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Motivation

Teacher quality measured by teacher value added (TVA) has been
shown to affect students outcomes (Rockoff 2004, Kane and Staiger
2008, Hanusheck and Rivkin 2010, Chetty et al 2014 and 2017,
Rothstein 2017).

TVA methodology decomposes students’ test scores into components
attributed to student heterogeneity and to teacher’s quality

Concerns were raised whether TVA measures based on observational
data are biased and so are their estimated effects (Rothstein, 2009,
2010; Baker et al., 2010, ; Koedel and Betts, 2011).

Students not randomly assigned to classrooms (Aaronson et al., 2017,
Bacher-Hicks et al., 2017; Horvath, 2015; Paufler and
Amrein-Beardsley, 2014; Jackson, 2014; Sass et al., 2012; Koedel and
Betts, 2011; Rothstein, 2010, 2009)
Stability of TVA measures over time (Green et al., 2012;
Darling-Hammond, 2015; Newton et al., 2010; Baker et al., 2010;
Murnane et al., 2000).
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Motivation

If TVA measures may lack causal interpretation, can they be used for evaluation purposes,
ex. recruitment, compensation etc.? (Koedel et al., 2015)

In experimental settings TVA estimated effects were shown to be unbiased (Kane and
Staiger 2008, Kane et al. 2013)

Recent studies show that test-score value-added measures of teacher quality do not fully
capture the impact of teachers on students since teaching ability is multidimensional. The
non-test-score value-added measures include social, behavioral, and non-cognitive skills.
For example, absences, suspensions, grades, and grade progression (Jackson forthcoming),
behavior and non-cognitive skills (Petek and Pope 2019)

Less evidence from a real-life context where matching of student-teacher is random

Most evidence on TVA from primary and middle school, less about high school teachers

Not much evidence from high stake exams.

Less evidence on effect of TVA on choice of university field of study.
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In this Paper

Use an educational institutional setting where students and teachers
are randomly assigned to classes.

Avoid the issue of whether TVA measures are biased due to
endogenous sorting/assignment based on potential outcomes of
students and teachers.

Measure TVA and estimate its effect based on:

Data from a sample of high schools in Greece
Use standardized national exams at 11th-12th
These are High stake exams because they are used for admission to
universities and study programs in Greece
These exams and test scores span the whole high school curriculum
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In this Paper

We also estimate the effect of TVA on student attendance during the
year

Attendance may proxy student motivation and other non cognitive skills

Provide evidence on effect of TVA on several post-secondary
outcomes:

Enrollment in post-secondary institution
Enrollment in university versus vocational schooling
Admission to a higher ranked university
Admission to a more preferred study program
Choice of field of study

Heterogeneity of TVA effect: by student gender and ability, by
teacher gender and teaching field

TVA and exit and entry of teachers in relation to school quality.
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Main Findings

Students assigned to high-TVA teachers in high school have:

Higher test scores in national exams in 11th and 12th grade: 1 SD
increase in TVA increase test scores by 0.2 SD.
Effect does not vary by teacher and student gender, nor by class size
Effect is larger in science and exact science subjects, lower in
humanities/social science
Larger for HIGH ability students in science and exact science
Larger for LOW ability students in humanities and social science

In US, Chetty et al 2014: 0.14 SD in math, 0.10 SD in English

In Pakistan, Bau and Das 2020: 0.15 SD of average math, English,
Urdu
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Main Findings

Students assigned to high-TVA teachers in high school are more likely
to:

Pursue post-secondary education
Being admitted to higher ranked universities
Enroll in a more preferred study program
Choose a major related to a subject with higher TVA in high school
Higher average VA of teachers in the high school track increase the
likelihood that a student will choose a track related subject as a
university major

Mechanism: higher TVA affect class attendance: it lowers school
absences, excused and unexcused but mainly the latter:

1 SD higher TVA reduces student absences by 4.2 hours, (mean per
year= 52 hours)
Effect size seems small but perhaps it signal TVA effect on student
motivation.
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Additional Preliminary Results

