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Abstract

Using Chilean administrative data, we estimate how teacher value-added (VA) af-
fects the VA of students who later become teachers. Exposure to a math teacher with 1
SD higher VA raises teacher VA in the next generation by 0.14 SD and student achieve-
ment one generation removed by 0.04 SD. Effects compound with longer exposure and
appear driven by observable classroom practices. Under plausible assumptions, these
spillovers raise cumulative returns to instructional quality by 28 percent after one gen-
eration and 39 percent in the long run. (JEL: 121, 128, J24.)

Keywords: Teacher value-added, spillovers, human capital, high school, Chile.

1. Introduction

Valuing teachers solely by their direct impact on students’ learning might overlook a crucial
channel of human capital formation. High-quality teachers not only influence students di-
rectly but also cultivate the next generation of teachers. This study examines the effect of
high school teachers’ value-added (VA) on the VA of their students who later become teach-
ers. We refer to teachers who influence the next generation in this way as “grandteachers,”
and show that ignoring this spillover effect has led research and policy to underestimate the
returns to teacher quality.

There are at least two ways grandteachers could influence the future teacher workforce.
First, they might attract talented students into teaching, shaping the quality of recruited en-
trants. Second, they may enhance students’ teaching effectiveness regardless of recruitment,
through skill transfer and role modeling. The distinction matters: if recruitment were the
main driver, effects might be zero-sum, diverting talent from other sectors. We find limited
evidence of a recruitment effect; instead, the influence of grandteachers manifests through
improved teaching effectiveness.

We test the robustness of this effect by exploiting variation in students’ cumulative expo-
sure to high-VA teachers. If unobserved factors such as student sorting drove the correlation,
we would not expect it to scale smoothly with exposure. Instead, we find a continuous gra-
dient: each additional year with an effective grandteacher increases future teacher VA and
the performance of grandstudents (i.e., the students of teachers taught by grandteachers).
A back-of-the-envelope calculation suggests spillovers raise cumulative returns to teacher
quality by 39% in the long run.

To explore transmission mechanisms, we analyze evaluation data on instructional prac-
tices through written assessments and video recordings on two generations of teachers. The
strongest correlations between grandteachers and their “descendant” teachers emerge in class-
room management and lesson structure, both observable, practice-based skills that are cen-
tral to instructional productivity. Correlations are weaker or non-existent in less visible
domains, such as pedagogical reasoning or written planning. These patterns suggest that
productivity predominantly transmits through direct observation and experience, consistent
with a role modeling explanation.

Our findings bridge several literatures. We connect research on teacher VA (Aaronson
et al., 2007; Bacher-Hicks and Koedel, 2023; Chetty et al., 2014a; Jackson, 2018; Mansfield,
2015) to studies on workplace spillovers and peer learning, where exposure to skilled col-
leagues raises future productivity (Cornelissen et al., 2017; De Grip and Sauermann, 2012;



Mas and Moretti, 2009), including among teachers (Goldhaber et al., 2020; Jackson and
Bruegmann, 2009; Kraft et al., 2018; Papay et al., 2020). Ample research documents inter-
generational spillovers in education (Bjorklund and Salvanes, 2011; Braun and Stuhler, 2018;
Holmlund et al., 2011), while a newer literature explores teachers’ role in driving cultural
and technological change (Borowiecki, 2022; Koschnick, 2025). Relatedly, evidence on peer
effects in education emphasizes classroom climate and behavior (Bietenbeck, 2025; Carrell
et al., 2018; Carrell and Hoekstra, 2010; Feng et al., 2025; Golsteyn et al., 2021; Kraft et al.,
2016; Shure, 2021), which emerge as key drivers in our study. Building on these insights,
we document an overlooked intergenerational channel of human capital formation, where
teacher VA propagates across generations of teachers.

The remainder of the paper is organized as follows. In Section 2 we define the key
parameters of interest to this study. Section 3 describes the institutional context and data,
and Section 4 outlines the empirical strategy. Section 5 presents the main results, beginning
with baseline VA estimates, evidence of small or absent recruitment effects, and a substantial
influence on teacher VA. We follow this with placebo and robustness checks, including a
continuous dose-response analysis. Section 6 provides a back-of-the-envelope calculation
of the social multiplier. In Section 7, we exploit the multigenerational data structure to
propose an adjustment for measurement error. Section 8 explores mechanisms using teacher
evaluation data, suggesting role modeling as a key channel. Section 9 concludes.

2. Key parameters, identification, and estimation

The aim of this paper is to assess by how much conventional estimates of teacher VA un-
derestimate the extended impact of teachers considering students indirectly exposed. To
formalize this, we define three key parameters. The first captures teachers’ direct contribu-
tions to student learning (1), the second measures how much exposure to effective teachers
raises the effectiveness of future teachers (p), and the third summarizes the resulting spillover
to the students taught by those future teachers (7).

The baseline VA parameter, ¢q, captures the direct effect of teacher effectiveness on
student achievement, assumed linear:

o aY;jct
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where Y;;, denotes the achievement of student ¢, taught by teacher j in classroom c¢ and
year t, and VA; is teacher j’s VA, standardized to mean zero and unit variance. Teacher
VA is estimated using established approaches: in our main specification, the empirical Bayes
two-step procedure of Kane and Staiger (2008). Identification relies on the assumption
that, conditional on prior achievement and observables, assignment to teachers is as good
as random. Our results are highly robust once we include school and classroom level means
of control variables, consistent with a formal result that group means of observables absorb
across-group variation in unobservables (Altonji and Mansfield, 2018).

The second parameter, p, captures the intergenerational transmission of VA which mea-
sures how much a teacher’s own effectiveness is influenced by exposure to a high-VA teacher



while a student:

P 0 VAj
VA,

where VAy;) denotes the VA of teacher j’s teacher, or “grandteacher.” We estimate p by
linking three generations of teachers and students, first estimating VA for the grandteacher
and teacher generations using standard methods, and then correlating these VA estimates
across generations.

Identification of p relies on the same selection-on-observables assumption used for baseline
teacher VA, together with the assumption that grandteacher VA (VA(;)) does not influence
students’ selection into the teaching profession. We corroborate this latter assumption by
showing that any selection effects are small and implementing an inverse-probability weight-
ing strategy, which leaves our estimates unchanged.

As we discuss in Section 6, the total social spillover across generations can be recovered
from just two quantities: the intergenerational transmission coefficient p, and the number of
students per teacher who go on to become teachers. However, VA estimates and the result-
ing estimate of intergenerational transmission are likely attenuated by measurement error.
To test this, we directly estimate VA models linking grandteachers to their grandstudents’
outcomes, allowing us to estimate the indirect VA after one generation:

© ay;jct
2 = Soa
aVAg(j)

Assuming an autoregressive process without memory—which is natural, as grandteachers and
grandstudents have no direct exposure—it follows that ¢s = pp,. With perfect measurement,
this identity would extend to the estimated parameters ¢, p, 9. In practice, departures from
this identity are likely to result from measurement error in VA. We explore this discrepancy
in Section 7 to propose a bias-corrected magnitude of intergenerational spillovers.

3. Setting and data

The empirical setting of this study is Chile, covering all three branches of its secondary
system: public schools (40% of enrolment), private subsidized (53%), and private paid schools
(7%). In our analysis, we focus on teachers’ VA in the 10th grade. Although secondary
education is compulsory until 12th grade, 10th is the last grade where students are exposed
to a common curriculum. A more detailed description of Chilean secondary education,
including aspects related to teacher preparation, evaluation, and professional development,
is provided in Appendix A.

3.1. SIMCE assessments

To measure teacher VA, we use Sistema Nacional de Medicion de la Calidad de la Educacion
(SIMCE), Chile’s national standardized assessment in math and reading. SIMCE is applied
nationwide in grades 2, 4, 6, 8, and 10. However, because not all grades are tested every
year, only some students have scores in multiple grades. To ensure lagged achievement for
estimating VA, we focus on four cohorts with both 8th- and 10th-grade scores: those in



10th grade in 2006, 2013, 2015, and 2017. Characteristics of these cohorts are reported in
Appendix Table B1.

As described below, we rely on 2006 estimates to measure grandteachers’ effectiveness
between 2004 and 2008. We focus on math because reading VA is considerably less stable
over time (Table F1 in Appendix F), which likely leads to severe mismeasurement when
assigning estimates across years. In contrast, math VA is more stable and is estimated
reliably enough to pass standard validation checks (Appendix F). !

3.2. Additional student data

We complement the SIMCE data with several administrative sources on students. First,
publicly available Ministry of Education records provide each student’s school and assigned
teacher over time, as well as annual grade point average (GPA) and attendance. Second,
the Department of Educational Evaluation, Measurement, and Records supplies information
on 12th-grade students’ test scores from the national university entrance exams. These
scores allow us to estimate longer-term effects of teacher VA. Third, Ministry of Education
administrative records provide information on higher education enrollment and completion,
covering the institution, degree program, and year of graduation, allowing us to trace students
into the teaching profession.

3.3. Teacher evaluations

We also use data from the National Teacher Evaluation System (NTES). Between 2005 and
2015, this evaluation system was mandatory for all teachers in public schools and included a
teaching portfolio (video observations and written materials), a peer interview, and supervi-
sor and self-evaluations. Such performance ratings contain detailed information that validly
predicts teacher effectiveness (Bacher-Hicks et al., 2019; Kraft et al., 2020). Appendix C
provides further details of the NTES assessments. Using portfolio scores for both genera-
tions of teachers, we explore the extent to which teachers’ classroom performance reflects
the practices they observed from grandteachers during their schooling.

