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This chapter is based on joint work with Diana Hidalgo Saá.

Chapter 1
Introduction: four (natural)
experiments in the economics of
education
1.1

Introduction

Not much is known on the effectiveness of excellence education. This thesis is an effort
to fill this knowledge gap. Three out of four papers are part of a research project on
excellence that received a much appreciated grant by NRO (411-12-637 in the program
for education research of the Netherlands Organization of Scientific Research). A natural
experiment on excellence in Dutch secondary education, presented in chapter 2, is the core
of the project. In addition, I designed two studies to try to generalize and understand the
positive effect found in chapter 2. In particular, in chapter 3, the question whether the
main result carries over to other pupils and other schools is tested for external validity.
It does. Then, in chapter 4, I test the premise whether the main effect is driven by the
feedback provided by testing and/or being labeled as an “excellent” student. It seems not.
Slightly off topic to the excellence project, in chapter 5, I investigate how contextualizing
math education influences the math gender gap.
In all four studies I try to establish causal relationships between some educational
policy - usually referred to as “treatment” - and student performance. This is the specialty
of the field of the economics of education, where researchers tend to use either naturally
occurring differences in policies, or experimentally induced ones, to see what the effect
of a policy is. Chapters 2 and 5 are examples of the former, and chapters 3 and 4 are
examples of the latter. Hence the title.
Each research design comes with its own empirical strategy. I exploit a regression
discontinuity (RD) in chapter 2, a combination of a difference-in-difference (DD) and
RD approach in chapter 3, and a combination of an experimental and RD approach in
1

chapter 4. Finally, in chapter 5, I use a differences-in-differences specification again. In
most studies I pay attention to gender differences in effects. Chapters 2 and 3 are based
on joint work with my (co-)promotors Erik Plug and Adam Booij, and chapter 5 is joint
work with Diana Hidalgo Saá. Below, the reader will find a more detailed introduction
to each chapter in this thesis.

1.2

Evaluating a gifted program

Programs for gifted and talented students are increasingly popular. The most challenging
track in Dutch secondary education is the gymnasium track which prepares for university.
All 38 of the independent Dutch gymnasiums have committed themselves to organize honors programs for gifted students in the present school year 2017-2018. The Dutch government actively encouraged excellence programs in secondary education using a designated
financial instrument called the ’prestatiebox’. In the original design of this instrument
schools would receive additional funding when they were able to increase the performance
of the top 20 percent best performing students. A problem for Dutch schools and policy
makers is that not much is known on the effectiveness of excellence programs. To shed
some light on this issue, the Netherlands Organization for Scientific Research (NWO) issued a one-off funding round intended for scientific research that focused on excellence in
education. This project was one in nine projects that were selected to research ’excellence
in primary, secondary and tertiary education’.
The lack of knowledge on excellence programs did not prevent schools from experimenting. Many schools did not need to be nudged and started excellence programs
many years ago. One of the front runners in gifted education is the Stedelijk Gymnasium
Nijmegen (SGN), an academic secondary school in the Netherlands. Starting in the eighties, this school adopted a gifted and talented program designed by US-professor Joseph
Renzulli. A gifted and talented program (GT) is education targeted at students of high
ability. Gifted programs are designed to improve the outcome of participants by tailoring
the school curriculum to better match the skill level of students. The GT program in
Nijmegen offered selected students the opportunity to replace classroom teaching with
(in-school) time to work on a self-selected project. This is the subject of our research in
chapter 2.
The problem with estimating the effect of a GT-program on student performance is
that such an effort is by definition troubled by selection bias. When excellent students
are selected, and their performance is compared to non-selected students, is the difference
explained by a GT-program effect, or just by prior ability? Isolating a program effect on
gifted students is difficult, because of this selection bias.
SGN is a special case. First of all, I was very lucky and thankful that SGN allowed
access to their school register data. More importantly, the way that SGN selects GT
2

students allows for the elimination of selection bias. SGN uses an intelligence test, developed by the Center of Giftedness Research (CBO) of Radboud University, to select
students for their GT-program. Students that score higher than some cutoff set by the
GT coordinator, usually one standard deviation from the mean, are admitted. Because
students that score just below the cutoff are very similar to students just above, comparing the performance of these students avoids selection bias, and gives a proper reflection
of the effect of the GT program at SGN. A fuzzy regression discontinuity design can be
used in this setting, which uses students further away from the cutoff also, and deals with
non-compliance (in the final selection phase the GT-team selects some students anyhow
and deselects some qualified students).
The results show a positive impact of the GT program at SGN. The students who
are just entitled for the treatment, score significantly better on math, language and other
subjects, than do their peers who have just missed the selection for the gifted program.
Thanks to DUO, the Dutch agency which collects and manages educational data, I was
able to match the student data in secondary education to school data in tertiary education.
The positive effect of the GT-program is felt in tertiary education and influences the choice
for a certain field of study. Consequently, the GT-program influences the starting salary
the students will be earning in their first paid job. I find a significant positive effect on
the expected salary for students who were just selected, compared to students who just
missed the selection.
Using survey work I try to shed light on what mechanisms have caused the overall
positive impact. The program did not encourage students to work harder, boost their
self-confidence, or raise their motivation to learn. The program did, however, improve
the students’ academic esteem. Also, I observe that male students work more on mathrelated projects, and female students work more on language-related projects. At the same
time, male students experience the largest gains in math grades, and female students in
language grades. Moreover, students tend to do better the more years they spend in the
GT program. These findings suggest that GT education encourages the development of
academic skills (and beliefs thereof).
The limited resources that are used in this program, will of course not benefit nongifted students. The GT budget is such a small proportion of the school budget, however,
that any adverse effect is very unlikely. Also, given that gifted students are allowed to
leave the classroom every now and then, it could be argued that teacher time for individual
non-gifted students actually increases. The data at hand suggest that demotivation or
frustration among students who were not selected as gifted can be ruled out: few nongifted students report disappointment, and non-gifted students perform equally well in
groups with many and few GT students. Still, we would prefer to rule out this possibility
more directly by comparing non-gifted students in an environment with and without the
presence of a GT program. Also, we would like to know the external validity of the positive
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results found at SGN: will a similar program give the same positive impact elsewhere?
This is what is investigated in chapter 3.

1.3

Introducing a gifted program

In the Netherlands excellence programs are synonymous for gifted programs. At Dutch
university track, the most cognitive challenging track, gifted programs are very common.
In other tracks, especially HAVO and VMBO, special programs for excellent students
are the exception, rather than the rule. In chapter 3 of this thesis I wanted to answer
the question whether replicating the treatment at SGN, would also be beneficial to other
tracks in secondary education, as well as ruling out spillovers to non-gifted students. I
introduced a slightly altered version of the GT-program at SGN to three comprehensive
secondary schools in the province of North Holland. I opted for the third grade at VWO
and HAVO as tracks for the treatment. The core of the treatment is the same as at SGN:
selected students were allowed to trade in lessons for project time. Students had to select
a coach for helping them with their project. Coaching is, as at SGN, a hands-off endeavor.
Students need to be self motivated to finish a project successfully.
I selected the treated and the controls tossing a coin in front of school management. At
the three participating school only one track was allowed to introduce the GT-program.
The other track was used as controls. I ended up with two treated VWO-tracks, and
one treated HAVO-track. The controls were one VWO-track and two HAVO-tracks; 40
treated classes and 48 controls classes.
Because of this selection process, I was able to use two empirical strategies in this
study. Again, I exploited a regression discontinuity as in the SGN-paper. But I could
add a difference-in-difference strategy as well. Because of this combination, I can not
only estimate the effect for the selected student at the cutoff, but also for the more able
students who qualified by a large margin. Because taking part in the program is a choice
for eligible students, I estimate the local average treatment effect using program eligibility
as an instrument for program use.
I was surprised to find that introducing this program for a period of three years to these
schools, delivers a comparable effect at the cutoff to that found at SGN, and increasing
for students further away. In this case, GT selection was based on prior grade point
average (GPA), so selection was not on giftedness directly, but on high achievers. The
advantage of this is that I can compare the test-scores for non-eligible students between
tracks that do, and do not, offer GT education. The data show no differences between
these groups, which suggests that non-eligible students are not affected by the presence of
GT education. Hence, the results in this study confirm that of chapter 2: GT education
increases student performance for GT students, while not affecting others.
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1.4

Does testing and labeling drive GT effects?

One of the special features of the GT-policy at SGN is the selection of GT-students. The
school uses an intelligence test named IST to make this selection. I wondered what the
isolated effect of the test is on student performance. Does the additional feedback that
students receive, change their performance or the behavior of the school towards them?
In addition, I wanted to learn whether there is a self-fulfilling effect of being selected
for a GT program. In educational research there are many references to a ’Pygmalion
effect’. Receiving feedback on intelligence could stimulate academic achievement. I tried
to isolate the impact of this intelligence testing by randomly introducing the intelligence
test in the first grade of two schools in secondary education. By doing so, I created a
research design with which I could establish a direct (first difference) estimate of the
impact of the testing as such. On top of this, I gave the top 17% of tested students (those
one standard deviation above the mean) the label ’excellent’. Students were informed
about this label through a few changed sentences in the letter that communicated the
test results to students and parents. The discrete nature of the assignment of the label
allowed me to estimate the effect of the reception of the label in an RD design. The
schools were instructed not to follow up with a GT-policy.
The outcome of this study is that testing as such does not produce any significant
effect on student achievement. This means that I have no indication that the information
flowing from the test affected either the students or the school, on average, in fostering
student performance. Also, if I look at students that did the test and received the label
(the RD design), I do not see a stable pattern of positive effects. This suggests that the
GT program effects that have been found in chapters 2 and 3 do not stem from the effect
of labeling as such, though labeling cannot be fully ruled out as part of the explanation.

