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Abstract

The literature shows that there is no consensus regarding to which teacher attributes lead
to increases in students’ academic performance. With the purpose of contributing to the
discussion  in  Chile,  we  analyze  in  this  paper,  whether  and  to  what  extent  teacher
attributes such as professional experience and credentials affect students´ test scores in
math and reading in SIMCE 2013. We used teacher’s administrative records and SIMCE
data from 2011 and 2013 for conducting our empirical analyses. We utilized VAM models
in the regression estimations. In addition, we used fixed effects models to correct for the
non-random  assignment  of  teachers  and  students  between  and  within  schools.   Our
results show that teaching experience has a positive impact on 12th grade students test
scores in math but not reading. We did not find significant effects of credentials (academic
or  professional  training)  on  test  scores  neither  in  math  nor  in  reading.  Our  analyses
considered a limited number of teachers; thus, one important venue for future research is
to evaluate the external validity of our findings.
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Introduction

Whereas there is consensus regarding the importance of quality of teachers on students’
academic outcomes,  the empirical evidence is mixed about the extent to which teacher
attributes–  such  as  experience,  qualifications  and credentials,  etc.-lead  to  increases  in
students’  academic performance  (Goldhaber and Brewer 1997;  Goldhaber 2002;  Rockoff
2004; Darling-Hammond, Berry et al. 2001; Rivkin, Hanushek and Kain 2005; Jennings and
Di Prete, 2010). 

Furthermore,  teacher effects research face another methodological  challenge,  which is
related to the nonrandom assignment of teachers and students between and within the
schools. The evidence has found, in particular, in highly segregated educational systems,
that  there  is  a  clear  match  between the characteristics  of  students,  teachers  and the
schools. Teachers are not randomly distributed with respect to the students they teach;
teachers with higher or better qualifications tend to teach students of higher ability and
SES. The literature points out that when the assignment of teachers is not random, the
estimations  of  teacher  effects  might  be  overestimated  or  biased  (Clotfelter,  Ladd  and
Vidgor 2006). 

Taking these issues into consideration, this study attempts to contribute to the empirical
literature in teacher effects in Chile by estimating the impact of teacher characteristics on
students test scores, using a methodology that corrects for the nonrandom assignment of
teachers.  Using  random  and  fixed  effects  models,  which  control  for  non-random
assignment of teachers to students, we provide two complementary measures of teacher
effects. First, we estimated an overall measure of teacher effects on the basis of value-
added models (VAMs) that predict  students SIMCE test scores in math and language in
2013.  To  explore  the  findings  of  VAMs,  we  also  estimated  the  impact  of  teacher
characteristics related to professional experience and teacher’s qualifications on students
SIMCE test scores in math and language in 2013. A novelty of this research is that uses a
prior test score measure (2011) along with teacher observables in their estimations. In
addition,  we addressed  the  issue  of  non-random assignment,  using  matched  student-
teacher data to separate student achievement into a series of "fixed effects”. 

The structure of this paper is as follows: we start with a brief literature review, followed by
the methodology, results and discussion. 
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Literature review

A vast body of research has pointed out that teachers’ quality is one of the key aspects
that foster student´s achievements in schools  (Hanushek 1992, Goldhaber, Brewer et al.
1999, Darling-Hammond, Berry et al. 2001, Goldhaber 2002, Rivkin, Hanushek and Kain
2005). Furthermore, the evidence points out that teacher´s quality significantly reduce the
disadvantages  of  students  from  low  socioeconomic  status  in  the  educational  system
(Rivkin, Hanushek and Kain 2005). 

Whereas  there  is  consensus  regarding  the  significance  of  teacher  quality  in  students’
performance,  there  is  much less  agreement  about  the  attributes  that  define  teaching
quality. Teaching quality has been largely measured by teacher’s observable characteristics
due to the fact that this information is available in public administrative records. Teachers
attributes  such  as  professional  experience,  academic  qualifications,  professional
certification and, teaching evaluation, among others, have been the mostly studied by the
literature. 