3.4. Sample construction

Figure 1 summarizes the data structure. We construct the grandteacher sample by estimating
VA for all 10th-grade math teachers in 2006. We then identify students who attended 10th
grade two years earlier or later (2004, 2005, 2007, and 2008) and were taught by one of
these grandteachers, defining them as the indexr cohort. Excluding the 2006 cohort avoids
mechanical correlation between grandteacher VA and the outcomes of the index cohort.
Some index students later become math teachers themselves, allowing us to construct the
grandstudent sample, which includes 10th graders taught by these former students in 2013,
2015, or 2017.

This timeline implies that we follow students who were active as teachers nine to ten years
after we observe them in the 10th grade. Completing teacher training in Chile typically takes

!The SIMCE math test consists of multiple-choice questions assessing mathematical knowledge and
problem-solving skills.



9-10 years later
Index cohort | As students > As teachers
—>‘ 10th grade in 2004 H VA in 2013

Grandteachers —»‘ 10th grade in 2005 }—» VA in 2015
VA in 2006

Ngrandteachers = 3,388 —>‘ 10th grade in 2007 H VA in 2017
Nstudents = 13&014
—»‘ 10th grade in 2008 }—» VA in 2017

Ngrandteachers = 37112 Nteachers = 212
Nstudents = 3647542 Ngrandstudents = 6,032
Nteachers = 643

Figure 1: Data structure and timeline.

Note: We estimate grandteacher VA in 2006 for 3,388 math teachers and 138,014 students in 10th grade.
Of these grandteachers, 92% (3,112 teachers) also appear as teachers of the index cohort, which includes
364,542 students. Among index cohort students, 643 later become math teachers (approximately 0.2%). Of
these, 33% are observed as teachers of the grandstudent cohorts (2013, 2015, and 2017), comprising a final
grandstudent sample of 212 teachers and 6,032 students.

at least seven years after 10th grade, so teachers in these cohorts are likely to have no more
than three years of experience when their VA is estimated. We focus on this early-career stage
to avoid attrition from the teaching profession, which can lead to bias if poorer performing
teachers are more likely to leave the teaching profession (Goldhaber et al., 2020; Harris and
Sass, 2011).

About 60% of 10th graders in 2004, 2005, 2007, and 2008 had a teacher with a VA
estimate from the 2006 SIMCE, and these students resemble the full student population on
observed characteristics (Appendix Table B2). Among them, roughly 7% later completed an
education-related degree. Future high school math teachers represent about 2.5% of those
with an education degree, and 0.2% of index students (N = 643). These future teachers
tend to come from average-SES, high-performing schools and were themselves high achievers,
particularly in the subject they later teach (Appendix Table B3). Our main analysis focuses
on those who taught 10th grade in 2013, 2015, or 2017, when grandstudents took the SIMCE,
comprising 212 teachers and 6,032 grandstudents. These teachers are comparable to the
broader population of index teachers in terms of socioeconomic background, educational
trajectories, and school characteristics (Appendix Table B3).



4. Value-added model

We estimate teacher VA on all 10th-graders in 2006, 2013, 2015, and 2017 using a standard
VA model (VAM). Let Y;;. denote the standardized 10th-grade math test score for student
1, taught by teacher j in classroom ¢ and year t. The model controls for prior achievement
in both reading and math Yj;_;, individual characteristics X;;, the lagged mean performance
of classmates Y,,_;, classroom-level characteristics X, and school-level characteristics Z.
The estimating equation is:

Yijer = Bof Yie—1) + BiXa + 0 f (Kt—l) + 1 Xet + Y2 Zst + Vijets (1)

where the composite error term v, captures unobserved teacher, classroom, and student-
level components:
Vijet = [jt + Oct + Eijet-

Specifically, p;; is a teacher-specific random effect representing teacher VA with variance
O'Et, 0. is a classroom-specific random effect capturing exogenous class shocks with variance
o3;, and £;je 18 an idiosyncratic student-level error with variance 02,. Hence, Var(vyju) = O’it-i-
05,4+ 02. In this specification, u;; is year-specific, which allows us to estimate grandteachers’
effectiveness in 2006, around the time they taught the students who later became teachers. In
Appendix E, we show that our results are similar when we treat teacher VA as time-invariant
fixed effects.

4.1. Control variables

We include 8th-grade math and reading scores Y;; 1 through a third-degree polynomial f(-).
Student-level covariates X;; include gender, parental years of schooling, log household income,
and GPA and attendance in the 8th and 9th grades.”? Moreover, we control for students’
school transitions (from 8th to 9th and 9th to 10th grade), accounting for the instability
of their prior trajectories, and whether they had the same teacher in 9th grade (45% of
students). Appendix Table B1 describes these variables.

The model further includes classroom-level means of the lagged outcomes and student
characteristics (Y,;_; and X,), along with school characteristics (Z,). These last variables
include the type of school administration (public, private subsidized, private paid), region,
enrollment (second-degree polynomial), and the across-time average shares of low (primary)
and high (university) educated parents in the school. Specification curve tests in Appendix
Figure B1 show that results are stable across specifications that use school- and classroom
means of contextual variables as controls, consistent with Altonji and Mansfield (2018).

4.2. Bayes two-step approach

In our preferred specification, we estimate teacher VA using the empirical Bayes two-step
procedure in Kane and Staiger (2008). In the first step, we estimate equation (1) via OLS

2SIMCE data include parents’ responses to a questionnaire collecting information on socioeconomic status.
Parental education represents the total number of years of schooling completed by the parents. Household
income is reported via a multiple-choice question with 15 income brackets. We impute the midpoint of each
bracket.



and obtain residuals. In the second step, we average these residuals at the teacher-year
level. Because most high school teachers (63%) teach multiple classrooms, we first average
residuals within classrooms and then compute precision-weighted averages across classrooms
(Chetty et al., 2014a). The final empirical Bayes estimates of each teacher’s VA are obtained
by multiplying the weighted average of teacher-year residuals by an estimate of its reliability.
Appendix D provides further details and the resulting VA distribution. Appendix E reports
one-step fixed-effects estimates, including models with school fixed effects, and shows that
our main results are robust to these alternatives.

4.3. Validation checks

We report several validation checks in Appendix F. First, the correlation of teacher VA
with its two-year lag is 0.44, suggesting a year-to-year reliability of 1/0.44 = 0.66, near
the upper bound of the 0.47-0.64 range reported by Bacher-Hicks and Koedel (2023). We
address residual measurement error in Section 7, using a novel method to infer the degree of
measurement error from the multigenerational structure of the data. Second, math teacher
VA explains most (but not all) of the variation in schools’ average math performance following
the exit and entry of teachers with differing VA (cf. Chetty et al., 2014b). Lastly, teacher VA
rises during the first decade of a teacher’s career before flattening out, which is consistent
with prior work (Ost, 2014; Papay and Kraft, 2015; Rivkin et al., 2005).

5. Main results

5.1. Baseline VA estimates

We begin by quantifying the variation in grandteacher VA and its implications for student
achievement. We first estimate baseline VA in grade 10 of the 2006 cohort. We then extend
this to later outcomes for the index cohort.

Assuming class shocks (6.+) and student-level noise (¢;;.¢) in equation (1) are independent
across classrooms, the baseline VA parameter ¢, can be recovered from the covariance of
average residuals across classrooms taught by the same grandteacher in 2006 (Chetty et al.,
2014a; Jackson, 2018). Column (1) of Table 1 shows that the SD of grandteacher VA is
0.20, implying that a 1 SD difference in grandteacher quality raises student test scores by
0.20 SD, which corresponds to moving an average student from the 50th to roughly the 58th
percentile. This value falls within the range (0.09-0.32) reported for US middle and high
school teachers (Aaronson et al., 2007; Chetty et al., 2014a; Goldhaber et al., 2013; Jackson,
2018; Mansfield, 2015). We find similar results for 10th-grade teachers between 2013 and
2017, whose SD of VA is 0.21 (Appendix Table D1).

Our next question is whether teacher effects extend beyond 10th-grade test scores. We
turn to the index sample, composed of 10th-graders up to two years before and after 2006,
and specifically the 76% of these students who sat qualifying exams for higher education at



the end of 12th grade.” We estimate the model:
Yijet = wo + wq ‘//1\49(]') + wa O + Uit (2)

where I//;lg(j) is the estimated VA of the grandteacher, standardized to mean zero and
unit variance, and Y;; represents two outcomes: standardized math scores on the 12th-grade
qualifying exam and eventual university graduation. For the latter, we report the average
marginal effects estimated via a logit model. Control variables (C;) correspond to those in
equation (1), except index students did not take 8th- and 10th-grade SIMCE exams, so for
prior achievement we rely on GPA and attendance, and additionally include school-level test
scores and family background from the 2006 cohort.*

Column (2) of Table 1 shows that a 1 SD increase in 10th-grade grandteacher VA raises
12th-grade math scores by 0.04 SD. Column (3) shows that such students are 0.7 percent-
age points more likely to graduate from university, equivalent to 2% of the sample mean
(36%). Within the selected sample of students graduating from higher education, we also
find positive effects on graduating from a STEM degree (about 5% of the sample mean)
and on expected post-graduation earnings, which increase by 1.2% (Appendix Table B4).?
Appendix Table B5 confirms that including only students who took the university admission
exam does not bias estimates, showing negligible effects on on-time high school graduation
and exam participation for the full index sample.