1.5

Pilot program in math education

The fourth research project in this thesis concerns the evaluation of a curriculum change
in mathematics in secondary education in the Netherlands. In 2009, some 15 pilot schools
adopted a way of teaching mathematics that is concept based, rather than context based.
This raised concerns with regards to the gender gap in the performance in mathematics:
a move toward more conceptual and abstract teaching supposedly favors boys over girls,
which would lead to an increase in the math gender gap that is typically observed. Under
the assumption that the trend in the gender gap in pilot schools is comparable to that of
non-pilot schools, the effect of the curriculum change on the gender gap can be identified
in a differences-in-differences kind of framework.
The most important finding in this project is that, for the HAVO track that prepares
for university of applied sciences, girls’ performance increases relative to boys, while at the
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same time shying away from advanced math more than they would have under contextual
teaching. This shows that school counselors should be wary of girls choosing levels of
math below their own ability, especially when taught in a purely abstract way.

1.6

Personal note on science and education

Not much is known on excellence in education. This statement can be generalized towards
’not much is known in education’. A lack of patience and an overdose of enthusiasm, are
some of the reasons for this. Educators are, by the nature of their profession, not people
who are willing to wait for evidence before they move forward. They want the best for
their students, and they want it now. If I may take the liberty of speculating in the
introduction of this thesis, I would like to elaborate somewhat on personal observations
on the gap between science and education. In short, educators do not seem interested
in science and science is not overly interested in education. Policymakers are accused of
ignoring both.
This picture is too simplistic. To know what is ’best’ is not an easy question for
educators. There is very little evidence which can help educators to design the best
possible education. In many ways educational science is letting educators down. The
effort in the United States to select quality educational research in the ’What Works
Clearinghouse’ is well known. Only 3 percent of all educational research produced in a
decade, was labeled as ’high quality’. This outcome should confuse educators. Educational
science is not producing credible scientific knowledge.
In defense of scientists, research in education is difficult. It is complicated to design an
educational research in a credible way. Large numbers of participants are needed. Some
educational participants do not want to be used as control groups. Even well designed
projects end up being compromised along the way, because of additional interventions
for all kinds of understandable reasons. The amount of time that scientists need is not
always available in schools that are pressed to show results. Policymakers also have
time constraints which are very different than those of scientists. In democratic societies,
governments demand results before the next elections. To wait for peer reviewed scientific
progress is more often than not a problem.
Having said this, many research opportunities are missed because of poor planning
or because research possibilities have no priority. Starting this PhD-thesis I wanted to
know what the gender effect was of a large curriculum change in the Netherlands. Many
subjects were renewed starting in 2007. Economics, biology, history, physics, chemistry
and mathematics, the curricula of all these subjects were changed and were tested in a
pilot program. Unfortunately, this was not the only major policy change in that year.
Before, many Dutch subjects were divided in two sub-sections. In 2007 the Dutch ministry
of education decided to unite all sub-sections into one subject. Two major changes in the
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same year, makes any research project impossible.
I was fortunate with the developments in mathematics, though. The debate in mathematics lasted longer than in the other subjects. Because of this, the pilot program was
postponed until 2009. This opened up research opportunities. It was luck, not planning,
that I have to be grateful for.
Another project that I would have liked to research was a study on the introduction of
summer schools in the Netherlands. A possible research design was corrupted because of
time pressure on the project. A study on the possible effect of a weekend school on students
from underprivileged neighborhoods, was not possible for lack of exogenous variation. It
was selection bias which made research impossible in these and other projects.
In this introduction I would like to stress the importance of having research interest
in mind with every major educational policy change. In fact, without the approval of
a scientific board, no major policy change should be allowed to continue. At the school
level, this is a different matter.
Schools and scientists can obviously improve their collaboration. For many scientists,
getting schools to cooperate in their research is a complicated process. Schools want to
know what they will get out of a certain research project. Schools need to be incentivised
for most projects, otherwise they may most likely not be willing to cooperate. It would
be a large step forward if every school saw its participation in research as part of its
public responsibility. The position of schools in the development of education, is not very
different from the position of hospitals in the development of health care. To participate
in a certain number of research projects should be part of everyday life in any school.
The development of “academic training schools”,1 where schools and teacher training
institutions at Dutch universities work together, are a step in the right direction. The
networks are productive in increasing the quality of teacher training. The improvement
of research is also on the agenda, but is more difficult to realize.
Having said all this, I am happy to have been at both sides of the gap between
educators and scientists. As an economics teacher on one side and a PhD-candidate at
the University of Amsterdam on the other, I was able to involve schools in some research
projects. I am proud that the participating schools showed trust in me by sharing their
school data. The data in this thesis were either produced during the research projects or
were waiting to be collected to be analyzed for the first time.
I can recommend fellow teachers to also try to bridge the gap between education and
academic research, to everyone’s benefit.

1

“Academische opleidingsscholen” in Dutch.
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Chapter 2
Enriching students pays off:
Evidence from an individualized
gifted and talented program in
secondary education1
2.1

Introduction

Many educators are advocating targeted education to gifted students. If gifted students
under perform because of an unchallenging school environment, they argue that special
education programs, which are generally referred to as gifted and talented (GT) programs,
can help these students to reach their full (academic) potential, possibly with positive social returns. While GT education programs have become increasingly popular (e.g. Bhatt,
2011), empirical evidence in support of GT program benefits is scarce. What complicates
the evaluation of GT programs is that students who receive it are, by definition, a very
selective group. Any positive association between student performance and GT education
is therefore not causally interpretable (Matthews et al., 2012).
In this paper we estimate the effect of a GT program implemented at a prestigious
academic secondary school in the Netherlands. The GT program we consider is an individualized pull-out program, based on ideas of Renzulli (1977), in which students freely
decide to replace classroom teaching for in-school time to work on self-selected projects
(enrichment). The GT program is offered to gifted students. Students qualify as gifted
based on a cutoff score in a standardized cognitive aptitude test that all students take at
school entry. About 25 percent of students get selected, most of whom come from the top
4 percent of the nationwide ability distribution. Gifted students remain program eligible
for six years, which is how long academic secondary education takes. We exploit the
1

This chapter is based on joint work with Adam Booij and Erik Plug (2016).
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assignment cutoff in a fuzzy regression discontinuity (RD) design to identify GT program
effects on school performance.
We find that students assigned to the program obtain higher grades, follow a more science intensive curriculum, and report stronger beliefs about their own academic abilities.
We also find that the positive program effects persist in university, where students choose
more challenging fields of study that offer, on average, better labor market prospects and
higher salaries. In addition, we test for possible adverse program effects among students
excluded from the program. We find no evidence that these students experience feelings
of disappointment for being left out, or miss out on classroom spillovers. In a replication
exercise, we find similar program effects for students in less prestigious schools. Among
several possible explanations for the positive GT program effects, our estimates appear
most consistent with a human capital interpretation.
In recent years, there has been an increased interest in estimating the causal effect
of GT education on student performance.2 The few studies on the topic, however, vary
widely in GT programs, in methods, and in results. Applications of RD designs in US
elementary schools find no test score gains for gifted students (Bui et al., 2014; Card and
Giuliano, 2014), but large and positive gains for students who performed well in previous
grades (Card and Giuliano, 2016). Applications of IV strategies also produce mixed results
with different instruments. One study exploits lotteries in oversubscribed middle schools
with GT programs and finds that gifted students did not gain any academic skills (Bui
et al., 2014). Another study exploits differences in GT program admission rules between
schools and finds positive test score gains (Bhatt, 2012).
Our paper adds to these studies in four important ways: it considers a well-defined individualized pull-out program; it takes a longer-run perspective beyond academic secondary
school and tests whether program effects persist in university using matched university
enrollment records; it combines school registers with survey data on student habits and
attitudes, which enable us to look at mechanisms and better understand why the GT
program works; also, it tests the external validity of our findings through a replication
exercise.
The remainder of the paper proceeds as follows. Section 2.2 briefly discusses secondary
education and the academic secondary school in which the GT program takes place, the
GT program, and GT program assignment. Section 2.3 describes data, experimental
design, and the assumptions needed to identify GT program effects. Section 2.4 presents
and discusses the main empirical findings. Section 2.5 follows with an assessment of
potential mechanisms. Section 2.6 is concerned with the external validity of our findings.
Section 2.7 summarizes and concludes.
There is much empirical work on the relationship between GT programs and student performance.
See Bhatt (2011) for an overview of most of these studies, which (almost) all find positive associations between program exposure and achievement. Because these positive associations cannot make a distinction
between selection and causation, their interpretation remains unclear.
2
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2.2

The GT program at SGN

The GT program we examine in this paper was implemented at Stedelijk Gymnasium
Nijmegen (SGN), an academic secondary school in the Netherlands. In this section, we
provide a short outline of the Dutch secondary education system that SGN is part of,
describe the GT program in more detail, and particularly focus on the assignment rules
that we exploit for identification.

2.2.1

Academic secondary education in the Netherlands

Dutch secondary education is a tracking system that funnels pupils through one of three
tracks: pre-vocational secondary education (VMBO), general secondary education (HAVO),
or academic secondary education (VWO). The selection is based on teacher recommendations and CITO scores, a national primary education exit exam taken in the final year
of primary education (age 11). VWO is the most advanced track, which takes 6 years
(grade 1 at age 12 to grade 6 at age 18) and prepares students for university education.
In grades 1 to 3, all students follow the same subjects (languages, mathematics, history,
arts and sciences). In grades 4 to 6, students follow a field-specific program, including
mandatory subjects (languages and math) and field subjects (sciences, health, social sciences, or humanities). Students are taught, tested, and graded by subject teachers. In
the final grade, students take a nationwide exam which gives access to university (conditional upon passing). About 20 percent of all secondary school-going students are VWO
students. VWO is further divided into atheneum and gymnasium schools. Gymnasium
schools are the most prestigious schools with an academic curriculum similar to that of
atheneum schools, complemented with classical languages Latin and Greek. About 5
percent of all students in secondary education are gymnasium students.
The Netherlands has 38 independent gymnasium schools, which are brought together
under one foundation for, among other things, sharing experiences on how to successfully
educate academically promising students. These gymnasium schools reside in the larger
cities across the Netherlands and attract students with, on average, the highest CITO test
scores (see appendix Figure 2.5). All these gymnasium schools offer comparable enrichment programs to a selected group of gifted and talented students. Of these gymnasium
schools, SGN gave us access to their school registers.

