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Abstract
We study how disruptive children affect learning using data from a unique experiment which randomly
assigned children to classrooms for seven consecutive grades. Children with persistent behavioral
problems lower the math and language achievement of their classmates. There are dosage effects and,
when there are multiple children with behavioral difficulties in a classroom, the non-cognitive outcomes
(including depression, self-esteem, grit, and growth mindset) of their classmates are also lower. We find
indirect evidence that children with persistent behavioral difficulties are passed around schools.

1 We gratefully acknowledge the support of the InterAmetican Development Bank. Carneiro also gratefully
acknowledges the support of the ERC through grant ERC-2015-CoG-682349 and the Spencer Foundation.



1. Introduction

Across OECD countries, teachers spend on average 13 percent of their time (8 minutes per teaching
hour) keeping order in the classroom (OECD 2019). If no learning occurs while teachers struggle to
maintain order, the economic costs of classroom disruption could imply billions of dollars of foregone
earnings in the U.S. alone.? Understanding the determinants of student misbehavior and how policies can
reduce classroom disruption is an important priority.

In this paper, we study classroom disruption using a unique experiment in Ecuador, a middle-
income country in South America. Our analysis is motivated by an influential paper by Lazear (2001),
who presents a model of how classroom disruption affects learning. All children can be disruptive, but
some are more disruptive than others. Particularly disruptive children have large (negative) spillovers on
the learning of their peers. Lazear (2001) also shows that, under these circumstances, the optimal class
size is inversely related to the likelihood of disruption.

In stark contrast with the large body of research on the effects of average peer quality, however,
the empirical literature on how disruptive children affect the achievement of their classmates is small. In
large measure, this is because the estimation challenges are considerable. First, disruptive children are
unlikely to be placed in classrooms at random. Second, because it is not clear what makes a child
disruptive, or how to measure it, researchers have generally focused on characteristics of children that are
correlated with poor classroom behavior, including exposure to domestic violence (Carrell and Hoekstra
2010, Carrell et al 2018), or whether children have been diagnosed with, and treated for, attention-deficit
disorders (Aizer 2008; Kristoffersen et al. 2015).3

To analyze the effects of classroom disruption, we use data from 202 schools in the coastal
region of Ecuador. Every school had at least two classrooms per grade. A cohort of children entering
kindergarten was randomly assigned to classrooms within schools. These children were then randomly
reassigned to classrooms in every grade between 15t and 6t grades. Thus, children who did not switch

schools were exposed to seven exogenous, orthogonal sets of peers, some of whom may have been

2 This can be shown with simple back-of-the-envelope calculations. Hanushek and Woessmann (2020) propose a “rough
rule of thumb” that, on average, there is 0.3 SDs of learning per grade. If there is no learning when there is misbehavior
in the classroom, and teachers spend 13 percent of their time managing misbehavior (the OECD average), learning lost
would be ~0.04 SDs (0.13*0.3), or ~1.6 percentiles at the mean of a standard normal distribution. Using data from
Project Star, Chetty et al. (2011) estimate that a 1 percentile increase in kindergarten test scores leads to a 0.83 percent
increase in earnings, so a 1.6 percentile decline would imply a ~1.3 percent decline in earnings. To translate this into
dollars, we use data from the U.S Bureau of Labor Statistics. These data show that, in the first quarter of 2024, there
were 119.2 million full-time wage and salary earners in the U.S., making $1,139 per week on average (Bureau of Labor
Statistics 2024). A 1.3 percent decline in earnings would therefore amount to a yearly decline of $770 per worker per
year, and a total loss of earnings of approximately $92 billion.

3 See also Figlio (2007), who focuses on boys with names commonly given to gitls. He shows that these children are
more likely to be disruptive, and that this reduces peer achievement.



particularly disruptive.* Compliance with the random assignment was almost perfect, 98.9 percent on
average.

At the end of each grade, children were tested in math and language. Between 15t and 4t grades,
data on child executive function (EF) was also collected. EF refers to a set of skills that allow individuals
to plan, focus attention, remember instructions, and juggle multiple tasks. It includes working memory,
inhibitory control, and cognitive flexibility (Center for the Developing Child 2019). Data on child
depression, self-esteem, grit, and growth mindset was collected at the end of 6t grade.

To identify disruptive children in the sample, we use information on their classroom behaviors.
At the end of each school year, teachers were asked to list 5 children in their classrooms with the most
serious behavioral problems and, separately, 5 children who had the biggest difficulties learning. In this
paper, we are interested in the effects of children with persistent behavioral problems or difficulty learning.
For this reason, and to alleviate concerns about measurement error in teacher reports from a single
grade, we classify a child as poorly-bebaved if teachers reported them to be one of the worst-behaved
children in their classroom in (all of) the three previous grades, and define /low-achieving students in a
comparable way.>

The design of the experiment allows us to address important identification challenges. First,
random assignment, with essentially perfect compliance, ensures that our results are not biased by
purposeful placement of disruptive children. Second, since our measures are based directly on teacher
reports (on the same children, but at different points in time) our analysis focuses precisely on the
behaviors that teachers believe disrupt learning.

We study the impact of disruptive peers on learning only from 3 grade onwards. We start in 3t
grade because, to classify a child as poorly-behaved or low-achieving, we need teacher reports from the
three previous grades. For example, to classify a 314 grade child as poorly-behaved, we use teacher
assessments from kindergarten to 2nd grade. Third grade is the first grade for which we have three prior
measures of student behaviors.

We first study the extent to which poorly-behaved students depress the learning outcomes of

their classmates. Pooling information across grades 3 through 6, having one or more pootly-behaved

4 Of course, there is also variation in exposure to other measures of classroom quality, including the quality of teachers.
However, by design, these are orthogonal to peer quality. Teachers were also assigned randomly to classrooms within
schools and grades.

> The decision to use three (as opposed to two, four, or any other number) years of problem behaviors (low
achievement) to define poorly behaved (low achieving) children is done to balance two goals: identifying persistently
disruptive children and estimating the model with reasonable sample sizes. The larger the number of consecutive periods
of problem behaviors used in this classification the more restrictive the definition of a poorly behaved child, and the
more seriously disruptive the child is likely to be. This leads to fewer but more seriously disruptive children and also
fewer grades over which we can measure their impact, which affects the power of our estimates.



children in a classroom lowers classmates’ achievement by (on average) -.019 SDs. There is considerable
heterogeneity of impacts by grade, with the largest negative effects found among the youngest children:
having a poorly-behaved student in 3t grade reduces achievement by -.034 SDs, while the comparable
effect in 6t grade is -.007 SDs. These results are consistent with those in other papers, including papers
using this same experiment, which suggest that younger children may be more sensitive to environmental
influences than those who are somewhat older, even within elementary school.6

In principle, persistently low-achieving children could also have negative effects on the learning
of their classmates if teachers spend an inordinate amount of time helping these children catch up. We
find no evidence that this is the case. Although poorly-behaved and low-achieving students are treated in
the same way in the Lazear (2001) model—both disrupt the learning of their classmates—they are not
equivalent in our sample: the former disrupt learning, while the latter do not.”