5.2. Recruitment effects

Do effective teachers encourage students to become teachers? We test this by estimating
equation (2) for two additional outcomes: completion of an education-related degree (de-
scribed as such in the ISCED-13 classification) and becoming a high school math teacher.
Column (4) of Table 1 shows no effect on earning an education degree, indicating that the ear-
lier positive effect on university completion reflects degrees outside education. Additionally,
although we find a statistically significant effect on becoming a math teacher, the magnitude
is small: at the 95% confidence level, we rule out effects larger than 0.0001 percentage points
(5% of the sample mean, 0.2%). Lastly, Appendix Figure B2 illustrates minor differences
in the VA to which future 10th-grade teachers were exposed while studying the 10th grade
compared to the overall index sample.

3Because we condition on participation in the university admission process, we weight observations by the
inverse of the estimated probability of participation, computed as a function of the model’s control variables.

4The vector C; includes index cohort, GPA and attendance in 8th and 9th grade, indicators for school
changes, whether the student had the same teacher in 9th grade, and the classroom averages of these variables.
At the school level, we control for school type, size, and a set of contextual variables imputed from the 2006
cohort: average 8th-grade math and reading SIMCE scores (third-degree polynomial), average household
income and parental education, and time-averaged shares of low- and high-educated parents.

SThese estimates are similar to those in Chetty et al. (2014b) for elementary and middle-school teachers
in the US, where a 1 SD increase in teacher VA raises college attendance by 0.82 percentage points (relative
to a mean of 37%) and earnings at age 28 by 1.3%.

S0Qur main findings remain unchanged when reweighting the teacher sample by their inverse estimated
probability of entering our sample based on grandteachers’” VA and their own within-school percentile rank
(Appendix Table B6).



Even without significantly increasing the proportion of their students who become teach-
ers, higher-VA grandteachers could still shape who enters the profession by attracting top
achievers from their class into teaching. To test this, we examine whether students who
became math teachers and were taught by higher-VA grandteachers ranked higher on the
12th-grade math exam than their classmates, i.e., have a higher within-school percentile rank
(from 1 to 100). Column (6) of Table 1 shows no such association: grandteacher VA is unre-
lated to the relative math performance of their students who later became math teachers.”
Overall, we find no evidence that high-VA grandteachers increase their students’ probability
of becoming teachers, which aligns with evidence showing that increased professional oppor-
tunities often encourage students to pursue higher-status employment opportunities outside
teaching (Bacolod, 2007).

5.3. Intergenerational transmission of VA

We now turn to our main question of how VA is transmitted to future teachers, captured
by the parameter p. First, to quantify the intergenerational transmission of VA, we regress
the VA of teachers on the VA of grandteachers, both measures standardized to mean zero
and unit variance across all teachers within the respective evaluation year. We then go on
to estimate three-generation VA directly, by linking grandteachers to their grandstudents.

Column (1) of Table 2 reveals that having a 10th-grade teacher 1 SD above the mean
increases future teachers’ effectiveness by 0.14 SD.® This effect is comparable in magnitude
to the improvement between a novice math teacher and one with 4-5 years of experience
(Appendix F'3). As illustrated in Appendix Figure B3, this effect is close to linear: teachers
exposed to higher-VA grandteachers are likelier to have a higher VA, while exposure to
lower—VA grandteachers is correspondingly associated with lower VA. Given that the SD of
teacher VA is 0.20 (Appendix Table D1), we would expect the extended effect of grandteacher
VA on grandstudent achievement to amount to 0.03 SD (0.20 x 0.14).

To directly test influence across three generations, we estimate a model similar to the
VAM in equation (1), but linking grandstudent achievement directly to grandteacher VA:

Yijer = Bof (Yie—1) + BiXae + 0 f (th—l) +NXet + V2 Ze + fij1 + €ijer, (3)
where L
pit = P2 VAg(g) + 1t
Here, Y;; represents grandstudents math scores in the 10th grade standardized within
cohort. Equation (3) corresponds to a multilevel model, with a random effect at the teacher
level (pj1). The coefficient of interest ¢, captures the extended effect of grandteachers.
Results are presented in column (2) of Table 2. Having a grandteacher with a VA 1 SD
above the mean increases grandstudents’ scores by 0.04 SD, slightly higher than the 0.03 SD
implied by extrapolating VA across two generations. As we show in Section 7 below, this
gap is consistent with attenuation from classical measurement error.

"We further confirm no association between grandteachers’ VA and teachers’ gender, socioeconomic back-
ground, 8th-grade GPA and attendance, and their school’s average performance in the 8th grade (Appendix
Table B7).

8The results are robust to controlling for teachers’ GPA and attendance in 8th and 9th grades, character-
istics of the schools they attended, and characteristics of the schools where they work (Appendix Table B8).
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Table 2: Intergenerational transmission of VA and grandstudent effects.

Grandstudents’ scores

Teachers’ VA Math scores Predicted Reading scores
math scores

(1) (2) (3) (4)

Grandteacher VA 0.14 0.04 -0.02 -0.00
[0.01; 0.27] [0.01; 0.08]  [-0.10; 0.06] [-0.04; 0.04]
(2.05) (2.40) (-0.56) (-0.05)
Teacher’s student cohort v v ve v
VAM controls v v
N Students 6,032 6,032 6,032
N Teachers 212 212 212 212

Note: 95% confidence intervals in squared brackets and ¢ statistics in parentheses. Standard errors
are clustered at the level of the school where teachers work. VAM controls include students’ gender,
socioeconomic background (log household income and parental education), a third-degree polynomial of
8th-grade scores, GPA and attendance in both the 8th and 9th grades, school changes between 8th—
9th and 9th-10th grades, and whether the student had the same teacher in the 9th grade. Classroom
averages of these variables and the school’s type of administration, region, and socioeconomic status
(SES) composition are also included. Predicted math scores are estimated based on the VAM controls.

Table 2 also reports two placebo tests: one using predicted math scores based on exoge-
nous grandstudent characteristics, and another using grandstudents’ reading scores. Pre-
dicted scores are generated from all controls in equation (1). Since these factors influence
achievement but cannot be affected by 10th-grade teachers, any association with grandteacher
VA would indicate bias. Column (3) shows no significant relationship, suggesting that effects
are not driven by pre-existing student differences. Similarly, column (4) shows no associa-
tion between grandteacher VA and students’ 10th-grade reading scores, consistent with the
expectation that math teachers have little direct impact on reading achievement (Aaronson
et al., 2007; Chetty et al., 2014a).

Further evidence supports that our findings are not driven by teacher sorting across
schools. First, our results are robust to excluding the 27 teachers who teach in the same
school where they attended as students (Appendix Table B9). They also hold when esti-
mating a VAM with school fixed effects, thereby addressing the potential sorting of teachers
who graduated from higher-quality schools into higher-quality schools (Appendix E).

5.4. Continuous exposure effects

To further assess the plausibility of our findings, we exploit variation in the number of
years future teachers are exposed to the same grandteacher during high school. Gradual
dose-response relationships, in which effects increase with the duration of exposure, are a
well-documented feature of social spillovers (e.g., Chetty and Hendren, 2018; Chetty et al.,
2016; Lee, 2018). Because families are unlikely to select schools based on how many years a
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Table 3: Intergenerational transmission of VA by years of exposure.

Teachers” VA Grandstudents’ scores

(1) (2)

Grandteacher VA -0.04 -0.01
[-0.24; 0.16| [-0.06; 0.05]
(-0.41) (-0.19)
Additional year of exposure -0.03 -0.02
[-0.14; 0.08| [-0.05; 0.01]
(-0.58) (-1.44)
Grandteacher VA x Additional year of exp. 0.14 0.04
[0.01; 0.27] [0.01; 0.07]
(2.08) (2.32)
Teacher’s student cohort v v
VAM controls v
N Students 6,032
N Teachers 212 212

Note: 95% confidence intervals in squared brackets and ¢ statistics in parentheses. VAM controls
include students’ gender, socioeconomic background (log household income and parental education),
a third-degree polynomial of 8th-grade scores, GPA and attendance in both the 8th and 9th grades,
school changes between 8th—9th and 9th—10th grades, and whether the student had the same teacher
in the 9th grade. Classroom averages of these variables and the school’s type of administration, region,
and socioeconomic status (SES) composition are also included. Additional year of exposure ranges
from 0 (they were together only in the 10th grade) to 3 (together throughout high school). Test scores
are standardised across all students within their respective cohorts (2013, 2015, and 2017).

student will be assigned to the same math teacher, and because actual exposure is shaped
by factors largely outside their control, such as teacher turnover and grade reallocation,
variation in overlap provides a sharper test of a causal grandteacher effect.

We re-estimate the intergenerational transmission parameter p, allowing it to vary with
years of exposure, using the following specification:

VA; = a+p I//,\ng(j) + pQ(YeaT’sj X I//z\‘lg(j)) + 4 Years; + g, (4)

where Years; denotes the number of additional years teacher j was taught by the same
grandteacher, ranging from 0 (together only in the 10th grade) to 3 (throughout high school),

and VA, is the empirical Bayes estimate of the grandteacher’s VA. In this formulation, p;
captures the transmission effect associated with one year of exposure, while ps measures how
intergenerational transmission scales with additional years of contact. The total transmission
effect after m years is therefore p(m) = p; + (m — 1)py.” We also estimate an analogous

regression for the indirect VA, vs.

9 Appendix Table B10 reports the number and characteristics of teachers by years of exposure. The mean
overlap in the sample is 2.4 years, SD = 1.
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Table 3 shows little evidence of transmission after a single year of exposure, for either
teacher VA (p) or grandstudent outcomes (p2). Effects then rise approximately linearly with
additional exposure: each extra year increases teacher VA by about 0.14 SD and grandstudent
achievement by roughly 0.04 SD. With four years of exposure, the cumulative effect reaches
0.36 SD for teacher VA and 0.10 SD for grandstudent achievement, as illustrated in Appendix
Figure B4.'Y

These estimates suggest that sustained exposure to effective teaching during schooling
might be as influential for later instructional quality as formal mentoring later in the career.
For instance, the cumulative four-year effect is comparable in magnitude to the 0.12 SD gain
estimated by Goldhaber et al. (2020) for early-career teachers with high-VA mentors and
the 0.12 SD improvement documented by Papay et al. (2020) from pairing teachers with
higher-skilled colleagues.