High VA teachers are more likely to exit from schools

This average effect is completely due to the mobility dynamics of
teachers in low performing schools

In high performing schools teacher exit is unrelated to their value
added

These pattern is similar for female and male teachers and is robust to
a variety of conditioning variables.
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Institutional Setting

Greek public high schools system

A national law determines lexicographic assignment of students to
classrooms within school

Teachers are randomly assigned in schools to classrooms based on the
subject they teach

The school Board oversees the process
Teachers are not likely assigned to the same class in two consecutive
grades
Allowed to teach the same class at most twice during their tenure in
school

Students choose a track in 11th grade: classics, science, exact science

Take multiple national exams in 11th (until 2005) and in 12th grades

Core subjects
Track subjects
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Predicting Teacher Value Added

We use the same estimators for value-added used in Kane and Staiger
(2008) and Chetty et al. (2014). In a nutshell, the construction of
this estimator involves three steps:

mRegress test scores Aijt on Xit

Compute test score residuals adjusting for observables
Estimate the best linear predictor of mean test score residuals in
classrooms in year t based on mean test score residuals in prior/later
years
Use the coefficients of the best linear predictor to predict each
teacher’s VA in year t
Because prior/later test scores are a noisy signal of teacher quality the
VA estimate is shrunk toward the sample mean (=0) to reduce
mean-squared error

In our setting, this prediction measures the expected causal effect of
teacher j on students’ scores in year t, because teachers and students
are sorted randomly.
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Teacher Value Added

Details:

TVA based on mean test scores in teacher’s prior/future classes
Sample include only teachers with classes in same grade in two years
Accounts for differences in class size, multiple classrooms per year
We observe multiple teachers teaching the same student, in same
grade, school, and year.
TVA computed uniquely within course-grade-year. Multiple classrooms
per teacher

We do not observe teachers teaching in different schools, therefore we
cannot include in TVA models school fixed effects.

Kane et al. (2013), Kane and Staiger (2008), Chetty et al (2014a)
show that TVA models without school and student fixed effects
produce estimates of TVA with very little bias.

Moreover, randomization of teachers and students occurs in our
setting within schools, like an experiment, therefore it provides
unbiased estimation of TVA variation.
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Teacher Value Added

We compute TVA for 936 course-grade-year cells.

341 classrooms and 50,000 stacked student level observations.

We scale TVA in units of student test score standard deviations
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Data

21 schools, 2003-2011, over 400 teachers, 341 classrooms.

Students data from schools’ administrative files:

Student Unique id, national exams test scores in 11th-12th grade,
school exams test scores in 10th grade, gender, year of birth, high
school track, absenteeism records in 11th-12th grade.

Ministry of Education data

Enrollment in all post-secondary institutions, name of institution, field
of study, quality rank of the department where enrolled, student’s
applications institutions/department.

Teachers data obtained from schools’ administrative files :

Employment record
Teaching assignment by class/grade/subject/course by year
Gender, teaching load (number of classes) as a proxy for experience.
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Descriptive Statistics
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Distribution of TVA Measure
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Distribution of TVA Measure
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Evidence on Random Assignment of Students and Teachers

Since students are randomly assigned to classrooms and classroom are
randomly assigned to teachers, we would not expect a relationship
between teachers‘ characteristics and value-added estimates and the
characteristics of their students.
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Effect of TVA on Test Scores and Post-Secondary Outcomes

We estimate the following equation:

Outcomeiscgtp = αu + λXi ,s,c,t + βXj ,s,c,t + δTeacherVAjsctp +
ζPriorTSi ,s,c,t,p + Ut + ξg + ψc + χp + εi ,s,c,g ,t,p

Outcomeiscgtp: outcome of student i, at school s and class c, assigned
to teacher j, in subject p and year t
Xi,s,c,t- student gender and age
Xj,s,c,t- teacher gender and experience based on prior workload
PriorTSi,s,c,t,p- student i prior test score in school s, class c, time t and
subject p
ξg - grade fixed effect
ψc - class fixed effect
Ut- year fixed effect
χp - subject fixed effect
δTeacherVAjsctp: measure of a teacher’s j quality measured by his/her
value added in subject p, school s, class c, and year t. The TVA is
scaled in units of student test score standard deviations.
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Effect Size of TVA on Post-Secondary Schooling

Using our estimate based on 2003-2011 study period, 1 SD increase
in TVA in 12th grade raises the probability of post-secondary
schooling by 12 percent.

