. F-test 5 is test that
the coefficients on the interaction between girls and university education in quantiles 10 and 90 are the same. Standard

errors are calculated with a block bootstrap, with blocks equal to children.
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Table 7: Classroom effects, by grade and gender

All grades Kindergarten 1st grade 2nd grade 3rd grade
) @ © @ 6

All children 0.113 0.129 0.118 0.111 0.095
(0.000) (0.01) (0.009) (0.000) (0.007)
Bowvs 0.151 0.170 0.161 0.145 0.130
y (0.008) (0.013) (0.011) (0.01) (0.009)
Girls 0.147 0.174 0.156 0.141 0.117
(0.008) (0.012) (0.011) (0.008) (0.01)

Difference, boys-gitls

(-0.008,0.014) (-0.027,0.02)  (-0.014,0.027)  (-0.014,0.021)  (-0.012,0.027)

(confidence interval)

Note: Classroom effects are given by the standard deviation of the distribution of the difference in the residualized test
scores across classrooms within the same school, corrected for sampling error using an Empirical Bayes estimator, as
described in the main text of the paper. Standard errors, in parentheses, are calculated with a block bootstrap, with

blocks equal to schools.
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Table 8: The effects of teachers on math achievement, by gender

Panel A: Teacher effects, kindergarten

. 0.09
All children 0.02)
0.07
Boys (0.03)
. 0.11
Girls 0.03)
Difference (p-value) 0.31
Panel B: Correlations in learning gains across cohorts, kindergarten, by gender
Cohort2
All Boys Girls
0.29 0.17 0.24
Al 0.1) ©0.1) (0.09)
0.22 0.10 0.17
Cohort 1 B
— V0 0.09) 0.08)
Girl 0.25 0.14 0.24
° (0.09) (0.09) (0.09)
Panel C: Effect of having a female teacher, 3' grade, by gender
, 0.013
All children (0.025)
0.027
Boys (0.029)
. -0.001
Gitls (0.028)
Difference (p-value) 0.32

Panel D: CLASS scores and math achievement, by grade and gender
All grades Kindergarten 1t grade = 2rd grade 3 grade

All ehildsen 0.043 0.054 0.060 0.032 0.023
¢ (0.006) (0.013) (0.012) (0.014) (0.01)
B 0.038 0.036 0.060 0.024 0.030
oys (0.008) (0.015) (0.015) (0.015) (0.013)
Gidl 0.048 0.073 0.060 0.040 0.014
° (0.007) (0.016) (0.014) (0.015) (0.011)
F-test 1 (p-value) 0.22 0.03 0.97 0.25 0.20
F-test 2 (p-value) 0.06
F-test 3 (p-value) 0.31
F-test 4 (p-value) 0.01

Note: Panel A: Teacher effects are given by the square root of the covariance of the classroom effects for the two
kindergarten cohorts. Sample size is 11,943. Standard errors, in parentheses, are calculated with a block bootstrap,
with blocks equal to schools. The p-value in the last row cotresponds to a test that the effects for boys and gitls are
the same. Panel B: cross-cohort correlations between the estimated learning gains a given teacher produces for all
children, for boys only, and for gitls only, and the bootstrapped standard errors of these correlations, in parentheses.
Sample size is 11,943. Panel C: Regressions of 3t grade math achievement on indicator vatiable for female teachers.
All regressions include a fourth-order polynomial in lagged test scores, child age and its square, and school fixed
effects. Standard errors clustered at classroom level. Sample size is 9,013. The p-value in the last row corresponds to a
test that the effects for boys and gitls are the same. Panel D: Regressions of math achievement on teacher’s CLASS
score. All regressions include a fourth-order polynomial in lagged test scores, child age and its square, and school
fixed effects. Standard errors clustered at classroom level. F-test 1 is test that coefficients on CLASS for boys and
girls are the same. F-tests 2, 3, and 4 are tests that coefficients on CLASS are the same across grades for all children,
boys, and gitls, respectively. Sample sizes are 33,600 in the all grades regression, and 8,415 in the grade-specific
regressions.




Table 9: Peer Effects

Al Kindergarten - 2 >
grades & grade grade grade

@ 2 3) G) ©)

Panel A: Effect of peers’ lagged test scores on own math achievement

All children 0.008 0.053 -0.073 0.035 -0.027
(0.033) (0.073) (0.069)  (0.06)  (0.051)
Boys 0.013 0.045 -0.037 0.027 -0.019
(0.030) 0.077) (0.074)  (0.065)  (0.054)
Girls 0.002 0.061 -0.109 0.044 -0.035
(0.0306) (0.08) (0.072)  (0.064)  (0.056)
F-test 1 (p-value) 0.65 0.78 0.11 0.71 0.68
F-test 2 (p-value) 0.50
F-test 3 (p-value) 0.82
F-test 4 (p-value) 0.29
Panel B: Effect of proportion of peers who are girls on own math achievement
. 0.152 -0.039 0.217 0.305 0.228
All children (0.098) (0.158) (0.143)  (0.412)  (0.261)
Boys 0.097 -0.109 0.221 0.232 0.171
(0.107) (0.177) (0.167)  (0.423)  (0.271)
Girls 0.208 0.035 0.213 0.387 0.287
(0.112) (0.193) (0.171) (0425  (0.28)
F-test 1 (p-value) 0.25 0.44 0.96 0.42 0.50
F-test 2 (p-value) 0.59
F-test 3 (p-value) 0.54
F-test 4 (p-value) 0.79

Note: Panel A: Regressions of math achievement on lagged peer test scores (leave-Zout means). All regressions
include a fourth-order polynomial in own lagged test scores, child age and its square, and school fixed effects.
Standard errors clustered at classroom level. F-test 1 is test that coefficients on mean lagged test scores of peers for
boys and gitls are the same. F-tests 2, 3, and 4 are tests that coefficients on mean lagged test scores of peers are the
same across grades for all children, boys, and girls, respectively. Sample sizes are 36,052 in the all grades regression,
and 9,013 in each of the grade-specific regressions. Panel B: Regressions of math achievement on proportion of
peers who are girls. All regressions include a fourth-order polynomial in own lagged test scores, child age and its
square, and school fixed effects. Standard errors clustered at classroom level. F-test 1 is test that coefficients on
proportion of peers who are girls is the same in the regressions for boys and gitls. F-tests 2, 3, and 4 are tests that
coefficients on proportion of peers who are gitls are the same is the same across grades for all children, boys, and
gitls, respectively. Sample sizes are 36,052 in the all grades regression, and 9,013 in each of the grade-specific
regressions.
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Appendix A: Randomization checks

Randomization checks: A major strength of our paper is that, in all four grades, children were assigned
to classrooms within schools by a rule that we argue is as-good-as-random. Moreover, compliance with
the assignment rule was very high: 98.6 percent in kindergarten, 99.8 percent in 1st grade, 98.5 percent in
2nd grade, and 98.7 percent in 3td grade.3*

The as-good-as-random assignment rules we implemented were the following: In kindergarten, all
children in a school were ordered by their last name and first name, and were then assigned to teachers
in alternating order; in 1st grade, they were ordered by their date of birth, from oldest to youngest, and
were then assigned to teachers in alternating order; in 2nd grade, they were divided by gender, ordered by
their first name and last name, and then assigned in alternating order; and in 34 grade, they were divided
by gender and then randomly assigned to one or another classroom.

We argue that these four instances of as-good-as-random assignment of children to teachers produce
four exogenous, orthogonal shocks to teacher quality. This has two testable implications. First, the
predetermined characteristics of teachers should be uncorrelated with the characteristics of children in
their classrooms. Second, when teacher quality is defined as quality relative to the school mean, the
quality of the teacher a child is assigned to in one grade should be orthogonal with the quality of the
teacher she is assigned to in the other three grades; similarly, when peer quality is defined as quality
relative to the school mean, the quality of the peers a child is assigned to in one grade should be
orthogonal with the quality of the peers she is assigned to in the other three grades. We provide strong
evidence that these implications of as-good-as-random assignment hold in our data.