6. Scaling returns across generations

Is the spillover large enough to matter for policy? To understand the broader social value,
we provide a simple back-of-the-envelope calculation quantifying the implied multiplier effect
of teacher quality. Define I as the impact in standardized learning gains multiplied by the
number of affected students. The direct impact of improving a teacher’s VA by 1 SD can
then be expressed as:

I = p1N, (5)

where subscript £ = 1 indexes the student generation, ¢, corresponds to the effect of
increasing a teacher’s VA by 1 SD, and N is the number of students exposed to one teacher.
The extended impact on the grandstudent generation can be written:

I = (pp1) (N?P), (6)

where p is the effect of VA on VA and P is the probability that an exposed student
becomes a same-subject high school teacher. This reasoning can be extended to an arbitrary
number of generations:

Iy = (0" 'o1)(NFP*1) = oy N(p NP) . (7)

If (Jp NP| < 1), the infinite sum converges and the total impact across all generations is
a geometric series:

o1 N
Tiotal = Z]k = S01NZ ,ONP m (8)

The multiplier relative to the direct effect on generation 1 is then:

.. ]total 1 1
Multiplier = - - 9
e = T T T NP 1 pT )

10Results are robust to controlling for characteristics of teachers’ schools of origin that may affect overlap,
including administration type, academic versus vocational tracks, and school size (Appendix Figure B5).
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Figure 2: Social multiplier in teacher VA by generation.

Note: The figure plots the cumulative multiplier on teacher VA over successive generations of teachers.
The middle line shows the estimate based on p = 0.14 and T" = 2. The shaded areas vary the product pT’
by £25% and £50%, corresponding to alternative assumptions about intergenerational transmission or the
number of future teachers taught by each grandteacher.

where T" = NP is the number of students exposed to one teacher who go on to become a
same-subject high school teacher.

In other words, the total social multiplier can be recovered from two key quantities: the in-
tergenerational transmission coefficient, p, and the number of future teachers a grandteacher
instructs over a career, 7. From our estimates, p = 0.14. To calculate 7', note that each
teacher instructs on average 2 classrooms of 25 students per year (Appendix Table Al).
With an annual attrition rate of 5% in Chile, the expected career length is 1/0.05 = 20
years (Centro de Investigacion Avanzada en Educacion, 2025). Thus, the average teacher
instructs roughly 2 x 25 x 20 = 1000 students during their career. Given that 0.2% of
students eventually become same-subject high school teachers (Table 1, column 4), this
implies 7" = 1000 x 0.002 = 2. Plugging in p and 7, we estimate a social multiplier
1/(1 = pT) = 1/(1 — 0.14 x 2) = 1.39, implying VA rises by 39% taking the generational
spillover into account.

We visualize the implied social multiplier in Figure 2. The line reports our main estimate.
Although the long-run multiplier reaches 1.39, it already equals 1.28 after one generation
(the grandstudent cohort) and 1.36 after two generations (the great-grandstudent cohort).
Hence, most of the cumulative gains materialize within a short horizon. The shaded areas
illustrate the sensitivity of the multiplier to changes in the key term pT by 25% and 50%,
respectively. A decrease of 50% corresponds to a p of 0.07 or assuming that each teacher
only instructs one future teacher. Gains are meaningful even in this conservative scenario,
stabilizing around 1.16 in 2-3 generations.
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7. Measurement error correction

Baseline estimates of VA and its intergenerational transmission are likely attenuated by
measurement error. As shown in Appendix F, the correlation of math teacher VA with its
two-year lag is 0.44 and forecast estimates imply a reliability of about 0.76. However, these
estimates may confound error with genuine temporal variation. To provide stronger evidence
on the potential role of measurement error, we leverage the gap between direct and indirect
two-generation VA estimates.

Define ¢; as the estimated effect of teacher VA on students’ test scores, p as the es-
timated effect of a grandteacher’s VA on teacher VA, and ¢y as the estimated effect of
grandteacher VA on grandstudent test scores. In a perfect-measurement scenario, the true
effect on grandstudents would equal the product of the effects along the causal chain:

P2 = PPr. (10)

However, in practice, VA measures are noisy, and classical measurement error introduces
attenuation bias. Let A € [0,1] denote the reliability of the VA measure, defined as the
signal-to-total variance ratio (Fuller, 1987). Then, for an OLS regression of observed VA on
outcomes, the estimated coefficients are attenuated toward zero by a factor of A:

Pr=Ap1, P=Ap, P2=Apa. (11)
Now consider the estimated product along the chain:
ppr = (Ap) (A1) = N (pipr). (12)

In contrast, the direct regression of grandstudent outcomes on observed grandteacher VA
yields

P2 = Ap2 = AMpypr), (13)
assuming the true effect ¢, = py;. Notice that
TP Apg1) 1
()02/(p()01) >\2<)0§01) \ ) ( )

Hence, the observed effect on grandstudents exceeds the product of the two stepwise ef-
fects because p¢; compounds the measurement error twice, while ¢ only suffers attenuation
once. Using our empirical estimates (¢; = 0.20, p = 0.14, ¢o = 0.04), we can back out an
implied reliability of

por 0.20 x 0.14
A= = =0.70, 15
D2 0.04 (15)

suggesting that roughly 30% of the variation in VA is noise. Adjusting for this implies
a direct VA of ¢;/A = 0.20/0.70 = 0.29, a VA-on-VA of p/A = 0.14/0.70 = 0.20, and an
indirect VA of ¢o/A = 0.04/0.70 = 0.06. Plugging these estimates into the long-term social
multiplier would increase it to 1.66 (Appendix Figure B6).
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8. Evidence for role modeling

How is teacher VA transmitted from grandteachers to future teachers? One channel could
be the academic gains and improved pre-service qualifications associated with having more
effective teachers, enhancing future teachers’ subject-matter knowledge and higher education
opportunities. However, aligning with Goldhaber et al. (2020), we find no evidence that pre-
service qualifications account for the intergenerational transmission of VA. Our estimates
are unchanged when controlling for teachers’ 12th-grade math scores and the fixed effect of
the university they graduated from (Appendix Table B11).

Prior research highlights role modeling as a key mechanism through which effective teach-
ers improve the skills of peers and mentees (Papay et al., 2020). Yet, unlike colleagues,
students observe only what happens inside the classroom: how teachers manage classes,
deliver lessons, and engage students, and not the planning or pedagogical reasoning behind
them (Lortie, 1975). If role modeling drives our results, grandteachers’ influence should be
strongest in the observable dimensions of instruction.

We use Chile’s National Teacher Evaluation System (NTES) to test this. Between 2005
and 2015, both grandteachers and teachers were assessed under the same framework (see
Appendix C). Teachers’ portfolios combined a videotaped lesson rated on classroom manage-
ment, lesson structure, and pedagogical interactions, and written materials assessing lesson
planning, analysis, assessments, and reflection, scored on a four-point scale. We locate 32
math teachers as students in the 10th grade in 2002-2005 who are public high school teachers
in 2012-2015, and their grandteachers’ NTES scores from 2005-2008. Although small, this
sample provides insight into which instructional practices are more likely to be transmitted
across generations.

Appendix Figure C1 shows stronger correlations in video-based (classroom) dimensions
than in written components: 0.33 versus 0.06. Appendix Table C3 disaggregates these effects:
classroom management shows the highest association (0.42), followed by lesson structure
(0.30), while written dimensions are near zero. Prior evidence has highlighted classroom
management as an especially important teaching skill in the promotion of students’ math
achievements (Kane et al., 2011; Tyler et al.; 2010). Overall, these findings suggest that
exposure to effective grandteachers provides a lasting model for future teachers, through the
instructional dimensions they directly observe as students.

9. Conclusion

Teachers spend thousands of hours as students observing instruction long before formal train-
ing begins. Because teacher effectiveness varies widely, some future teachers are repeatedly
exposed to high-quality instruction while others are not. This study is the first to quantify
how such differences in exposure shape the effectiveness of future teachers. Our findings
show that exposure to a teacher 1 SD above the mean in VA raises a student’s own VA by
0.14 SD if they later enter teaching, increasing their students’ test scores by 0.04 SD. These
spillovers imply that the long-run returns to teacher quality are about 39% larger than con-
ventional estimates suggest. Our results strengthen the case for policies that identify, retain,
and reward effective teachers, while highlighting the risk of persistent low-quality instruction:
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students repeatedly taught by ineffective teachers are more likely to become less effective
teachers themselves. Ensuring that all future teachers experience high-quality instruction
during their schooling can therefore generate cumulative returns, as today’s effective teachers
become tomorrow’s grandteachers.
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Teaching Teachers
Supplemental Material

A. Education in Chile

A1l. Secondary education

To illustrate key features of the Chilean secondary education system, Panel A in Table Al
provides yearly statistics on the number of classrooms, students, and teachers in the 10th
grade. The average school has two math teachers for the 10th grade, with students spread
across four different classrooms, each containing an average of 33 students. The distribution
of students across classrooms is generally not random. Previous studies in Chile suggest that
nearly half of high schools segregate students across classrooms based on test scores and
GPA (Trevino et al., 2016). We take this into account in our VA measures by controlling for
classroom averages of prior SIMCE scores, GPA, and attendance.