We analyze “dosage” effects and find these to be important. In the sample pooled across grades,
having exactly one poorly-behaved student lowers others’ achievement by -.011 SDs; having exactly two
such students has an effect of -.030 SDs; and three or more such children reduce classmates’
achievement by -.051 SDs. The effect of having at least three students with persistent behavioral
problems is about one-half as large as that of having a one standard deviation better teacher, estimated
for kindergarten teachers in this sample (Araujo et al. 2016).

The fact that we follow the same children over time allows us to study dynamic effects. We show
that fade-out is substantial: for 3td and 4t graders, the contemporaneous effect of having poorly-behaved
peers is -.030 SDs, on average, while the effects one and two grades later are -.019 SDs and -.012 SDs,
respectively.® An important question is what implications this has in the long run. We cannot analyze
long-term effects from our experiment, but a number of studies of young children, primarily in the U.S,,
have found that the effects on achievement of being in a high-quality preschool, or the impact of better
teachers, tend to fade out quickly, but reappear in adulthood in the form of better labor market

performance or a lower probability of criminal behavior.”

¢ Carneiro et al. (2024) analyze the effect of within-classroom achievement rank on performance for children in this
sample. More highly-ranked children have higher achievement than those with lower rank, with the largest effects found
among children in 1%t and 274 grade. Aizer (2008) also finds evidence that the negative effects of peers with ADD are
larger for younger children. She suggests that these may be driven by a higher rate of ADD diagnosis, and treatment
(which improves these children’s behavior), among somewhat older children. Although we have no data on the
prevalence of ADD in our sample, the proportion of ADD children who are diagnosed is likely to be quite small, and
the probability that they receive effective treatment even smaller.

7 It is intuitive that children with behavioral difficulties could be disruptive. However, as argued by Lazear (2001), very
low-achieving students could also depress the learning of their classmates—for example, by asking questions to which
other students already know the answer.

8 We cannot estimate twice-lagged effects for 5% and 6 grade children because our data ends in 6™ grade.

9 See, for example, Chetty et al (2014), and Jacob et al (2010) for estimates of the fade-out of the effects of
teacher quality, measured by teacher value added.



Turning to outcomes other than achievement, we find no impact of poorly-behaved children on
classmates’ executive function. On the other hand, there is some evidence that having peers with
persistent behavioral difficulties negatively affects depression, self-esteem, growth mindset, and grit in 6t
grade, although the effects are only significant when there are multiple such students in a classroom.
Specifically, having three or more poorly-behaved peers reduces the composite measure of non-cognitive
outcomes in 6% grade by -.059 SDs.

Finally, we analyze whether being pootly-behaved, or having a poorly-behaved peer, increases
the probability that a child attrits from our sample of schools. This is of interest because differential
attrition could present an estimation challenge, but also substantively, if poorly behaved kids are
encouraged to move schools. In practice, attrition is no different for children in classrooms with, and
without, poorly-behaved children. On the other hand, children with behavioral problems are themselves
more likely to leave the sample, and children who transfer from other schools are more likely to have
behavioral problems—even years after they first arrive. Below, we discuss how this could affect our
estimates.

The design of the experiment allows us to make several contributions. First, we can examine the
effect of poorly-behaved students on achievement, but also on other outcomes (executive function,
including working memory, inhibitory control, and cognitive flexibility, as well as, separately, non-
cognitive outcomes, including self-esteem, growth mindset, grit, and depression). This is important
because there is good evidence that EF and various non-cognitive skills are malleable in childhood and
can have large effects on adult outcomes.!?

Second, ours is the first paper that explicitly compares two kinds of children who could
potentially have negative effects on the achievement of their classmates: pootrly-behaved children, and
children with persistently low achievement. Third, we can study fade-out (albeit over a limited time
horizon), dosage effects, and differences in the impacts of disruptive peers across grades. In practice, all
these considerations are important in our setting.

Fourth, we examine the relationship between student turnover and disruptive behavior, by
asking whether disruptive students are more likely to move schools (and also whether children randomly
assigned to classrooms with disruptive students are more likely to move schools). Fifth, to the best of
our knowledge, ours is the first paper on the effect of disruptive peers in a developing country setting.

This is noteworthy because in general class sizes will be larger, teachers will have fewer qualifications,

10 This is a large literature. On executive function, see Moffitt et al. (2011), and on non-cognitive outcomes, see
Heckman et al. (2006), among many references.



and the proportion of children with undiagnosed medical conditions, such as ADD, will be higher in
poorer countries.
The remainder of the paper proceeds as follows. We discuss the setting, data, and experimental

design in section 2. Section 3 presents our empirical specification and results. Section 4 concludes.

2. Data and experimental design

The data we use come from an experiment in 202 schools in Ecuador, a middle-income country in South
America.!’ Schools have at least two classrooms per grade (most have exactly two). A cohort of children
entering kindergarten was randomly assigned to classrooms (within schools) in the 2012 school year, and
then randomly reassigned them to classrooms in every grade between 1t and 6% grade. Compliance with
the assighment rules was very high—98.9 percent on average. We provide further details on the
classroom assignment rules and compliance with randomization in Appendix A.

We have baseline data on maternal education, household wealth, whether a child attended
preschool, and her vocabulary skills at the beginning of kindergarten. Data on math and language
achievement was collected at the end of each grade between kindergarten and 6% grade. For both
subjects, tests were a mixture of material that teachers were meant to have covered explicitly in class—
for example, in math, addition or subtraction; material that would have been covered, but probably in a
somewhat different format—for example, simple word problems; and material that would not have been
covered at all in class but that has been shown to predict current and future math achievement—for
example, the Siegler number line task (Siegler and Booth 2004). We aggregate responses in math and,
separately, language, by Item Response Theory (IRT), and calculate an average achievement score that
gives the same weight to math and language.!?

