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Abstract

Because of the Dutch tracking system, primary school teachers in the Netherlands

can have a vocational or a higher secondary background. Policymakers and school

principles worry that teachers with vocational backgrounds are less capable to teach

math and reading. This study therefore examines the e�ects of ability tracking of future

primary school teachers on the students' math and reading performance

We exploit data of 91 schools for all primary school children in grades 3, 4 and 5

and identify the tracking e�ect by exploiting unique information on how teachers are

assigned to classes based on their teaching abilities.

The estimation results for math (reading) indicate that test scores are .2 (.12) of

a standard deviation lower if their teacher had a vocational background. The results

for reading are, however, not signi�cant at the 10% con�dence level and the tracking

estimates appear to be less stable and precise.
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1 Introduction

Primary school teachers in the Netherlands have to �nish primary school teacher training col-
lege (hereafter referred to as teacher college) successfully before they can teach at a primary
school. To be admitted at teacher college a higher secondary or intermediate vocational
education degree should be attained and as a consequence teachers in primary education
may have a vocational or a higher secondary educational background.

Dutch policy makers and school principles frequently argue that primary school teachers
with a vocational background are insu�ciently capable to instruct children in math and
reading. They mention that the math and reading skills of �rst year students at teacher
college with a vocational background are systematically lower compared to �rst year students
with higher secondary education level and, according to them, these math and reading
de�ciencies are not properly addressed within the teacher college program. That students
with a vocational background have lower math and reading skills in the �rst year is the
consequence of the Dutch tracking system in which children are tracked into higher secondary
and vocational education tracks at the age of twelve based on their reading and math ability.1

There is, however, no empirical evidence that children perform worse in math and reading
if instruction was received by a teacher with a vocational background. Even though these
teachers may indeed have math and reading de�ciencies, it is unclear if these de�ciencies
are properly addressed in the teacher college program. Moreover, it may be that teachers
with a vocational background have acquired other relevant teaching skills and experiences,
which may compensate for their math and reading de�ciencies. This study therefore exam-
ines if primary school children perform worse in math and comprehensive reading if they
received instruction by a teacher with a vocational background. Hereafter we refer to teach-
ers with a vocational background as vocational teachers (or VT ) and to teachers with a
higher secondary background as higher secondary teachers (or HT ).

Many European countries have tracking systems similar to the Netherlands and in these
countries the possible consequences of educational tracking is heavily debated among par-
ents and policymakers (Hanushek and Woessmann, 2006). Some countries track children into
di�erent education levels at a relatively young age. In Germany and Austria, for instance,
children are tracked at age 10, in the Czech Republic, Slovakia and Hungary at age 11, and
in Belgium at age 12. Many other countries (such as the US, the UK, France, Japan and
Switzerland ) also track children into di�erent education levels, but rather late at the age of
15 or 16 (see OECD (2004) for an extensive list of tracking ages per country). Hanushek and
Woessmann (2006) explain that ability tracking is on the one hand considered as positive
because more homogenous classrooms permit a curriculum that is more focused and appro-
priately spaced. On the other hand they mention that there are many arguments against
ability tracking. One of these arguments is that ability grouping eliminates potential posi-
tive peer-e�ects in heterogeneous classrooms. Using several large European data sources they
�nd that educational tracking increases the variance of the test score distribution and, while

1Tracking occurs conditionally on the achieved test scores on a national and standardized test (CITO)
which is taken at the end of grade 6 and conditionally on the advice given by the school.
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less clear, ability tracking seems to reduce mean performance. The �ndings of Hanushek
and Woessmann (2006) are consistent with the arguments of Dutch policymakers and school
principals in the sense that �rst year students with a vocational background at teacher col-
lege is likely to have lower math and reading skills than �rst year students with a higher
secondary background.

This study contributes to the discussion on educational tracking because it recognizes that
persons who are tracked into di�erent education levels can obtain similar highest education
levels. Studies generally focus on how certain outcome variables, such as wages and test
scores, are in�uenced by the highest attained education level, but if persons with similar
highest education levels have acquired di�erent skills because of ability tracking then the
highest education level may not be the variable of interest. This study particularly focuses
on ability tracking e�ects for primary school teachers, but many other examples can be given.
Recently, Agan (2014) showed for the US that the �nancial college returns for persons who
have attained a similar college degree depends on the speci�c educational path that led to
the college degree.

To examine the e�ects of ability tracking of primary school teachers on their students'
math and reading performance we use data of 91 primary schools which allow us to follow
the educational careers of all 3603 children who were in grades 3, 4 and 5 from 2010 to 2012.
These data contain detailed information on teachers, students and their parents that come
partly from the school registration system and partly from student and parent questionnaires.
Moreover, these data contain the test scores on national standardized tests for math and
comprehensive reading that were taken at the beginning and/or at the end of each school
year.

A unique feature of the data used in this study is that it contains information on how
schools assign teachers to classes based on their quality. Studies that measure the relationship
between teacher characteristics and student performance (gains) generally estimate multi-
level models without taking the possible selective assignment of teachers to classes into
account, which may impose a bias on the empirical �ndings. If, for example, vocational
teachers are structurally assigned to better performing classes then it may appear that
children of vocational teachers perform better but that this e�ect is purely caused by the
selective assignment and not because vocational teachers perform better.

The empirical �ndings suggest that math (reading) test scores of children of vocational
teachers are lower by .2 (.12) of a standard deviation. The tracking e�ect for reading is,
however, not signi�cant at the 10% con�dence level and the robustness analysis suggest
that the estimates on reading are less stable and precise. The estimated tracking e�ect for
math appears to be robust. A robustness analysis developed by Altonji et al. (2005) shows
that the estimated tracking e�ect for math is not driven by selection on unobserved factors.
Moreover, the tracking e�ects are not driven by experience and gender di�erences between
teachers.