2.2.2

The GT program at SGN

In 1983, SGN was one of the first gymnasium schools to introduce a GT program. With
help from the Center for the Study of Giftedness (CBO) at the Radboud University
Nijmegen, SGN developed a special education program targeted at gifted students. In
program design, SGN and CBO followed Renzulli’s notion that students with exceptional
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cognitive and non-cognitive skills should receive an enriched education program with
exposure to new content, active application of own skills, and creation of a product
(Renzulli, 1986, 1977). The GT program under study has the following features:
1. The GT program is an individualized pull-out program; that is, qualified students
receive the right to trade in classroom lessons for project time (spent elsewhere in
school) to work on a project of their own choice.
2. SGN provides rooms, computers, and arts and crafts facilities to help students in
their projects.
3. Participating students can choose which classroom hours to devote to their project,
with a minimum of two hours each week.
4. Teachers can deny students the right to trade in a specific lesson, but they need to
argue why this specific lesson can not be missed.
5. At the beginning of the school year, students choose and develop a project topic,
which can be anything (within legal limits of course).3
6. Students keep project diaries in which they report on the development of their
project.
7. Students are supervised by specialized SGN teachers, referred to as GT coaches,
throughout the development of the project.
8. GT coaches and students meet every two weeks; GT coaches let students take the
lead in project development and provide some hands-off supervision aimed at having
a finished project at the end of the year.
9. At the end of the academic year, the school hosts a special project fair for its GT
students to present their projects to teachers, parents, and fellow students.
10. Presentations are not formalized. Projects are not graded.
When qualified students are not working on their project, they follow the same classes,
face the same curriculum, and do the same exams as the other students. Qualified student
typically participate in projects in the first 4 years of school.

Examples of projects include writing a cookbook, learning Russian, designing a soccer stadium, or
developing software for 3D dinosaurs.
3
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2.2.3

GT program assignment

GT program participation is exclusive to students who qualify as gifted. Qualified students can choose not to participate, but they cannot undo their qualification. Students
qualify on the basis of both cognitive and non-cognitive traits. CBO, on behalf of SGN,
administers an intelligence test (IST test) and a motivation-to-learn test (FES test) of all
students at the beginning of the first school year. The time-line is as follows: the school
year starts in September; students take the IST and FES tests in October; CBO provides
test results to SGN staff, after which the GT team decides upon selection in December.
In the selection of gifted students, IST test scores are leading. Since 1998, SGN
applies a two-stage assignment procedure. In the first stage, the GT coordinator compiles
a list of potentially eligible participants. This is merely a mechanical exercise; that is, all
first-year students are ranked on their IST scores and those students with an IST score
above a certain cutoff are marked as potentially eligible. The cutoff is typically set at
one standard deviation above the IST score mean, and then adjusted according to GT
capacity (which depends on the number of enrolled first-year students, the number of GT
coaches, and the number of gifted students from previous years). In most years, we see
that the coordinator adjusts the cutoff downwards.
In the second stage, the list is then used as input for the GT team (including GT coordinator, GT coaches, and class mentors) to decide upon actual assignment. The advice
of the GT coordinator is mostly followed. Approximately 10 percent of students switch
assignment status; that is, students with high IST scores do not always qualify, while
students with low IST scores sometimes do. GT team members, whom we interviewed
about eligibility criteria, report that assignment status could change because of inadequate
motivation, remaining capacity concerns or, in some years, unexpected performance on
certain components of the IST test. Regardless, as long as there is a sharp increase in
the probability of assignment at the IST cutoff, the two-stage assignment process mirrors
that of a fuzzy RD design and can be used to estimate GT program effects.

2.3
2.3.1

Data and design
Data

Our main empirical analysis builds on three different data sets: the student administration
register at SGN, the national education register, and Elsevier’s labor market monitor of
recent university graduates.
We draw our baseline sample from the SGN student administration. This digitalized
register contains detailed information on all students enrolled at SGN. In particular, it
holds student records on basic demographic characteristics, such as gender and age, CITO
test scores (primary education exit exam scores), GT program assignment status, and any
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other school- and exam-grade obtained from the day of entry until the day of leave. CBO
test scores on intelligence and motivation (IST and FES test scores) and other data on the
enrichment program are stored in an (analog) archive, of which SGN provided us copies.
The sample is restricted to students from the cohort years 1998-2011 with valid CITO,
IST, and FES test scores. This gives us a sample of 3,127 students, of which 789 students
are assigned to the GT program.4
We use the SGN register to construct several measures of academic achievement in
secondary education: overall grade point averages (GPA) for math, language, and other
school subjects (grades 2 until 6), two measures of choosing an advanced curriculum
in grades 5 and 6 (the number of exam subjects, and the number of science-intensive
subjects), and final exam grades for math, language, and other subjects. Grades range
from 1 to 10.5
We next matched our baseline sample to the national education register, which keeps,
among others, track of student enrollment and completion in tertiary education. Given
that most of the former SGN students are still in university, we focus on field of study
at the end of the first year in university. We are able to retrieve field of study choices in
university of SGN students of cohort years 1998-2007. The corresponding sample contains
2,438 students, of whom 2,110 have (ever) entered university.
With these records merged into our baseline sample, we construct additional measures
of academic achievement in university education: university enrollment, field of study
Of all the students who entered in first grade, about 30 percent of students exit the sample because
of moving to another school or repeating a grade. We keep those students in our sample up to the year
of moving or repeating. In Booij et al. (2016) we show that GT program participation did not affect the
likelihood of leaving the sample or having retained a class.
5
In constructing the grade-based achievement measures, we classify subject groups into language,
math, and other subjects. The language group consists of subjects Dutch and English. All students take
these two subjects. The language grade is the average of the two. The math group consists of standard
mathematics (math A) and advanced mathematics (math B). All students take at least one of these two
subjects. The math grade is the combined grade for math A and advanced mathematics math B, using
the algorithm of Leuven et al. (2010) which makes both grades comparable by adjusting them by the
mean difference in scores of students that choose both. The other subject group consists of all remaining
subjects.
In grades 1 to 3 all students follow the same (other) subjects, including history, arts and sciences. In
grades 4 to 6 students specialize and follow field subjects in either science, health, social sciences, or
humanities. The grade for other subjects is the average over all these other subject grades.
The GPA measures for language, math, and other subjects are calculated as grade point averages over
grades 2 to 6 over the three subject groups. We exclude grade 1 because part of the first-grade GPA
is realized before students are assigned to the program. The resulting GPAs for language and math
reflect skill measures in language and math. These scores are comparable across students, apart from
some natural variation in grades due to differences in subject teachers. The resulting scores for other
subjects reflect a combination of skills and preferences. These scores are less comparable across students,
as students take different field subjects in grades 4 to 6.
The data on final exam grades are only available for sixth grade students from the cohort years 19982007. The final exam grade measures for languages, math, and other school subjects are equally calculated
as averages of the nationwide exam grades in the three subject groups. These nationwide exam grades
are externally validated. The other student achievement outcomes on curriculum choice at SGN are the
number of (science) subjects chosen, averaged over grades 5 and 6.
4
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(sciences), and the average starting salary that corresponds to field of study. We take the
average starting salaries from Elsevier’s labor market monitor, which is a representative
annual survey under recent university graduates. These students report on their gross
monthly earnings about 1 to 2 years after graduation. Average monthly earnings are
then calculated among all graduate students with positive earnings over a five year period
for 60 two-digit fields of study. We focus on the years 2009-2013.6 For a more detailed
description of the labor market monitor, we refer to Berkhout et al. (2013).
Table 2.1 provides sample means and standard deviations of the outcome and control
variables that we study below, split by GT assignment status. Two observations follow
from this table. First, the students at SGN are quite bright if we look at their CITO test
scores. SGN classifies about 25 percent of their students as gifted and talented. Their
CITO average of almost 549 lies at the 96th percentile nationwide. Inasmuch as CITO
captures ability, our gifted students therefore belong to the top 4 percent of the ability
distribution. Second, we see that gifted students do generally better in primary school,
secondary school, and university than non-gifted students.

These starting salaries are published (and updated) every year to inform and help secondary school
students in their field of study choice (see Elsevier Beste Studies 2014 at http://bestestudies.elsevier.nl/).
We should note that this approach ignores the returns to skills within field of study, which are likely
positive for gifted students.
6
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Table 2.1. Summary statistics
Controls
(GT = 0)

Treated
(GT = 1)

A: Characteristics

mean

s.d.

mean

s.d.

p-value

Male
Age

0.52
12.19

0.50
0.46

0.61
12.08

0.49
0.53

0.00
0.00

109.50 14.14
23.98 5.43
548.50 1.66

0.00
0.00
0.00

B: Pre-test
raw IST score (forcing variable)
raw FES score
raw CITO score

89.86 12.61
22.90 5.31
547.13 2.65

C: Outcomes grades 2 - 6
GPA math
GPA language
GPA other

6.39
6.66
6.89

1.04
0.76
0.68

7.25
7.09
7.31

1.20
0.82
0.73

0.00
0.00
0.00

12.46
2.31

2.19
1.70

12.92
3.03

1.62
1.49

0.00
0.00

6.26
7.12
6.84

1.13
0.68
0.76

6.94
7.42
7.26

1.26
0.68
0.76

0.00
0.00
0.00

0.92 0.27
0.38 0.49
2,571 503

0.00
0.00
0.00

D: Outcomes grades 5 - 6
Average #subjects
Average #science subjects
E: Exam grades 6
GPA math
GPA language
GPA other
F: Outcomes in Higher Education
Enrollment in higher education
Chose science field
Predicted earnings (primary field)

0.85 0.36
0.22 0.41
2,455 528

Number of pupils

2,338

789

Note: Panels A and B concern pre-treatment characteristics for the full sample, i.e. cohorts ’98-’10,
N = 3,127. Panel C are average outcomes of grades 2 to 6 for tested students that were matched to the
student registry, N = 3,057. Panel D covers the number of (science) subjects chosen in grades 5 and 6 for
students from cohorts ’98-’07 that have not repeated a grade, N = 1,771. Panel E covers grade 6 exam
grades from cohorts ’98-’07 that have not repeated a grade, N = 1,643. Panel F provides outcomes for
students from cohorts ’98-’07 that are enrolled in higher education, including repeaters, N = 2,438.