Child executive function (EF) was assessed in every grade between kindergarten and 4t grade.
EF includes a set of basic self-regulatory skills which involve various parts of the brain, but in particular
the prefrontal cortex. Low levels of EF are associated with low levels of self-control and “externalizing”
behavior, including disruption, aggression, and inability to sit still and pay attention (Séguin and Zelazo
2005). Executive function in childhood has also been shown to predict a variety of outcomes in
adulthood, including performance in the labor market, involvement in criminal activities, and health

status, even after controlling for socioeconomic status in childhood (Moffitt et al. 2011).

1 Araujo et al. (2016) discuss in detail the selection of schools in this study. They show that the characteristics of students
and teachers in our sample are very similar to those of students and teachers in a nationally representative sample of
schools in Ecuador.

12 Our results are very similar if, instead, we calculate a simple sum of correct responses within blocks of questions on
each test and give equal weight to each of these test sections (as in Araujo et al. 2010).



Executive function is generally thought of as having three domains: working memory, inhibitory
control, and cognitive flexibility. We separately calculate scores for each of these domains, as well as an
average EF score that gives the same weight to each component. In 6t grade, finally, data was collected
on child depression, self-esteem, growth mindset, and grit. For each outcome, we aggregate responses by
factor analysis, and also calculate an overall non-cognitive score that gives the same weight to each of the
individual assessments. Further details on child assessments are provided in Appendix B.

At the end of each grade, teachers were asked to list the 5 children with the most severe
behavioral problems and, separately, the 5 children with the lowest achievement in their class. We use
these data to classify a child as poorly-behaved if teachers in the three previous grades reported them to be
one of the worst-behaved children and define /low-achieving students in a comparable way.

Importantly, our experiment generates considerable variation in exposure to pootly-behaved
(and low-achieving) students. This can be seen in Table 1, which shows the number of poorly-behaved
students in each grade (column 1); the number of classrooms with poorly-behaved students and the
number of total classrooms (columns 2 and 3); the proportion of classrooms with different numbers of
pootly-behaved students (columns 4 to 7); the proportion of classrooms (among those with at least one
pootly-behaved student) where the poorly-behaved student is rated by the teacher as being one of the
five worst-behaved students in the current grade (column 8), as well as those who remain in the bottom
five in the subsequent grades (columns 9 to 11).

Although the proportion of poorly-behaved students in our sample is small—between 2.5 and
3.3 percent by grade—most of them are in different classrooms. As a result, roughly half of all
classrooms in 3t through 6t grade have at least one disruptive student. Table 1 also shows there is a
high degree of persistence in disruptive behavior: over two-thirds of children who were reported to be
among the 5 worst-behaved by their teachers in three consecutive grades are also reported to be among
the 5 worst-behaved children in the following grade.!?

Table 2 provides summary statistics for children in our sample, comparing those who are
classified as poorly-behaved in at least one grade, using teacher reports from the three previous grades,
and those who are not. It shows that children who are not poorly-behaved were 5 years of age on the
first day of kindergarten, on average, and half of them are girls. Mothers were in their early 30s and

fathers in their mid-30s. Both parents had on average just under 9 years of schooling, which corresponds

13 Recall that a child is classified as poorly-bebaved in g if he was rated as being among the 5 worst-behaved students in the
classroom at the end of grades g-7, g-2 and g-3. One way to validate the informativeness of our measure is to check if
children who we classify as disruptive in g (based on past information) also exhibit poor behaviors in g+7, and Table 1
shows that this is indeed the case. Much the same holds for children who are persistently low-achieving: between 65
percent and 71 percent of children who are listed as having the biggest difficulties learning in g-2, g-7 and g are also listed
as such by their teachers in g+7.



to completed middle school. Araujo et al (2016) report that, at the beginning of kindergarten, the average
receptive vocabulary score of children in the sample is 1.7 SDs below the level of children that were used
to norm the test.!4

Turning to the comparison between poorly-behaved and other students, Table 2 shows that
children with persistent behavioral problems are overwhelmingly male—over 95 percent of them are
boys. They have lower performance on math and language tests than other children, and lower levels of
executive function. Poorly-behaved students also have worse depression scores, lower levels of self-
esteem, lower levels of grit, and lower values for the measure of growth mindset than other children.!>
Broadly speaking, the socioeconomic status of pootly-behaved and other students appears to be similar:
The education levels of fathers of poorly-behaved students are higher, but household wealth is lower,
and these differences are small in magnitude. Poorly-behaved students are more likely to have attended
preschool than other children, a difference of about 10 percentage points. This may seem surprising,
although we note there are several papers which show that prolonged time in daycare can have negative
impacts on children’s socio-emotional development (see for example Baker et al. 2008, 2019 on a

program in Quebec).

3. Empirical specification and results

A. Empirical specification

Our main goal is to estimate whether child 7in classroom ¢, grade g, and school s has lower achievement,
executive function, or non-cognitive development after she was randomly assigned to classrooms with,

or without, poorly-behaved students. For this purpose, we run regressions of the following form:
Yi,c,g,s = BDc,g,s + (»D(Yi,c,g—l,s) + 9Xi,c,g,s + 6g,s + gi,c,g,s (3'1>

where D, g ¢ is an indicator variable that takes on the value of one if there is one or more disruptive
students in a classroom; the function @(.) is a flexible formulation of lagged achievement or executive
function;!® X; ¢ 4 ¢ includes child age and gender; 8 5 is a set of school-by-grade fixed effects; and &; ¢ 4

is a residual. Standard errors are clustered at the school level.

14 To measure baseline receptive vocabulary, we use the Test de 1 ocabulario en Imdgenes Peabody (TVIP) (Dunn et al. 1986),
the Spanish-speaking version of the much-used Peabody Picture Vocabulary Test (PPVT). The TVIP has been used
widely to measure development among Latin American children—see, for example Schady et al. (2015).

15 For the comparisons in Table 2, we use /gged achievement and executive function. We cannot do this for the measures
of depression, self-esteem, growth mindset and grit, as these were only collected in 6™ grade.

16 In practice, we use a fourth-order polynomial in lagged achievement or executive function, although our estimates are
robust to using only lower-order polynomials. Note that because measures of depression, self-esteem, growth mindset,
and grit were only collected in 6 grade, the regressions for these non-cognitive outcomes do not include the lags.



Other estimates we report are variants on this basic formulation. Specifically, we estimate (1)
regressions that refer to outcomes measured one or two grades after a student was exposed to a
disruptive peer, not just those that refer to contemporaneous effects; (2) models in which the
coefficients on 8 are allowed to vary by grade, rather than restricted to be the same across all grades; (3)
models that allow effects to vary with the number of disruptive students in a classroom; and (4) models

that include separate indicator variables for poorly-behaved and low-achieving children.