An interesting result is that teachers are frequently selectively assigned to classes and this
selective assignment has a major impact on the empirical �ndings. At �rst sight, vocational
teachers appear to perform equally well as higher secondary teachers but once we control
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for the fact that teachers are selectively assigned to classes we �nd that vocational teachers
perform less well. It implies that vocational teachers are on average assigned to better classes
while higher secondary teachers are on average assigned to weaker classes.

This study proceeds as follows. Section 2 shortly describes the empirical literature on
teacher ability on student performance. Section 3 describes the Dutch education system.
Section 4 describes the data and descriptive statistics. Section 5 discusses the identi�cation
strategy and presents the empirical �ndings. Section 6 shows how the estimation results are
potentially in�uenced by selection on unobservables. Finally, Section 7 concludes.

2 Literature review

Many empirical studies examine how teacher characteristics are associated with student
learning outcomes (see, among others, Rivkin et al. (2005); Clotfelter et al. (2006, 2010);
Metzler and Woessmann (2012)). Because teacher achievement test scores are the best
proxy for teacher ability, we summarize in this section the empirical �ndings of studies that
focus speci�cally on the association between student test scores and teacher achievement test
scores. Following Wayne and Youngs (2003) we distinguish between three teacher test-score
categories: (1) licensure examination scores, (2) verbal skill tests and, (3) other test score
measures. Table 1, presents an overview of the empirical �ndings and we note that studies
published before 2001 were also mentioned in Wayne and Youngs (2003).

Summers and Wolfe (1975, 1977) were the �rst who studied if students performed better
if their teachers scored better on the teacher licensure examination. Their �ndings indicate
that primary school children from the Philadelphia school district had lower grade point
averages if their teacher scored higher on the licensure examinations. For junior high and
senior high school samples no signi�cant �ndings were found. Ferguson (1991) used teacher
reading test scores of the statewide teacher testing in Texas in 1986 and found that students
had better reading test scores, but not math test scores, if teachers scored higher reading
test scores. In a later study, Ferguson (1998) con�rmed his earlier result and found that
di�erences in student test scores gains between elementary and secondary education were
associated with the reading test scores di�erences between primary and secondary school
teachers. Clotfelter et al. (2006) use administrative data on North Carolina public schools
and �nd a small but signi�cant e�ect of teacher licensure test scores on the math achievement
of primary school children, while no such e�ect is found for reading. More speci�cally, they
�nd that a one standard deviation increase in teacher licensure test score increases the
math test scores by 1 to 2 percent of a standard deviation. Using similar data for high
schools, Clotfelter et al. (2010) examine the e�ects of teacher licensure test scores on high
school student performance for several subjects. For math and biology they �nd small but
signi�cant e�ect sizes of respectively .05 and .02. For English a small but signi�cant negative
e�ect is found, and no signi�cant e�ects are found for economics and civics.
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Table 1: Overview of the empirical �ndings on teacher test scores and student test scores
Subject:

Study
School

type
Teacher test GPA Math Reading Other

Clotfelter et al. (2006) PE Licensure + n.s.

Clotfelter et al. (2010) SE Licensure + + / - / n.s.

Ferguson (1991, 1998) PE / SE Licensure n.s. / n.s. + / +

Summers and Wolfe (1975, 1977) PE / SE Licensure - / n.s.

Ehrenberg and Brewer (1995) PE / SE Verbal skills +

Hanushek (1992) PE Verbal skills + / n.s.

Murnane and Phillips (1981) PE Verbal skills n.s.

Ferguson and Ladd (1996) PE Other n.s. +

Kukla-Acevedo (2009) PE Other +

Metzler and Woessmann (2012) PE Other + n.s.

Rowan et al. (1997) SE Other +

Note: PE stands for Primary education; SE stands for Secondary education and can include both middle school and high school

in case of US studies.

Only three studies examine the relationship between student achievement and teacher test
scores achieved on verbal skill tests. Murnane and Phillips (1981) �nd that vocabulary test
scores of students are not associated with the test scores that their teachers achieved on verbal
skill tests. Hanushek (1992) uses the same data but focuses on vocabulary and reading test
scores of students. Similar to Murnane and Phillips (1981), he �nds no association between
students' vocabulary test scores and the achieved test scores on verbal skill tests by their
teachers, but he does �nd a positive relationship between the reading test scores of students
and the achieved test scores on verbal skill tests by their teachers. Ehrenberg and Brewer
(1995) �nd that teacher test scores achieved on a short verbal facility test explains some
between school variation in student achievement gains, even when controlling for teacher
experience and graduate education.

Finally, four studies examine the association between student achievement and other
teacher test score measures. Ferguson and Ladd (1996) use Alabama personnel records,
which include ACT college entrance examination test scores of teachers. This examination
tests the skills of teachers on English, reading, math, social studies and natural sciences and
for the analysis a grade point average is calculated for each teacher. The empirical results
indicate that there is a positive association between the grade point averages achieved by
teachers and reading achievement of primary school children. No signi�cant relationship is
found between the grade point averages achieved of the teachers and the math test scores
achieved by the students.

Rowan et al. (1997) use the US National Educational Longitudinal Study of 1988 and
�nd that the math performance of primary school children was better when their teachers
scored better on a single high school level mathematics test item. Metzler and Woessmann
(2012) use Peruvian primary school data to examine if teacher subject knowledge in�uences
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the math and reading test scores of their students positively. Their �ndings suggest that a
one standard deviation in subject-speci�c teacher achievement increases student achievement
by .09 of a standard deviation in math. For reading the e�ects are mostly not signi�cantly
di�erent from zero. Kukla-Acevedo (2009) �nds that teacher grade point averages in�uences
the math achievement of students positively.