2.3.2

Fuzzy RD design

The GT program setup allows us to test whether students close to the cutoff are better
off when assigned to the GT program using a fuzzy RD design. In regression models that
adequately account for the influence of IST test scores, a fuzzy RD design is essentially
an instrumental variable approach in which student achievement depends on GT program
assignment, which is instrumented by a binary indicator for having an IST test score above
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the cutoff. In particular, we estimate the relationship between academic achievement, GT
program assignment status, and some flexible continuous function of the IST distance to
the cutoff (which is the running variable in the current fuzzy RD setup) using a two-stage
least squares model where the first stage is
GTit = π1 Zi + f (xi ) + π 0 wi + λt + υit ,

(2.1)

Yit = β1 GTit + h(xi ) + β 0 wi + θt + uit .

(2.2)

and the main equation is

In these two equations, Yit is a measure of achievement of student i who took the IST test
in year t, and wi is a vector of exogenous control variables including the student’s gender,
age (at the IST test), CITO, and FES test scores. GTit is the endogenous GT program
indicator, which equals 1 if a student is assigned to GT education and 0 otherwise, and
Zi is the instrumental variable, which equals 1 if the student has a test score above the
cutoff and 0 otherwise. The running variable xi is the normalized IST score, defined as the
difference between the student’s IST test score and the IST threshold in the given year.
The functions f (xi ) and h(xi ) are flexible polynomials of xi . In estimation, we model the
trend relationship of the forcing variable with outcomes in six different ways: (i) linear;
(ii) quadratic (which we take as our baseline model); (iii) cubic; (iv) split quadratic on
either side of the cutoff; (v) zoom into ±9 IST point range with split linear on either
side; (vi) donut with ±2 IST point range removed.7 The parameters λt and θt are year
(of test taking) fixed effects, and uit and υit are the econometric error terms that may
be interdependent. In estimation, the error terms are clustered at the class level.8 The
parameter of interest is β1 , which captures the causal effect of GT program assignment
on student achievement among students who barely passed the assignment cutoff.
One limitation is that information on the IST cutoff is available for some years, but not
for all. Porter and Yu (2015) show that in such a case, program effects can still be identified
using a two-stage procedure where the cutoff is estimated first, followed by (standard)
fuzzy RD in the second stage. Moreover, Porter and Yu show that the estimated cutoff
in the first stage is superconsistent, meaning it does not affect the efficiency of the effect
estimate in the second stage. In a large sample, the estimate and standard error of the
(fuzzy) RD in the second stage will therefore be unaffected by the uncertainty induced by
the first stage estimation step. In the spirit of Porter and Yu we set the cutoffs at those
IST scores which best fit the jump in actual assignment.9
We have selected the zoomed sample (using a bandwidth range of 9 around the cutoff) based on the
bandwidth selection procedure of Imbens and Kalyanaraman (2012).
8
Because our running variable is discrete, we have also clustered the error terms on the IST score, as
suggested by Lee and Card (2008). We get somewhat smaller standard errors in this case (not reported).
9
The algorithm we use selects the IST threshold that maximizes the first-stage R-square (without
7
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To see whether the imputation procedure is valid in our sample, we perform some
additional tests. First, we compare estimated and realized cutoffs for the years where the
original cutoffs are visible. We find that the cutoffs we estimate are almost identical to
the ones we observe in the SGN register (109 versus 109 in 2003; 107 versus 108/109 in
2004).10 Second, we compare the discontinuities in program assignment (which represent
the first-stage estimates in a two stage RD design) between the years with and without
known IST cutoffs. We find, again, that estimated jumps in program assignment are
identical, regardless of whether SGN contains information about the IST cutoffs (0.52
in 2003 and 2004; 0.52 in the other years). And third, we run fuzzy RD regressions on
samples in which we drop observations near the cutoff. We find that the so-called donut
fuzzy RD effect estimates do not differ from the traditional fuzzy RD effect estimates, to
which we turn below. Consequently, we do not believe that the estimation of unknown
cutoffs has any impact on our results and the corresponding conclusions we draw.

2.3.3

RD graphs

To illustrate the working of our fuzzy RD setup, we follow common practice and show
graphs in which we plot GT program admission, GT pre-treatment cognitive and noncognitive test scores, and post-treatment GPAs in languages, math, and other subjects,
against normalized IST test scores. Discontinuities observed at the IST threshold in GT
program admission and GPAs, but not in pre-treatment test scores, would imply that any
positive (or negative) GT program effect can be interpreted in a causal way.
Figure 2.1 shows the relationship between GT assignment and normalized IST scores
for all the students in our sample. Each point represents the share of GT assigned students
for bin-widths of 4 test score points. Each line represents fitted values of the regression
result of equation (1) for different polynomial functions of f (x). It is clear from the
figure that students with test scores just above the IST cutoff are much more likely to be
assigned to GT education than those who score just below. In fact, the jump we see in
GT program assignment is quite large, about 50 percent-points, and hardly changes when
we narrow the sample to those students around the GT admission threshold, or look at
more or less restrictive functional forms of equation (1), as discussed above. Also, the
share above the cutoff is substantial, roughly 25 percent, so there seem to be a sufficient
number of students on both sides of the cutoff score (Matthews et al., 2012). Both features
suggest the current design has power to detect meaningful effects, without suffering from
weak instrument problems.
covariates). The algorithm proposed by Porter and Yu (2015) also uses information from the outcome
equation. This is more efficient, but only valid under the assumption that a program effect exists; an
assumption we are not, a priori, prepared to make.
10
The 2004 cutoff is ambiguous because there are no observations with IST equal to 108 or 109 in the
data for that year.
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Figure 2.1. Fuzzy RD first-stage effect
Note: The top panel shows fitted values from various parametric first-stage regressions of GT program
assignment on IST, without covariates. The bottom panel shows the distribution of IST scores. The
eligibility cutoff in this picture is normalized to 0.

The graphical illustration of the first-stage specifications is supported by the results in
Table 2.2. Our baseline specification, presented in column (1) shows a first stage of 0.52
(s.e. 0.03), which is highly significant and relevant (F-stat=255.8). Removing the control
variables does not change anything (column (2)), while restricting the function to a linear
shape (column (3)) gives a slightly larger jump. This latter specification does not seem to
fit the data as well as the other specifications, however, that are presented in columns (4)
- (7). All first-stage coefficients are close to 0.52, albeit with different degrees of precision.
We choose the quadratic function as our baseline specification because it seems to have
an appropriate level of flexibility, while preserving power.
Manipulation of the running variable, or its cutoff, is a natural concern in any RD analysis, especially in evaluating gifted education programs with selective program admission
(Bui et al., 2014; Card and Giuliano, 2014).11 Not in our case, however. Manipulation
of the IST scores is unlikely because the test is administered by an external organization
These studies evaluate GT programs with selective program admission based on IQ test scores
assessed by childhood psychologists. They provide evidence that psychologists can manipulate the running
variable and assign favorable IQ scores to students on the margin, with relatively many students just
above the known IQ cutoff and relatively few just below.
11
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(4)

(5)

(6)

(7)

Male

(8)

Age

(9)

FES CITO

(10)

Balancing
(3)

Donut

GT program status
(2)

Zoom

(11)

(1)

Quadratic
Split

X
X
X

0.22
0.42
0.00
195.8
0.49
2,854

X
X

X
X

X
X

0.54 12.16 0.00 0.00
0.50 0.48 1.00 0.87
0.37
1.07
0.02 0.04 0.01 0.09
3,127 3,127 3,127 3,127

X
X

-0.03 -0.02 0.07 0.09
(0.04) (0.04) (0.08) (0.05)

Cubic

0.42
0.49
0.00
83.4
0.37
1,031

X
X
X

0.49*** 0.52***
(0.05)
(0.04)

Linear

0.00
153.1
0.49
3,127

X
X
X

No controls

0.00
245.3
0.49
3,127

X
X
X

Baseline
Quadratic

0.25
0.43
0.00
452.5
0.49
3,127

X
X
X

0.58*** 0.52*** 0.49***
(0.03)
(0.03)
(0.04)

0.000
263.4
0.49
3,127

X
X

0.53***
(0.03)

0.00
255.8
0.49
3,127

X
X
X

0.52***
(0.03)

Table 2.2. First-stage estimates and balancing tests

Z
Controls
Cohort
IST
y
sd (y)
p-val
F-stat
R2
N

Note: Columns (1) - (7) present regressions of GT program status on Z, controlling for normalized IST either quadratically (1) and (2), linearly (3), cubically
(4), quadratically on both sides (5), linear on both sides zoomed into ±9 normalized IST range (6), or quadratically with ±2 normalized IST range removed (7).
Columns (8) - (11) present separate regressions of the controls age, gender, and (standardized) FES and CITO respectively, on Z and a quadratic function of
normalized IST. Cohort dummies are always included. Class clustered (robust) standard errors in parentheses in columns (1) - (7) (8 - 11). */**/*** denote
significance at a 10/5/1 percent confidence level. The reported p-value comes from an F-test testing the (joint) significance of Z.
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Figure 2.2. Reduced form effects for pre-treatment FES and CITO scores
Note: The left and right panels show fitted values from various parametric regressions of (standardized)
outcome predictors FES and CITO respectively on normalized IST, without covariates. The eligibility
cutoff in this picture is 0.