Table Al: High schools, classrooms, and teachers in Chile.

Mean SD pl0 p50 p90

Panel A: the 10th grade by school

N classrooms 4 2 1 3 7

N students per classroom 33 8§ 22 33 42

N math teachers 2 1 1 2 4
Panel B: math teachers by school

N grades taught 3 1 1 3 4

N classrooms taught 5 2 2 ) 8

N 10th-grade classrooms taught 2 1 1 2 4

Note: Own elaboration based on data from the Ministry of Education. Val-
ues correspond to yearly statistics for the period 2014-2017.

A2. High school teachers

Regarding high school teachers, most teach only one subject; for instance, math teachers ex-
clusively teach math. Panel B in Table A1 summarizes the number of grades and classrooms
(in total and in the 10th grade) taught by math teachers in Chilean high schools. Many
teachers instruct more than two grades each year, teaching an average of five classrooms
annually (two classrooms in the 10th grade).
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Teachers in public schools in Chile are governed by the Teacher Statute, a national legal
framework regulating working conditions, professional responsibilities, and dismissal proce-
dures. Until 2016, there were no national academic requirements for entering the teaching
profession beyond holding a teaching degree from a recognized higher education institution.
Universities and non-universities were free to offer 4-year teacher education programs, though
most in-service teachers graduated from universities (around 95% by 2015). Private and pub-
lic schools recruited teachers independently, with decentralized recruitment processes across
municipalities (administrators of all public schools until 2016). While public schools could
only hire teachers without a teaching qualification under exceptional authorization by the
Ministry of Education, private subsidized schools had greater discretion in employing pro-
fessionals without formal teacher training, particularly in subjects with teacher shortages.
The profession remained of relatively low status, with high school teachers earning 15-20%
less than similarly educated professionals in 2007 (Mizala and Nopo, 2016).

A3. Recent reforms

Significant reforms were introduced between 2015 and 2017 to enhance student learning and
equity. The 2017 Public Education Law initiated the transfer of public school administra-
tion from 346 municipalities to 70 newly created Local Education Services (SLEP), intended
to strengthen public education and reverse decreasing enrolment in this sector. In parallel,
the 2016 Inclusion Law prohibited subsidized private schools from selecting students, charg-
ing co-payments, or operating for profit, which had previously exacerbated socioeconomic
segregation of the system (Contreras et al., 2010; Valenzuela et al., 2014).

Reforms targeting the teaching profession were introduced through the 2016 Teacher
Professional Development Law, which sought to address long-standing concerns about low
salaries, inadequate preparation, and poor working conditions. It introduced minimum entry
scores for teacher education programs, limited them to accredited universities, and created
a structured national teaching career for all teachers in state-funded schools, linking pay
and promotion to performance in a new evaluation system. It also introduced an induction
and mentoring program for novice teachers and increased non-teaching time by reducing
classroom hours from 75% to 65% of the workweek. This study focuses on teachers who
entered the profession before the 2016 reform, under the previous preparation, recruitment,
and evaluation systems.

A4. Admission to higher education

Students apply to higher education through a centralized admission system based on stan-
dardized exam scores (math, reading, history, and sciences) and high school GPA. About
75% of students participate in this system each year. The Chilean higher education sys-
tem includes both universities (50-60% of higher education enrollment) and non-university
institutions offering shorter, vocationally oriented programs.
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B. Additional Tables and Figures

Table B1: Descriptive statistics by SIMCE cohort.

2006 2013 2015 2017
(1) (2) (3) (4)
10th-grade SIMCE scores
Math 262 (65) 277 (64) 272 (63) 277 (62)
Reading 261 (52) 262 (54) 255 (52) 259 (51)

Socioeconomic background
Household income (US$) 718 (814) 1150 (1173) 938 (891) 972 (869)

Parental education 12 (3) 12 (3) 13 (3) 13 (3)
Type of school administration
Public 41% 32% 30% 29%
Private subsidized 50% 59% 63% 63%
Private paid 8% 8% 8% 8%
Prior performance
8th-grade math 264 (49) 269 (48) 271 (47) 273 (48)
8th-grade reading 263 (50) 265 (48) 264 (48) 253 (48)
Attendance 8th grade 95 (6) 94 (5) 94 (5) 94 (6)
Attendance 9th grade 95 (6) 94 (5) 94 (6) 94 (6)
8th-grade GPA 5.81 (0.54) 5.72 (0.53) 5.69 (0.53) 5.74 (0.53)
9th-grade GPA 5.52 (0.54) 5.51 (0.55) 5.54 (0.55) 5.59 (0.56)
School transfer
8th-9th school change 69% 59% 57% 51%
9th—-10th school change 10% 8% 8% 8%
Female 53% 52% 52% 52%
N students 149,804 107,602 114,398 110,358
N math teachers 3,389 3,434 3,648 3,598
N schools 2,141 2,355 9,459 2,424

Note: Sample of students with full information in each SIMCE cohort. Standard deviations in paren-
theses. Attendance corresponds to the percentage of school days students attended their school during the
school year. GPA ranges from 1.0 (minimum grade) to 7.0 (maximum); the minimum GPA required to
approve the year is 4.0.
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Table B2: Comparison of students in the 10th grade in 2004, 2005, 2007, and 2008 with
available information on their teacher’s VA from the 2006 SIMCE.

All students With teacher’s VA

(1) (2)

10th-grade cohort

2004 24% 24%

2005 27% 28%

2007 24% 24%

2008 25% 24%
Type of school administration

Public 42% 44%

Private subsidized 50% 49%

Private paid 8% 8%
School with vocational track 35% 36%
High school enrollment (mean) 212 (146) 211 (144)
School’s share of low-educated parents  0.17 (0.16) 0.18 (0.16)
School’s share of high-educated parents  0.15 (0.22) 0.15 (0.22)
School’s average 8th-grade scores

Math 0.19 (0.55) 0.19 (0.55)

Reading 0.19 (0.54) 0.19 (0.54)
School’s average 10th-grade scores

Math 0.10 (0.62) 0.10 (0.62)

Reading 0.10 (0.62) 0.10 (0.62)
N students 753,369 448,998

Note: Standard deviations in parentheses. The shares of low- and high-educated parents correspond to
the across-time average share of parents with only primary education and a university degree, respectively.
Schools’ average scores in the 8th and 10th grades correspond to the SIMCE assessments in 2004 and 2006,
respectively.
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Table B3: Description of the index sample.

Future math teachers

Index High school 10th-grade
students teachers teachers
(1) (2) (3)
10th-grade cohort
2004 23% 27% 28%
2005 26% 24% 28%
2007 26% 25% 26%
2008 25% 25% 17%
Female 54% 57% 58%
High school where they studied
Type of administration
Public 39% 42% 41%
Private subsidized 51% 51% 52%
Private paid 10% ™% 8%
School’s share of low-educated parents 0.14 (0.15) 0.13 (0.14) 0.14 (0.15

School’s share of high-educated parents
8th-grade average score in math
8th-grade average score in reading

University admission exam scores

)
0.18 (0.24)
0.30 (0.55)
0.30 (0.55)

)
0.19 (0.21)
0.48 (0.49)
0.48 (0.49)

)
0.17 (0.20)
0.43 (0.48)
0.43 (0.48)

Math 0.05 (0.96) 0.91 (0.43) 0.91 (0.42)
Reading 0.03 (0.95) 0.62 (0.47) 0.59 (0.52)
Higher education
Graduated 58% 96% 100%
Type of higher education institution
University 36% 94% 100%
Non-university 22% 2% 0%
Graduated from education-related degree 7% 83% 92%
High school where they work
Type of administration
Public 31% 28%
Private subsidized 65% 67%
Private paid 4% 5%
School’s share of low-educated parents 0.15 (0.15)  0.16 (0.16)
School’s share of high-educated parents 0.14 (0.17)  0.14 (0.18)
8th-grade average score in math 0.07 (0.45) 0.07 (0.42)
8th-grade average score in reading 0.06 (0.46) 0.07 (0.42)
N 364,542 643 212

25

Note: Index sample of students in the 10th grade in 2004, 2005, 2007, or 2008 for whom the VA of their
10th-grade math teachers can be measured in 2006 and who participated in the university admission process
(76% of the index sample). The shares of low- and high-educated parents correspond to the across-time
average share of parents with only primary education and a university degree, respectively. The 8th-grade
average scores of the school where they studied come from the 2006 SIMCE assessment. The 8th-grade
average scores of the school where they work come from the 2013, 2015, and 2017 SIMCE assessments.



Table B4: Effects on the probability of graduating from STEM and expected earnings.

STEM degree Expected earnings (log)

(1) (2)

Grandteacher VA 0.006 0.012
[0.003; 0.009] [0.008; 0.016]
(3.88) (5.92)
Mean of dep. var. 0.12 13.7
N students 229,766 140,226
N grandteachers 3,102 3,091

Note: 95% confidence intervals in square brackets; t-statistics in parentheses. Standard errors are clus-
tered at the school level. The sample includes 10th-grade students observed in 2004, 2005, 2007, and 2008
who graduated from higher education between 2012 and 2017.The dependent variable in column (2) is the
log of the fourth-year mean earnings after graduation from the corresponding degree—institution pair, mea-
sured using 2014-2016 tax records. Earning data come from the System of Higher Education Information
(www.mifuturo.cl) and are available for 1,000 different degree-institution pairs, covering 61% of higher ed-
ucation graduates. Observations in column (2) are weighted by the inverse of the estimated probability
of having earnings information, based on the model’s control variables. All estimates control for student
cohort, GPA and attendance in 8th and 9th grade, indicators for school changes between 8th-9th and 9th—
10th grade, and whether the student had the same teacher in 9th grade. At the classroom level, regressions
additionally control for classroom averages of these variables. At the school level, they control for school
type, size, average 8th-grade math and reading SIMCE scores (third-degree polynomial), average household
income and parental education, and time-averaged shares of low- and high-educated parents.