The empirical literature generally suggests positive or non-signi�cant e�ects of teacher
test scores on student performance. Most studies make use of panel data to estimate the
teacher ability e�ect. It may be, however, that teachers are selectively assigned to classes
based on their ability, and this may impose a bias on the estimated e�ects. The empirical
�ndings of Table 1 represent lower bound estimates if better teachers with better test scores
are structurally assigned to weaker classes. On the other hand, if better teachers are se-
lectively assigned to better classes, then Table 1 represent upper bound estimates. In this
study we also make use of panel data, but by using information on whether teachers are
assigned to classes based on their ability, we can obtain a better estimate of the e�ects of
ability tracking of future teachers on student performance.

3 The Dutch education system

The Dutch education system is graphically illustrated in Figure 1. Children in the Nether-
lands go to primary education when they are 5 or 6 years old.2 In the �nal grade of primary
education (grade six) children make a nationwide standardized test. Based upon this test,
and an advice of the primary school, children are tracked into three education levels.

The lowest education level children can be tracked into is referred to as lower secondary
pre-vocational education (VMBO, four years). This track prepares children for upper sec-
ondary education vocational education (MBO, four years). Within upper secondary voca-
tional education there are four tracks that di�er in di�culty. A level one track is the easiest
track, while a level four track is the most di�cult track. The middle education level is re-
ferred to as upper secondary general education (HAVO, �ve years), which prepares children
for higher professional education (HBO, four years). The higher professional education level
includes teacher college. The highest education level children can be tracked to is referred
to as pre-university education (VWO, six years), which prepares children for an academic
university study (four or �ve years).

The relevant information for this study is who can enroll in teachers college. First of
all, those who successfully �nished an upper secondary general education track (path one)
can enroll. Secondly, students can enroll if they successfully �nished the most di�cult track
within upper secondary vocational education (path two). These two educational paths that
allow students to start with teacher college are not equal in length. The duration of the
�rst path is 9 years, while the duration of the second path is 12 years and thus considerably
longer.3

2Usually, children start with two years of kindergarten at age 4 before entering �rst grade of primary
education.

3We note that there are two alternative educational paths that enable students to start with teachers
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Figure 1. The Dutch Education System

Note: ISCED level in parentheses.

4 Data and descriptive statistics

This study uses non-representative longitudinal panel data for the Netherlands that includes
the math and reading performance of all (3603) primary school children of 91 schools. These
children were enrolled in grades 3, 4 and 5 in 2010 and together with their teachers they
were followed for three school years from February 2010 to June 2012. The data contain
detailed information on teachers, parents and the school. The information on children,
their parents and the schools comes partly from the school registration system and partly
from student, parent and principal questionnaires. Teachers �lled in teacher questionnaires
each year such that information was obtained on certain background characteristics, such as
education level, experience, the education path that led to the highest education level and
gender. Some teacher characteristics (birth date and gender) could also be retrieved from
the school registration system.

Primary schools in the Netherlands take standardized math and reading tests and the
achieved test scores on these tests are used in this study to assess children's math and reading
achievement. Normally the math tests are taken biannually, in February and June, while the

college. The �rst alternative path takes 10 years and students who follow this path start with pre-vocational
education, continue with upper secondary general education and then start and successfully �nish teachers
college. The second alternative path also takes 10 years and students who follow this path start with pre-
university education and then start and successfully �nish teachers college. Teachers however rarely follow
these alternative paths and for our teacher sample it holds that no teachers followed these alternative paths.
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reading tests are taken yearly in February. During the observation period schools also took
extra standardized reading and math tests in either June or September. It follows that we
observe more math test scores than reading test scores for each student. More speci�cally
we observe 8120 math test scores and 5803 reading scores for 3603 children who are taught
by 202 teachers of whom 21 percent (42 teachers) are vocational teachers.

Table 2 compares teacher- and class-related background characteristics between voca-
tional and higher secondary teachers. The table shows that primary school teachers are
predominantly feminine, which is common in the Netherlands, but vocational teachers are
as often male teachers as higher secondary teachers. Vocational teachers have less teaching
experience than higher secondary teachers and this is a logical consequence of the Dutch
education system in which the educational path to teacher college through vocational ed-
ucation is three years longer than the educational path to teacher college through higher
secondary education (see also Section 3). However, vocational teachers have, on average, six
years less teaching experience than higher secondary teachers, while the Dutch educational
system can only account for a di�erence of three experience years. On the one hand, this
may indicate that vocational teachers gain less teaching experience than higher secondary
teachers because they perform less well in primary education. On the other hand, Table 2
shows that higher secondary teachers are on average 5 years older than vocational teachers,
and observed di�erences in experience are therefore resulting from the tracking system and
additional age di�erences. It follows that it will be di�cult to disentangle the tracking and
experience e�ects in the empirical analysis and this problem is addressed in Section 6.2.

The class related descriptive statistics suggest that vocational and higher secondary teach-
ers teach similar sized classes and that the proportion of boys and Dutch students in these
classes is not statistically and signi�cantly di�erent. The positive e�ect of parents' schooling
on their children's schooling has been empirically shown (see Holmlund et al., 2011) and
children of higher educated parents are likely to perform better on math and reading tests.
We divided the mother's education level into the four categories: unknown, low (no, only pri-
mary education, or lower secondary pre-vocational education), middle (pre-university, upper
secondary general, or upper secondary vocational education) and high (higher professional,
or university education).4 The descriptive statistics show that there are no signi�cant di�er-
ences in the education levels of mothers between vocational and higher secondary teachers. If
the education level of the mothers is a good predictor for the learning potential of their chil-
dren then this is an indication that vocational and higher secondary teachers teach children
with the same learning potential. In this case, achieved test score di�erences of children be-
tween vocational teachers and higher secondary teachers cannot be attributed to di�erences
in learning potential.