Chetty, Friedman and Rockoff, 2014 II, based on TVA in grades 4-8,
find that 1 SD improvement in TVA in a single grade raises the
probability of college attendance at age 20 by 2.2 percent.
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Robustness Checks: Changes in Controls and Specification
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Mechanism: School Attendance
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TVA Effect on Choice of College Major
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Heterogeneity by Student Ability and High School Track
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Heterogeneity by Student Ability and High School Track

TVA effect on core subjects does not vary by student track

TVA effect on classics track subjects is higher for LOW ability
students.

TVA effect on science/exact science subjects is higher for HIGH
ability students.
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Heterogeneity by Class Size

Effect of TVA does not vary by class size

This results holds for female and male students
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Conclusion

We provide evidence on effect of TVA from a relatively less studied
context - high school grades and high stakes exams.

These TVA estimate reflect more structural education function
parameters because there is less room to adjust other inputs and
investments by end of high school.

The evidence that higher TVA increase school attendance is
important because it demonstrates that teaching quality may have
effect on student non-cognitive skills, attendance perhaps reflects
effect on motivation, importance of schooling for students.
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Conclusion

Improved school attendance is perhaps indirect evidence that TVA
effect on test scores is more than teaching to the test, especially in
context of high stake exams.

Evidence is important for debate about early versus late childhood
remedial interventions. End of high school intervention can be
economically meaningful. Similar to Lavy and Schlosser (2011) and
Lavy et al (forthcoming).
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High Schools In Greece

Centralized, run by the Ministry of Education, Research and Religious
Affairs.

Ministry determines curriculum, staffing and funding of schools.

Teachers’ salary based on seniority, level similar to public sector jobs
with equivalent qualifications.

Ministry places teachers in schools based on needs. Mobility between
schools needs Ministry approval
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Teacher Value Added

We use the following baseline controls to compute TVA [similar to
Chetty et al. (2014a) and Kane et al. (2008)]:

students’ demographics (gender and age), student high-school track
indicators, quadratic polynomials of a student’s previous year test
scores in the same subject, class size, school-level-grade enrolment,
gender of the teacher, class and school-grade means of prior-year
average GPA, average test scores in the same subjects, teacher’s
experience, and mean school’s neighbourhood income.

When a prior test score is missing (1.3% of our sample), we set it to 0
and include an indicator for missing data.

We do not account for a drift when using 2003-2005 data.

We drop students who have the same teacher in two consecutive
grades (72 teachers).
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Choice of University Major Regressions

The dependent variable is a 0/1 indicator, 1 for the observed department of study and 0
for the other possible choices.

We stack the possible post-secondary choices as the dependent variable for each student
against the teachers’ VA in each of the post-secondary choices of university studies as
follows:

History: TVA in history in the track, otherwise history in the core
Mathematics: TVA in mathematics in the track, otherwise mathematics in the core
Physics TVA in physics in the track, otherwise physics in the core
Statistics: TVA in mathematics in the track, otherwise mathematics in the core
Biology: TVA in biology, otherwise biology in the core
Computer Science: : TVA in computer science in the track, otherwise math in the core
Engineering: TVA in Physics and Bio in the track, otherwise Physics and Bio in the core
Economics: TVA in economics, otherwise the average TVA in the track
Business: TVA in business administration, otherwise the average TVA in the track
Health-related (Medicine, Dentistry, Veterinary and Pharmacy): TVA in physics and
mathematics in the track, otherwise physics and mathematics in the core
Remaining Humanities department: TVA in the classics track, otherwise modern Greek
and history in the core
Remaining Exact Science departments: TVA in the exact science track, otherwise physics
and mathematics in the core
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