The research has found that teaching experience have a statistically significant positive but
moderate effect on students educational outcomes (Goldhaber and Brewer 2000, Darling-
Hammond, Berry et al. 2001, Goldhaber 2002, Rockoff 2004, Hanushek Kain et al. 2005,
Rivkin, Hanushek et al. 2005, Clotfelter, Ladd et al. 2006). Overall, the literature suggests
that  experienced  teachers  are  more  effective  in  helping  students  to  improve  their
achievements than less experienced teachers (Clotfelter et al. 2006; Greenwald, Hedges,
and Laine 1996; Murnane 1983; Rivkin et al. 2005; Rockoff 2004). The research has found
that the greatest gains occurring in the first years of teaching experience and, moreover,
that  there is  a nonlinear effect of  experience on student’s  outcomes (Hanushek 1997;
Clotfelter, Ladd et al. 2005; Rivkin, Hanushek et al., 2005; Goldhaber, 2008). 

On the other hand, the literature also provides mixed evidence regarding the impact of
credentials in the academic performance of students. The literature shows that academic
teaching credentials -for instance a master's degree- have direct effects on educational
outcomes of students (Murnane and Phillips 1981, Hanushek 1992, Goldhaber and Brewer
1997,  Hanushek 1997 Nye,  Konstantopoulos  et  al  2004,  Rivkin,  Hanushek et  al  2005);
however, other studies did not find significant effect of academic credentiaks on students
outcomes (Ehrenberg and Brewer 1994, Ferguson and Ladd 1996, Greenwald, Hedges et
al. 1996). 

In addition, a couple of studies have analyzed the role that non-academic credentials and
professional certifications have on student’s achievements.  Jacob and Lefgren (2004), for
example,  did not find any evidence that  the continuous training of  teachers improved
students’ outcomes; whereas Clotfelter, Ladd and Vidgor (2007) found that a postgraduate
certificate had a small but significant negative effect on students’ academic performance.
Goldhaber  and  Brewer  (1997),  on  the  other  hand,  analyzed  whether  teachers’
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specialization affected students outcomes, finding that it  had a positive although small
impact on students learning. 

In sum, the literature suggests that teacher attributes affect student’s outcomes, but their
impact  is  moderate.  It  also  posits  that  most  of  the variation in  teacher  quality  is  not
captured  by  the  teacher  characteristics  measured  in  administrative  records  (Rivkin,
Hanushek and Kain 2005). The research posits that the unobservable teacher factors, such
as motivation, expectations and preparation, affect to a great extent students outcomes. 

Besides the mixed evidence regarding teachers attributes, teacher effects research face
another  methodological  challenge.  Teachers  and  their  attributes  are  not  randomly
distributed with respect to the students they teach. The evidence shows that teachers
with  higher  or  better  qualifications  tend  to  teach  students  of  higher  ability  and  SES,
whereas  teachers  with  lower  attributes  are  assigned  to  classes  and  schools  with  less
favorable learning conditions(Lankford, Loeb and Wyckoff 2002, Clotfelter, Ladd and Vidgor
2006; Toledo and Valenzuela, 2012).  The fact  that there is a match between teachers,
schools  and  students  might  affect  the  estimations  of  teacher  effects,  generating
overestimated or biased estimations. 

The review of the literature shows that, especially in economics, scholars have tackled this
issue through different methodologies. For example, Harris and Sass (2011) using fixed
effects and longitudinal data, estimated the effect of professional experience on students
achievement. They found that professional experience had a positive although rather small
effect  on  achievement.  More  recently,  Guarino,  Reckase,  Stacy  and  Wooldrige  (2015)
found that teachers effects were less biased if the estimations used dynamic OLS models
with teacher fixed effects rather than student growth percentile (SGP) methodology. 

Literature in Chile 

In the last decade, we observe a growing number of studies in Chile that have analyzed the
impact of teacher characteristics on educational outcomes in Chile (Bravo Falck et al. 2008,
Ortuzar, Flores et al. 2009, Lara, Mizala et al. 2010, Henriquez Lara et al. 2011; Paredes,
2014;  Toledo and Valenzuela,  2015).  This  research has  developed on the basis  of  the
increasing  availability  of  administrative  records  on  teachers  and  SIMCE  results.  These
records are mainly cross-sectional data. 