(CBO) that does not know what cutoff the school will use in a given year. Manipulation
of the IST cutoff is also unlikely. Would the GT coordinator and teachers want to keep
certain students in or out of the program, it is much easier to do so in the second assignment round when they actually decide on whom to invite to take part in the program.
This form of discretionary behavior is confirmed by the discrepancies between the initial
and realized list of assigned students. Our graphs do not provide evidence of manipulation
either. Figure 2.1 with the distribution of normalized IST scores shows no indication of
bunching at any position in the distribution, let alone at the cutoffs. A McCrary (2008)
test also indicates that there is no statistically discernible manipulation around the eligibility cutoff (log-difference = -0.09, p-value = 0.447). Also, Figure 2.2 shows no apparent
jumps in the covariates FES and CITO, which are the two strongest predictors of outcomes that we have. Table 2.2 provides some additional balancing tests with respect to
age and gender (columns (8) - (11)). These results suggest that the school sets the cutoff
more or less independent of students’ observable characteristics (p-value=0.37).

2.4

Main results

The objective of the fuzzy RD analysis is to estimate a local average treatment effect
(LATE) that differentiates students who enroll in GT from students who do not, but
are otherwise equivalent. In this section we will consider basic outcomes such as GPAs
and final exam scores in math, language, and other school subjects, and subject choices in
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Figure 2.3. Reduced form effects for math, language, and other subjects
Note: The left, middle, and right panels show fitted values from various parametric regressions of (standardized) GPA for math, language, and other subjects respectively on normalized IST, without covariates.
The eligibility cutoff in this picture is 0.

grades 5-6. Finally, for the older cohorts, we also look at field of study choices in university
and the associated (starting) salary. In section 2.5 we consider potential mechanisms that
may have led to these effects.

2.4.1

Results in academic secondary education

Figure 2.3 shows the reduced-form relationships between IST and test scores in math,
language, and other subjects, averaged over grades 2 to 6. The graphs plot the local average outcomes for each IST-bin, and the fitted relationship from various (local) regression
specifications discussed in Section 2.3.2. There is a steadily upward-sloping relationship
between IST and test scores, with clear discontinuities at the entry thresholds for the GT
program that are suggestive of positive program effects on student achievement.12
Table 2.3 contains fuzzy RD estimates of the GT program impact on a variety of
secondary school outcomes for our baseline specification. In columns (1) to (3) we consider
overall performance in school as measured by GPA in math, language, and other subjects
over the grades 2 to 6. The estimates indicate that students do better in all subjects once
they are assigned to the GT program. We find that GT program participation raises GPA
in math, language, and other subjects with 0.38SD (s.e. 0.14), 0.30SD (s.e. 0.14), and
0.44SD (s.e. 0.15), respectively.
Our test score sample consists of all students who did the IST test (N = 3,127) and were observed
in the first grade registry records (N = 3,057).
12
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23
X
X
0.00
1.00
0.040
259.9
0.16
3,057

0.00
1.00
0.007
259.9
0.21
3,057

0.00
1.00
0.004
259.9
0.15
3,057

X
X

-0.35***
(0.04)
0.00
(0.03)
0.06***
(0.01)
0.24***
(0.02)

0.44***
(0.15)

Other

(3)

12.60
1.56
0.348
133.0
0.02
1,771

X
X

-0.25***
(0.08)
-0.11
(0.08)
0.04
(0.04)
0.17***
(0.06)

0.22
(0.24)

#subjects

(4)

2.53
1.65
0.005
133.0
0.10
1,771

X
X

0.56***
(0.09)
-0.30***
(0.08)
0.10**
(0.04)
0.13**
(0.05)

0.76***
(0.27)

#science

(5)

Curriculum (grades 5-6)

0.00
1.00
0.011
118.6
0.13
1,643

X
X

0.09*
(0.05)
-0.33***
(0.06)
0.01
(0.03)
0.11***
(0.03)

0.50**
(0.20)

Math

(6)

0.00
1.00
0.106
118.6
0.09
1,643

X
X

-0.22***
(0.05)
-0.18***
(0.07)
0.10***
(0.03)
0.15***
(0.04)

0.31
(0.19)

Language

(7)

0.00
1.00
0.000
118.6
0.11
1,643

X
X

-0.32***
(0.06)
-0.15***
(0.05)
0.07***
(0.02)***
0.22***
(0.04)

0.75***
(0.18)

Other

(8)

Final exams (grade 6)

Note: Each column represents an instrumental variable regression where GT status is instrumented by Z, and controls for gender, age, FES, CITO, cohort
(dummies), and a quadratic function of normalized IST are included. Class clustered standard errors in parenthesis. */**/*** denote significance at a 10/5/1
percent confidence level. The reported p-value comes from a t-test of the GT program coefficient. The FS F-stat is the first-stage F-statistic of Z.

y
sd (y)
p-value
FS F-stat
R2
N

Cohort
Quadratic IST

std CITO

std FES

X
X

-0.44***
(0.04)
-0.06*
(0.03)
0.04***
(0.02)
0.28***
(0.02)

-0.02
(0.03)
-0.09***
(0.03)
0.04**
(0.02)
0.19***
(0.02)

Male

Age

0.30**
(0.14)

0.38***
(0.14)

Language

Math

GT program

(2)

(1)

GPA (grades 2-6)

Table 2.3. Estimated effects of the GT program on academic secondary school outcomes

In columns (4) and (5) we consider curriculum choices in grades 5 and 6. In the final
years of academic secondary school, most gifted students stopped working on projects.
Instead, they may have opted for a more challenging curriculum. While the GT program
does not necessarily lead to a significantly larger number of chosen exam subjects (#sub),
we do find that GT students follow a more science-intensive curriculum because of the
program. The estimate in column (5) indicates that number of science subjects increases
by 0.76 (s.e. 0.27), compared to an average of 2.5.
In columns (6) to (8) we consider how students perform on their exams in the final
school year. These are high-stake nationwide exams, where exam scores are externally
validated. If exam scores are high enough, students can attend university. We find that
the estimates of the program’s impact on standardized exam scores for all subject are as
large, if not larger, than the estimates reported in columns (1) to (3). The exam score
gains in math, language, and other subjects are 0.50SD (s.e. 0.20), 0.31SD (s.e. 0.19), and
0.75SD (s.e. 0.18), respectively. These results are informative about potential favorable
grading of GT students. If teachers assign too high grades to GT students, we should find
smaller gains in exams because these are checked by external teachers who are unaware
about the student’s giftedness status. As this is not wat we find, we do not think that
GT students do better because of favorable grading practices.13
Instead, the larger exam score gains observed in the final year hint at a cumulative
program effect where GT students do better after spending more time in the GT program.
To explore how GPA outcomes change over time, we present two complementary sets of
program effect estimates. First, we estimate the previous regression model for each grade
separately. Figure 4 shows that these effects, which are uniformly positive in all grades,
tend to modestly increase with the years spent in the program. Second, we test for a
linear effect of cumulative grade years in the GT program. The fully interacted regression
model we estimate is of the form:
Yigt = β1 GTit + γ1 GTit · GRDig + hg (xi ) + β 0g wi + θgt + uigt ,

(2.3)

where g indicates the grade level of student i. The variable GRDig measures the cumulative
number of years a student has spent in GT education. If we normalize GRDig to 0 in
grade 1, the parameters of interest have the following interpretation: β1 captures the
initial effect of GT program assignment on student achievement in the first school year,
and γ1 captures the additional effect of GT program assignment on student achievement
Appendix Table 2.9 reports the GT program effect estimates for five other parametric specifications:
linear; cubic; quadratic-split; linear-split on the zoomed sample; and quadratic estimation on the donut
sample. We find that the estimates are quite stable across these specifications and comparable to GT
program effect estimates obtained using our baseline specification. Appendix Figure 2.6 also plots GT
program effect estimates using linear-split estimation for increasing bandwidth samples. We see that the
corresponding estimates are not very sensitive to bandwidth choice and, again, very similar to the GT
program effect estimates we get when we regress our baseline specification on the full sample.
13
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Figure 2.4. Program effects for math, language, and other subjects by grade
Note: The left, middle, and right panels show the program’s impact on (standardized) GPA for math,
language, and other subjects by grade.

for each additional year in the program. With Zi and Zi ·GRDig as instrumental variables,
we find that program participation leads to significant GPA gains in math, language, and
other subjects in first grade (0.31SD, s.e. 0.13; 0.25SD, s.e. 0.13; 0.32SD, s.e. 0.14). We
also find relatively small but positive program effects for each additional year thereafter
(0.04SD, s.e. 0.03; 0.04SD, s.e. 0.04; 0.08SD, s.e. 0.04), which suggest that part of the
main GPA gains come from improving skills. Only the cumulative effect for other subjects
is large enough to be statistically significant.