B. Results

Obur first set of results is in Table 3, where the outcome of interest is the average of math and language
achievement in each grade. The first row of Panel A shows estimates of equation (3.1), while other rows
of this panel correspond to variants of this equation where achievement is measured at a later point in
time than that when children were, or were not, exposed to a poorly-behaved classmate (D¢ 4 ;). In the
first column of the panel the coefficients of equation (3.1) are restricted to be the same for all grades,
while in the remaining columns this restriction is relaxed.

We see that, in the model that restricts coefficients to be the same across grades, having at least
one poortly-behaved student in a class lowers the achievement of classmates by -.019 SDs. The effects
fall monotonically by grade, and we can reject the null that the average effect for 3rd and 4t graders, and
that for 5% and 6™ graders are the same (p-value: .055, reported in the last column of this row).!”7

There is also some evidence that the impact of being exposed to pootly-behaved students fades
out. The most convincing comparisons are those that look at specific grades—in the pooled sample the
number of grades that are included varies across regressions, so we could confound differences in effects
by grade with the pattern of fade-out. In 31 grade, the contemporaneous, once-lagged, twice-lagged, and
thrice-lagged effects are -.034, -.017, -.011, and .012, respectively, and we can reject the null that these
effects are the same (p-value: .002, reported in the last row of this panel). In 4% and 5t grades, the
patterns are less clear, although the number of lags we can consider is also smaller.

Panel B turns to the comparison between the effects of poorly-behaved and low-achieving
students. As discussed eatlier, these children are treated as equivalent in the Lazear (2001) model. The
results in this panel are based on regressions that include indicator variables for whether a classroom had

at least one poortly-behaved student and, separately, at least one low-achieving student. The coefficients

17 The fact that poorly-behaved students have larger, negative effects on their classmates in the eatlier grades could occur
either because when they are younger, pootly-behaved students engage in behaviors that are more disruptive than when
they are older (for example, biting a classmate), or because older children are better able to pay attention than younger
children even when there is classroom disruption, or some combination of both.



on low-achieving students are always close to zero. In the pooled regression, we can reject the null that
the effects of poorly-behaved and low-achieving students are the same (p-value: .007).

Panel C, finally, focuses on the number of pootly-behaved students in a classroom—what we
refer to as dosage effects. For this purpose, we estimate a version of equation (3.1) that expands our
explanatory variable, D¢ 4 ¢, from a single indicator for whether there was at least one disruptive child in
the classroom, to three indicators for whether there were 1, 2, or 3 or more disruptive children in the
classroom. There is clear evidence that having more poorly-behaved students in the classroom is worse
than having less of them: in the estimates that pool across grades, having exactly 1, exactly 2, and 3 or
more students with persistent behavioral difficulties lowers learning of other children in the class by -
011, -.030 and -.051 SDs, respectively, and we can reject the null that these effects are the same (p-value:
.001, in the last row of the panel).

In sum, Table 3 shows that students with persistent behavioral difficulties lower the achievement
of their classmates; that the effects are concentrated among the youngest students; that the negative
impacts of poorly-behaved students on achievement fade out over time; that there are dosage effects—
the more pootly-behaved children there are in a class, the larger is the negative effect on the achievement
of their classmates; and that having students who are persistently low-achieving, as reported by their
teachers, does not lower the learning outcomes of their classmates.

We turn to other outcomes in Table 4. Each outcome is in a different column. The first 4
columns correspond to executive function, and we present results that restrict coefficients to be the
same across grades 3 and 4 (we do not have measures of EF for grades 5 and 6). The first column
aggregates different measures of EF, and individual impacts on inhibitory control, memory and
attention, and cognitive flexibility are shown in columns 2 to 4. Similarly, column 5 aggregates non-
cognitive skills into a single index, and results for individual components of this index are shown in the
subsequent columns. Panel A corresponds to the estimates of equation (3.1), while Panel B considers an
extension of equation (3.1) that accounts for dosage effects.

Panel A shows there is no evidence that having poorly-behaved peers in the classroom lowers
the scores on the measures of classmates’ inhibitory control, working memory, or cognitive flexibility, or
on the composite measure of executive function. Panel B shows that this is the case for children exposed
to a single, but also multiple, poorly-behaved students.

Other columns in the table focus on the effects of poorly-behaved peers on depression, self-
esteem, growth mindset, and grit. In Panel A, the coefficients from these regressions are consistently
negative, but they are not significant. Moreover, because we only collected data on these outcomes in 6%

grade, we cannot pool data across grades (as we do with achievement) to increase precision. That said,
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here too we find evidence of dosage effects, as can be seen in Panel B. In the regression that focuses on
the non-cognitive aggregate, the coefficients on 1, 2, and 3 or more poorly-behaved students are -.009,
-.013, and -.059, respectively, and the coefficient on 3 or more students is significant at conventional
levels.!8 The clearest negative effects of multiple students with persistent behavioral problems are on
growth mindset.

Next, in Table 5, we turn to patterns of transfers in and out of our sample of schools. In Panel A
we show the impact of having a poorly-behaved peer (column 1), or of being a poorly-behaved student
(column 2), on the likelihood of leaving the sample between two consecutive grades. Children in our
sample are no more likely to attrit when they are exposed to poorly-behaved students. Therefore, it is
unlikely that our estimates are affected by selective attrition. On the other hand, the grade-on-grade
attrition rate of poorly-behaved students is higher by 2.4 percentage points (relative to average grade-to-
grade attrition of 5.3 percent). The converse is also true: children who move out of the school in a given
grade are more likely to be classified as poorly behaved in the previous grade.

Note also that just as students from the schools in our sample are being senz to other schools, the
schools in our sample are receiving students transferring from elsewhere. In panel B we estimate how the
probability of being poorly behaved differs between new entrants and children who were already in a
given school. In column 1 of panel B, we regress an indicator for being listed by a teacher in a given
grade as a child with behavioral problems on an indicator for being a new entrant into the sample. In-
transfers are 0.7 percentage points more likely to be reported as having behavioral problems than other
children.! Furthermore, new entrants in a given grade gare not only more likely to be poorly behaved in
that grade, but they are also more likely to be persistently pootly behaved, and of being classified as
poortly-behaved by our procedure. Column 2 of panel B of the table shows that in-transfers in grade g are
0.7 percentage points more likely to be reported as being persistently disruptive than other children,
three years later.

We do not know why pootly-behaved children are more likely to move around schools. The
decision could be voluntary, or a response to pressure from other parents, principals, and teachers. It is
also not clear whether the effect of reshuffling disruptive children across schools is on aggregate positive

(because children find a better school match) or negative (because disruptive children have a hard time

18 Interestingly, these effect sizes are very similar to those we estimate for achievement—as shown in Table 3, the effects
of having exactly 1, exactly 2, and 3 or more pootly-behaved students on 6t grade learning are .004, -.018, and -.059
SDs, respectively.