It is noteworthy to mention that the research in Chile initially focused on the analysis of
teacher’s certification programs. For example, Bravo, Falck et al. (2008) found that three
teacher certification programs were associated positively with the results  of  4th grade
students in SIMCE. Later, Leon, Manzi and Paredes (2009) reached similar conclusions in
their analyses of the impact of teaching evaluations on SIMCE 2005 and 2006 results.
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We find numerous studies that have analyzed teacher attributes in a similar way that the
international literature. For example, Ortuzar, Flores et al. (2009) found that factors related
to initial teacher training affected the performance of fourth grade students in math in
SIMCE; whereas Lara, Mizala et al. (2010) found that there was a significant association
between SIMCE results  and teacher gender, years of teaching experience and teachers
qualifications.  They  found  that  having  a  qualified  teacher  could  increase  student
performance in language and math. However, the scholars did not find evidence that the
type of  higher institutions where the teacher studied affected math test  scores.  More
recently, Toledo (2010) using data from SIMCE 2005 and 2006, found a nonlinear effect of
teaching experience on students test scores. In a recent study, Toledo y Valenzuela (2015)
found that  teaching  experience,  professional  training  and greater  curriculum coverage
have positive effects on the performance of fourth grade students.

What the literature in Chile has found is consistent with the findings by the international
literaure.  However,  few  studies  have  addressed  the  sorting  processes  in  the  Chilean
context. Bravo  et al. (2008), amended for the effect of teacher-school (between school)
sorting, introducing a variable for previous students´ school performance in their analyses.
On the other hand,  Lara,  Mizala  and Repetto (2010)  corrected for  the effects  of  both
between and within school sorting. They included the school’s average performance for
controlling  for  the  teacher-school  sorting;  whereas  they  controlled  the  sorting  within
schools by sampling schools that have only one class per grade level. More recently, Toledo
and Valenzuela (2015), used fixed effects for controlling for between and within school
sorting. 

Research design

Variables and Data Sources

Our analyses are based on data from different sources. The main data source corresponds
to the Education Quality Measurement System (SIMCE)1.  SIMCE is the Chilean National
testing system, which assesses school students annually in different grades and subjects.
These  tests  are  administered  by  the  Ministry  of  Education  to  the  entire  students´
population of public and private vouchers schools. Despite SIMCE do not follow students
throughout the years, recent data also allowed us to identify students that took the tests
in more than one occasion.  The sample used in this research includes 2013 and 2011 data.

We used data from 12th grade students in 2013 and 10th grade students in 2011 who took
the tests of math and language. In 2013, 241.768 students took the tests in 12 tth  grade,
which represents around 90 per cent of 12th graders. Students who lacked measures of
test scores in 10th grade were excluded from our analyses. In total, we identified 138.989
students with test scores in 2011 and 2013. This sample represents about 58 percent of

1 Sistema Nacional de Medición de la Calidad de la Educación 
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the  student  population  who  took  the  SIMCE  tests  in  2013  in  12th grade.  Besides  the
aforementioned exclusion, we omitted students who changed schools between 10 th grade
and 12th grades. 

Along with the SIMCE 2013-2011 scores, we used the SIMCE Complementary Survey, as a
second data source. The survey is applied to students who took the SIMCE tests in 2013.
Additionally, parents and teachers were surveyed. We used information from the parents
and  students  surveys  regarding  students’  socioeconomic  background  and  academic
history.  Specifically,  we  used  questions  regarding  family  SES  (parental  education  and
income quintile), demographics (age and gender) and grade repetition. 

Finally, as a third source of information, we used Teachers administrative records (National
Teachers Registry) from the Ministry of Education in Chile. These records contain detailed
information about teacher characteristics, including demographics, years of professional
experience,  qualifications  and  credentials,  among  others.  The  teacher’s  records  were
merged to the SIMCE2 datasets. As a result, we obtained a dataset of 18.375 students,
1107 schools and 1717 teachers/classrooms. Our analytical sample excluded schools with
less  than  two  classrooms  and  teachers  with  incomplete  information.  Hence,  our  final
sample was of 9,067 students, 697 teachers and 299 schools. 