Table A1l presents the results of regressions of child characteristics (age, gender, and the lagged test
scores) on three predetermined teacher characteristics (years of experience teaching, whether a teacher is
tenured and, for 1st through 3t grades, teacher gender).?> We report the coefficients from 33 separate
regressions. All of the coefficients are small in magnitude. For example, teachers with 10 more years of
experience have students who are between -0.1 and 0.05 months older, on average; tenured teachers
have students who are between -0.575 and 0.014 months older on average; female teachers have students
whose lagged test scores are between -0.059 and 0.028 standard deviations higher, on average. None of
these coefficients are significant once we adjust for multiple hypothesis testing using the step-down
procedure proposed by Romano and Wolf (2005).36

3 Compliance was measured on the basis of two unannounced school visits, one in the middle of the school year, and
another at the end of the school year (when children were tested). A child is taken not to be complying with the rule-
based assignment if she was found to be sitting in a classroom other than the one she had been assigned to in ether one
of these two visits. When we analyze the effects of teacher or peer quality on math achievement, we include non-
complying children in the classrooms they were assigned to, rather than those they were sitting in during the school
visits. In this sense, our estimates correspond to intent-to-treat parameters (with a very high level of compliance with
treatment).

% Ninety-nine percent of kindergarten teachers ate women, so we cannot test whether children of different
characteristics are more or less likely to be assigned to female teachers in kindergarten.

36 We have carried out Romano-Wolf tests in three different ways. In one, we jointly test the hypothesis in all of the
tables in this Appendix (57 hypotheses); in another, we jointly test the hypotheses in each table—33 in Table A1, 12 each
in tables A2 and A3; and in yet another we jointly test the hypotheses in each panel of a table—in this case, the number
of hypotheses tested ranges from 6 to 9, depending on the panel. No matter which of these tests we carry out, we can
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Next, we report the correlations of within-school, cross-classroom differences in the quality of teachers a
child was assigned to in all four grades. These results are in Panels A and B of Table A2, corresponding
to the cross-grade correlations in classroom effects and the CLASS scores, respectively. Once again, the
correlations are very small in magnitude: In the case of the classroom effects, they range from -0.011 to
0.013, and in the case of the CLLASS they range from -0.009 to 0.009. None of these correlations are
significant after correcting for multiple hypothesis testing. Finally, in Appendix Table A3, we report the
correlations of within-school, cross-classroom differences in the quality of peers a child was assigned to
in kindergarten, 1st, 2nd, and 3 grades. Here too we use two measures of peer quality, peers’ lagged test
scores and the proportion of girls in a classroom who are girls. Panel A shows that the correlations in
lagged peers’ test scores range from -0.005 to 0.020, and panel B shows that the correlations in the
proportion of girls in the classroom range from -0.011 to 0.022. One again, none of these correlations
are significant after adjusting for multiple hypothesis testing.

References

Romano, Joseph P., and Michael Wolf. 2005. “Stepwise Multiple Testing as Formalized Data Snooping.”
Econometrica 73(4): 1237-82.

never reject the null that all of the 57 coefficients in Tables Al through A3 are insignificant at the 10 percent level or
higher.
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Table Al: Randomization checks: Correlations between child characteristics
and predetermined teacher characteristics, by grade

Mean Gender Age Lagged
score
Kindergarten
Years of experience 14.65 -0.001 -0.001 0.001
(0.001) (0.000) (0.001)
Teacher is tenured 0.623 -0.002 0.014 0.017
(0.009) (0.085) (0.02)
Teacher is female 0.989
1st grade
Years of experience 18.94 0.000 -0.001 0.001
(0.000) (0.003) (0.001)
Teacher is tenured 0.709 0.018 -0.086 -0.006
(0.01) (0.092) (0.022)
Teacher is female 0.934 -0.032 0.078 -0.005
(0.021) (0.092) (0.032)
2nd grade
Years of experience 20.34 0.000 -0.01 -0.002
(0.000) (0.005) (0.001)
Teacher is tenured 0.880 -0.006 -0.575 -0.074
(0.004) (0.177) (0.029)
Teacher is female 0.873 -0.004 0.064 0.028
(0.004) 0.177) (0.028)
3rd grade
Years of experience 17.86 0.000 0.005 0.000
(0.000) (0.006) (0.001)
Teacher is tenured 0.822 -0.008 -0.340 0.001
(0.005) (0.205) (0.023)
Teacher is female 0.779 0.001 0.103 -0.059
(0.005) (0.153) (0.022)

Note: All regressions include school fixed effects. Standard errors, in parentheses, clustered at
classroom level.



Table A2: Correlations in teacher quality

Kindergarten First Second Third
Panel A: Classroom Effects

Kindergarten 1.000 -0.011 -0.008 0.005
(0.000) (0.010) (0.009) (0.010)

First 1.000 0.013 -0.008
(0.000) (0.010) (0.010)

Second 1.000 -0.009
(0.000) (0.010)

Third 1.000
(0.000)

Panel B: Teacher's CILASS score

Kindergarten 1.000 -0.009 0.002 0.006
(0.000) (0.008) (0.009) (0.009)

First 1.000 -0.004 -0.007
(0.000) (0.008) (0.010)

Second 1.000 0.009
(0.000) (0.008)

Third 1.000
(0.000)

Note: In Panel B, school-by-grade averages are removed before calculating
correlations. Standard errors, in patentheses, are calculated with a block
bootstrap, with blocks equal to schools.



Table A3: Correlations in peer quality

Kindergarten First Second Third

Panel A: Peers' lagged test score
Kindergarten 1.000 0.019 0.010 -0.005
(0.000) (0.010) (0.009) (0.009)
First 1.000 0.008 0.020
(0.000) (0.010) (0.009)
Second 1.000 -0.005
(0.000) (0.009)
Third 1.000
(0.000)

Panel B: Proportion of girls

Kindergarten 1.000 0.016 -0.001 -0.011
(0.000) (0.008) (0.008) (0.007)
First 1.000 0.002 0.022
(0.000) (0.008) (0.008)
Second 1.000 0.003
(0.000) (0.010)
Third 1.000
(0.000)

Note: In both panels, school-by-grade averages are removed before calculating

cotrelations. Standard errors, in parentheses, ate calculated with a block
bootstrap, with blocks equal to schools.
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Appendix B: Changes in the composition of the sample

The estimates we report in the paper are based on a balanced panel of children for whom we have the
following data: (i) beginning-of-kindergarten TVIP scores. We impose this restriction because, in our
analysis of classroom, teacher, and peer effects in kindergarten, we follow our earlier work (Araujo et al.
2016) and condition on lagged test scores. (In 1st, 2nd, and 3t grades, we control for math achievement at
the end of the previous grade;) (ii) data on maternal education. We impose this restriction so we can
analyze any “protective” effects of maternal education on the math achievement of gitls, relative to boys;
and (iii) math test scores at the end of kindergarten, 1st grade, 20 grade, and 3td grade.

Working with a balanced panel ensures that any differences in results across tables or columns within a
table are not driven by changes in the composition of the sample. Nevertheless, working with a balanced
panel comes at a cost, as it means that the results we report are not based on the full sample of children
in a given grade.

It is useful to distinguish between three possible reasons why a child who is attending a given grade
could be missing from the sample: (i) new arrivals; (ii) leavers; and (iii) children missing data. We discuss
each of these below.3’

New arrivals: These are children who enter the sample at some point after the beginning of
kindergarten.

e New arrivals in kindergarten: Children for whom we have end-of-kindergarten test scores, but
are missing baseline TVIP.

e New arrivals in 15t grade: Children for whom we have 1st grade test scores, but are missing a4/ of
the following: (i) baseline TVIP; (ii) data on maternal education and wealth; (iii) kindergarten test
scores.

e New arrivals in 27 grade: Children for whom we have 20d grade test scores, but are missing @/ of

the following: (i) baseline TVIP; (ii) data on maternal education and wealth; (iii) kindergarten test
scores; (iv) 15t grade test scores.

e New arrivals in 3 grade: Children for whom we have 3t grade test scores, but are missing a// of

the following: (i) baseline TVIP; (ii) data on maternal education and wealth; (iii) kindergarten test
scores; (iv) 15t grade test scores; (v) 2nd grade test scores.

As a first step, we quantify the number of new arrivals, as a proportion of the total number of children in
that grade. Note that, because we are interested in the characteristics of children who are in the
classroom, but are not included in the balanced panel, the definitions we use for new arrivals in this
analysis are cummulative: Specifically:

e Kindergarten: Children who are in kindergarten classrooms, but are not included in the balanced
panel because they are “new arrivals”, are children who arrived over the course of kindergarten.
By this definition, 645 kindergarten children are excluded from the balanced panel sample, out of

37 Note that, as defined, these categories are not mutually exclusive. For example, the same child could be a late arrival—
say, she entered the sample in 1% grade—as well as a leaver—she left the sample after the end of 274 grade.
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a total of 14,521 children for whom we have data on end-of-kindergarten test scores (4.4 percent
of total).