2.4.2

Results in university

In Table 2.4 we test whether the positive program effects are longer lasting and carry
over to student choices in university. In column (1) we find that the decision to enroll
in university is not affected by GT education. This is likely due to ceiling effects on
enrollment: that is, the vast majority of SGN graduates continue their education in
university. The small and insignificant estimate further implies there is no selectivity
with respect to the records that we were able to match to the university registry. In
column (2) we turn to field of study and find that the likelihood to choose a science
field increases with 14 percent points, which is not statistically significant but nonetheless
consistent with the more abstract subject choices students make in high school in grades 5
and 6. Interestingly, in column (3) we find that (because of the program) students choose
fields of study with better labor market prospects: the average (predicted) starting salary
inceases with 9 percent (s.e 0.04).
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Table 2.4. Estimated effects of the GT program on long term outcomes
Enrollment

Sc. field

log (w)

(1)

(2)

(4)

GT program

-0.02
(0.06)

0.14
(0.09)

0.09**
(0.04)

Male

-0.03**
(0.01)
-0.01***
(0.01)
0.00
(0.01)
0.05***
(0.01)

0.23***
(0.02)
-0.03
(0.02)
0.02**
(0.01)
-0.01
(0.01)

0.06***
(0.01)
-0.01***
(0.01)
0.01***
(0.00)
0.01
(0.01)

X
X

X
X

X
X

Age
std FES
std CITO

Cohort
Quadratic IST

0.87
0.34
0.785
157.9
0.08
2,438

y
sd (y)
p-value
FS F-stat
R2
N

0.27
0.44
0.117
129.2
0.12
2,110

7.80
0.20
0.017
129.2
0.04
2,110

Note: Each column comes from a separate instrumental variable regression where GT status is instrumented by Z, and controls for gender, age, FES, CITO, cohort (dummies), and a quadratic function of
normalized IST are included. Class clustered standard errors in parenthesis. */**/*** denote significance
at a 10/5/1 percent confidence level.

2.4.3

Results by gender

Table 2.5 reports the estimates of the impact of the GT program on the main achievement
measures in school and university for boys and girls separately. Although the sample split
comes at the cost of precision, we find that some traditional gender patterns are also
observed among gifted and talented students.
With GPAs pooled over all secondary school grades (columns (1) to (3)), we find
traditional gender differences in GPA gains. It seems that the positive program effects for
math are mostly driven by boys (0.53SD, s.e. 0.18), whereas the positive program effects
for language are mostly driven by girls (0.36SD, s.e. 0.20). The program effects we find
for other subjects are most comparable to the positive program effects we find for math
for boys and language for girls, probably reflecting traditional gender differences in school
curriculum, with more science-related subjects for boys and language-related fields for
girls. With curriculum choices made in the final 2 years of secondary school, the program
effects are more notable for girls (columns (4) and (5)). We find that the program tends
to encourage girls more than boys to opt for a science-intensive curriculum.
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With field of study choices made in university, however, program effects are more
pronounced for boys. We again find traditional gender differences in fields of study. In
particular, our estimates on average starting salaries suggest that the program directs boys
more than girls into more challenging fields of study with, on average, higher earnings.14

2.5

Program use and mechanisms

To better understand where GT program benefits come from, we conducted an online
student survey. In this section we describe the survey, discuss program use, and analyze
various channels that could potentially lead to a positive program impact.

2.5.1

The online survey

In May 2014, we conducted an online survey in which we asked current students at SGN
questions about their behavior and attitudes regarding school. To enhance response, the
survey was made smartphone compatible. Of the 911 students in grades 3 to 6 who
received the survey, 452 students responded, of which 100 are GT participants. Survey
response was not selective with respect to GT status near the cutoff (coeff. 0.07, s.e.
0.20).15
We asked several questions to gifted students concerning program use. Table 2.6
summarizes the answers (complemented with SGN register information on project type).
We see that program participation rates are high. About 95 percent of all students
assigned to the GT program actively participate and work on projects. We also see that
GT students spend, on average, about 3.5 hours per week on their project. Girls more
frequently skip language classes than boys, and the reverse holds for math. Most students
(roughly 66 percent) report they skip classes they consider easy. When we look at project
choice, we see that girls are more likely to choose language-related projects, whereas boys
more frequently choose math/science-related projects.
We have also asked how students spend their project time. While most students
report to devote all (37 percent), or almost all (38 percent), of their project time to the
project, about 25 percent of the students indicate that they regularly use their project
time for other purposes (homework, test preparation, or some form of leisure activity).
Among all students that squander project time (including those who report to do this only
once in a while), test preparation appears the primary reason for misuse (not reported).
Interestingly, we also see that the gender differences in project subjects coincide with
The program’s impacts by field of study, which we report in the appendix Table 2.10, show that
boys are less likely to sort into the least rewarding field of study (Arts and Behavioral sciences) whereas
girls are more likely to sort into the most rewarding field of study (Medicine and Healthcare).
15
Also, estimated program effects do not vary significantly by survey response (the interactions are
-0.09 (s.e. 0.20) for math, -0.30 (s.e. 0.19) for language, and -0.32 (s.e. 0.19) for other subjects). These
differences, though, are rather imprecisely estimated.
14
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(3)

#subjects

(4)

#science

(5)

Enroll

(6)

Sc. field

(7)

log(w)

(8)

Field of study (university)

(2)

Other

Curriculum (grades 5-6)

(1)

Language

0.12
(0.10)

0.12**
(0.05)

0.06
(0.05)

0.09**
(0.04)

0.01
(0.06)

0.18
(0.14)

0.14
(0.09)

1.15***
(0.41)

-0.02
(0.09)

-0.02
(0.06)

0.39
(0.42)

0.50
(0.39)

0.76***
(0.27)

0.35*
(0.21)

0.05
(0.31)

0.22
(0.24)

0.36*
(0.20)

0.53***
(0.19)

0.44***
(0.15)

0.24
(0.21)

0.27
(0.19)

0.30**
(0.14)

0.53***
(0.18)

0.38***
(0.14)

Math

GPA (grades 2-6)

Table 2.5. Estimated effects of the GT program on academic secondary school outcomes by gender

Baseline (N = 3,057; 1,771; 2,438)
GT program

Female (N = 1,404; 873; 1,135)
GT program

Male (N = 1,653; 898; 1,303)
GT program

Note: Each estimate comes from a separate instrumental variable regression where GT status is instrumented by Z, and controls for gender, age, FES, CITO,
cohort (dummies), and a quadratic function of normalized IST are included. Class clustered standard errors in parenthesis. */**/*** denote significance at a
10/5/1 percent confidence level.
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Table 2.6. Usage of the GT program
Female

Program use†
Substituted hours
all to project time
almost all to project time
regularly for other use
Substituted subject
Math
Language
Other
Substituted subject, why?
Easy
Dislike
Other
Substituted to project type†
Math
Language
Other
N

Male

Mean

s.d.

Mean

s.d.

Difference p-value

0.94
3.41
0.32
0.44
0.24

0.24
1.81
0.47
0.50
0.43

0.96
3.62
0.39
0.35
0.26

0.18
2.15
0.49
0.48
0.44

0.03
0.21
0.07
-0.09
0.02

0.17
0.61
0.49
0.38
0.81

0.50
0.98
0.96

0.51
0.14
0.20

0.59
0.88
0.94

0.50
0.33
0.24

0.09
-0.10***
-0.02

0.39
0.00
0.34

0.68
0.26
0.06

0.47
0.45
0.24

0.65
0.26
0.09

0.48
0.44
0.29

-0.02
-0.01
0.03

0.80
0.94
0.56

0.14
0.30
0.57

0.34
0.46
0.50

0.45
0.20
0.36

0.50
0.40
0.48

0.31***
-0.10***
-0.21***

0.00
0.01
0.00
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Note: Survey sample of assigned students, excluding 10 cases (9 percent) due to item non-response. All
variables are binary except for hours, which runs from 0 to 12 hours per week. P-values from independent
mean comparison t-tests. */**/*** denote significance at a 10/5/1 percent confidence level. † Registry
sample of 513 treated students from cohorts ’98-’05.

the gender differences in project effect sizes: boys more likely choose math topics and
experience the largest test score gains in math, while girls more frequently choose language
projects and improve there. This supports the idea that GT students learn from GT
education and gain academic skills. Researchers in gifted education have reported that
approximately 40 to 50 percent of traditional classroom content and skill instruction at
a given grade level is redundant for gifted students (e.g. Reis and Purcell, 1993). The
gifted students seem to realize this and skip the easy classes to work on project subjects
that, on average, seem related to the classes they missed. Hence, GT students may have
improved their grades because of the skills they acquired from working on their projects.

2.5.2

Mechanisms that benefit GT students

Several mechanisms predict that students improve their grades in response to the GT program; among these are improved academic skills (and beliefs thereof), enhanced psychological traits, increased student effort, and differential treatment of parents and teachers.
In our survey we ask all students about these features; as a result, we can identify causal
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Table 2.7. Estimated mechanisms of the GT program
Mechanism variable

GT coefficient given specification

(standardized)
Skills
Responsibility
Independence
Psychological traits
Motivation
Confidence
Academic esteem
Effort
Time learning
Parents & Teachers
Parent stimulus
Teacher stimulus

Baseline
(1)
0.32(0.40)
-0.02(0.40)

Linear
(2)
0.27(0.32)
-0.07(0.32)

Linear split
(3)
0.26(0.35)
-0.08(0.37)

-0.49(0.35)
-0.44(0.28)
-0.31(0.33)
-0.15(0.30)
0.53(0.26)** 0.40(0.22)*

-0.54(0.33)*
-0.26(0.32)
0.46(0.24)*

-0.59(0.27)**

-0.59(0.25)**

0.29(0.31)
0.29(0.27)
452

N

-0.49(0.21)**
0.19(0.25)
0.06(0.22)
452

0.23(0.27)
0.22(0.25)
452

Note: Each estimate comes from a separate instrumental variable regression where GT status is instrumented by Z, and controls for gender, age, FES, CITO, and cohort (dummies) are included. Normalized
IST is controlled for quadratically (1), linearly (2), or linearly on both sides (3). Class clustered standard
errors in parenthesis. */**/*** denote significance at a 10/5/1 percent confidence level. The mechanism variables are all standardized and constructed by taking the mean of two or more (standardized)
items with a 0-100 (slider) scale. The average Cronbach’s alpha of these measures is 0.65. The skill and
academic esteem variables are single item.