The school-level data is based on register data from the Dutch Ministry of Education
and in Table 3 we compare school characteristics for the 91 schools in our sample between
vocational and higher secondary teachers. None of reported mean di�erences are signi�cant

4We use maternal education, because paternal education is more frequently missing. These missing
obsrvations are, among others caused by the fact that single-parent households tend to be households where
the mother is present.
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Table 2: Comparing Teacher and Class Characteristics between Vocational and Higher Sec-
ondary Teachers

HT (N=160) VT (N=42)

Mean Std. dev. Mean Std. dev. Di�erence Std.Err.

Teacher:

Male teacher 0.163 (0.370) 0.190 (0.397) -0.028 (0.068)

School experience (years) 9.213 (9.397) 5.897 (5.721) 3.316** (1.271)

Total experience (years) 14.383 (11.538) 8.556 (9.027) 5.826*** (1.839)

Age in years 38.807 (11.793) 33.838 (11.490) 4.969** (2.136)

Class:

Boys 0.495 (0.151) 0.520 (0.162) -0.025 (0.023)

Class size 16.948 (6.621) 17.644 (7.031) -0.696 (1.014)

Dutch 0.615 (0.332) 0.552 (0.380) -0.063 (0.059)

Education level mother

Unknown 0.059 (0.189) 0.036 (0.130) 0.023 (0.021)

Low 0.110 (0.150) 0.128 (0.174) -0.018 (0.025)

Middle 0.687 (0.223) 0.693 (0.196) -0.006 (0.030)

High 0.144 (0.146) 0.142 (0.135) 0.001 (0.020)

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level.

at the 95 percent con�dence level and vocational and higher secondary teachers therefore
appear to teach at very similar primary schools in terms of student population.

The register data contains information on all Dutch primary schools such that it is
possible to characterize how the 91 primary schools in our sample di�er from the average
primary school in the Netherlands. Primary schools in the Netherlands receive a subsidy
based on 'weight' indicators which are related to the education level of the parents. Children
receive a .3 weight if both parents or the parent who takes care of the child have a lower
secondary education level as the highest education level, and a 1.2 weight if one or both
parents �nished primary education or special needs education as highest education level.

The average primary school in the Netherlands has 9 percent children with a .3 weight
and 6 percent children with a 1.2 weight. These percentages for the 91 schools in our sample
are 16.8 percent for children with a .3 weight and 15.8 percent for children with a 1.2 weight,
and it follows that primary school children in our sample have parents with relatively low
education levels. Schools located in disadvantaged areas also receive additional government
funding. Areas are labeled as disadvantaged if the neighborhood has an above average
combination of unemployment, early school leaving, criminality and low income. 42 percent
of the schools in our sample are located in a disadvantaged area which is relatively high
given that 15 percent of all Dutch primary schools are located in a disadvantaged area.

This study uses unique information on how schools assign teachers to classes based on
their quality. This information is given by the school principles and they indicated if better
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Table 3: Comparing School Characteristics between Vocational and Higher Secondary Teach-
ers

HT (N=160) VT (N=42)

Mean Std. dev. Mean Std. dev. Di�erence Std.Err.

Number of children 146.738 (97.740) 146.048 (88.604) 0.690 (15.704)

Disadvantaged children (weight .3) 0.168 (0.181) 0.163 (0.183) 0.005 (0.032)

Disadvantaged children (weight 1.2) 0.158 (0.091) 0.137 (0.068) 0.021* (0.013)

Disadvantaged area 0.419 (0.495) 0.429 (0.501) -0.010 (0.087)

Boys 0.502 (0.062) 0.511 (0.057) -0.009 (0.010)

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level.

teachers were assigned to better classes, to weaker classes or if there was no selective assign-
ment of teachers based on their ability. Empirical studies generally do not take into account
the potential selective assignment of teachers to classes into account (see, among others,
Wayne and Youngs (2003); Clotfelter et al. (2006, 2010)), which may impose a bias on the
empirical �ndings. In our study, it could for example be that higher secondary teachers are
more frequently assigned to weaker classes because schools focus relatively more on primary
school children who perform less well. If learning gains are smaller for children who perform
less well, the estimation results may, for example, indicate that higher secondary teachers
perform less well than vocational teachers, even though this e�ect is purely caused by the
selective assignment of teachers to classes.

Table 4 indicates how schools assign teachers to classes based on their ability. The �rst
table row clearly indicates that better teachers are never assigned to better classes. On the
contrary, it often happens that better teachers are assigned to weaker classes, which may
indicate that many Dutch primary schools have the tendency to focus more on children who
perform less well. If vocational teachers are considered to be lower ability teachers then it
follows that the e�ects of tracking on learning gains may be estimated with bias for schools
that selectively assign their teachers to classes. Unfortunately, but for obvious reasons, there
is no information for each individual teacher on whether the principal considers them as
a lower or higher ability teacher. Nevertheless we can use the information in Table 4 to
control for the potential selective assignment of teachers such that a less biased estimate of
the tracking e�ect on the learning gains of primary school children is obtained.
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Table 4: Teacher Assignment to Classes.

HT (N=160) VT (N=42)

Mean Std. dev. Mean Std. dev. Di�erence Std.Err.

Assigned to better classes 0.006 (0.079) 0.000 (0.000) 0.006 (0.006)

Assigned to weaker classes 0.238 (0.427) 0.190 (0.397) 0.047 (0.070)

Not assigned on teacher quality 0.406 (0.493) 0.571 (0.501) -0.165* (0.087)

Assignment policy unknown 0.350 (0.478) 0.238 (0.431) 0.112 (0.077)

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level.