19 Hanushek et al. (2004) also find that children who move schools perform worse than other schools, and that movers
reduce achievement in receiving classrooms.
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adjusting to a new environment, potentially causing even more disruption in their new classrooms).20
Regardless, the reshuffling of poorly-behaved children means that we are likely to underestimate the

effects of disruptive children on learning.?!

4. Conclusion

In this paper, we show that children with persistent behavioral problems lower the achievement of their
peers. When there are multiple children with behavioral difficulties in a classroom, they also lower their
classmates’ scores on a composite measure of non-cognitive outcomes that includes depression, self-
esteem, growth mindset, and grit. The pattern of in- and out-transfers suggest that poorly-behaved
students may be “passed around” schools. Finally, our results show that, while in principle both poorly-
bebaved and Jow-achieving children could disrupt learning, in practice, only those with persistent behavioral
problems lower the achievement of their classmates in the setting we study.

The fact that children who have persistent behavioral problems have negative effects on their
classmates raises important questions. How can policy-makers best ensure that any underlying medical
conditions, like ADD, are diagnosed and treated? Should children with persistent behavioral problems be
mainstreamed or placed in special needs classrooms? If children with persistently poor behavior are kept
in regular classes, what are tools that teachers can use to effectively manage misbehavior??? Providing
answers to these questions is difficult. Designing effective policies for children who have persistent
behavioral problems is likely to be particularly challenging in developing countries, where resources are

more limited.

20 We also note that reshuffling of this sort is likely to occur in other settings—for example, moving pootly-performing
employees around departments in a large company if these workers cannot be fired. Both cases involve situations of
asymmetric information—the sending unit (school, department) is likely to know more about the pootly-performing
individual (student, employee) than the receiving unit.

21 'This is because a child is classified as poorly-behaved in g if she was rated as being among the 5 worst-behaved students
in the classroom at the end of grades g-7, g-2 and g-3. Therefore, no matter how disruptive his behavior, a new arrival in
4t 5t and 6 grades cannot be classified as pootly-behaved.

22 Developing countries spend considerable resources on in-service training for teachers, but most programs appear to
be ineffective (see Popova et al. 2022). A coaching program for 1t grade teachers, implemented in a different sample of
urban schools in Ecuador, did not raise achievement, and may have worsened outcomes as teachers struggled to change
their in-class behaviors (see Carneiro et al. 2022).
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Table 1: Distribution of poorly-behaved students across classrooms and persistence

Nr poorly- Nr Totalnr  Proportion Proportion Proportion Proportion Proportion Proportion Proportion Proportion
behaved  classrooms classrooms —classrooms — classrooms  classrooms  classrooms poorly- poorly- poorly- poorly-
students with with with 1 with 2 with 3+ behaved  behavedin behavedin behaved in

pootly- pootly- pootly- poorly- pootly- students g+l g+2 gt+3
behaved behaved behaved behaved behaved among
student student student students students bottom 5
ing
3 grade 299 206 470 44 33 08 03 64 65 49 40
4% grade 338 224 479 47 32 11 04 73 77 60
5 grade 439 276 485 57 36 14 07 68 71
6™ grade 490 300 485 62 37 17 08 66

Notes: The table shows descriptive statistics about the distribution of poorly-behaved students across classrooms in every grade, as well as persistence in poor behavior. In any grade g between grades 3
and 0, a poorly-behaved student is a student who was ranked among the bottom 5 worst behaved students in the classroom according to the teacher in all grades between g-1, g-2 and g-3. In columns 1-2
we show how many students comply with this definition in each grade between 3rd and 6th grade, and the number of classrooms in which there is a pootly-behaved student according to this definition.
In columns 3-7 we show the total number of classrooms in the sample, as well as the proportion of classrooms with a pootly-behaved student, and the proportion of classrooms with one, two, or three or
more poorly-behaved students. In column 8, we show the proportion of poorly-behaved students in any given grade who are also listed among the bottom 5 worst behaved students in grade g, conditional
on attrition. In columns 9-11 we show the proportion of poorly-behaved students in any given grade g who are also poorly-behaved in grades g+1, g+2 and g+3 using our definition, conditional on

attrition.
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Table 2: Characteristics of poorly-behaved students

Poorly-behaved Not pootly-behaved
Mean N  Mean N Diff. p-value
Female 049 879 523 9,408  -474 000
Age (months) 123 851 121 9408  1.46 000
Lagged math -321 878  .084 9,408  -.405 000
Lagged language -.404 878 111 9,408  -.575 000
Lagged math+language index -.392 878  .098 9,408  -.490 000
Lagged EF -277 878  .069 9,407  -.346 000
Lagged EF inhibitory control -141 878  .028 9,407  -.169 000
Lagged EF memory and attention -.263 878  .068 9,407  -332 000
Lagged EF cognitive flexibility -116 878  .030 9,407  -.146 000
Aggregate non-cognitive -.244 356 012 7433  -256 .000
Depression -193 356 .009 7,433 -202 .000
Self-esteem -160 356 .008 7,433 -.167 002
Growth mindset -224 356 011 7433  -235 .000
Grit -181 356 .009 7433 -190 .000
Mother education less than secondary .689 544 680 8,876  .009 659
Father education less than secondary 756 389 701 7,157  .055 022
Mother age 29.6 541 304 8,829 -811 004
Father age 34.5 373 34.7 7,004  -225 .588
Wealth -.070 582 014 9277  -.084 040
TVIP -019 565 043 9,115  -.062 141
Preschool 707 590 602 9401 105 000

Notes: This table shows characteristics of poorly-behaved students according to our main definition, and compares them to
non-poortly-behaved students. In any grade g between grades 3 and 6, a poorly-behaved student is a student who was ranked
among the bottom 5 worst behaved students in the classroom according to the teacher in all grades between g-1, g-2 and g-3.
The table reports the mean of each variable for poorly-behaved and non-poorly-behaved students, as well as the difference in
means between poorly-behaved students and non-poorly-behaved students, and the p-values testing whether the differences

in means are equal to zero, pooling across grades 3 to 6. Data on executive function are only available up to grade 4.
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Table 3: Effect of poorly-behaved students on classmates’ achievement