15t grade: Children who are in 15t grade classrooms, but are not included in the balanced panel
because they are “new arrivals”, include new arrivals in kindergarten as well as new arrivals in 1st
grade. By this definition, 4,335 children are excluded from the balanced panel sample, out of a
total of 16,432 1st grade children (26.4 percent of total).

2nd grade: Children who are in 27d grade classrooms, but are not included in the balanced panel
because they are “new arrivals”, include new arrivals in kindergarten, 1st grade, or 20d grade. By
this definition, 5,708 children are excluded from the balanced panel sample, out of a total of
16,949 2nd grade children (33.7 percent of total).

31 grade: Children who are in 3t grade classrooms, but are not included in the balanced panel
because they are “new arrivals”, include new arrivals in kindergarten, 15t grade, 20 grade, or 3
grade. By this definition, 7,035 children are excluded from the balanced panel sample, out of a
total of 17,280 3t grade children (40.7 percent of total).

Next, to have a better sense of what children are missing from the balanced panel because they are new

arrivals, we run regressions of three characteristics—child age, gender, and test scores—as a function of

an indicator variable for new arrivals, separately by grade.?® These regressions include school fixed
effects; standard errors are clustered at the classroom level. Results are in Table B1, Panel A.

The main findings are:

Compared to other children in their classrooms, new arrivals are older. In 15t grade, new arrivals
are on average 3.4 months older; in 20d grade, new arrivals are on average 4 months older; and in
31 grade, new arrivals are on average 4.1 months older than other children in their classrooms.
Compared to other children in their classrooms, new arrivals are more likely to be boys. In 1st
grade, new arrivals are on average 2.0 percentage points more likely to be boys; in 2nd grade, new
arrivals are on average 3.8 percentage points more likely to be boys; and in 3t grade, new arrivals

are on average 3.6 percentage points more likely to be boys.

New arrivals have lower test scores at the end of the grade than other children in that grade. In
1st grade, new arrivals have test scores that are 0.056 standard deviations lower; in 27d grade, new
arrivals have test scores that are 0.075 standard deviations lower; and in 3t grade, new arrivals

have test scores that are 0.091 standard deviations lower than their classmates.

We return to a discussion of how these changes could affect the main results in the paper at the end of

the Appendix.

3 To test whether new arrivals are smarter or less smart than other children, we use all subsequent test scores. Take, for

example, new arrivals in 15¢ grade. These children, by definition, have 1t grade test data. Unless they are also leavers or

are missing data, they will also have 2" and 3t grade test data. For these children, as well as their 1% grade classmates, we
generate a variable that is the average of 1%, 27, and 3t grade test scores (unless they are missing 274 or 3 grade scores,

in which the average is over a smaller number of scores). We then run a regression of this test score average as a

function of the indicator variable for new arrivals. Results are very similar, however, if we only use the test scores for the

grade in question (in the example above, 1t grade test scores).
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Leavers: These are children who left our sample of schools at some point after the end of kindergarten.

e Leavers after kindergarten: These are children for whom we have kindergarten test scores, but

we are missing a// of the following: (i) 15t grade test scores; (ii) 27d grade test scores; (iii) 3*¢ grade
test scores.

e Leavers after 15t grade: These are children for whom we have 1st grade test scores, but we are

missing a// of the following: (i) 2nd grade test scores; (ii) 34 grade test scores.

e Leavers after 20d grade: These are children for whom we have test scores at the end of 20d grade,

but we are missing 3t grade test scores.

e Leavers after 3¢ grade: We do not have leavers after 3t grade, as this is the last year with test

score data.

As with new arrivals, we quantify the number of leavers, as a proportion of the total number of children
in that grade. Once again, because we are interested in the characteristics of children who are in the
classroom, but are not included in the balanced panel, the definitions we use for leavers in this analysis
are cummulative: Specifically:

e Kindergarten: Children who are in kindergarten classrooms, but are not included in the balanced
panel because they are “leavers”, include children who left after kindergarten, after 1st grade, or
after 2nd grade. By this definition, 4,042 children are excluded from the balanced panel sample,
out of a total of 14,521 kindergarten children (30.7 percent of total).

e 1stgrade: Children who are in 15t grade classrooms, but are not included in the balanced panel
because they are “leavers”, include children who left after 1st grade or after 20d grade. By this
definition, 3,241 children are excluded from the balanced panel sample, out of a total of 16,432
1st grade children (19.7 percent of total).

e 20d orade: Children who are in 20d grade classrooms, but are not included in the balanced panel
because they are “leavers”, are children who left after 2nd grade. By this definition, 2,070 children
are excluded from the balanced panel sample, out of a total of 16,949 2nd grade children (12.2

percent of total).

e 3 grade: We do not have leavers after 3t grade, as this is the last year with test score data.

Here too, to have a better sense of what children are missing from the balanced panel because they are
leavers we run regressions of three characteristics—child age, gender, and test scores—as a function of
an indicator variable for leavers, separately by grade.? These regressions include school fixed effects;
standard errors atre clustered at the classtoom level. Results are in Table B1, Panel B.

% To test whether leavers are smarter or less smart than other children, we use all previous test scores. Take, for
example, leavers after 15 grade. These children, by definition, have 1%t grade test data. Unless they are late arrivals or are
missing data, they will also have baseline TVIP and kindergarten test data. To test whether children who left our sample
after 1%t grade are smarter or less smart than other 1t grade children, we generate a variable that is the average of baseline
TVIP, kindergarten, and 1% grade test scores (unless they are missing the baseline TVIP or kindergarten test scores, in
which the average is over a smaller number of scores). We then run a regression of this test score average as a function
of the indicator vatiable for leavers. Results are very similar, however, if we only use the test scores for the grade in
question (in the example above, 1% grade test scores).

44



The main findings are:

Compared to other children in their classrooms, leavers are older. In 1st grade, leavers are on
average 0.9 months older; in 20d grade, leavers are on average 1.6 months older than other
children in their classrooms.

Compared to other children in their classrooms, leavers are more likely to be boys. In
kindergarten, leavers are 3.5 percentage points more likely to be boys; in 15t grade, leavers are 3.4
percentage points more likely to be boys than other children in their classrooms.

At the end of the grade that preceded their departure, leavers had lower test scores than other

children in their classrooms, and the differences are large in magnitude. Relative to other
kindergarten children, leavers have test scores that are 0.220 standard deviations lower; relative
to other 15t grade children, leavers have test scores that are 0.328 standard deviations lower; and
relative to other 20d grade children, leavers have test scores that are 0.262 standard deviations
lower

We return to a discussion of how these changes could affect the main results in the paper at the end of

the Appendix.

Children with missing data: These are children who are missing data, which we identify by observing

an irregular sequence: for example, children who have test scores at the end of kindergarten and 2nd

grade, but are missing test scores at the end of 1st grade.

Missing kindergarten data: Children who have baseline TVIP, but have only oze of the following:
(i) data on wealth and maternal education; (ii) end-of-kindergarten test scores.

Missing 15t grade data: These are children with kindergarten and 20d grade test scores, but

missing 15t grade test scores.

Missing 20d grade data: These are children with 15t and 3t grade test scores, but missing 2nd grade

test scores.

As with new arrivals and leavers, we quantify the number of children with missing data, as a proportion

of the total number of children in that grade:

Kindergarten: There are 924 children, out of a total of 14,521 kindergarten children, who are
missing data (6.4 percent of total).

1st grade: There are 787 children, out of a total of 16,432 1st grade children, who are missing data
(4.7 percent of total).

2nd grade: There are 752 children, out of a total of 16,949 2nd grade children, who are missing
data (4.4 percent of total).

31 grade: There are 688 children, out of a total of 17,280 3td grade children, who are missing data
(3.9 percent of total).

Here too, to have a better sense of who is missing data, we run regressions of three characteristics—

child age, gender, and test scores—as a function of an indicator variable for children with missing data,
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separately by grade.* These regressions include school fixed effects; standard errors are clustered at the
classroom level. Results are in Table B1, Panel C.

The broad picture is as follows:

e There is no clear pattern indicating that children with missing data are consistently older or
younger than other children. Kindergarten children missing data are a little older (1.08 months,
on average), while 204 and 3td grade children missing data are a little younger (0.73 months and
0.98 months, respectively, on average).

e Boys and gitls are equally likely to be missing data.

e Children who are missing data have lower test scores. Significant effects range from -0.056
standard deviations in 3td grade, to -0.81 standard deviations in 1st grade.