Table B5: Effects on on-time graduation and participation in higher education admission.

On-time graduation Participating in HE admission

(1) (2)

Grandteacher VA 0.005 0.002
[0.003; 0.007] [-0.002; 0.006]
(5.68) (1.13)
Mean of dep. var. 0.83 0.76
N students 478,454 478,454
N grandteachers 3,112 3,112

Note: 95% confidence intervals in square brackets; t-statistics in parentheses. Standard errors are
clustered at the school level. The outcome in column (1) equals 1 if the student graduated on-time from
high school. The outcome in column (2) equals 1 if the student participated in the university admission
process within two years from graduating from high school. All estimates control for student cohort, GPA
and attendance in 8th and 9th grade, indicators for school changes between 8th-9th and 9th—10th grade,
and whether the student had the same teacher in 9th grade. At the classroom level, regressions additionally
control for classroom averages of these variables. At the school level, they control for school type, size,
average 8th-grade math and reading SIMCE scores (third-degree polynomial), average household income
and parental education, and time-averaged shares of low- and high-educated parents. Estimates from a logit
model, reporting marginal effects evaluated at the mean of all other variables.
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Table B6: IPW-adjusted grandteachers’ effects

Teachers’” VA Grandstudents’ scores
(1) (2) (3) (4)
Grandteacher VA 0.14 0.24 0.04 0.06
[0.01; 0.26] [0.01; 0.46] [0.01; 0.07] [0.01; 0.11]
(2.17) (2.05) (2.37) (2.49)
Teacher’s student cohort v v v v
VAM controls v v
Reweighting based on:
Grandteacher VA v N
Within-school rank v v
N Students 6,032 6,032
N Teachers 212 212 212 212

Note: 95% confidence intervals in squared brackets and ¢ statistics in parentheses. Standard errors are
clustered at the level of the school where teachers work. Columns (1) and (3) adjust by the inverse of the
probability of being in the sample based on grandteachers’ VA. Columns (2) and (4) adjust by the inverse
of the probability of being in the sample based on teachers’ within-school rank (1 to 100) as students, which
is determined by their average GPA from the 9th to the 12th grades. Weights are estimated using the full
index sample. VAM controls include students’ gender, socioeconomic background (log household income and
parental education), a third-degree polynomial of 8th-grade scores, GPA and attendance in both the 8th and
9th grades, school changes between 8th-9th and 9th—10th grades, and whether the student had the same
teacher in the 9th grade. Classroom averages of these variables and the school’s type of administration,
region, and socioeconomic status (SES) composition are also included.
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Table B9: Intergenerational transmission of VA without teachers teaching where they stud-
ied.

Teachers” VA  Grandstudents’ scores

(1) (2)

Grandteacher VA 0.16 0.04
[0.02; 0.30] [-0.00; 0.08|
(2.22) (1.88)
Teacher’s student cohort v v
VAM controls v
N Students 5,168
N Teachers 185 185

Note: 95% confidence intervals in squared brackets and ¢ statistics in parentheses. Standard errors are
clustered at the level of the school where teachers work. We excluded 27 teachers from the main sample
who teach in the same school where they studied. VAM controls include students’ gender, socioeconomic
background (log household income and parental education), a third-degree polynomial of 8th-grade scores,
GPA and attendance in both the 8th and 9th grades, school changes between 8th-9th and 9th—10th grades,
and whether the student had the same teacher in the 9th grade. Classroom averages of these variables and
the school’s type of administration, region, and socioeconomic status (SES) composition are also included.
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Table B10: Characteristics of the school of origin by years of exposure to the same
grandteacher.

Years of overlap

Total 1 2 3 4
Type of administration
Public 41% 4%  48% 18%  44%
Private subsidized 52%  AT%  44%  69%  54%
Private paid 8% 9% 8% 13% 2%
School with vocational track (%) 16% 12%  19% 18%  13%
High school enrolment (mean) 195 236 211 151 162

(145) (167) (148) (122) (117)

School’s share of low-educated parents 0.14 0.13 0.16 0.12 0.16
(0.15) (0.13) (0.17) (0.13) (0.17)

School’s share of high-educated parents 0.17  0.19 0.16 0.20 0.14
(0.20) (0.22) (0.20) (0.24) (0.16)

8th-grade average score in math 0.43 0.45 0.42 0.45 0.43
(0.48) (0.48) (0.51) (0.45) (0.49)

8th-grade average score in reading 0.43 0.45 0.42 0.44 0.43
(0.48) (0.48) (0.51) (0.45) (0.49)

N teachers 212 o7 64 39 52

Note: Own elaboration based on the sample of math teachers with information on their own
math teachers’ VA. Standard deviations in parentheses. High school enrollment corresponds to
the number of students enrolled in grades 9th to 12th. The shares of low- and high-educated
parents correspond to the across-time average share of parents with only primary education and
a university degree, respectively.
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Figure B1: Specification curve analysis.

Note: Standard errors are clustered at the school level. The specification curve analyses shows how the
estimated relationship between grandteacher and teacher VA, as well as gransteacher VA and grandstudent
scores, change when varying the set of controls included in the VAM in equations (1) and (3). Black dots
indicates that the variable enters the model as a control. 8th-grade math and reading scores are included as
a third-degree polynomial. Classroom-level controls correspond to the classroom averages of these variables.
School SES corresponds to the across-time average of the shares of high- and low-educated parents considering
all 10th-grade students in 2006, 2013, 2015, and 2017. All estimates control for the teachers’ student cohort.
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Figure B2: Distribution of VA to which students were exposed in the 10th grade.

Note: The index sample includes 364,542 students, of whom 212 became 10th-grade math teachers 9-10
years later. The figure plots the kernel density estimation, implemented via the kdensity package in Stata.

We select an optimal bandwitdth of 0.28 from the sample of future 10th-grade teachers.
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Figure B3: Scatterplot of grandteachers’ effects on teachers’” VA and grandstudents’ scores.

Note: Estimates based on 6,032 students taught by the 212 teachers in the sample. Observations are
grouped into 15 equal-sized bins based on teachers’ VA (grandstudents’ scores), showing the mean of each bin.
The fitted lines the full sample, not the binned averages. Panel (a) shows the residuals of grandteacher VA and
teacher VA after controlling for the teacher’s student cohort. Panel (b) shows the residuals of grandteacher
VA and grandstudent test scores after controlling for all the variables included in equation (3) (grandstudents’
prior test scores, socioeconomic background, classroom composition, and school characteristics).
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Figure B4: Continuous exposure effects.

Note: Standard errors are clustered at the school level. The figure shows the impact of 1 SD increase in
grandteacher VA by years of overlap between grandteacher and teacher. We interact grandteacher VA with
years of overlaps treated as a categorical variable (from 1 to 4). Panel (a) shows effects of grandteacher VA on
teacher VA and (b) of grandteacher VA on grandstudent test scores (b). Estimates based on 6,032 students
taught by the 212 teachers in the sample. In panel (a), estimates control for the teacher’s student cohort.
Teachers’ and grandteachers’” VA are standardised across all teachers within evaluation year (2006, 2013,
2015, or 2017). In panel (b) estimates control for all the variables included in equation (3): grandstudents’
prior test scores, socioeconomic background, classroom composition, and school characteristics. Test scores
are standardised across all students within their respective cohorts (2013, 2015, and 2017).
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Figure B5: Continuous exposure effects with additional control variables.

Note: Standard errors are clustered at the school level. The figure shows the impact of 1 SD increase in
grandteacher VA by years of overlap between grandteacher and teacher. We interact grandteacher VA with
years of overlaps treated as a categorical variable (from 1 to 4). Panel (a) shows effects of grandteacher VA on
teacher VA and (b) of grandteacher VA on grandstudent test scores (b). Estimates based on 6,032 students
taught by the 212 teachers in the sample. In panel (a), estimates control for the teacher’s student cohort and
characteristics of the school they graduated from (type of school administration, whether it offers academic
and/or vocational upper secondary education, and the number of students in the school). Teachers’ and
grandteachers’ VA are standardised across all teachers within evaluation year (2006, 2013, 2015, or 2017). In
panel (b) estimates additionally control for all the variables included in equation (3): grandstudents’ prior
test scores, socioeconomic background, classroom composition, and school characteristics. Test scores are
standardised across all students within their respective cohorts (2013, 2015, and 2017).
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Figure B6: Social multiplier in teacher VA by generation, corrected for measurement error.

Note: The figure plots the cumulative multiplier on teacher VA over successive generations of teachers.
The middle line shows the bias-adjusted estimate based on p = 0.20 and 7" = 2, in contrast to our main
estimate of p = 0.14. The shaded areas vary the product pT by +25% and +50%, corresponding to
alternative assumptions about intergenerational transmission or the number of future teachers taught by
each grandteacher. Unlike Figure 2 in the main text, this version applies the measurement error correction

developed in Section 7.
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C. National Teacher Evaluation System

In 2004, the Ministry of Education introduced the Guidelines for Good Teaching, based on
the framework of Danielson (1996), which set professional standards for teachers in Chile.
Building on this framework, the National Teacher Evaluation System (NTES) operated from
2005 to 2015, assessing all public school teachers. The NTES combined four instruments: (1)
a self-evaluation questionnaire, (2) a structured peer interview, (3) questionnaires completed
by two school leaders, and (4) a portfolio. The portfolio was the central component and
included (a) a full teaching unit of eight lessons, an assessment instrument used in the unit,
and written reflections, and (b) a video recording of a lesson, filmed by an external team,
with accompanying information on its goals. Each element was scored by trained scorers on
a four-point rubric ranging from unsatisfactory (1) to outstanding (4). Final results were a
weighted average: 60% portfolio, 20% peer interview, 10% supervisor assessments, and 10%
self-evaluation.