channels, as in the previous section, by comparing the (standardized) answers of students
who were tested just below and just above the assignment cutoff. Table 2.7 shows fuzzy
RD regression results for different (standardized) measures using three different specifications (baseline, linear, and linear split).
The first mechanism asserts that students accumulate more academic skills because of
GT education. We have already presented some evidence in favor of academic skill gains:
GT students opting for a more academic and demanding school curriculum, the gradual
increase in grades after spending more time in the GT program, and the parallel gender
patterns in program effect sizes and project subject choices (including the unobserved
skills they likely develop there). Here we test whether GT education helps students to
become more independent and responsible, which we view as academic skills. In theory,
we expect that an individualized GT program with features such as class skipping, project
development, and project management, builds responsibility and independence. In the
survey we ask students whether they see themselves as a responsible and independent
student on a 0-100 (slider) scale. It seems that the GT program enhances responsibility,
but leaves independence unaffected. The estimates are stable between specifications,
but come with large standard errors, so the results for responsibility serve, at most, as
suggestive evidence of academic skill accumulation.
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The second mechanism links the GT program to a broader set of psychological traits
and characteristics. Many psychological factors may contribute to student achievement,
with intrinsic motivation and self-confidence probably the most important ones. In our
survey, we measure intrinsic motivation using six slider questions asking students whether
they are eager to learn, eager to go to school, easily bored, keen on high grades, and
receptive learners at school. There is no clear evidence that GT education fosters motivation. We find insignificant estimates that systematically point in the opposite direction.
Similarly, there is no clear evidence that GT education builds self-confidence either, as
captured by the self-confidence slider measure.
Another psychological factor that could lead to better grades is improved academic
esteem (e.g. Bong and Skaalvik, 2003). If students are told that they are gifted, they
may hold stronger beliefs about their academic abilities and improve their academic performance. As a proxy for academic esteem we have asked students whether they think
of themselves as a good learner. Our regressions show positive, significant, and substantial program effects on self-assessed measures of academic esteem, which suggests that
labeling students as gifted can be one of the channels at work.
The third mechanism runs through effort. If GT education demands students to work
harder we expect that GT students get higher grades. We measure effort by asking
students how much time per week they spend on homework and test preparation. The
estimates indicate that GT students do not spend more time on homework (and test
preparation) than non-GT students; on the contrary, we find that students who spend
less time in class also report to spend less time learning the core curriculum.16
The fourth and last mechanism involves behavioral changes of parents and teachers.
If parents and teachers know that some of the children are gifted, they may treat these
children differently. Students were asked six questions on whether they were helped,
encouraged, or pushed by their parents and teachers. We find some weak evidence in
favor of treatment differentials; that is, all the estimates are similarly positive. The
standard errors are too large to draw any firm conclusions, however.17

There are alternative explanations why students can accumulate skills with less study effort. One
possible explanation is that GT students become more effective learners (they allocate their time on
housework and test preparation more efficiently to compensate for the hours missed in class). Another
explanation is that GT students discount their project time spend on housework and test preparation
when they answer the study effort question. One referee suggested that GT students are less tired when
doing the exams. If classroom hours are more demanding than project hours, the fatigue explanation
should also hold for physical tests they do in gym classes. When we look at performance in gym classes,
as measured by GPA for gymnastics, we find no such impact of the program (not shown here).
17
One concern related to treatment differentials is that some parents and teachers may push their
children and students too much, possibly with adverse effects. When we run separate fuzzy RD regressions
for helping and encouraging parents and teachers versus pushing parents and teachers, we find program
estimates (not reported here) that are all similarly positive.
16
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2.5.3

Mechanisms that hurt non-GT students

Identification of GT program effects must assume that GT education itself does not
weaken the performance of those students who are not gifted; otherwise, our fuzzy RD
design is contaminated and differences in grades observed at the assignment cutoff can no
longer be interpreted as GT program benefits for gifted students. Such contamination may
arise through disappointment of being left-out, and through missed classroom spillovers.
We discuss each contamination mechanism in turn.
First, students who are left out may feel disappointed and frustrated and as a consequence perform less than they are able to. We find no evidence to support such a
disappointment mechanism. All students are informed about their IST and FES test
scores. If we assume that non-gifted students near the admission cutoff are also the most
disappointed and frustrated students, we should see poorer performance of non-gifted students just below the admission cutoff. Figure 2.3, presented earlier, shows quite clearly
that there is no dip in grades just below the cutoff. In addition, we have asked all leftout students how disappointed they were for not being selected for the program. Over
80 percent of all students report that they were not disappointed. Of those who report
feelings of disappointment, only 5 students expressed to be seriously so.
Second, there is a large empirical literature on spillover effects in schools documenting
that peers matter, either through their characteristics (e.g. Sacerdote, 2011), or their
number (e.g. Krueger and Whitmore, 2001). In our context, the GT program enforces
gifted and talented students to spend some time outside their regular classroom reducing
possible positive spillover effects to those who stay.18 If GT peers matter, we expect their
impact to increase in their number. In appendix Table 2.12 we regress grades on the
fraction of gifted students in the class (columns 3 to 5). The point estimates are all small
and not statistically significant. These estimates can be interpreted in a causal way if
gifted pupils are randomly assigned to classes. Columns (1) and (2) of the same table
suggest this is the case; the classroom fraction of gifted students is unrelated to FES
scores, CITO scores, and other student characteristics. Hence, spillover effects are not
likely.

2.6

External validity

A natural question to ask is what we can learn from studying one particular GT program
in one particular school in the Netherlands. In this section we try to answer this external
validity question by comparing the academic secondary school under study (SGN) to other
schools on two key dimensions: GT program characteristics and GT program effects.
It is also possible that, as the GT students leave the class, it becomes more homogeneous. This might
help teachers tailor their teaching to the benefit of the remaining group of non-GT students (e.g. Duflo
et al., 2011). Hence, the effect of having gifted peers sometimes leave the class is a priori ambiguous.
18
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2.6.1

GT program characteristics

There are 38 independent gymnasium schools in the Netherlands. In a small survey that
we sent out to the principals of these gymnasium schools, we have asked several questions
concerning their GT curriculum. Most principals (27 of them) responded. Appendix
Table 2.13, column (2), documents the mean responses. While there is some variation
in the details of GT programs, we see that almost all the gymnasium schools offer an
individualized GT pull-out program of the kind that SGN does. The only difference
appears to be that - for most gymnasium schools - students can choose from a diverse
set of projects, while at SGN project choice is entirely demand driven. With respect to
other design features such as selection, content, type, cost, and completion, SGN runs a
very similar GT program compared to other prestigious academic secondary schools in
the Netherlands. Also, as discussed in section 2.2.1, we see that the students at SGN are
representative for gynmasium students at large in terms of CITO scores.

2.6.2

GT program effects in other schools

In 2012 we introduced an almost identical GT program in three other secondary schools
in the Netherlands (see appendix Table 2.13, column (3), for the main program characteristics). This subsection describes the main features and results of this program in order to
strengthen the external validity of our SGN findings. In chapter 3 we give a more detailed
description and evaluation of this GT program.
The three secondary schools are organized as comprehensive schools that offer multiple
tracks, including the academic track (VWO) and general track (HAVO). These schools
therefore admit a much wider selection of students than SGN. Over a period of three
years, we exposed third graders to a GT program where the best performing students
could trade off classroom teaching for in-school time to work on projects they came up
with themselves, very similar to the GT program of SGN. The program covers a full school
year, which consists of four terms: in the first term students with the highest GPA scores
are selected; in the second and third term these students choose and work on their own
projects; and in the final term the same students present their projects in a competition
for the best project award. About 20 percent of students pass the admission threshold
and qualify for the program (the threshold grade is set at first term GPA of 7.5). We
refer to these students as high achievers. About 75 percent of them decide to enter the
program. We refer to these students as participants.
The sample of classes where the GT program was introduced contains 1,067 third-grade
students, of which 192 qualified to participate in the GT program. For all students, we
calculate their first term overall GPA distance to the cutoff (which is the running variable)
and construct comparable achievement measures based on grades listed on their final
report card issued at the end of the year: overall GPA, GPA for math, GPA for language,
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Table 2.8. GT program effects in three other schools
Three
Comprehensive
Schools
Outcome

(1)

Overall GPA

(2)

(3)

0.32***
(0.12)
0.27**
(0.11)
0.27**
(0.12)
0.29**
(0.12)

0.50***
(0.19)
0.43**
(0.19)
0.31*
(0.17)
0.54***
(0.20)

3

1

3

1,067

3,057

2,359

0.36**
(0.15)
0.19
(0.19)
0.29*
(0.16)
0.39***
(0.15)

GPA Math
GPA Language
GPA Other

Grade
N

SGN

Note: Each estimate comes from a separate instrumental variable regression where GT status is instrumented by Z. The estimates from column (1) are the (fuzzy) RD estimates from Table 3.5 in chapter
3. In columns (2) and (3) controls for gender, age, FES, CITO, cohort (dummies), and a quadratic
function of normalized IST are included. Class clustered standard errors in parenthesis. */**/*** denote
significance at a 10/5/1 percent confidence level.

and GPA for other subjects. We note that these achievement measures are not affected by
subject choice differences because all third graders follow the same (track-specific) subject
curriculum. With this information we can then estimate regression discontinuity models
similar to the ones we present in equations (1) and (2) using another context and data
source.
Table 2.8 contains the estimation results. In column (1) we find that third grade
students at the three comprehensive schools benefit from GT program participation. The
positive impacts on GPA for all subjects, as well as for math, language, and all other
subjects separately, are quantitatively large. Only the impact on GPA for math is not
precise enough to be statistically significant. We next compare these GPA gains with
those obtained by first and third graders at SGN. We consider first-grade students because
they are comparable with respect first-time program exposure. We consider third-grade
students because they are comparable with respect to age and grade. In columns (2) and
(3) we find that GT program participation leads to comparable GPA gains in all subjects
as well as in math, language, and other subjects separately. We conclude that the overall
impact of GT education on student achievement is clearly positive for the comprehensive
schools, which supports the external validity of our SGN findings.
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2.6.3