The  dependent  variables  are  the  SIMCE  math  and  language  in  12th  grade  (2013)
standardized scores. Our main predictors are teacher characteristics. We use the following
teacher  attributes  in  our  analyses:  years  of  professional  experience  and  teachers´
credentials (academic). As control variables, we also use the student individual score from
the previous testing period (2011). Following the literature  (Guarino, Maxfield, Reckase,
Thompson,  &  Wooldridge,  2015;  Guarino,  Reckase,  Stacy,  &  Wooldridge,  2015),  this
predictor  is  one  of  the  most  important  determinant  of  academic  achievement.  Until
recently, this information was not available, thus, its inclusion constitutes a novelty for the
teacher  effects  research  in  the  Chilean  context.  In  addition,  we  add  control  variables
related to student’s  family SES background (parental  in our estimations).  The student’s
variables  considered in  the estimations are  as  follows:  gender,  grade  retention,  family
income and parent’s educational level. Family income and parental education are used as
proxies  of  family  SES.  In  the  present  paper,  we  report  only  regression  coefficients  for
gender and household income because these variable show the most robust associations.
We also include controls related to teacher demographics such as age and gender. 

The statistical model

Following  recent  econometric  literature  (Guarino,  Reckase,  et  al.,  2015),  our  general
modelling strategy can be expressed as

2 Both datasets were linked using the unique identifier of the teacher and classroom. 
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A igk=λ ( Aig−1k )+β1Eg+β2 X igk+c i+ϵ ig                                                                  (1)

where A igk  is the standardized SIMCE’s score in 2013 for student i who studies with the

teacher g in the school k.  A ig−1k  is the standardized SIMCE’s score in 2011, Eg is a

vector  of  characteristics  of  teachers  in  2011,  X igk   is  vector  of  characteristics  of

students and schools in 2011, c i  is an unobservable student fixed effects, and ϵ ig  is

an  error  term  that  varies  over  time.  In  respect  with  non-random  sorting,  observable
variables of  student  and school  block  general  sampling selection and,  in  doing so,  we
control  for  sorting  of  students  together  on  the  basis  of  some  individual  and  school

characteristic. As Dieterle et al. point out (2015),  A ig−1k  partials out prior test scores

and is a proxy for factors related with the assignment mechanisms (e.g. assignment on the
basis  of  academic  achievement).  Most  importantly  for  the  topic  of  the present  study,
Eg controls for non-random assignment of teachers to students. 

We use (1) to provide two complementary measures of teacher effects: an overall measure
and  more  specific  estimations  related  with  observable  characteristics  of  teachers.
Regarding the former, we rely on value-added models (VAMs) based on two versions of (1).

First,  we  use  a  dynamic  OLS  that  includes  Eg as  fixed effects  and  X igk  captures

characteristics  of  students  (gender  and household  income)  and  schools  (dependency).
Teacher fixed effects isolate teacher contributions from other factors that may influence a
student’s  achievement.  The identification of  this  model  is  guided by a very important
characteristic  of  our  data.  Most  of  the  schools  that  compose  our  data  has  only  one
teachers. It follows that the correlation of vectors of teachers and schools are very strong.
In other words, it is not possible to decompose teacher effects from school fixed effects
without additional assumptions. In the case of our study, we identify (1) by focusing the
analysis  on data of  students  in schools  with more than one teacher.  As  said above,  it
means  that  the  sample  used  in  our  regression  is  composed  by  9,067  students,  697
teachers,  and  299  schools.  In  spite  of  this  strategy,  we  have  to  make  an  additional
assumption. To break the correlation between our indicators of school and teachers, we
assume that the first 10 teachers and the last 10 teachers have the same effects. As a
result of this assumption, we estimated only 679 teacher effects. 
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A second version of (1) is a mixed model that includes the same variables of dynamic OLS

but  Eg is  measured as random effects.  By doing so,  we obtain best  linear unbiased