Panel A Pooled 3rd grade 4t orade 5thorade 6horade  F-test1 F-test 2
Has pootly-behaved -.019 -.034 -.027 -.011 -.007
AT75 126
student - Lag 0 (.006) (.016) (.014) (.013) (.011)
Has pootly-behaved -.015 -.017 -.021 -.010
student - Lag 1 (007) (015) (011) (011)
Has pootly-behaved -.016 -.011 -.022
student - Lag 2 (.010) (.016) (.012)
Has pootly-behaved 012 012
student - Lag 3 (.015) (.016)
F-test 3 128 032 .859 .906
Panel B Pooled 3 grade 4t grade 5th grade 6™ grade  F-test 1
Has pootly-behaved -.019 -.034 -.028 -.011 -.0006 441 16
student (.006) (.016) (.014) (.013) (.011) ' '
Has low achieving .003 -.006 013 .001 .001
.889 .880
student (.008) (.018) (.017) (.012) (.012)
F-test 4 .037 .293 065 AT72 .665
Panel C Pooled 3 grade 4t grade Sthgrade 6thgrade  F-test1 FP-test2
-.011 -.027 -.027 .002 .004
I student (.006) (017) (016) (013) (011) 232 040
-.030 -.049 -.022 -.035 -018
2 students (010) (031) (022) (018) (018) 807710
-.051 -071 -.076 -.027 -.059
3+students .809 441
(:016) (.052) (.043) (.031) (.027)
F-test 5 .010 575 AT77 .086 041

Notes: Panel A reports estimates from regressions of an index of math and language scores on an indicator for being randomly assigned
to a classroom with a poorly-behaved student for various lags of year of assignment to a classroom with a poorly-behaved student
(where lag 0 captures the contemporaneous effect), and for various grades. Column 1 pools information across grades 3-6. Columns
2-5 report estimates from regressions by grade. In each regression, we regress the math and language scores index on an indicator
variable for being assigned to a classroom with a poorly-behaved student, controlling for a fourth-order polynomial in lagged
achievement, an indicator for a poorly-behaved student, child age and gender, and school (by grade, when pooling data across grades)
fixed effects. F-test 1 reports the p-value for a test of equality of contemporaneous effects across grades 3-6. F-test 2 reports the p-
value for a test of equality of average effects in grades 3 and 4 vs grades 5 and 6. F-test 3 reports p-values of tests for equality of
contemporancous and lagged effects. Panel B reports estimates from regressions of an index of math and language scores on an
indicator for being randomly assigned to a classroom with a poorly-behaved student and an indicator for being randomly assigned to
a classroom with a low achieving student, for various grades. In any grade t between grades 3 and 6, a low achieving student is a student
who was ranked among the bottom 5 worst achieving students in the classroom according to the teacher in all grades between t-1, t-2
and t-3. Column 1 pools information across grades 3-6. Columns 2-5 report estimates from regressions by grade. Each regression
controls for a 4th-order polynomial in lagged achievement, an indicator for being a poorly-behaved or low achieving student as well as
child gender and age, and school (by grade when pooling information across grades) fixed effects. F-test 1 reports the p-value for a
test of equality of effects across grades 3-6. F-test 4 reports p-values of tests for equality of impacts of poorly-behaved and low
achieving students. Panel C reports estimates from regressions of an index of math and language scores on indicators for being
randomly assigned to a classroom with a varying number of poorly-behaved students, for various grades. Students can be assigned to
classrooms with one, two, or three or more pootly-behaved students. Column 1 shows results for a specification in which we pool
information across grades 3-6. Columns 2-5 report estimates from regressions by grade. In each regression, we regress the math and
language scores index on indicators for the number of poorly-behaved students in the classroom (omitted category is 0), controlling
for a fourth-order polynomial in lagged achievement, an indicator for being a pootly-behaved student, child age and gender, and school
(by grade when pooling information across grades) fixed effects. F-test 1 reports the p-value for a test of equality of effects across
grades 3-6. F-test 2 reports the p-value for a test of equality of average effects in grades 3 and 4 vs grades 5 and 6. F-test 5 reports p-
values of tests for equality of coefficients across rows of a given column. Standard errors are clustered at the school level throughout.
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Table 4: Effect of poorly-behaved students on student executive function and non-cognitive outcomes

Panel A EF Inhibitory Memory Cognitive Aggregate Depression Self-  Growth  Grit
composite control and flexibility non- esteem  mindset
attention cognitive
Has poorly- 005 -.019 011 -013 -.015 -.015 -.008 -014  -.011
behaved student (.0106) (.017) (.017) (.018) (.014) (.016) (.015) (014 (015
Panel B EF Inhibitory Memory Cognitive Aggregate Depression Self-  Growth  Grit
composite control and flexibility non- esteem  mindset
attention cognitive
1 student 011 -.021 .023 -013 -.009 -.007 -.002 -011 -.011
(.018) (.018) (.019) (.019) (.015) (.018) (.016) (016)  (017)
5 students 012 -.026 -.010 -011 -013 -.026 -011 -.005 -.008
(.025) (.033) (.027) (.031) (.022) (.023) (.025) (.020)  (.023)
3+students -.005 041 -.076 -018 -.059 -.040 -041 -.065 -.028
(.027) (.048) (.048) (.042) (.029) (.031) (034 (.028)  (.031)
F-test .546 .368 097 990 215 4061 .506 113 807

Notes: Panel A reports estimates from regressions of composite EF scores, EF components and non-cognitive outcomes on an indicator for being randomly
assigned to a classroom with a pootly-behaved student for various lags of year of assighment to a classroom with a pootly-behaved student. Data on EF is
only available up to grade 4, thus the EF regressions pool information across grades 3-4. Data on non-cognitive outcomes are only available at the end of
grade 6. In each regression, we regress the outcome on an indicator variable for being assigned to a classroom with a poorly-behaved student, controlling
for a fourth-order polynomial in lagged achievement, an indicator for a pootly-behaved student, child age and gender, and school (by grade when pooling)
fixed effects. Panel B reports estimates from regressions of composite EF scores, EF components and non-cognitive outcomes on indicators for the
number of pootly-behaved students in the classtoom. Data on EF is only available up to grade 4, thus the EF regressions pool information across grades
3-4. Data on non-cognitive outcomes are only available at the end of grade 6. In each regression, we regress the outcome on an indicator variable for being
assigned to a classroom with different numbers of poorly-behaved students (omitted category is 0, controlling for a fourth-order polynomial in lagged
achievement, an indicator for a poorly-behaved student, child age and gender, and school (by grade when pooling) fixed effects. F-test reports p-values of
tests for equality of having different numbers of poorly-behaved students. Standard errors are clustered at the school level throughout.
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Table 5: Poorly-behaved students and attrition