5 Estimation Strategy and Findings

5.1 Estimation Strategy

We are interested how educational tracking of future primary school teachers (V ) a�ects the
standardized math and reading performance of primary school children (Y ) and estimate
the following student and grade �xed e�ects model:

Yit = αi + Vitβ +X ′itδ + µg + εit. (1)

In this equation V indicates if teachers have a vocational background, µg and αi represent
grade (g) and pupil (i) �xed e�ects and Xit are time-varying class and teacher covariates.
The error term, εit, is assumed to be normally distributed with mean zero and variance σ2

ε

and all explanatory variables are assumed independent of the error term. Subscript t refers
to the periods in which primary school children take national and standardized math and
reading tests. Primary school children and their teachers are observed from February 2010
to June 2012 and there can be in total three test periods for math and two test periods
for reading in each school year. It follows that children can have the same teacher in three
consecutive periods for math and in two consecutive periods for reading. Because achieved
test scores in one period are correlated with the achieved test scores in another period we
cluster the standard errors at the student level.

The tracking e�ect is, under certain assumptions, represented by β only when a student
�xed e�ect model is estimated, because the estimation parameter then captures how the
math and reading performance of primary school children changes because of a switch from
a higher secondary teacher to a vocational teacher (or vice versa). The tracking e�ect can
be interpreted as a causal estimate under the assumption that (1) vocational and higher
secondary teachers self-select in comparable primary schools with comparable pupil popu-
lations, (2) primary school classes remain intact over the di�erent periods, (3) vocational
teachers di�er in their vocational background from higher secondary teachers but otherwise
have similar observed and unobserved teacher characteristics, and (4) the assignment of
teachers to classes does not depend on ability or vocational background. We now shortly
discuss the validity of these assumptions.
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Section 4 has shown that vocational and higher secondary teachers are teaching compara-
ble pupil populations at comparable primary schools and this supports the �rst assumption.
The inclusion of a student �xed e�ect therefore is su�cient to control for observed and
unobserved pupil di�erences between vocational and higher secondary teachers. The sec-
ond assumption is satis�ed for 82 percent of the primary school classes in our sample and
therefore we examine if the empirical �ndings depend on whether classes remain intact.

Having a vocational or a higher secondary educational background is not randomly im-
posed on primary school teachers, and therefore it is unlikely that the third assumption
is satis�ed. Table 2 con�rms this, in the sense that vocational teachers are, on average,
younger and have less teaching experience, which makes it di�cult to distinguish tracking
e�ects from age or experience e�ects. It follows, �rst of all, that it is important to include all
observed teacher characteristics (in Xit) that potentially in�uence the learning performance
of pupils. In Section 6.1 we, moreover, examine to what extent unobserved di�erences be-
tween vocational and higher secondary teachers can explain the estimated tracking e�ects.
Because the literature indicates that only the �rst three to �ve years of teacher experience
matter for math and reading performance of pupils (see, for instance, Rivkin et al., 2005),
we examine Section 6.2 how the estimated tracking e�ects depend on observed experience
years.

The fourth assumption, assumes that teachers are not assigned to classes based on their
ability or vocational background. To test this we use the information shown in Table 4 and
create an indicator variables that indicates 1 if teachers are selectively assigned to classes
and zero otherwise. We then estimate the following student and grade �xed e�ects model:

Yit = αi + (β0 + β1I) · Vit +X ′itδ + µg + εit. (2)

The di�erence with the model presented in Equation 1 is that V is now interacted with the
indicator variable which shows if teachers are selectively assigned to classes. The parameter
of interest in this study is β0, because this parameter represents the tracking e�ect while
taking into account that teachers in some primary schools are selectively assigned to classes
based on their ability. β0 thus represents the tracking e�ect without selection bias. We note
that by estimating Equation 2 we can also be more certain that assumptions 1 and 2 hold.

5.2 Empirical Findings

Table 5 shows the estimation results for math and reading when we estimate the student
and grade �xed e�ects model indicated in Equation 1. The table presents only the tracking
e�ects, the estimated coe�cient for the teacher characteristics included and the coe�cient
for class size. For both subjects we estimate one model in which we include only grade �xed
e�ects (model I) and one model in which we include grade and student �xed e�ects (II).
It is interesting to compare the estimated coe�cient for V of both models because model
I. compares the performance of children between vocational and higher secondary teachers,
and model II. captures how the math and reading performance of primary school children
changes when primary school children switch from a higher secondary teacher to a vocational
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teacher (or vice versa).
For mathematics we �nd a non-signi�cant tracking e�ect in both models which suggests

that the math performance of primary school children is not negatively a�ected by a track-
ing e�ect. For reading the grade �xed e�ect model indicates that primary school children
of vocational teachers perform signi�cantly worse than primary school children of higher
secondary teachers, but this negative and signi�cant e�ect disappears if the tracking e�ect is
estimated by using only variation in test scores of primary school children who switched from
a higher secondary teacher to a vocational teacher (or vice versa). Based on the estimation
results of Table 5 we cannot conclude that there is a negative tracking e�ect and, thus, that
primary school children of vocational teachers perform worse than primary school children
of higher secondary teachers.

With respect to the teacher and class characteristics presented in Table 5 we conclude,
�rst of all, that the signi�cant estimation coe�cient on class size indicates that children who
switch to larger classes perform less well in math, but not in reading. A more robust result
is that primary school children of female teachers perform worse than those of male teachers.
This result is interesting because it remains robust even when we both grade and student
�xed e�ects are included, such that the result suggest that the learning gains of children who
switched classes and teacher gender were smaller if they were taught by a female teacher.
Because we are in this study interested in the tracking e�ect and because most primary
school teachers are female (see Table 2) we examine in Subsection 2 if the estimated tracking
e�ect is di�erent for the subsample of female teachers.

13



Table 5: Grade and Student Fixed E�ects Results

Math Reading

I II I II

V 0.007 -0.028 -0.094*** -0.044

(0.023) (0.022) (0.030) (0.043)

Female -0.051** -0.068** -0.060* -0.121**

(0.025) (0.030) (0.034) (0.061)

Experience (years) 0.002 -0.020*** -0.008 -0.016

(0.005) (0.007) (0.007) (0.013)

Age (years) 0.003 -0.002 0.023 0.029

(0.011) (0.009) (0.014) (0.020)

Class size -0.000 -0.013*** 0.003 -0.002

(0.002) (0.004) (0.002) (0.004)

Student controls Yes . Yes .