predictors (BLUPs) at the level of teachers that are typically used in the literature as a
measure of overall teacher’s contribution to performance of students (Guarino, Maxfield,
et  al.,  2015).  We  compare  BLUPs  estimates  with  fixed  effects  from  dynamic  OLS
regressions to evaluate the robustness of dynamic OLS models. Teacher fixed effects and
BLUPs  capture  the  contribution of  teachers  to  the  academic  performance in  terms of
predicted SIMCE scores  at  the level  of  students.  However,  both estimators  depend on
different assumptions. As BLUPs relies on a random effect model, they work under the
assumption that error terms and random effects are not correlated with the independent
variables included in (1). On his side, fixed effects models do not require this assumption.
On the ground of this characteristics of fixed effects models, dynamic OLS models with
teacher fixed effects should have a better performance in term of bias in comparison with
random effects, but mixed models should be more efficient. In the present paper, we call
teachers fixed effects and BLUPs as “teacher effects”.

In addition to our VAMs, we also estimated a set of models with a set of observables
variables  that  capture  specific  teacher’s  features.  These  variables  decompose  teacher
effects  estimated  by  using  VAMs.  To  control  nonrandom  assignment  on  the  basis  of
student  characteristics,  the  models  include  observable  variables  such  as  gender  and
household income. We also specify fixed effect for schools to block sorting associated with
this last level of the analysis. Finally, on the ground of data availability, it is important to
say that our modelling strategy does not distinguish teacher effects from class effects. We
leave this topic for future research.

Results

We begin by examining our overall estimates of teacher effectiveness. Figure 1 depicts the
distribution of teacher fixed effects and BLUPs for math and reading scores. We estimated
both measures on the basis of models that control  by gender,  household income, and
dependency of the school. In line with theoretical assumptions of random effects models,
the  distributions  of  BLUPs  (RE)  are  clearly  normal  and  more  concentrated  than  the
distributions of fixed effects. These patterns suggest that BLUPs are more efficient. In other
words, teacher effects should be more concentrated in the case of BLUPs distributions. 

Figure 1 about here.
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To interpret these distributions, we contrast teacher effects at the 25th  and 75th points in
the teacher effects distribution for fixed effects and BLUPs (see Table 1). We estimated
both measures on the basis of models that control  by gender,  household income, and
dependency of the school (DOLS and BLUPs A). Furthermore, we evaluate the robustness
of these estimations by replacing dependency with fixed effects at the level of the school
(BLUPs B). We obtain very interesting findings. We note that moving a student from 25th
and  75th  percentile  of  teacher  fixed  effects  distribution  would  increase  student
achievement by 0.744 standard deviations for math and by 0.672 standard deviations for
reading (second and third columns). For BLUP’s estimations, the size of these effects is
smaller. We note that moving a student from 25th and 75th percentile of teacher random
effects distribution would increase math test by 0,435 standard deviations and reading
scores by 0,363 standard deviations (fourth and fifth columns). Our robustness tests also
indicate  a  significant  teacher  effectiveness.  The  size  of  the  teacher  effects  are  0.129
standard deviations for math and 0.147 standard deviation for reading (sixth and seventh
columns). In this later case, we observe the smallest teacher effects but it is not surprise
because dynamic OLS with school fixed effects provides a full  closure of potential bias
associated with school selection.

 Table 1 about here.

We  explored  observable  characteristics  that  predict  teacher  effects  by  re-estimating
equation  (1)  including  teacher  attributes,  net  variables  of  students.  These  attributes
include gender, age, years of professional experience and teachers´ credentials (academic).
We also incorporated school characteristics by using fixed and random effects models. Our
results reveal important differences between math and reading. Table 2 shows that labor
experience and teacher’s  age have statistical  significant  associations with math scores,
regardless the statistical modelling strategy. More specifically, in comparison with classes
with the oldest teachers, being a student with a teacher at the middle of their life course
(36-49 years old) increases math scores by 0,07 standard deviations.  In the same way,
being a student with teachers with the lowest labor experience (1 or 0 year) increases
math score by 0,07 standard deviations.

Table 2 about here.

In respect with reading, the picture is different. Our findings indicate that labor experience
and age of  teachers are not relevant.  Table 2 shows that  both predictors do not have
significant associations with scores. In spite of this result,  we can observe a significant
effect for our measure of teacher credentials when we use random effects. The coefficient
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of the credential’s indicator is associated with an increase of 0.04 standard deviations in
the reading scores. This independent variable has a similar but non-significant regression
coefficient for the fixed effects model. As econometric literature indicates, this result relies
in the fact that the efficiency of fixed models is lower than random effects models.