Panel A
Attritor from t to t+1
@ &)
Has poortly-behaved student -.001
(.005)
Is pootly-behaved student 024
(.010)
Panel B
Bottom 5 worst Poortly-
behaved behaved
@ &)
New entrant in t .007
(.004)
New entrant in t-3 .007
(.003)

Notes: Panel A, column 1 shows results from a regression of an indicator variable for being an attritor between any
grades t and t+1 on an indicator for having a pootly-behaved student in the classroom in t, pooling information
across grades. The regression controls for a fourth-order polynomial in lagged ability, an indicator for being a poorly-
behaved student, child age and gender, as well as school-by-grade fixed effects. Column 2 shows results from a
regression of an indicator variable for being an attritor between any grades t and t+1 on an indicator for being a
pootly-behaved student in t, pooling information across grades. The regression controls for a fourth-order
polynomial in lagged ability, child age and gender, as well as school-by-grade fixed effects. Panel B, column 1 reports
estimates from a regression of an indicator for being among the 5 worst behaved students in the classroom on an
indicator for being a new entrant in any given grade, pooling information across grades 1-6. We regress the outcome
on an indicator for being a new entrant in that grade, child age and gender, and school-by-grade fixed effects.
Column 2 reports estimates from a tegression of an indicator for being pootly-behaved in a given grade t on an
indicator for being a new entrant in grade t-3, pooling information across grades 4-6. In each regression, we regress
the outcome on an indicator for being a new entrant 3 years before, child age and gender, and school-by-grade fixed
effects. Standard errors are clustered at the school level throughout.

Appendix A
An important assumption underlying our empirical strategy is that poorly-behaved students are not

purposefully matched to classrooms, due to random assignment of children to classrooms within schools in
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every year.”3 Random assignment is closely monitored, and compliance was very high, 98.9 percent on average.
In this appendix, we present tests of random assignment using a methodology developed in Jochmans (2023).

First, we briefly discuss the procedure outlined in Jochmans (2023). Consider our setting, in which we
observe data on S schools, and each school has ny, ..., ng students. Within each school, children are assigned
to a classroom—and therefore their peer group—every year. Let X ; be an observable characteristic of child i
in school s. If assignment to peer groups is random, X, ; will be uncorrelated with X ;, for all j belonging to
the set of i's classroom peers. Let X j be the average value of characteristic X among student i's peers. The
procedure tests whether the correlation in a within-school regression of Xg; on X ; is statistically significantly
different from zero (a methodology first proposed in Sacerdote (2001)), introducing a bias correction for the
inclusion of group fixed effects (in our case, schools). It is important to control for school fixed effects, as
randomization happens within schools, but there may be selection into a school based on individual
characteristics. Jochmans (2023) shows that a fixed-effects regression of X, ; on X ; will yield biased estimates

due to inconsistency of the within-group estimator. The proposed corrected estimator is given by

S Nng ~ — xs,i
s=12'=1xs,i xs,j + n o —1
t ( ng 1) (A.1)

ts =
S ng ~ = xs,i 2
Ys=1 (Zi=1xs.i (xs.j + ng — 1))

where Xg; is the deviation of Xg; from its within-school mean. The null hypothesis is thus absence of
correlation between i's characteristics and those of her peers. To test the random assignment in our setting,
we implement this procedure by testing for the presence of correlation between child i's scores measured at
the end of grade t — 1 and the average end-of-grade scores in t — 1 of the classroom peers assigned to herin a
given grade t. We do so for each grade, for math and language achievement as well as executive function. The
results are shown in tables A1, A2 and A3 . Note that, to check random assignment in kindergarten, we
use TVIP scores collected at baseline. Our results show that we cannot reject the null hypothesis that there
is no correlation between child i's achievement and that of her classroom peers. Hence, we conclude that

random assignment was successful in our setting.

23 We use the word “random” as shorthand but, as discussed at length in Araujo et al. (20106), strictly speaking random
assighment only occurred in 3% through 6™ grade. In the other grades, the assignment rules were as-good-as-random.
Specifically, the assignment rules we implemented were as follows: In kindergarten, all children in each school were ordered by
their last name and first name, and were then assigned to teachers in alternating order; in 1%t grade, they were ordered by their
date of birth, from oldest to youngest, and were then assigned to teachers in alternating order; in 274 grade, they were divided
by gender, ordered by their first name and last name, and then assigned in alternating order; in 3% through 6 grades, they were
divided by gender and then randomly assigned to one or another classroom.
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Table Al: Testing for random assignment of children to classrooms, math
Kindergarten  Gradel Grade2 Grade3 Grade4 Grade5 Grade6
Test statistic 1.36 -.550 1.04 104 -.749 304 720
P-value 174 .583 299 917 454 761 471

Notes: In this table, we report results for tests of random assignment of children to classrooms within
schools using a methodology proposed by Jochmans (2023). The null hypothesis is absence of
correlation between a child’s math ability measured at the end of the previous grade and the average
math ability of classroom peers assigned to her at the beginning of a given grade, conditional on school.
To check random assignment in kindergarten, we use TVIP scores collected at baseline.

Table A2: Testing for random assignment of children to classrooms, language
Kindergarten  Grade1 Grade2 Grade3 Grade4 Grade5 Grade6
Test statistic 1.36 -2.89 -.674 231 -.383 -.780 -.084
P-value 174 .004 501 .818 702 435 933

Notes: In this table, we report results for tests of random assignment of children to classrooms within
schools using a methodology proposed by Jochmans (2023). The null hypothesis is absence of correlation
between a child’s language ability measured at the end of the previous grade and the average language ability
of classroom peers assigned to her at the beginning of a given grade, conditional on school. To check
random assignment in kindergarten, we use TVIP scores collected at baseline.

Table Al: Testing for random assignment of children to classrooms, EF

Kindergarten Grade 1 Grade 2 Grade 3 Grade 4
Test statistic 1.36 161 -.083 -.988 -1.04
P-value 174 .872 934 323 .299

Notes: In this table, we report results for tests of random assignment of children to classrooms within schools
using a methodology proposed by Jochmans (2023). The null hypothesis is absence of correlation between a
child’s executive function score measured at the end of the previous grade and the average executive function
score of classroom peers assigned to her at the beginning of a given grade, conditional on school. To check
random assignment in kindergarten, we use TVIP scores collected at baseline. We only collected data on
executive function up to fourth grade.