The National Teacher Evaluation System (NTES) portfolio included (a) a full teaching
unit of eight lessons, an assessment instrument used in the unit, and written reflections,
and (b) a video recording of a lesson, filmed by an external team, with accompanying infor-
mation on its goals. From these modules, the portfolio rated teachers in seven dimensions,
each evaluated through multiple indicators and scored on a four-point scale ranging from 1
(unsatisfactory) to 4 (outstanding).

The classroom video module assesses three dimensions, which can be summarized as
follows:

1. Classroom Management: teacher’s ability to maintain student focus, manage group
dynamics, and promote equitable participation.

2. Lesson Structure: coherence of class activities, the effective use of instructional time,
and the teacher’s ability to introduce and consolidate learning objectives.

3. Pedagogical Interactions: clarity of explanations, the quality of questions posed, and
the teacher’s ability to build on student contributions to deepen understanding.

The written module assesses four additional dimensions:

1. Organization of the Unit: the formulation and coherence of learning objectives, the
pedagogical justification for activities, and the sequencing of lessons.

2. Analysis of Classroom Activities: teacher’s ability to identify the strengths and weak-
nesses of the unit and design strategies to address students’ learning difficulties.

3. Assessments: the adequacy of assessment items, their alignment with learning goals,
and the justification for the evaluation instruments.

4. Reflection: how teachers use student assessment results to provide feedback, plan im-
provements to their teaching, and engage in broader reflection on their pedagogical
practices.
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Table C1 presents the correlations between teachers’ VA scores (the one- and two-step
VA measures) and their results on each component, as well as the overall evaluation score.'!
For math teachers, there is a low positive correlation (r between 0.15 and 0.21) between VA
and overall evaluation results. Correlations with VA scores are greater for the video-based
components of the portfolio (r between 0.12 and 0.22) and supervisor ratings (r between
0.19 and 0.26).

Table C1: Correlation coefficients between teacher VA and
NTES scores

Two-step VA One-step VA
(1) (2)

Total 0.15 (0.04)  0.21 (0.04)
Self-evaluation -0.03 (0.04)  -0.02 (0.04)
Peer interview 0.01 (0.04) 0.06 (0.04)
Supervisor evaluation 0.19 (0.04) 0.26 (0.04)
Portfolio
Video-taped lesson
Classroom management  0.13 (0.04) 0.15 (0.04)
Lesson structure 0.12 (0.04) 0.13 (0.04)
Pedagogical interactions — 0.22 (0.04) 0.22 (0.04)
Written part
Lesson planning 0.03 (0.04) 0.04 (0.04)
Analysis of activities 0.03 (0.03) 0.03 (0.03)
Assessments 0.08 (0.04) 0.12 (0.04)
Reflections 0.11 (0.04) 0.13 (0.04)
N 609

Note: Standard errors in parentheses. Full sample of math teachers
in public schools with VA scores and NTES assessments in 2006, 2013,
and 2015. All scores are normalized to have a mean of zero and unit
variance across all teachers assessed by the NTES each year.

We construct a sample of 32 math teachers with available information on their portfolio
scores and their grandteachers’ portfolio scores. These teachers attended 10th grade in pub-
lic schools between 2002 and 2005 and were later evaluated as teachers in the public sector
between 2012 and 2015. Their grandteachers were assessed under the NTES between 2005
and 2008. Table C2 compares the distribution of scores for each of these dimensions across
all public-school teachers and those in the 32-teacher sample. When examining the aver-
age scores and standard deviations of grandteachers in comparison to the broader teacher
population between 2005 and 2008, the results indicate that their performance is quite sim-

1 The models used for estimating the one- and two-step VA are described in sections E of the Appendix
and 4 in the main text, respectively.
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ilar. This suggests that new teachers had equal exposure to both low-rated and high-rated
grandteachers.

Table C2: Average and standard deviation of NTES dimension scores: broader population
and grandteacher—teacher sample

2005-2008 period 2012-2015 period
Dimension Total  Sample (Grandteachers)  Total  Sample (Teachers)
(1) (2) (3) (4)
Video-taped
Classroom Management 2.6 (0.5) 2.7 (0.5) 2.8 (0.2) 2.8 (0.2)
Lesson structure 2.1 (0.5) 2.3 (0.5) 2.7 (0.4) 2.8 (0.3)
Pedagogical interactions 2.0 (0.5) 2.1 (0.5) 2.3 (0.5) 2.6 (0.4)
Written part
Lesson planning 2.3 (0.5) 2.3 (0.5) 2.6 (0.6) 2.6 (0.6)
Analysis of activities 2.5 (0.6) 2.4 (0.6) 2.1 (0.6) 2.2 (0.6)
Assessment instruments 2.2 (0.8) 2.2 (0.9) 2.4 (0.7) 2.5 (0.6)
Reflection 1.9 (0.5) 2.0 (0.5) 2.1 (0.7) 2.2 (0.7)
N 1,403 29 1,638 32

Note: Standard deviation in parentheses. “Total” corresponds to all math teachers evaluated during
the 2005-2008 and 2012-2015 periods. For teachers with more than one evaluation within each period, we
consider their first evaluation.

Table C3 reports the correlations between grandteachers’ and teachers’ scores across the
seven different dimensions. These scores have been standardized to mean zero and unit vari-
ance for each year of evaluation. Correlations are higher for those aspects of instruction that
teachers directly experienced in the classroom as students, particularly in classroom manage-
ment and lesson structure, which yielded correlation coefficients of 0.42 and 0.3, respectively.
For the written dimensions (lesson planning, analysis, assessments, and reflection), the cor-
relations are generally weaker, ranging from -0.18 to 0.15.
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Figure C1: Association between grandteacher’s and teacher’s NTES scores.

Note: Scores are standardized to mean zero and unit variance across all assessed teachers for each year
of evaluation. The solid line shows the best linear fit. Correlation coefficients and their standard errors are
reported as insets in each panel. The video-based scores average three dimensions: classroom management,
lesson structure, and pedagogical interactions. The written-based scores average four dimensions: lesson
planning, analysis of activities, assessments, and reflection.

Table C3: Correlation between grandteacher’s and teacher’s NTES scores by dimension

Dimension Correlation

Video-taped lesson
Classroom management  0.42 (0.17)
Lesson structure 0.30 (0.17)
Pedagogical interactions 0.15 (0.18)

Written part

Lesson planning 0.11 (0.18)

Analysis of activities 0.06 (0.18)

Assessments -0.17 (0.18)

Reflections 0.15 (0.18)
N 32

Note: Standard errors in parentheses. The table shows the correlation coefficient for each dimension
between the grandteacher’s score and the teacher’s score. These scores have been standardized to have a
mean of zero and unit variance across all assessed teachers for each year of evaluation.
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D. Value-added estimation

We estimate teacher effects (1;:) using the empirical Bayes two-step approach described by
Kane and Staiger (2008). In the first step, we estimate equation (1) via OLS and compute
residuals (0;;:). In the second step, we average these residuals at the teacher-year level:
©j;. Because most high-school teachers teach more than one classroom (63% of teachers),
we first average these residuals at the classroom level () and then collapse the data at
the teacher-year level considering precision-weighted averages, assigning more weights to
classrooms with more precise estimation, i.e., more students (Chetty et al., 2014a). Defining
nje as the number of students in classroom c in year ¢, we estimate the residual at the
teacher-year as follows:

bje =Y Wiajet, (D1)
C

where y .
jct
J< and hiyp = —————
h ) jct ~9 52
Zc jet Og + —=

Njct

Wiet =

We estimate 62 as Var (05, — 0jet) and &3 as Var (05.,) — 62 — 62,. The component 62,
corresponding to the estimated variance of teacher VA, is computed using the covariance
of average residuals across classrooms taught by the same teacher in a given year. We
estimate this component by randomly sorting classrooms within each teacher-year cell and
estimating the covariance between pairs of classroom-level residuals v, weighting each pair
by the sum of students taught (Chetty et al., 2014a; Jackson, 2018). Table D1 shows the
estimated standard deviation of teacher VA for each year, along with the correlation between
classrooms taught by the same teacher. Math teachers show an SD of 0.20-0.21 throughout
this period. The positive and moderately high correlation between classrooms (0.60) in
columns (1) suggests consistency in teacher effects across classrooms.

Table D1: Correlation between classrooms and the standard deviation of VA.

Correlation SD of VA

Year (1) (2)
2006 0.57 0.20
2013 0.61 0.21
2015 0.57 0.20
2017 0.64 0.21

Note: Columns (1) shows the correlation between the residuals of pairs of classrooms taught by the same
teacher. The variance of teachers’ VA is recovered from the covariance of average residuals across classrooms.
The SD of teachers’ VA in columns (2) is the square root of this covariance.