The analysis also indicates that measures of  student and household characteristics are
important  for  the  academic  achievement  of  the  students.  In  line  with  current  VAMs
research,  prior  achievement is  highly  significant.  As  the regression coefficients  for  this
variable indicate, a one-point increase in prior achievements raises SIMCE scores by about
0.60 standard deviations for math and for reading,  regardless the models.  This finding
suggests that assigning students based on prior test scores occurs in a nontrivial way in the
Chilean schools. Gender also exhibits significant regression coefficients, being positive for
reading and negative for math. Finally, household income is associated with increases of
SIMCE scores but the association is significant only in the case of random effects but not
when school  fixed effects are included in the analysis.  As the literature of the Chilean
school system points out, this finding indicates the strong association of school with socio-
economic status of students in Chile.

Discussion

In this paper, we evaluated the impact of teacher characteristics on students test scores in
Chile.  On  the  basis  of  teacher  administrative  records  and  SIMCE  data,  we analyzed
matched student-teacher data for 2013 and 2011 with statistical models that considered
several  nonrandom  assignment  mechanisms  associated  with  students,  teacher,  and
schools. The statistical modelling considered a previous attainment measure (SIMCE 2011),
which constitutes a novelty for the teacher effects research estimations in Chile. 

Using  VAMs estimations,  our  analyses  showed that  teachers  are  very  relevant  for  the
academic  performance  of  students.  In  comparison  with  international  evidence,  our
estimates of  teacher effectiveness in Chile  are clearly  larger,  regardless of  the method
used. To illustrate, Jennings and DiPrete  (2010) use the same methodology to estimate
teacher effects on academic achievement of  student at  the end of  kindergarten.  Their
findings  indicate  increases  of  0.216  standard  deviations  for  math  and  0.323  standard
deviations for reading. Other American studies have reported teacher effects associated
with  increases  of  0.48  standard  deviations  for  math  and  0.35  for  reading  (see  Nye,
Kostantopoulos, & Hedges, 2004). In such a context, our findings suggest that teachers
may make a very significant contribution to academic achievement of Chilean students.
That  said,  our  effective  sample  include  a  limited  number  of  teachers  and,  thus,  one
important venue for future research is to evaluate the external validity of our research
findings.
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Regarding  teacher  attributes,  we  estimated  our  analyses  using  VAM  and  fixed  effect
models.  Our  findings  showed  that  teachers  experience  is  a  factor  that  contributes  to
students test  scores in SIMCE in math.  However, we did not find significant results for
reading. Contrary to what the international literature has pointed out, our findings suggest
that teachers with less years of professional experience have a positive effect on students
test scores in math in SIMCE. These results are similar to recent findings of Toledo and
Valenzuela (2015) about fourth graders in SIMCE 2005-2006. In that study, the authors also
amended  for the effects of both between and within school sorting, using fixed effects
models. On the other hand, we did not find significant effects of academic credentials. We
found only partial evidence for the effects of professional training on students’ scores. 

11



References

Bravo D, Falck D, González R, et al. (2008) La relación entre la evaluación docente y el 
rendimiento de  los alumnos: Evidencia para el caso de Chile. Centro de 
Microdatos, Departamento de Economía, Universidad de Chile, Santiago, Chile, July.

Clotfelter, C., Ladd, H., & Vigdor, J. (2006). Teacher-Student Matching and the Assessment 
of Teacher Effectiveness. The Journal of Human Resources, 41(4), 778-820.

Darling-Hammond, L., Berry, B., & Thoreson, A. (2001). Does teacher certification matter? 
Evaluating the evidence. Educational Evaluation and Policy Analysis, 23(1), 57-77.

Dieterle, S., Guarino, C., Reckase, M., & Wooldridge, J. M. (2015). How do Principals Assign
Students to Teachers? Finding Evidence in Administrative Data on the Implications
for Value Added. Journal of Policy Analysis and Management, 34(1), 32–58.