Appendix B

This appendix presents additional information on test scores, executive function, and non-cognitive
skills. Figure B1 presents the univariate densities of our achievement measures, separately by grade. The figure
shows that most of the distributions appear to have a reasonable spread and are generally symmetric. One clear

exception is math achievement in kindergarten, which is left-censored.
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Figure B2 presents comparable densities for executive function. It shows that the distributions of

inhibitory control and cognitive flexibility are often highly skewed. This is not surprising given the nature of
the tests. As an example, we describe the executive function tests we applied in kindergarten.
In the inhibitory control test, kindergarten children were quickly shown a series of 14 flash cards that had
either a sun or a moon and were asked to say the word “day” when they saw the moon and “night” when they
saw the sun. Just over half (50.8 percent) of all children made no mistake on this test, so there is a concentration
of mass at the highest value, while very few children (1.6 percent) answered all prompts incorrectly.

The cognitive flexibility test we applied in kindergarten worked as follows. Children were handed a
series of picture cards, one by one. Cards had either a truck or a star, in red or blue. The enumerator asked the
child to sort cards by color, or by shape. Specifically, in the first half of the test, the enumerator asked the child
to play the “colors” game, handed her cards, indicating their color, and asked the child to place them in the
correct pile (“this is a red card: where does it go?”). After 10 cards, the enumerator told the child that they
would switch to the “shapes” game, and reminded the child that, in this game, trucks should be placed in one
pile and stars in another. The enumerator then handed the child cards, indicating the shapes on the card, and
asked her to place them in the correct pile (“this is a star: where does it go?”). In both the first and the second
part of the test, if the child made three consecutive mistakes, the enumerator paused the test, reminded her
what game they were playing (“remember we are playing the shapes game; in the shapes game, all trucks go in
this pile, and all stars in this other pile”), and handed the child a new card with the corresponding instruction.
A small proportion of children in kindergarten (7.5 percent) did not understand the game, despite repeated
examples, and were given a score of 0; just under half of all children (47 percent) answered all prompts correctly
in both the “colors” and “shapes” parts of the test; and just over a quarter (27.3 percent) of all children made
no mistakes in the first part of the test (the “colors” game), but incorrectly classified every card in the second
part of the test (the “shapes” game). These children were unable to switch rules, despite repeated promptings
from the enumerator. The distribution of scores for this test therefore has a concentration of mass at two
points, with much less mass at other points.

The working memory test had two parts. In the first part, children were given 2 minutes to find as
many sequences of dog, house, and ball, in that order, on a sheet that has rows of dogs, houses, and balls in
various possible sequences. The score on this part of the test is the number of correct sequences found by the
child. In the second part of the test, the enumerator recited strings of numbers, and asked the child to repeat
them, in the same order or backwards. Figure B2 shows that the aggregate working memory score is distributed
smoothly, with little evidence of a concentration of mass at particular values.

In practice the correlations of the scores across the three dimensions in our sample are low—in the

range of 0.21 to 0.32 between cognitive flexibility and working memory, between 0.17 and 0.33 between
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working memory and inhibitory control, and in the range of 0.12 to 0.15 between cognitive flexibility and
inhibitory control—see Appendix Table B1.24 When the scores across the three dimensions are averaged, the
distributions of the total executive function score are generally smooth and symmetric.

Figure B3, finally, shows univariate densities of the four non-cognitive measures we applied in 6t
grade. The figure shows that the distribution of the depression and grit scores appear to be right-censored.
The distribution for the aggregate measure of non-cognitive outcomes, on the other hand, is smooth and
symmetric. Table B2 shows that the different non-cognitive outcomes are positively correlated, although the
correlations are far from unity—they range from 0.20 (between depression and grit) to 0.49 (between growth

mindset and self-esteem).

2 The fact that these correlations are very low is likely to be a result of both measurement error and differences across the
constructs that each domain measures.
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Figure B1: Distributions of achievement, by grade
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Notes: The figure shows univariate densities of achievement, in z-scores, by grade.
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Figure B2: Distributions of executive function, by grade
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Notes: The figure shows univariate densities of executive function, in z-scores, by grade.
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Figure B3: Distributions of non-cognitive outcomes
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Table B1: Correlations across dimensions in executive function

Inhibitory Control Cognitive Flexibility
Kindergarten

Cognitive Flexibility 0.13

Working Memory 0.22 0.29
15t Grade

Working Memory 0.23
2rd Grade

Cognitive Flexibility 0.15

Working Memory 0.25 0.24
3rd Grade

Cognitive Flexibility 0.12

Working Memory 0.17 0.21
4t Grade

Cognitive Flexibility 0.15

Working Memory 0.33 0.32

Pooled
Cognitive Flexibility 0.14
Working Memory 0.24 0.26

Notes: The table reports the pairwise correlations between executive function dimensions. All the correlations are
significant at the 1 percent level.
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Table B2: Correlations across non-cognitive outcomes

Depression Self- Esteem Growth Mindset
Self- Esteem 0.24
Growth Mindset 0.26 0.49
Grit 0.20 0.45 0.38

Notes: Table presents the results from pairwise correlations between non-cognitive outcomes collected in 6t
grade. All the correlations are significant at the 1 percent level.

27



Appendix C

Table C1: Attrition

Panel A
Attritor from t to t+1
@ ©)
Has low-achieving student -.003
(.003)
Is low-achieving student 021
(.010)
Panel B
Bottom 5 achieving Low-achieving
@ @
New entrant in t 011
(.004)
New entrant in t-3 .005
(.003)

Notes: Panel A, column 1 shows results from a regression of an indicator variable for being an attritor between any
grades t and t+1 on an indicator for having a low-achieving student in the classroom in t, pooling information across
grades. The regression controls for a fourth-order polynomial in lagged ability, an indicator for being a low-achieving
student, child age and gender, as well as school-by-grade fixed effects. Standard errors are clustered at the student and
classroom level. Column 2 shows results from a regression of an indicator variable for being an attritor between any
grades t and t+1 on an indicator for being a low-achieving student in t, pooling information across grades. The
regression controls for a fourth-order polynomial in lagged ability, child age and gender, as well as school-by-grade
fixed effects. Panel B, column 1 reports estimates from a regression of an indicator for being among the 5 lowest
achieving students in the classtoom on an indicator for being a new entrant in any given grade, pooling information
across grades 1-6. Standard errors are clustered at the student and classroom level. We regress the outcome on an
indicator for being a new entrant in that grade, child age and gender, and school-by-grade fixed effects. Column 2
reports estimates from a regression of an indicator for being low-achieving in a given grade t on an indicator for being
a new entrant in grade t-3, pooling information across grades 4-6. Standard errors are clustered at the student and
classroom level. We regress the outcome on an indicator for being a new entrant 3 years before, child age and gender,
and school-by-grade fixed effects.
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