School controls Yes . Yes .
Student �xed e�ects No Yes No Yes

Grade �xed e�ects Yes Yes Yes Yes

Adjusted R2 / Within R2 0.359 0.320 0.219 0.118

N 8120 8120 5803 5803

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level. Standard errors are clustered at the student level

and are reported in parenthesis. Student controls are gender, mother's education level, ethnicity and age. School conatrols are

school size, school located in disadvantaged area, weights (.3 and 1.2) and denomination of school (public, catholic, protestant,

Islamic.

The estimation results in Table 5 do not take into account that teachers may be selectively
assigned to classes and therefore we estimate equation (2) while including grade and student
�xed e�ects. The estimation results are presented in Table 6. In this study we are particularly
interested in the constant tracking e�ect, which is the β0-estimate in Equation 2. The
interaction e�ects represent, respectively, if children of vocational teachers perform di�erent
than children of higher secondary teachers if teachers were assigned selectively to classes
based on their perceived ability and if children of vocational teachers perform di�erent than
children of higher secondary teachers if the assignment policy is unknown.

The empirical results suggest negative tracking e�ects for math and reading if we control
for the e�ect of selective teacher assignment to classes. The tracking e�ect for math is sig-
ni�cant and is one-�fth of a standard deviation, which is substantial. The tracking e�ect for
reading is just not signi�cant at the 10 percent con�dence level, but the estimated coe�cient
is also substantial with approximately one-eighth of a standard deviation. These �ndings,
more intuitively mean that children of vocational teachers perform less well than children of
higher secondary teachers, and that this e�ect did not show up in Table 5 because higher
secondary teachers are assigned to weaker classes, while vocational teachers are assigned to
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better classes. Improving the learning gains of weaker students is apparantly more important
for schools than improving the learning gains of better students which is likely related to the
fact that the primary schools in our sample have relatively many disadvantaged pupils (see
Section 4). This tendency to prioritize the learning gains of weaker students is also caused
by the Dutch education inspectorate who judges school quality based on the performance of
weaker students and report this performance publicly.

Table 6: Results analysis mathematics and reading with selective teacher assignment controls

Math Reading
V (Constant tracking e�ect) -0.198*** -0.124

(0.034) (0.080)

V ·selective assignment 0.310*** 0.222*

(0.085) (0.128)

V ·assignment policy unknown 0.219*** 0.073

(0.047) (0.103)

Female -0.048 -0.104

(0.034) (0.064)

Experience (years) -0.026*** -0.024*

(0.009) (0.014)

Age (years) 0.009 0.043**

(0.011) (0.022)

Class size -0.014*** -0.003

(0.004) (0.004)

Student �xed e�ects yes yes

Grade �xed e�ects yes yes

Within R2 0.324 0.119

N 8120 5803

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level. Standard errors are clustered at the student level

and are reported in parenthesis.

6 Robustness checks

6.1 Can unobserved teacher characteristics explain the negative

tracking e�ects for math?

In the empirical analysis in Section 5 we tried to take into account the selective assignment
of teachers to classes, but we cannot be sure that the tracking e�ect is not driven by selection
on unobserved characteristics. In this subsection we follow Altonji et al. (2005, 2008) and
Schwerdt and Wuppermann (2011) and examine the extent to which the estimated tracking
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e�ect is the result of unobserved characteristics. More speci�cally, we take the negative
signi�cant math e�ect of -.198 from Table 6, as we believe that this is the most reliable
tracking estimate, and examine whether the e�ect can be explained by unobserved factors
under the assumption that the true tracking e�ect is zero.

We �rst rewrite Equation 2 into:

Yit = αi + βVit +X ′itδ + ηi, (3)

where β0Vit is now presented as a separate term in Equation 3, and where β1I · Vit and
µg are now captured by X ′itδ. We furthermore conveniently refer to the tracking e�ect as β
instead of β0. We start by assuming that selection on observables occurs to the same extent
as selection on unobservables:

Cov(Y,X′δ)
V ar(X′δ)

= Cov(Y,η)
V ar(η)

. (4)

Following Altonji et al. (2005), we �rst estimate how the probability of having a vocational
tea her depends on the explanatory variables in our model:

Vi = X ′iγ + εi. (5)

Obviously, I ·Vit is not included as explanatory variable in this regression, but the variables
that indicate how teachers are assigned to classes are included. Then we replace Vi in
Equation 3 by X ′iγ + εi in equation 5, such that we have (after rearranging terms):

Yi = X ′i(δ + βγ) + βεi + ηi. (6)

By construction, we have that ε ⊥ X and that η ⊥ X such that

plim β̂ = β + Cov(Y,η)
V ar(ε)

, (7)

Where β represents the true tracking e�ect and where Cov(Y,η)
V ar(ε)

represents the bias due to

selection on unobservables. V ar(ε) can be obtained by estimating equation 5 and Cov(Y, η)
can be calculated by using equation 4:

Cov(Y, η) = Cov(Y,X′δ)
V ar(X′δ)

· V ar(η). (8)

We can, however, only calculate Cov(Y, η) if we have a consistent estimator of β (see also
Appendix A in Schwerdt and Wuppermann, 2011) and for this reason we estimate equation
6 under the assumption that the true e�ect is zero (β = 0). Altonji et al. (2005) consider
the situation in which selection on observables occurs to the same extent as selection on
unobservables as a upper bound estimate. We note that in our case an upper bound estimate
means an e�ect closer to zero. The case when there is no selection on unobservables is
considered to be a lower bound estimate. Altonji et al. (2005) argue that the upper bound
estimate is a rather conservative and restrictive bound, because it implies that the included
control variables in the analysis are a random draw of the full set of relevant control variables
which determine the e�ect of interest. Even though it is likely that selection on unobservables
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does not occur to the same extent as selection on unobservables, we simply assume that
the true e�ect may lie somewhere between the upper and lower bound e�ect. We rewrite
Equation 4 as