Ehrenberg, R., & Brewer, D. (1994). Do School and Teacher Characteristics Matter? 
Evidence form High School and Beyond. Economics of Education Review, 13(1), 1-
17.

Ferguson, R. & Ladd, H. (1996) How and Why Money Matters: An Analysis of Alabama 
Schools," in Hold ing Schools Accountable, Helen Ladd, ed., pp.  265 -298, 
Brookings institution, Washington,.

Goldhaber, D., & Brewer, D. (1997). Why Don't Schools and Teachers Seem to Matter? 
Assessing the Impact of Unobservables on Educational Productivity. Journal of 
Human Resources, 32(2), 505-523.

Goldhaber, D., & Brewer, D. (2000). Does teacher certification matter? High school teacher 
certification status and student achievment. Educational Evaluation and Policy 
Analysis, 22(2), 129-145.

Goldhaber, D., Brewer, D., & Anderson, D. (1999). A Three-Way Error Components Analysis 
of Educational Productivity. Education Economics, 7(3), 199-208.

Greenwald, R., Hedges, L., & Laine, R. (1996). The Effect of School Resources on Student 
Achievment. Review of Educational Research, 66(3), 361-396.

Goldhaber, D. (2002). The Mystery of Good Teaching. Education Next, 2(1), 50-55.

Guarino, C., Maxfield, M., Reckase, M., Thompson, P. N., & Wooldridge, J. M. (2015). An 
Evaluation of Empirical Baye’s Estimation of Value-Added Teacher Performance 
Measures. Journal of Educational and Behavioral Statistics, 40(2), 190–220.

Guarino, C., Reckase, M., Stacy, B., & Wooldridge, J. M. (2015). A Comparison of Student 
Growth Percentile and Value-Added Models of Teacher Performance. Statistics and
Public Policy, 2(1).

12



Hanushek, E. (1992). The trade-off between child quantity and quality. Journal of Political 
Economy, 100(1), 84-117.

Hanushek, E. (1997). Assesing the effects of school resources on student performances: An
update. Educational Evaluarion and Policy Analysis, 19(2), 141-164.

Hanushek, E., Kain, J., O'Brien, D., & Rivkin, S. (2005). The Market for Teacher Quality 
(Working Paper No.11154). National Bureau of Economic Research.

Harris, D., & Sass, T. (2011). Teacher training, teacher quality and student achievment. 
Journal of Public Economics, 95(7-8), 798-812.

Henriquez, F., Lara, B., Mizala, A., Repetto, A. (2012) Effective Schools do Exist: Low Income
Children’s Academic Performance in Chile. Applied Economics Letters, 19 (5), 445-
451.

Jacob, B., & Lefgren, L. (2005). Principals as Agents: Subjective Performance Measurement 
in Education (Working Paper No.11463). National Bureau of Economic 
Research.XJennings, J., & DiPrete, T. A. (2010). Teacher Effects on Social Behavioral 
Skills in Early Elementary School. Sociology of Education, 83(2), 135–159.

Lankfor, H., Loeb, S., & Wyckoff, J. (2002). Teacher sorting and the plight of urban schools: 
A descriptive analysis. Education Evaluation and Policy Analysis, 24(1), 37-62.

Lara, B., Mizala, A., & Repetto, A. (2010). Una mirada a la efectividad de los profesores en 
Chile. Estudios Publicos, 147-182.

León, G., J. Manzi y R. Paredes (2008),Calidad docente y  rendimiento escolar en Chile:   
Evaluando la evaluación”, tesis, Santiago de Chile, Pontificia Universidad Católica de Chile.

Nye, B., Konstantopoulos, S., & Hedges, L. (2004). How Large Are Teacher Effects? 
Educational Evaluation and Policy Analysis, 26(3), 237-257.

Ortúzar, M.; Flores, C.; Milesi, C.; Cox, C. (2009) Aspectos de la Formación Inicial Docente y 
su  Influencia en el Rendimiento Académico de los Alumnos. En Camino al 
Bicentenario, Propuestas para Chile, Concurso de Políticas Públicas 2009. Ediciones 
Universidad Católica.