Conclusion: Broadly speaking, then, children who are in a grade but are excluded from the balanced
panel that is the basis for our estimates are older, are more likely to be boys, and have lower test scores
than other children.

To see how excluding these children from the balanced panel sample could affect the conclusions of our
paper we reproduce Tables 2 through 9 in the paper, but carry out the calculations for the largest
possible sample (as opposed to the balanced panel sample). We now discuss each of these tables in turn.

Table B2 (which corresponds to Table 2 in the paper):

e DPanel A: Panel A shows that the boy-girl gap in math achievement in the largest possible sample
is somewhat smaller than in the balanced panel sample. For example, in our preferred
specification (IRT, with equal weights for each of the three test sections), gitls have test scores
that are 0.114 (0.012) standard deviations lower than boys in the largest possible sample,
compared to 0.143 (0.018) in the balanced panel sample.

e Panel B: The most important result in Panel B is the magnitude of the interaction term between
maternal university education and gitls, relative to the main effect for gitls. In the largest possible
sample, the coefficient on girls is -0.105 (0.016), the coefficient on the interaction term is 0.098
(0.047), and the p-value on the F-test that the sum of the two coefficients is zero is 0.87. In the
balanced panel sample, the coefficient on gitls is -0.141 (0.019), the coefficient on the interaction
term is 0.137 (0.050), and the p-value on the F-test that the sum of the two coefficients is zero is
0.94.

We conclude from this comparison that the two main results from this table—that girls have
significantly lower math test scores than boys, but that among children of mothers with university

40To test whether children with missing data are smarter or less smart than other children in their grade, we use all
available test scores. Take, for example, a 1%t grade child with missing data. For these calculations, we take all 15t grade
children and average all of the available test score data. We then run a regression of this test score average as a function
of the indicator vatiable for children who are missing data. Results are very similar, however, if we only use the test
scores for the grade in question (in the example above, 1% grade test scores).
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education there is no difference in the math achievement of boys and girls—are apparent in both the
balanced panel sample and the largest possible sample.

Table B3 (which corresponds to Table 3 in the paper): The main message from this table is that

controlling for wealth in various ways does not change the magnitude of the interaction term between
maternal university education and girls. This result is very similar in the largest possible sample and the
balanced panel sample.

Table B4 (which corresponds to Table 4 in the paper): The main message from this table is that, among
married or cohabitating women, the coefficient on the interaction term between paternal university
education and gitls is smaller than the corresponding coefficient on the interaction term between
maternal university education and girls, and declines when all the measures of socioeconomic status and
the interaction terms are included in the regression. This result is apparent in both samples—if anything,
the “protective” role of paternal university education on the math achievement of gitls, relative to boys,
is even smaller in the largest possible sample than in the balanced panel sample. A second result is that
the coefficient on the interaction term between maternal university education and gitls is not significant
at conventional levels, but changes very little with more controls for socioeconomic status. This result is
apparent in both samples.

Table B5 (which corresponds to Table 5 in the paper): The main results from this table are two. First,
that the girl disadvantage in achievement is smaller among single mothers than among married or
cohabitating mothers; second, that the coefficient on the interaction term between maternal university
education and gitls is large, relative to the main effect for girls. Both results are apparent in both samples.

Table B6 (which corresponds to Table 6 in the paper):

e Panel A: The main messages from Panel A are two. First, that the girl disadvantage in
achievement is largest at the top of the distribution—the coefficient on the main effect for girls
increases in absolute value as you move from left to right in the table; second, that at the 75t
percentile and higher, boys outperform girls even among children of university-educated women.
Both results are apparent in both samples.

e Panel B: The main message of Panel B is that, among children of single mothers with university
education, there is no difference in the math achievement of boys and girls even in the right tail
of the distribution. This is apparent in Table 6 in the main body of the paper, and less clearly in
Table B6, although the coefficient on the interaction term between maternal university education
and gitls at the 90t percentile seems to be an outlier relative to the coefficient on the interaction
term at other percentiles of the distribution.

Table B7 (which corresponds to Table 7 in the paper): The main messages of this table are two. First, the

magnitude of the classroom effects declines monotonically by grade; second, we cannot reject the null
that the classroom effect for boys and gitls is the same. Both results are apparent in the two samples.

Table B8 (which corresponds to Table 8 in the paper):
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Panel C: The main message of this panel is that neither girls nor boys benefit more from having
a female than a male teacher; this is apparent in both samples.

Panel D: The main messages from this panel are two. First, that the association between the
CLASS and math achievement is larger in kindergarten and 1st grade than in 27d and 3 grades;
this is apparent in both samples. Second, that the association between a higher teacher CLLASS
score and math achievement is the same for boys and girls; this is apparent in both samples—if
anything, it is clearer in the largest possible sample than in the balanced panel sample.

Table B9 (which corresponds to Table 9 in the paper):

Panel A: The main message from this panel is that the lagged test scores of peers do not affect
own math achievement of boys or girls; this result is apparent in both samples.

Panel B: The main message from this panel in the main body of the paper is that having more
female classmates increases own math achievement of girls—the effect is modest, and only
borderline significant (coefficient is 0.208, with a standard error of 0.112). In the largest possible
sample, the coefficient is smaller, and the effect is no longer significant (coefficient is 0.100, with
a standard error of 0.099).

Conclusions: Our overall conclusions from this extensive analysis on the possible effects of new

arrivals, leavers, and children with missing data are as follows:

1.

We are excluding from our main analysis sample children who are older, are more likely to be
boys, and have lower test scores than other children.

In the largest possible sample of children, the gap in math achievement between boys and girls is
somewhat smaller than in the balanced panel sample—0.114, rather than 0.143 standard
deviations.

The “protective” effects of maternal university education on the math achievement of gitls,
relative to boys, which is particularly apparent among single mothers, is found in both samples.
In both samples, we find no evidence that classroom or teacher quality matters more for boys
than girls, or vice-versa.

The lagged test scores of peers do not predict own math achievement of boys or gitls in either
sample. In the balanced panel sample, but not in the largest possible sample, the proportion of
classmates who are girls has a modest, and borderline significant, effect on the math
achievement of girls.

We conclude that, in practice, working with a balanced panel sample, rather than the largest possible

sample in each grade, does not substantively affect the results in the paper.
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Table B1: Analysis of new arrivals, leavers, and children with missing data

Panel A: New arrivals Panel B: Leavers Panel C: Children with missing data
Age Gender Score Age Gender Score Age Gender Score
Kindergarten 0.179(0.321) ~ 0.010(0.021)  -0.015(0.044) -0.027(0.108) -0.035(0.010) -0.220(0.018)  1.087(0.206)  -0.007(0.018) -0.062(0.028)
1st grade 3.362(0.201)  -0.020(0.009)  -0.056(0.019)  0.929(0.160)  -0.034(0.011) -0.328(0.020)  -0.23(0.207) ~ 0.003(0.018)  -0.081(0.030)
2nd grade 4.020(0.198)  -0.038(0.008) -0.075(0.017)  1.597(0.260)  -0.015(0.013) -0.262(0.025)  -0.73(0.232)  -0.004(0.019) -0.067(0.031)
31 orade 4.144(0.180)  -0.036(0.008)  -0.091(0.017) -0.98(0.236)  0.011(0.020)  -0.056(0.032)
Note: Panel A: regressions of indicator variable for new arrivals on child age, gender, and end-of-grade test scores, separately by grade (12 separate regressions). Panel B:
regressions of indicator variable for leavers on child age, gender, and end-of-grade test scores in the previous grade, separately by grade (9 separate regressions). Panel C:

regressions of indicator variable for children with missing data on child age, gender, and end-of-grade test scores, separately by grade (12 separate regressions). All

regressions include school fixed effects. Standard errors are clustered at the classroom level.
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Table B2: Mother’s education and math achievement