Cov(Y,X′δ)
V ar(X′δ)

= φ · Cov(Y,η)
V ar(η)

, (9)

such that φ represents the ratio between selection on observables and selection on unobserv-
ables. To determine the extent to which selection on unobservables can explain our estimated
e�ect of -.198 we calculate the true tracking e�ect for di�erent φ-values. Table 7 shows the
potential bias that can be generated by selection on unobservables. Column 6 shows that
the estimated tracking e�ect can be fully explained by selection on unobserved factors if
φ = 1.597. Columns two, three and four show the amount of bias and the true tracking
estimate for more realistic values of φ. Column 5 shows the situation in which selection on
observables occurs to the same extent as selection on unobservables situation and Altonji
et al. (2005) label this situation as the upper bound estimate. The table shows that the true
tracking e�ect would be -.074 even in the extreme upper bound case in which 63 percent of
the estimated tracking e�ect is driven by selection on unobservables.

For lower values of φ (i.e. Columns 2, 3 and 4) the disturbing e�ect of selection on
unobservables becomes smaller and, logically, the true tracking e�ect becomes more negative.
To show that the impact of selection on unobservables is linearly dependent of φ, which can
be readily seen in Equation 9, we present the bias-estimate ratio in the last row of Table
7. For φ=1 this ratio equals .626 and if selection on unobservables equals half the selection
on observables then the bias/estimate ratio becomes .313. We conclude that the estimated
tracking e�ect may be partly driven by selection on unobservables, but the estimates in Table
7 suggest that there likely is a substantial and large true tracking e�ect.

Table 7: Potential bias by selection on unobservables

φ
0.25 0.50 0.75 1 1.597

Bias (Cov(Y,η)V ar(ε) ) -.031 -.062 -.093 -.124 -.198

True tracking e�ect (β) -.167 -.136 -.105 -.074 0

Estimated e�ect (β̂) -.198 -.198 -.198 -.198 -.198

Ratio bias/β̂ .156 .313 .469 .626 1

6.2 To what extent is the estimated tracking e�ect driven by teacher

experience and gender di�erences?

The empirical literature shows that only the �rst three to �ve years of teacher experience
matter for math and reading performance of pupils (see, for instance, Rivkin et al., 2005). At
the same time, vocational teachers have structurally less experience than higher secondary
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teachers because the educational path to teacher college has been considerably longer for
vocational teachers (i.e. three years). In this subsection we examine if the tracking e�ect
for teachers with less than 5 years of teaching experience is di�erent than the tracking e�ect
for teachers with more teaching experience. Less than 5 years of teaching experience was
chosen because the empirical literature often refers to signi�cant student achievement gains
up to 5 years of teaching experience.

For this purpose we re-estimate Equation 2 and interact V with a variable that indicates
if teachers have less than 5 experience years. The robustness analysis hence departs from the
empirical �nding that teaching experience only matters for teachers with a few experience
years, and if the constant tracking e�ect disappears when the interaction terms are included
in the model then the constant tracking e�ect appears to be an experience e�ect.

A second issue is that the children who switched classes and who were taught in the new
class by a teacher who had a di�erent gender than the previous teacher performed less well
in those classes where there was a female teacher (see Table 5). In this study we are mainly
interested if there is a tracking e�ect and because most primary school teachers are female
(see Table 2) we examine if the tracking e�ect is di�erent for male and female teachers.

Table 8 show the estimation results for math when the teacher experience and gender
interactions are included in the estimation model. The second column of the table show
the estimation results for math from Table 5 so that it is easy to see how the constant
tracking e�ect changes because of the inclusion of the interaction e�ects. The estimated
constant tracking e�ect in Column 3 is still negative, signi�cant and about the same size as
the estimated tracking e�ect in the full sample. This suggests that the observed constant
tracking e�ect is not the result of experience di�erences between vocational and higher
secondary teachers. A result worth mentioning is that the variable V interacted with teacher
experience, indicates that there is no tracking e�ect for teachers with less than 5 years of
teaching experience.

The constant tracking e�ect for male teachers (-0.421) is more negative than the constant
tracking e�ect for female teachers (-0.172).5 For this study it is relevant that we �nd a
signi�cant constant and negative tracking e�ect for both female and male teachers. The
tracking e�ect for male teachers di�ers much from the estimated e�ect for female teachers
and this is because most primary school teachers are female teachers such that the estimated
tracking e�ect for male teachers is not so precisely estimated and less stable. That the e�ect
for male teachers is less precisely estimated can also be seen from the fact that the standard
error of the constant tracking e�ect in the third column, which represents the constant
tracking e�ect for males, is more than twice as large than the standard errors of the constant
tracking in the other columns.

5We note that both constant tracking e�ects are signi�cant at the 95 percent con�dence level.
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Table 8: Estimation Results for Math with Teacher Experience and Gender Interactions

Experience Years:
Table 5 <5 years Female

V (Constant tracking e�ect) -0.198*** -0.216*** -0.421***

(0.034) (0.034) (0.077)

V ·[<5 years teaching experience | Female] . 0.244*** 0.249***

. (0.055) (0.068)

V ·selective assignment 0.310*** 0.299*** 0.365***

(0.085) (0.083) (0.090)

V ·assignment policy unknown 0.219*** 0.189*** 0.259***

(0.047) (0.053) (0.051)

Female -0.048 -0.086** -0.174***

(0.034) (0.036) (0.043)

Experience (years) -0.026*** -0.020** -0.026***

(0.009) (0.009) (0.009)

Age (years) 0.009 0.019 0.031**

(0.011) (0.013) (0.013)

Class size -0.014*** -0.014*** -0.014***

(0.004) (0.004) (0.004)

Student �xed e�ects yes yes yes

Grade �xed e�ects yes yes yes

Within R2 0.324 0.329 0.326

N 8120 8120 8120

Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level. Standard errors are clustered at the student level

and are reported in parenthesis.