Rivkin, S., Hanushek, E., & Kain, J. (2005). Teachers, Schools and Academic Achievment. 
Econometrica, 73(2), 417-458.

Rockoff, J. (2004). The Impact of Individual Teachers on Student Achievment: Evidence 
from Panel Data. The American Economic Review, 94(2), 247-252.

13



Sharkey, N., & Goldhaber, D. (2008). Teacher Certification Status and Student Achievement:
Lessons from Private Schools. Economics of Education Review, 27(5), 504-516.

Toledo, A. (2009). Los profesores ¿Hacen la diferencia?: Una aproximación desde la beca 
de alumnos destacados en pedagogía. Santiago, Chile.

Toledo, G., & Valenzuela, J. P. (2012). Ordenamiento de profesores y estudiantes entre y 
dentro de los establecimientos escolares: El caso chileno. Santiago, Chile.

Toledo, G., & Valenzuela, J. P. (2015). Over-estimating the effects of teacher attributes on 
school performance in the Chilean education system. Estudios de Economía (42) 1: 
99-128. Santiago, Chile.

Zubizarreta, J., Paredes, R., & Rosenbaum, P. (2014). Matching for balance, pairing for 
heterogeneity in an observational study of the effectiveness of for-profit and not-for-profit 
high schools in Chile. 8(1), 204-231

14



Tables and Figures

Figure 1. Plots for Teacher Effects: Fixed Effects and BLUPs

Note:  FE  and RE means fixed and random effects  models  respectively.  Source:  own
calculations on the basis of SIMCE data.
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Table 1. Effect of Moving a Student from the 25th to the 75th Percentile in the Teacher 
Effects Distribution
 DOLS BLUPs A BLUPs B

Math Reading Math Reading Math Reading
Teacher 0.7439 0.6721 0.4352 0.3626 0.1295 0.1467

Note: calculation based on dynamic OLS (DOLS) and mixed models (BLUPs). The predictors
in the models are prior achievement, student's gender, and family income. To control for
assignment  at  the  school  level,  we  also  included  dependency.  Measures  in  standard
deviation units. Source: own calculations on the basis of SIMCE data.
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Table 2: Determinants of SIMCE scores 2013

     
Maths Reading

 FE RE FE RE

(Intercept) 0.037 (0.134) -0.152 (0.036)*** 0.194 (0.164) -0.212 (0.039)***
SIMCE 2011 0.590 (0.007)*** 0.606 (0.007)*** 0.587 (0.008)*** 0.597 (0.008)***
Women -0.042 (0.013)*** -0.032 (0.013)** 0.055 (0.016)*** 0.063 (0.016)***
Household Income 0.005 (0.003) 0.014 (0.003)*** 0.005 (0.004) 0.016 (0.003)***
Teacher’s gender: women -0.002 (0.014) 0.003 (0.014) -0.003 (0.017) 0.003 (0.016)
Labor experience: 0-1 0.062 (0.026)** 0.070 (0.026)*** 0.010 (0.032) 0.019 (0.031)
Labor experience: 2-5 -0.006 (0.019) -0.009 (0.019) -0.009 (0.023) -0.011 (0.023)
Labor experience: 6-14 0.016 (0.018) 0.021 (0.017) -0.014 (0.021) -0.007 (0.021)
Teacher’s credential -0.001 (0.014) 0.007 (0.014) 0.026 (0.017) 0.035 (0.017)**
Teacher’s age: 0-35 0.021 (0.020) 0.030 (0.020) 0.002 (0.025) 0.014 (0.023)
Teacher’s age: 36-49 0.069 (0.020)*** 0.077 (0.019)*** 0.010 (0.024) 0.025 (0.023)

R^2 0.723 0.581
Num. Obs. 9067 9067 9067 9067
BIC 15.596.282 19.030.191
Log Likelihood -7738.91 -9.455.865
Num. Groups: Schools 299 299
Variance: rbd.(Intercept) 0.148 0.095

Variance: Residual  0.294  0.44
***p < 0,01, **p < 0,05, *p<0,1. Standard errors in parenthesis.
Source:  own  calculations  on  the  basis  of  SIMCE information  and  administrative
data.
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