Test score: .
Number Test Test IRT, Simple IRT, IRT,
recognition seore: seore: equal count, factor Anderson
. Number Word ; equal
and basic weights . aggregate  aggregate
rithmetic sense problems weights
@) © @ ©) @
Panel A: Bivariate associations between math achievement and gender
Gitls -0.095%% - -0.142%8% - _0.049%0F 0. 114806 0.125%F 01240 -0.109%F*
(0.012) (0.011) (0.011) (0.012) (0.013) (0.013) (0.012)
Panel B: Multivariate associations between math achievement and gender
Gitls -0.088F*x  -0.134%F*  _0.044x+F - _0.105%F  -0.116%F  -0.116%F*  -0.100%**
(0.015) (0.014) (0.014) (0.010) (0.016) (0.016) (0.010)
Secondary school 0.267*+* 0.246%  0.208%*F  0.289%%F  (0.294%Fx  (.292%Fx  ().284%FK%
(0.016) (0.014) (0.014) (0.010) (0.016) (0.016) (0.010)
University 0.473%%* 0.437#%k  0.380%FF  0.519%FF  (0.523+F+  (.525%FF  (.510%**
(0.033) (0.032) (0.034) (0.030) (0.037) (0.036) (0.035)
University*gitls 0.082* 0.070* 0.087* 0.098** 0.106** 0.080* 0.101**
(0.043) (0.042) (0.045) (0.047) (0.049) (0.047) (0.047)
F-test (p-value) 0.895 0.139 0.318 0.868 0.830 0.495 0.993

Note: Sample size is 65,169 in all regressions for Panel A. Sample size is 46,332 in all regressions for Panel B. All
regressions include controls for child age in months and its square. F-test is test that the sum of the coefficients on girls
and the interaction between girls and mothers with university education is zero. Standard errors clustered at the student

level.
Table B3: Mother’s education, wealth, and math achievement
@ 2 €)] (G
Girls -0.105%%* -0.102%%* -0.103xkk -0.103xkk
(0.010) (0.010) (0.015) (0.010)
Secondary school 0.289%** 0.188*** 0.218%F*
(0.010) (0.017) (0.017)
University 0.519%k 0.276%F* 0.340%k*
(0.030) (0.038) (0.039)
Interaction: University*gitl 0.098** 0.098** 0.099**
(0.047) (0.046) (0.050)
Wealth-Middle 0.235%%* 0.153%+*
(0.016) (0.017)
Wealth-Top 0.543+%¢ 0.363%+*
(0.034) (0.037)
Interaction: Wealth-Top*girls 0.036 0.007
(0.046) (0.050)
Polynomial in Wealth N Y N N
F-test 1 (p-value) 0.87 0.94 0.93
F-test 2 (p-value) 0.13 0.05
Number of observations 46,332 46,275 48,710 46,275

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients on
girls and the interaction between girls and the dummy for mothers with university education is zero. F-test 2 is test
that the sum of the coefficients on gitls and the interaction between girls and the dummy for top wealth is zero.
Standard errors clustered at the student level.
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Table B4: Married and cohabitating mothers: Maternal education, wealth, and math achievement

@ 2 3) G) ©) ©)
Gitls -0.115% 0111 20.109%%x  _0.104%F%  -0.108%FF -0, 11 1%#*
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018)
Secondaty school-Mother 0.316%FF  0.210%** 0.199%k*
(0.018) (0.019) (0.020)
University-Mother 0.528%FF  0.268*** 0.247%F%
(0.042) (0.045) (0.048)
Interaction: University -Mother*girl 0.089 0.087 0.096
(0.050) (0.055) (0.062)
Secondary school-Father 0.264%%  0.168*+* 0.140%**
(0.018) (0.019) (0.019)
University-Father 0.527%F%  0.290#+* 0.270%k
(0.045) (0.0406) (0.049)
Interaction: University-Father*girl 0.023 0.026 -0.006
(0.061) (0.060) (0.066)
Wealth-Middle 0.25200 0,139+
(0.018) (0.019)
Wealth-Top 0.584#F%  (.334%+*
(0.040) (0.045)
Interaction: Wealth-Top*girls 0.026 -0.011
(0.054) (0.059)
Polynomial in Wealth N Y N Y N N
F-test 1 (p-value) 0.62 0.04 0.81
F-test 2 (p-value) 0.14 0.17 0.08
F-test 3 (p-value) 0.11 0.04
Number of Observations 35,843 35,801 35,749 35,708 35,857 35,667

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients on girls and the
interaction between girls and mothers with university education is zero. F-test 2 is test that the sum of the coefficients on girls
and the interaction between gitls and fathers with university education is zero. F-test 3 is test that the sum of the coefficients on
girls and top wealth is zero. Standard errors clustered at the student level.
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Table B5: Single mothers: Education, wealth, and math achievement

©) (2 ©) )
Gitls -0.067* -0.067* -0.057 -0.068*
(0.036) (0.035) (0.035) (0.036)
Secondary school 0.176%** 0.102%* 0.126%**
(0.037) (0.040) (0.039)
University 0.4971 %+ 0.31 2% 0.375%**
(0.074) (0.079) (0.080)
Interaction: University*girls 0.122 0.132 0.121
(0.096) (0.095) (0.101)
Wealth-Middle 0.182%+* 0.107#+%
(0.030) (0.038)
Wealth-Top 0.418%+* 0.232%%*
0.072) (0.076)
Interaction: Wealth-Top*girls 0.081 0.046
(0.103) (0.108)
Polynomial in Wealth N Y N N
F-test 1 (p-value) 0.54 0.46 0.59
F-test 2 (p-value) 0.81 0.83
Number of observations 8,525 8,510 8,510 8,510

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients
on gitls and the interaction between girls and mothers with university education is zero. F-test 2 is test that the
sum of the coefficients on girls and the interaction between girls and top wealth is zero. Standard errors clustered
at the student level.
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Table B6: Distributional effects: Mother’s education and math achievement

q05 ql0 q25 q50 q75 q90 q95
0 @ © @ ©) © 0
Panel A: All children (N=46,632)
Girls -0.005 -0.024 -0.055%F% - -0.113%Fx  -0.157FFF -0.2000FF  -0.173%F*
(0.021) (0.021) (0.018) 0.017) (0.018) (0.022) (0.026)
Secondary school 0.284%%F  0.265%FF  0.282F%F  (.285%%F (.28 02710 (0.258%F
(0.023) (0.023) (0.018) (0.018) (0.018) (0.021) (0.025)
University 0.507*%F  0.518%*  (0.538F*F  (.533%%F  (.4098%+k  (.442%0F (. 379%0F
(0.06) (0.048) (0.048) (0.045) (0.042) (0.051) (0.051)
Interaction: University*girls ~ 0.078 0.110* 0.107* 0.117%* 0.078 0.069 0.070
(0.076) (0.064) (0.061) (0.056) (0.05) (0.064) (0.064)
F-test 1 (p-value) 0.29 0.15 0.31 0.97 0.07 0.03 0.09
F-test 2 (p-value) 0.00
F-test 3 (p-value) 0.91
F-test 4 (p-value) 0.21
F-test 5 (p-value) 0.63
Panel B: Children of single mothers (N=8,525)
Girls 0.007 0.000 -0.029 -0.078** -0.095%F  -0.166%%F  -0.172%%F
(0.045) (0.045) (0.042) (0.039) (0.043) (0.049) (0.058)
Secondary school 0.191%F  0.150%+F  0.212%  0.210%*  (.125%+* 0.121%* 0.092
(0.043) (0.045) (0.042) (0.041) (0.047) (0.049) (0.050)
University 0.534%%F  0.516%F%  0.507F%F  0.490%%F  0.415%0F  0.419%0F  (.389%**
0.07) (0.083) (0.092) (0.089) (0.095) (0.121) (0.17)
Interaction: University*girls ~ 0.110 0.169 0.155 0.184 0.086 0.035 0.142
(0.131) (0.12) (0.12) (0.114) (0.115) (0.166) (0.148)
F-test 1 (p-value) 0.34 0.21 0.17 0.30 0.94 0.08 0.78
F-test 2 (p-value) 0.00
F-test 3 (p-value) 0.82
F-test 4 (p-value) 0.61
F-test 5 (p-value) 0.43

Note: All regressions include child age in months and its square. F-test 1 is test that the sum of the coefficients on gitls and the
interaction between gitls and mothers with university education is zero. F-test 2 is test that the coefficients on gitls in quantiles
10 and 90 are the same. F-test 3 is test that the coefficients on secondary school in quantiles 10 and 90 are the same. F-test 4 is
test that the coefficients on university in quantiles 10 and 90 are the same. F-test 5 is test that the coefficients on the interaction
between girls and university education in quantiles 10 and 90 are the same. Standard errors are calculated with a block bootstrap,

with blocks equal to children.
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Table B7: Classroom effects, by grade and gender

All grades  Kindergarten 15t grade 2nd grade 3rd grade

) ©) ©) 4 ©)
. 0.101 0.114 0.100 0.097 0.091
All children (0.009) (0.011) (0.012) (0.008) (0.009)
Boys 0.134 0.149 0.139 0.127 0.120
(0.01) (0.012) (0.012) (0.012) (0.009)
Gids 0.130 0.151 0.135 0.124 0.110
(0.01) (0.014) (0.011) (0.01) (0.01)

Difference, boys-gitls

(confidence interval) (-0.01,0.01)  (-0.02,0.01)  (-0.01,0.02)  (-0.01,0.02)  (-0.01,0.02)

Note: Classroom effects are given by the standard deviation of the distribution of the difference in the residualized
test scores across classrooms within the same school, corrected for sampling error using an Empirical Bayes
estimator, as described in the main text of the paper. Standard errors, in parentheses, are calculated with a block
bootstrap, with blocks equal to schools.