The final empirical Bayes estimates of each teacher’s VA result from multiplying the
weighted average of the teacher-year residuals v; by an estimate of its reliability:
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This reliability ratio Aj; € [0, 1] shrinks noisy estimates toward zero, with more shrinkage
for teachers with fewer students.
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E. One-step VA model

We estimate an alternative VAM that specifies teacher VA as standard fixed effects, also
referred to as one-step VAM:

Yijet = Bof Yie—1) + B1Xit + 0 f (th—l) + 71Xt + V2 Zst + Tj + Vijet (E1)

Here, 7; is a teacher fixed effect estimated jointly with the other parameters in the
model. Unlike our main two-step specification, here we assume 7; to be time-invariant,
which also allows us to estimate parameters on school-year covariates (Zg). The time-
invariant assumption means that teachers with multiple SIMCE assessments are assigned
a single VA estimate summarizing their effects over years. To form the empirical Bayes
estimates, we consider the reliability ratio to be equal to the ratio between the estimated
true variance (the observed variance of 7 minus the mean of the square of the standard error
estimates of 7) and the observed variance of 7 (Mansfield, 2015).

Columns (1) and (2) in Table E1 show the estimated VA-on-VA effect and the indirect
effect of grandteachers’” VA on grandstudents’ scores. The indirect effect is obtained by
estimating equation (3) using grandteachers’ VA from the one-step model in equation (F1).
Results mirror our main findings, with a VA-on-VA effect of 0.14 SD and an indirect effect
of 0.04 SD.

As an additional check, we estimate a one-step VAM that includes school fixed effects:

Yiiee = Bof Yie—1) + b1 X + Y0 f (}7(:1571) + 71X + 7220 + Tj + 05 + Vijet (E2)

where &5 denotes school fixed effects and Z; includes only time-varying school covariates
(enrollment). Identification of 7; and d, relies on teachers transferring across schools over
time. Asin equation 1, we must assume teachers effects are time-invariant to include school
fixed effects. Again, this assumption hinders us from estimating the VA of grandteachers
specific to 2006, around the time they taught the students who later became teachers. How-
ever, adding school fixed effects in the VAM allows us to address potential sorting of teachers
with higher-VA grandteachers into higher-quality schools. Columns (3) and (4) in Table E1
show the results with these VA estimates, which remain highly consistent with our main
results.
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Table E1: Intergenerational transmission of VA and grandstudent effects (one-step VAM).

VAM without school FE VAM with school FE
Teachers’ VA Grandstudents Teachers’ VA Grandstudents

scores scores
(1) (2) (3) (4)

Grandteacher VA 0.14 0.04 0.17 0.04

[0.02; 0.27] [0.00; 0.07] [0.02; 0.32] [0.01; 0.08]

(2.33) (2.01) (2.20) (2.32)
Teacher’s student cohort v v v v
VAM controls v v
N Students 6032 6032
N Teachers 212 212 212 212

Note: 95% confidence intervals in squared brackets and ¢ statistics in parentheses. Standard errors are
clustered at the level of the school where teachers work. VAM additionally controls include students’ gender,
socioeconomic background (log household income and parental education), a third-degree polynomial of 8th-
grade scores, GPA and attendance in both the 8th and 9th grades, school changes between 8th—9th and
9th—10th grades, and whether the student had the same teacher in the 9th grade. Classroom averages of these
variables and school enrollment are also included. The VAM in columns (1) and (2) also includes school’s type
of administration, region, and socioeconomic status (SES) composition.
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Table F1: Temporal stability of teacher VA

Sample Two-year correlation (r) Year-to-year correlation (sqrt(r)) N

(1) (2) (3)

Panel A. Math

2013-2015 0.42 0.65 1,827

2015-2017 0.47 0.69 1,841

Pooled sample 0.44 0.66 3,668
Panel B. Reading

2013-2015 0.27 0.52 1,772

2015-2017 0.25 0.50 1,760

Pooled sample 0.26 0.51 3,532

Note: The 2013-2015 and 2015-2017 samples include teachers observed in ¢ and ¢ 4 2 within each period. The
pooled sample combines all teachers within these samples. Year-to-year correlations are computed as the square
root of the corresponding two-year correlation. Column (3) reports the number of teachers used to estimate each
correlation.

F. Validation checks

F1. Temporal stability of VA

Because our SIMCE cohorts are spaced at least two years apart (2013, 2015, and 2017), we
assess the stability of teacher effects by correlating teachers’ VA in year ¢ with their VA two
years earlier (¢t — 2). Column (1) of Table F'1 reports the two-year correlation coefficients
for teachers observed in 2013-2015 and those observed in 2015-2017, as well as for the
pooled sample combining both subsamples. The two-year correlation is 0.44, suggesting a
year-to-year correlation of /0.44 = 0.66, which lies near the upper bound of the 0.47-0.64
range reported by Bacher-Hicks and Koedel (2023). The results are nearly identical when
examined separately for each period (0.42 for 2013-2015 and 0.47 for 2015-2017). In contrast,
the persistence of reading VA is substantially lower, with a two-year correlation of 0.27,
corresponding to a year-to-year correlation of 0.51.

F2. Estimates of forecast bias

Following Chetty et al. (2014a), we assess VA estimates’ forecast bias using teacher switch-
ing as quasi-experiments. The core idea is that when a school experiences the departure
and /or arrival of teachers, the resulting changes in the average VA of the school’s teaching
staff should predict variations in the average student scores, assuming teacher turnover is
unrelated to other changes in school characteristics.

Let At represent the change in the average student residual score of students in school s

between t and ¢t —2, and A ‘//Zs{t_g} denote the change in the school’s student-weighted mean
VA of teachers. This last variable is calculated considering only VA estimates from ¢ — 2, so
variations are driven by teacher turnover rather than changes in VA (around 65%-70% of
schools experienced teacher turnover or the arrival of a new teacher between 2013-2015 and
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Figure F1: Forecast bias of math teachers’ VA.

Note: 1,877 schools with information on their average teacher VA and residual scores (math and read-
ing) in two years (2013-2015 or 2015-2017). Standard errors in parenthesis. The fitted lines, regression
coeflicients, and standard errors reported in this figure are estimated using the full school-level data, not the
binned averages.

2015-2017). Assuming that teacher turnover is unrelated to shifts in other determinants of

student scores, A ‘//Zs{t_g} should closely predict Adg. We estimate the following model:

Aty = a+ bA ‘//Zs{t—Q} + Got (F1)

The extent to which b differs from 1 reflects the level of forecast bias of the estimates.
The binned scatterplot in Panel A of Figure F'1 illustrates the results. These plots group the
data into 10 equal-sized bins based on changes in school-level VA and plot the mean student
residual score change in each bin. The figure shows that changes in the average VA of the
school’s teaching staff (based on estimates from ¢ —2) closely predict variations in the average
student scores between ¢t and ¢ — 2. The two-year b equals 0.76, which suggests a forecast
bias of 24%. This is larger than the 3% reported by Chetty et al. (2014a), but consistent
with recent research on Chile (Garcia-Echalar et al., 2024), and of a similar magnitude as
our measurement error estimate in Section 7 in the main text.

To evaluate the validity of this test, we conduct a placebo test using test scores in
the other subject, i.e., assessing how changes in the average math VA predict changes in
student reading scores. An equally positive and significant relationship would suggest that
the previous results are likely driven by changes in other school factors. Panel B in Figure
F1 shows these results. The estimated b in the placebo test is significantly lower (0.17) and
statistically indistinguishable from zero (p = 0.14).

F3. Teacher VA and experience

Figure 2 illustrates the relationship between teachers’ VA and years of teaching experience
using binned scatterplots. These plots group the data into 20 equal-sized bins based on
years of experience, showing the mean teacher VA in each bin. The fitted lines are estimated
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using a locally weighted scatterplot smoothing (LOWESS) procedure applied to the full
teacher-level data rather than the binned means. This association shows a concave profile:
VA increases significantly during the first five years of teaching, leveling off after 8-10 years,
which aligns with international evidence (Ost, 2014; Papay and Kraft, 2015; Rivkin et al.,
2005).
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Figure F2: Association between years of teaching experience and VA.

Note: Own elaboration based on 6,151 math teachers with VA estimation in 2006, 2013, 2015, or 2017.
Teacher VA is is standardized to have mean zero and unit variance based on all teachers with available
measures. Information on years of experience comes from records of the Ministry of Education. The analysis
considers only teachers with 20 or fewer years of teaching experience. Observations are grouped into 20
equal-sized bins based on years of experience, showing the mean teacher VA in each bin. The fitted lines
reported in this figure are estimated through a locally weighted regression (lowess package in STATA) using
the full teacher-level data, not the binned averages.

To complement this analysis, we estimate the following model:
VA; = mo + w1 Experience; + &; (F2)

Here, Ezperience; represents a five-category variable: 0-1, 2-3, 4-5, 5-10, and more
than 10 years of teaching experience. Table F2 shows the results, considering teachers with
one or fewer years of experience as the reference group. Experience is more significant for
math teachers, suggesting teachers reach peak VA between 5 and 10 years. It is important
to note that these findings are purely descriptive and may be influenced by performance-
driven attrition of teachers. For instance, lower-VA teachers may be more likely to leave
the profession, while higher-VA teachers might have better opportunities to take on different
roles within schools.
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Table F2: Coefficients of years of teaching experience on teacher VA.

(1)

Years of experience (base = 0 or 1 year)

2-3 years 0.13
(3.40)
[1,602]

4-5H years 0.15
(3.84)
[1,346]

5-10 years 0.22
(6.38)
[2,220]

> 10 years 0.17
(4.97)
[2,703]

N 9,305

Note: t-statistics in parentheses. The number of observations in each category are in square brackets.
Full sample of 6,151 math teachers with 20 or fewer years of teaching experience and with VA measures in
2006, 2013, 2015, or 2017. Around 58% of teachers in this sample appear in the data more than once (VA
measures for more than one year). Teacher VA is is standardized to have mean zero and unit variance based
on all teachers with available measures. All estimations control for year fixed effects. Information on years
of experience comes from records of the Ministry of Education.
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