Table 9 show the estimation results with teacher experience and gender interactions
included for reading. While the constant tracking e�ect for reading was substantial but just
not signi�cant at the 10 percent con�dence level in Table 6, it becomes signi�cant when V
is interacted with the dummy variable that indicates if the teacher has less than 5 years of
teaching experience. Similar to the estimation results reported in Table 8 shown for Math,
the results suggest that there is no tracking e�ect for teachers with less than 5 years of
teaching experience.

The constant tracking e�ect for male teachers becomes highly signi�cant and negative
when we interact `being a vocational teacher' with teacher gender. At the same time, the
estimation results show that there is a negative but not signi�cant tracking e�ect for female
teachers (-0.059). On the one hand this indicates that the constant negative tracking e�ect
for reading is driven by male teachers, but on the other hand we should keep in mind that
the tracking e�ects for male teachers are less stable and less precisely estimated.

We therefore conclude that the empirical results suggest that there is a substantial track-
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ing e�ect for math. The results for reading also point to a negative tracking e�ect, but these
results are less robust and precise.

Table 9: Estimation Results for Reading with Teacher Experience and Gender Interactions

Experience Years:
Table 6 <5 years Female

V (Constant tracking e�ect) -0.124 -0.165** -0.697***

(0.080) (0.080) (0.122)

V ·[<5 years teaching experience | Female] . 0.278*** 0.638***

. (0.096) (0.111)

V ·selective assignment 0.222* 0.220* 0.372***

(0.128) (0.124) (0.129)

V ·assignment policy unknown 0.073 0.025 0.191*

(0.103) (0.104) (0.103)

Female -0.104 -0.139** -0.406***

(0.064) (0.069) (0.078)

Experience (years) -0.024* -0.020 -0.025*

(0.014) (0.014) (0.013)

Age (years) 0.043** 0.062*** 0.106***

(0.022) (0.024) (0.024)

Class size -0.003 -0.004 -0.004

(0.004) (0.004) (0.004)

Student �xed e�ects yes yes yes

Grade �xed e�ects yes yes yes

Within R2 0.119 0.123 0.129

N 5803 5803 5803
Note: */ **/*** means statistically signi�cant at the 10/5/1 percent level. Standard errors are clustered at the student level

and are reported in parenthesis.

7 Conclusion

Dutch Primary school teachers must successfully �nish teacher college before they are allowed
to teach at a primary school. Because of the educational tracking system in the Netherlands,
teachers have vocational or higher secondary backgrounds and policymakers and school prin-
cipals have frequently argued that teachers with vocational backgrounds are less capable to
teach math and reading. This claim has however never been empirically supported. This
study examines the e�ects of ability tracking of future primary school teachers on primary
school children's math and reading performance.

From a broader and scienti�c perspective this study is interesting because many coun-
tries have tracking systems and the consequences of educational tracking are heavily de-
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bated among parents, scientists and policymakers (Hanushek and Woessmann, 2006) The
consequences of educational tracking are, however, rarely empirically examined. This study
examines the e�ect of ability tracking of future primary school teachers on their children's
performance and thereby contributes to the discussion on the potential e�ects that educa-
tional tracking can have.

The empirical �ndings suggest that math (reading) test scores of children of vocational
teachers are lower by .2 (.12) of a standard deviation and we refer to this result as a nega-
tive tracking e�ect. The tracking e�ect for reading is, however, not signi�cant at the 10%
con�dence level and the robustness analysis suggests that the estimates on reading are less
stable and precise. Robustness analyses show that the tracking estimate for math is not
driven by selection on unobserved factors or by experience and gender di�erences between
teachers. The robustness analysis for reading points towards a negative tracking e�ect but
the estimates are not robust or precise enough.

An interesting result is that the negative tracking e�ects are found after controlling for
selective assignment of teachers to classes based on their ability. At �rst sight, vocational
teachers appear to perform equally well as higher secondary teachers but once we control
for the fact that teachers are selectively assigned to classes we �nd that vocational teachers
perform less well. Moreover, they are on average assigned to better classes while higher
secondary teachers are on average assigned to weaker classes. The e�ect of having a voca-
tional teacher on math test scores is large, in comparison to e�ect sizes in the literature on
the e�ect of other teacher characteristics on student test scores, like experience and teacher
licensure test scores.

Our study shows that ability tracking of primary school teachers may negatively a�ect
the math and reading performance of primary school children. The question, however, is
what policy conclusions can be drawn from this result? We could argue that teacher colleges
should only admit students when they successfully �nished higher secondary education, but
this does not improve the situation for primary schools when there is a shortage of primary
school teachers. Another possibility is that math and reading de�ciencies of future and
currently employed vocational teachers are better addressed, for example by o�ering courses.
It is however unclear if and to what extent addressing math and reading de�ciencies will be
e�ective also because vocational teachers were generally tracked into vocational education
because their math and reading skills were not su�cient to be tracked into higher education
levels. An option which is, in our opinion, worth considering is that primary schools assign
more than one teachers to a single class to ensure that each subject is given at the appropriate
level. More practically, it is possible to assign a higher secondary and a vocational teacher to
a grade three and four class. The higher secondary teacher can specialize in teaching reading
and math and vocational teachers can specialize in other subjects. This situation is not so
di�erent from secondary education in which specialized teachers tend to give only certain
subjects.
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