Table B8: The effects of teachers on math achievement, by gender
Panel C: Effect of having a female teacher, 34 grade, by gender

All children 8822)
Boys 0.036
(0.027)
. 0.005
Gitls 0.026)
Difference (p-value) 0.231
Panel D: CLASS scores and math achievement, by grade and gender

grlzcllles Kindergarten 1t grade 2°d grade 3t grade

All children 0.045%** 0.060%* 0.051F%  0.034%%F  (0.025%%*
(0.006) (0.011) (0.01) 0.012) (0.01)

Boys 0.045%** 0.054%+* 0.053%*  0.030**  0.033%**
(0.007) (0.013) 0.012) (0.013) 0.012)

Girls 0.045%** 0.067*** 0.049%%  0.039*%%F  0.018*
(0.007) (0.014) 0.012) (0.013) 0.01)

F-test 1 (p-value) 0.96 0.38 0.74 0.48 0.21

F-test 2 (p-value) 0.13

F-test 3 (p-value) 0.51

F-test 4 (p-value) 0.02

Note: Panel C: Regressions of 3t grade math achievement on indicator variable for female teachers.
All regressions include a fourth-order polynomial in lagged test scores, child age and its square,
and school fixed effects. Standard errors clustered at classroom level. Sample size is 9,965. The p-
value in the last row corresponds to a test that the effects for boys and gitls are the same. Panel
D: Regressions of math achievement on teacher’s CLASS score. All regressions include a fourth-
order polynomial in lagged test scores, child age and its squate, and school fixed effects. Standard
errors clustered at classroom level. F-test 1 is test that coefficients on CLASS for boys and girls
are the same. F-tests 2, 3, and 4 are tests that coefficients on CLASS are the same across grades
for all children, boys, and gitls, respectively. Sample sizes are 45,569 in the all grades regression.



Table B9: Peers effects

nd rd
Al Kindergarten 1t grade 2 3

grades grade grade
©) 2 3 @ ©)
Panel A: Effect of peers’ lagged test scores on own math achievement

All children 0.004 0.027 -0.033 0.022 -0.016
(0.029) (0.059) (0.058) (0.05) (0.048)

Boys 0.016 0.024 -0.005 0.027 -0.009
(0.031) (0.062) (0.061)  (0.054)  (0.051)

Girls -0.008 0.030 -0.060 0.017 -0.023
(0.031) (0.064) (0.061)  (0.054)  (0.052)

F-test 1 (p-value) 0.26 0.90 0.14 0.80 0.71

F-test 2 (p-value) 0.83

F-test 3 (p-value) 0.95

F-test 4 (p-value) 0.70

Panel B: Effect of proportion of peers who are girls on own math achievement

All children 0.075 -0.041 0.09 0.285 0.193
(0.085) (0.134) 0.117)  (0.338)  (0.235)

Boys 0.052 -0.049 0.125 0.211 0.118
(0.093) (0.149) (0.141)  (0.346)  (0.244)

Gitls 0.10 -0.033 0.052 0.362 0.269
(0.099) (0.167) (0.141)  (0.353)  (0.254)

F-test 1 (p-value) 0.60 0.92 0.04 0.37 0.35

F-test 2 (p-value) 0.69

F-test 3 (p-value) 0.79

F-test 4 (p-value) 0.62

Note: Panel A: Regressions of math achievement on lagged peer test scores (leave-/-out means). All regressions include a
fourth-order polynomial in own lagged test scores, child age and its square, and school fixed effects. Standard errors
clustered at classroom level. F-test 1 is test that coefficients on mean lagged test scores of peers for boys and gitls are the
same. F-tests 2, 3, and 4 are tests that coefficients on mean lagged test scores of peers are the same across grades for all
children, boys, and gitls, respectively. Sample sizes are 36,052 in the all grades regression, and 9,013 in each of the grade-
specific regressions. Panel B: Regressions of math achievement on proportion of peers who are girls. All regressions
include a fourth-order polynomial in own lagged test scores, child age and its square, and school fixed effects. Standard
errors clustered at classroom level. F-test 1 is test that coefficients on proportion of peers who are girls is the same in the
regressions for boys and girls. F-tests 2, 3, and 4 are tests that coefficients on proportion of peers who are girls are the
same is the same across grades for all children, boys, and girls, respectively. Sample size is 45,639 in the all grades regression,
and 13,087, 11,730, 10,857, 9,965 in each of the grade-specific regressions.
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Appendix C: Math tests

This Appendix briefly describes the math tests we applied in each grade. In kindergarten through 2nd
grade, tests were applied to a child individually (a single enumerator with a single child). The enumerator
would ask a child one question at a time, before moving on to the next question. Most tests also had a
“stopping rule”: When a child made three mistakes in a row, or stated that she did not know the answer
to three questions in a row, that section of the test was stopped. In 3t grade, tests were applied in a
classroom testing setting, with children taking the tests at the same time. There were no stopping rules
for specific questions, although there were time limits for different sections of the test.

Description of tests: In each grade, the test had three sections: (1) number recognition and basic arithmetic
(2) number sense; and (3) word problemss.

Domain 1: Number recognition and basic arithmetic: In kindergarten and 15t grade, children were asked to
identify numbers. In 1st, 20d and 3t grades, children were given 16-18 addition problems (mainly single-
digit additions in 1st grade, double-digit additions in 204 grade, double- and triple-digit additions in 34
grade), and were given 90 seconds (in 15t grade) or 3 minutes (in 27 and 3 grade) to solve as many as
they could. Also in 15, 2nd, and 3t grades, children were given 9-12 subtraction problems (mainly single-
digit subtractions in 15t grade, double-digit subtractions in 2d grade, double- and triple-digit subtractions
in 3t grade) and were given 90 seconds (in 15t grade) or 3 minutes (in 27d grade) to solve them. Finally, in
3rd grade children were given 3 minutes to solve 20 simple multiplication problems.

Domain 2: Number sense: In kindergarten, 2nd and 3t grades, children were shown sequences of numbers;
in each case, one number was missing, and children were asked to name the missing number. In 1st
through 3nd grades, we used the number line test developed by Siegler and his coauthors (Siegler and
Booth 2004; Siegler and Opfer 2003).41 In 20d and 34 grades, children were also tested on place value—
see examples in Table B1 below.

Domain 3: Word problems: In this domain, children were given simple word problems, some of which had

pictures as visual aids.

Table B1 gives an example of an “easy” question (a question answered correctly by approximately 75
percent of children) and a “hard” question (a question answered correctly by approximately 25 percent
of children) for each domain and grade.*

References

Siegler, Robert S., and Julie L. Booth. 2004. “Development of Numerical Estimation in Young

4 In the 1% grade version of this test, children were shown a number line with a value of 1 on the left, 20 on the right,
and no other numbers. They were then asked to place a randomly generated number between 2 and 19 in the
appropriate spot on the number line. The 27 and 3¢ grade versions of the test were similar, with a number line from 1
to 50. In both 1%, 27d and 3" grade, each child carried out this exercise 5 times, and different children got different
random numbers.

42 In general, there is no single question that is answered correctly by exactly 25 percent or 75 percent of children. In
these cases, we pick the question that is answered correctly by the proportion of children that is closest to these values
(25 or 75 percent).
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Children.” Child Development 715(2): 428-44.

Siegler, Robert S., and John E. Opfer. 2003. “The Development of Numerical Estimation: Evidence for
Multiple Representations of Numerical Quantity.” Psychological Science 14(3): 237-43.

Table C1: Sample questions

Panel A: Number recognition and basic arithmetic

Kindergarten

EBasy question: number recognition Hard question: number recognition
Child is shown a sheet with 5 numbers (2, 9, 4, 6, Child is shown a sheet with 5 numbers (17, 14, 33,
and 10). Enumerator points at the number 6, and 58, 187). Enumerator points at the number 17, and
asks: “What number is this?” asks: “What number is this?”

1st grade
EBasy question: number recognition Hard question: number recognition

Child is shown a sheet with 5 numbers (17, 14, 33, Child is shown a sheet with 4 numbers (94, 200,
58, 187). Enumerator points at the number 17, and 105, 513). Enumerator points at the number 105,

asks: “What number is this?” and asks: “What number is this?”
Easy question: basic arithmetic Hard question: basic arithmetic
7+1 11-1

2nd grade
Easy question: basic arithmetic Hard question: basic arithmetic
20+10 492+213

3rd grade
EBasy question: basic arithmetic Hard question: basic arithmetic
14+3 56*100

Panel B: Number sense
Kindergarten

Easy question: number sequences Hard question: number sequences
Child is shown the sequence 3, 4, --, 6, and is asked ~ Child is shown the sequence 10, 11, 12, -- and is
to name the missing number. asked to name the missing number.

1st grade: see description in text of number line test

2nd grade: also, see description in text of number line test

Easy question: number sequences Hard question: number sequences
Child is shown the sequence 133, ---, 135, 136, and Child is shown the sequence 530, 532, --, 536 and is
is asked to name the missing number. asked to name the missing number.
Easy question: place value Hard question: place value
Child is shown a page with the number 6 on the left, Child is shown a page with the equation 386 < -- <
the number 6 on the right, and is then asked 521, and is asked to choose the right answer from
whether the appropriate sign that should be placed  the following 4 options: (a) 297; (b) 334; (c) 410; and
between them is >, =, or < (d) 528.

31 grade: also, see description in text of number line test
Easy question: number sequences Hard question: number sequences
Child is shown the sequence 0, 2, 4, ---, and is asked ~ Child is shown the sequence 3342, 3341, 3340, --,
to name the missing number. and is asked to name the missing number.
Easy question: place value Hard question: place value
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Child is shown a page with the number 5 on the left,
the number 10 on the right, and is then asked
whether the appropriate sign that should be placed
between them is >, =, or <

Child is shown 400 + 40 + 8, and is asked to choose
the right answer from the following 4 options: (a)
4408; (b)448; (c) 400408; and (d) 4048.

Panel C: Word problems
Kindergarten

Easy question: word problems

Child is shown a picture with 3 apples and 6 apple
cores, and is then asked the following question:
“How many apples have not been eaten?”

Hard question: word problems

Child is shown picture with 6 cookies and is asked
the following question: “If José eats 3 cookies, how
many cookies are left?”

1st grade

Easy question: word problems

Child is shown a picture with two dogs and three
numbers (2, 3, 5) and is asked to point at the
number that corresponds to the number of dogs in
the picture.

Hard question: word problems

Child is shown a picture with 2 red circles, and is
asked the following question: “If you draw 2 more
circles, how many circles will there be in total?”

2nd grade

Easy question: word problems

Child is shown a picture with 7 crayons and is asked:

“If you take away 3 crayons how many are left?”

Hard question: word problems

Child is asked the following question: “Pablo
bought two boxes of chewing gum for 50 cents. He
had 10 pieces of gum in total and he gave half to his

brother. How many pieces of gum does Pablo have
left?”

3rd grade

Easy question: word problems

Child is shown a picture with 7 crayons and is asked:
“If you take away 3 crayons how many are left?”

Hard question: word problems

Child is asked the following question: “If a ladybug
has 6 spots. How many spots would 10 ladybugs
have?”
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Appendix D: Application of the CLASS in Ecuador

In this paper, we measure the quality of teacher-child interactions using the Classroom Assessment
Scoring System (CLASS; Pianta et al. 2007). The CLLASS measures teacher behaviors in three broad
domains: emotional support, classroom organization, and instructional support. Within each of these
domains, there are a number of CLASS dimensions. Within emotional support these dimensions are
positive climate, negative climate, teacher sensitivity, and regard for student perspectives; within
classroom organization, the dimensions are behavior management, productivity, and instructional
learning formats; and within instructional support, they are concept development, quality of feedback,
and language modeling.

The bebaviors that coders are looking for in each dimension are quite specific—see Appendix Table D1
for an example of the behaviors considered under the behavior management dimension. For this
dimension, a coder scoring a particular segment would assess whether there are clear behavior rules and
expectations, and whether these are applied consistently; whether a teacher is proactive in anticipating
problem behavior (rather than simply reacting to it when it has escalated); how the teacher deals with
instances of misbehavior, including whether misbehavior is redirected using subtle cues; whether the
teacher is attentive to positive behaviors (not only misbehavior); and whether there is generally
compliance by students with classroom rules or, rather, frequent defiance. For each of these behaviors,
the CLASS protocol then gives a coder concrete guidance on whether the score given should be “low”
(scores of 1-2), “medium” (scores of 3-5), or “high” (scores of 6-7).

To give a better sense of the behaviors that are measured by the CLLASS, we cite at length from Berlinski
and Schady (pp. 136-37, 2015), which draws heavily on Cruz-Aguayo et al. (2015):

“Emotional support: In classrooms with high levels of emotional support, teachers and students
have positive relationships and enjoy spending time together. Teachers are aware of, and
responsive to, children’s needs, and prioritize interactions that place an emphasis on students’
interests, motivations, and points of view. In classrooms with low levels of emotional support,
teachers and students appear emotionally distant from one another, and there are instances of
frustration in interactions. Teachers seldom attend to children’s need for additional support and,
overall, the classroom follows a teacher’s agenda with few opportunities for student input. Many
studies from the United States have found associations between the teachers’ provision of
emotionally supportive interactions in the classroom and students’ social-emotional
development.*3

Classroom organization. In highly organized classrooms, teachers are proactive in managing
behavior by setting clear expectations; classroom routines allow for students to get the most out
of their time engaged in meaningful activities; and teachers actively promote students’

# Perry et al. (2007) found that across 14 first-grade classrooms, higher emotional support at the beginning of the year
was associated with more positive peer behavior and less problem behaviors as the year progressed. Similarly, in an
examination of 306 first grade classrooms serving 178 6- and 7-year-old students, emotionally supportive classrooms
demonstrated decreased peer aggression over the course of the year (Merritt et al. 2012). Emotional climate appears to
influence academic outcomes, as well. In a sample of 1,364 third grade students, the classroom’s emotional support was
related to a child’s reading and mathematics scores at the end of the year (Rudasill et al. 2010).
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engagement in those activities. In less organized classrooms, teachers might spend much of their
time reacting to behavior problems; classroom routines are not evident; students spend time
wandering or not engaged in activities; and teachers do little to change this. When teachers
manage behavior and attention proactively, students spend more time on-task and are better able
to regulate their attention (Rimm-Kaufman et al. 2009). Students in better organized and

managed classrooms also show larger increases in cognitive and academic development (Downer
et al. 2010).44

Instructional support. In classrooms with high levels of instructional support, a teacher promotes
higher order thinking and provides quality feedback to extend students’ learning. At the low end,
rote and fact-based activities might be common, and students receive little to no feedback about
their work beyond whether or not it is correct. In these classrooms, teachers do most of the
talking or the room is quiet. The quality of instructional support provided in a classroom is most
consistently linked with higher gains in academic outcomes, such as test scores.*>”

In practice, in our application of the CLLASS, scores across different dimensions are highly correlated
with each other, as can be seen in Appendix Table D2.46 The correlation coefficients across the three
different CLASS domains range from 0.46 (for emotional support and instructional support) to 0.70 (for
emotional support and classroom organization). Similar findings have been reported elsewhere. Kane et
al. (2011) report high correlations between different dimensions of a classroom observation tool based
on the Framework for Teaching (FFT; Danielson 1996) that is used to assess teacher performance in the
Cincinnati public school system, with pairwise correlations between 0.62 and 0.81. Kane and Staiger
(2012) show that scores on the FFT and the CLASS in a sample of schools in six US cities (Dallas,
Charlotte-Mecklenburg, Hillsborough, Memphis, New York and Denver) are highly correlated with each
other. Also, in an analysis based on principal components, they show that 91 percent and 73 percent of
the variance in the FFT and CLASS, respectively, are accounted for by the first principal component of
the teacher behaviors that are measured by each instrument (10 dimensions in the case of the CLLASS,
scored on a 1-7-point scale, and 8 on the FFT, scored on a 1-4 point scale). Because the scores on the
different CLASS dimensions are highly correlated, we focus on a teacher’s 7ota/ CLLASS score (given by
the simple average of her score on the 10 dimensions). We take this score to be a measure of Responsive
Teaching (as in Hamre et al. 2014).

To apply the CLASS in Ecuador, we filmed all kindergarten teachers for a full school day (from
approximately eight in the morning until one in the afternoon). In accordance with CLLASS protocols, we
then discarded the first hour of film (when teachers and students are more likely to be aware of, and

# For example, data from 172 first graders across 36 classrooms in a rural area of the United States demonstrated that
classroom organization was significantly predictive of literacy gains (Ponitz et al. 2009).

4 References include Burchinal et al. (2008, 2010); Hamre and Pianta (2005); and Mashburn et al. (2008). For example,
examining 1,129 low-income students enrolled in 671 pre-kindergarten classrooms in the United States, Burchinal et al.
(2010) found a significant association between instructional support and academic skills; classrooms demonstrating
higher instructional support had students who scored higher on measures of language, reading, and math than those
enrolled in classrooms with low-quality instructional support. Similarly, Mashburn et al. (2008) used data from the
United States and found that the instructional support of a classroom was related to all five academic outcomes
measured (receptive language, expressive language, letter naming, rhyming, and applied math problems).

4 These and other results in this Appendix refer to kindergarten teachers. However, results for 1%, 2°d, and 3% grade are
qualitatively very similar.

60



responding to, the camera), as well as all times that were not instructional (for example, break, lunch) or
did not involve the main teacher (for example, PE class). The remaining video was cut into usable 20-
minute segents. We selected the first four segments per teacher, for a total of more than 4,900 segments
per grade. These segments were coded by a group of 6-8 coders who were explicitly trained for this
purpose. A master CLLASS coder trained, provided feedback, and supervised the coders. During the
entire process, we interacted extensively with the developers of the CLASS at the University of Virginia.

One concern with any application of the CLASS is that teachers “act” for the camera. Informal
observations by the study team and, in particular, the master CLLASS trainer suggests that this was not
the case. As a precaution, and in addition to discarding the first hour of video footage, we compared
average CLLASS scores for the first and fourth segments. We found that average CLLASS scores are
somewhat lower later in the day than earlier, but the difference is very small. In kindergarten, for
example, the mean score is 3.35 in the fourth segment, compared to 3.48 in the first segment. This
suggests that teachers are not “acting” for the camera, and that any “camera effects” are unrelated to

underlying teacher quality, as measured by the CLASS.

In spite of the rigorous process we followed for coder selection, training, and supervision, and as with
any other classroom observation tool, there is likely to be substantial measurement error in the CLLASS.
This measurement error can arise from at least two important sources: coding error, and the fact that the
CLASS score is taken from a single day of teaching (from the approximately 200 days a child spends in
school a year in Ecuador). There may also be filming error if the quality of the video is poor, but we do
not believe that this was an important concern in our application.

To minimize coder error, all segments were coded by two separate, randomly assigned coders. We
expected there would be substantial discrepancies in scores across coders. In practice, however, the inter-
coder reliability ratio was high, 0.92, suggesting that this source of measurement error was relatively
unimportant in our application of the CLASS, at least when all CLASS dimensions are taken together.
We note that inter-coder reliability in our study compares favorably with that found in other studies that
use the CLASS. Pianta et al. (2008) report an inter-coder correlation of 0.71, compared to 0.87 in our
study; Brown et al. (2010) double-coded 12 percent of classroom observations, and report an inter-coder
reliability ratio of 0.83 for this sub-sample, compared to 0.92 in our study.

Another important source of measurement error occurs because teachers are filmed on a single day. This
day is a noisy measure of the quality of teacher-child interactions in that classroom over the course of the
school year for a variety of reasons. Teachers may have a particulatly good or bad day; a particularly
troublesome student may be absent from the class on the day when filming occurred; there could be
some source of external disruption (say, construction outside the classroom); some teachers may be
better at teaching subject matter that is covered early or late in the year.

To get a sense of the importance of this source of measurement error, we carried out some additional
calculations, summarized in Appendix Table D3. First, we calculated the reliability ratio of the scores
across segments within a day for a given teacher. The cross-segment reliability ratio between the 15t and
4t segment is 0.77. Second, we make use of the fact that a subsample of teachers was filmed for two or
three days. (On average, 2 days elapsed between the first and second day of filming, and 4 days between
the first and third day of filming.) For these teachers, we can therefore calculate the cross-day reliability
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ratio, comparing the scores they received in days 1 and 2 (for 105 teachers), and between days 1 and 3
(for 45 teachers). The cross-day reliability ratio is 0.83 for days 1 and 2, and 0.86 for days 1 and 3. We
note that this pattern—Ilarge increases in measured relative to “true” variability with more segments per

day and more days of filming, but smaller increases with more coders per segment—has also been found
in a Generalizability Study (G-Study) of the CLLASS with US data (Mashburn et al. 2012).

Further details on filming and coding are given in Filming and Coding Protocols for the CLLASS in
Ecuador. These are available from the authors upon request.
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Table D1: CLASS scores for Behavior Management dimension

Behavior Management

Encompasses the teacher's ability to provide clear behavioral expectations and use effective methods

to prevent and redirect misbehavior.

Low (1,2)

Mid (3,4,5)

High (6,7)

Clear Behavior

Expectations

* Clear expectations
* Consistency

* Clarity of rules

Rules and expectations
are absent, unclear, or
inconsistently enforced.

Rules and expectations
may be stated cleatly,
but are inconsistently
enforced.

Rules and expectations
for behavior are clear
and are consistently
enforced.

Proactive

* Anticipates problem
behavior or escalation
= Rarely reactive

* Monitoring

Teacher is reactive and
monitoring is absent or
ineffective.

Teacher uses a mix of
proactive and reactive
responses; sometimes
monitors but at other
times misses early

indicators of problems.

Teacher is consistently
proactive and monitors
effectively to prevent
problems from

developing.

Redirection of
Misbehavior

» Effectively reduces
misbehavior

= Attention to the
positive

= Uses subtle cues to
redirect

= Efficient

Attempts to redirect
misbehavior are
ineffective; teacher
rarely focuses on
positives or uses subtle
cues. As a result,
misbehavior
continues/escalates and
takes time away from
learning,.

Some attempts to
redirect misbehavior are
effective; teacher
sometimes focuses on
positives and uses
subtle cues. As a result,
there are few times
when misbehavior
continues/escalates or
takes time away from
learning.

Teacher effectively
redirects misbehavior
by focusing on positives
and making use of
subtle cues. Behavior
management does not
take time away from
learning.

Student Behavior

* Frequent
compliance

* Little aggression &
defiance

There are frequent
instances of
misbehavior in the

classroom.

There are periodic
episodes of misbehavior
in the classroom.

There are few, if any,
instances of student
misbehavior in the

classroom.

Source: Pianta et al. (2007).
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Table D2: Pairwise correlation of CLASS dimensions, kindergarten

Emotional Support

Classroom Organization

Instructional Support
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Positive Climate 1
Negative Climate 045 1
Emotional Support Teacher Sensitivity 089 044 1
Regard for Students Perspectives 054 036 051 1
Emotional Support Total 095 0.62 094 0.65 1
Behavior Management 056 0.56 055 027 0061 1
Classtoom Productivity 0.52 028 054 023 053|068 1
Organization Instructional Learning Formats 075 036 073 036 074|070 0.74 1
Classroom Organization Total 0.68 045 0.68 032 070|089 090 091 1
Concept Development 040 0.12 040 030 040|027 037 044 040]| 1
Instructional Quality of Feedback 0.53 0.12 054 035 052032 041 053 047]063 1
Support Language Modeling 039 0.10 0.40 0.24 038 |0.22 034 043 037|077 067 1
Instructional Support Total 0.50 0.13 050 033 048|030 042 053 046|091 086 091 1
Total CLASS score 0.88 0.54 0.87 0.52 0.90|0.79 0.78 090 091|056 0.64 053 0065 1

Note: Table shows the Pairwise Correlation Coefficient for 451 teachers. All the correlations in the table are significant at the 99 percent confidence level,

except for three correlations that are significant at the 90% confidence level.
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Table D3: Sources of measurement error in the CLASS, kindergarten teachers

N Correlation Rehab.ﬂlty
Ratio
Inter-coder 451 0.86 0.92
Inter-segment (1st and 4th segments) 451 0.44 0.77
First and second day 105 0.72 0.83

First and third day 45 0.76 0.86