GT program effects in other studies

There are only a few other studies on the causal impact of GT education on student
performance. In the context of primary education, Card and Giuliano (2014, 2016) apply
a fuzzy RD design to estimate the effect of a GT education program on math and reading
test scores of US students. The GT program they investigate puts gifted students together
in classrooms with students who performed well in previous grades, receiving a modified
enriched curriculum. They find little, if any, test score gains for gifted students, but large
and positive program effects of 0.29SD for math and 0.28SD for reading for students with
high grades in previous years (which they refer to as high achievers). Bui et al. (2014)
examine the effect of GT education among US fifth graders exposed to GT programs
that take many shapes and forms. They confirm that gifted students close to the GT
program admission cutoff do equally well, regardless of GT program exposure. They do
not investigate high achievers.
In the context of secondary education, Bui et al. (2014) also examine the effect of GT
programs on math, reading, language, and science test scores among US middle school
students. In particular, they exploit a lottery in oversubscribed middle schools that offer
GT programs to identify causal program effects and find, again, that the GT program
had no influence on academic performance.19
With these GT effect estimates in hand, only the Card and Giuliano findings for
high achievers are similar to those reported here (we get 0.38SD for math and 0.31SD
for languages). While it is hazardous to attempt to compare effect sizes of different GT
programs that run in different schools in different countries, one possible explanation for
the similarity in findings is that the gifted students in our study are high achievers too:
that is, the secondary school in our study is a selective school which only admits students
who performed well in primary school.

2.7

Summary and discussion

In this paper we use a fuzzy RD design to estimate the effect of a gifted education program
on math, language, and other subject grades of academic secondary school students in
the Netherlands. All the fuzzy RD estimates consistently show positive program effects
on student achievement; that is, the marginal student who is barely admitted to the
GT program gets at least 0.30 standard deviations higher grades for math, language, and
other subjects, follows a more math and science intensive curriculum, and, after secondary
school graduation, chooses a more challenging field of study in university which have, on
average, 9 percent higher associated staring salaries.
Bhatt (2012) also looks at US middle school students but uses an instrumental variable strategy that
exploits differences in GT program admission rules between schools. She finds positive test score gains
of 0.68SD for math and 0.53SD for reading, but these may (partly) reflect sorting of students to schools.
19
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We further use student surveys to better understand why the program works. The
program did not encourage students to work harder, boost their self-confidence, or raise
their motivation to learn. The program did, however, improve the students’ academic
esteem. Additionally, students exposed to the program substitute easy courses in favor
of complex projects that are, on average, related to the classes they missed. Male students work more on math and science related-projects, and female students work more on
language-related projects. At the same time, male students experience the largest gains
in math grades, and female students in language grades. Moreover, students tend to do
better the more years they spend in the GT program. These findings together are all
suggestive of a conventional human capital channel; that is, GT education accumulates
academic skills (and beliefs thereof), which in turn leads to higher grades and choosing
more demanding fields of study with, on average, higher (expected) starting salaries.
Many GT programs in Europe and the US are pull-out programs (Sekowski and Lubianka, 2015; Bhatt, 2011). The GT program that we evaluate is a pull-out program that
runs in comparable form at many academic secondary schools in the Netherlands. This
raises several questions. One question is whether the GT program is beneficial in other
schools. We believe so. In a replication exercise, we show that comparable GT programs
run in less prestigious secondary schools lead to comparable gains in student achievement.
Another question is whether the benefits of such a program outweigh its costs. Again,
we believe so. The GT program we consider is a low-cost program. SGN spends about
€100k on GT education every year, out of a total budget of €10m. Given the number of
gifted students, this would translate into program costs of about €300 per gifted student
per year, roughly comparable to the $185 average GT cost reported by Bhatt (2011). The
GT program is also a beneficial program that raised the average starting salary associated
to the field of study choice. While these labor market benefits of GT education appear
far greater than its costs, we recognize that a comparison between the program costs and
benefits based on average starting salary (rather than actual starting salary) can only be
speculative. One natural avenue for our future research is therefore to collect information
on the students actual salary, examine the true returns to GT education, and deliver a
more accurate cost-benefit analysis.
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Supplementary Figures and Tables
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Figure 2.5. Geographic spread of gymnasium schools in the Netherlands.
Note: The dot sizes small, medium, and large indicate, 1, 2, or more gymnasium schools in the given city
respectively.

Table 2.11. Disappointment not admitted to the GT program
Female

Male

Mean

s.d.

Mean

s.d.

Difference

p-value

Disappointed

0.13

0.03

0.25

0.04

0.11

0.02**

N

180

118

Note: Sample of control students, excluding 44 cases (13 percent) due to item non-response. Disappointment is a binary variable indicating that a student is either ’Yes, a little bit disappointed’ (48 cases) or
’Yes, very much disappointment’ (5 cases). P-values from independent mean comparison t-tests. */**/***
denote significance at a 10/5/1 percent confidence level.
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(3)

(4)

(5)

(6)

(7)

(8)

Field of study (university)

(2)

Curriculum (grades 5-6)

(1)

0.09**
(0.04)

log(w)

0.14
(0.09)

Sc. field

-0.02
(0.06)

0.05*
(0.03)

Enroll

0.76***
(0.27)

0.16***
(0.06)

#science

0.22
(0.24)

-0.01
(0.04)

#subjects

0.44***
(0.15)

0.47**
(0.23)

Other

0.30**
(0.14)

0.36*
(0.20)

Language

0.38***
(0.14)

0.45***
(0.11)

0.05
(0.05)

0.33***
(0.11)

0.10
(0.11)

0.08
(0.06)

0.53***
(0.11)

-0.10
(0.07)

0.12
(0.15)

0.13***
(0.04)

0.09**
(0.04)

0.89**
(0.38)

-0.08
(0.08)

0.12
(0.12)

0.14*
(0.09)

0.04
(0.36)

0.73
(0.54)

0.02
(0.07)

-0.03
(0.06)

0.40*
(0.21)

0.40
(0.39)

0.69**
(0.29)

0.79***
(0.29)

0.33*
(0.19)

0.64**
(0.27)

0.11
(0.28)

0.12
(0.27)

0.33
(0.20)

0.43*
(0.23)

0.45**
(0.19)

0.41*
(0.16)

0.51**
(0.25)

0.31*
(0.17)

0.28*
(0.15)

0.44**
(0.17)

0.35**
(0.15)

Math

GPA (grades 2-6)

Table 2.9. Estimated effects of the GT program on outcomes using alternative specifications

Baseline (N = 3,057; 1,771; 2,110)
GT program

Linear (N = 3,057; 1,771; 2,110)
GT program

Cubic (N = 3,057; 1,771; 2,110)
GT program

Quatratic Split (N = 3,057; 1,771; 2,110)
GT program

Zoom (N = 1,013; 641; 713)
GT program

Donut (N = 2,788; 1,602; 1,930)
GT program

Note: Each estimate comes from a separate instrumental variable regression where GT status is instrumented by Z, and controls for gender, age, FES, CITO,
and cohort (dummies) are included. The baseline model includes a quadratic function of normalized IST. The split model includes separate quadratic functions
of normalized IST on both sides. The zoom model includes separate linear functions of normalized IST on both sides zoomed into ±9 normalized IST range. The
donut model includes a quadratic function of normalized IST, with ±2 normalized IST range removed. Class clustered standard errors in parenthesis. */**/***
denote significance at a 10/5/1 percent confidence level.
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Figure 2.6. Estimated math effect from linear split regression with varying bandwidth
Note: The optimal bandwidth level is chosen following Imbens and Kalyanaraman (2012). The quadratic
fit is our baseline estimate.
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Table 2.10. Results on HE field of study choice
Effect of GT program
Chosen Field of study

Wage

Share

Total

Male

Female

Earth and environment

€ 2392

0.06

Economics and business

€ 2750

0.14

Science and informatics

€ 2731

0.08

Behavioral and societal sciences

€ 1973

0.09

Healthcare

€ 2973

0.17

The Arts

€ 1903

0.09

Educational and pedagogy

€ 2045

0.03

Law and governance

€ 2545

0.12

Language and communications

€ 2116

0.09

Technical

€ 2520

0.12

0.01
(0.05)
-0.04
(0.06)
0.08
(0.06)
-0.05
(0.05)
0.08
(0.07)
-0.11**
(0.06)
-0.05
(0.03)
0.04
(0.06)
-0.01
(0.05)
0.05
(0.07)

0.05
(0.08)
-0.04
(0.10)
0.12
(0.11)
-0.10**
(0.05)
0.00
(0.10)
-0.20**
(0.10)
-0.03
(0.03)
0.10
(0.08)
0.07
(0.07)
0.02
(0.12)

-0.01
(0.05)
-0.05
(0.06)
0.06
(0.05)
0.00
(0.08)
0.17*
(0.10)
-0.03
(0.07)
-0.07
(0.05)
-0.02
(0.09)
-0.11
(0.08)
0.07
(0.07)

Note: All effect estimates come form separate instrumental variable regressions of a field of study dummy
on GT status, instrumented by Z, and controls for gender, age, FES, CITO, cohort (dummies), and a
quadratic function of normalized IST included. Class clustered standard errors in parenthesis. */**/***
denote significance at a 10/5/1 percent confidence level.
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Table 2.12. Estimated spillover effects of fraction GT among students below the cutoff
Balancing
Frac.GT
in class
(1)

Av.CITO
in class
(2)

Age
std FES
std CITO

Cohort
Quadratic IST
y
sd (y)
p-value
N

Math

Language

Other

(3)

(4)

(5)

-0.076
(0.239)

-0.098
(0.180)

0.082
(0.210)

-0.002
(0.007)
0.003
(0.008)
-0.003
(0.003)
-0.002
(0.004)

-0.035
(0.040)
-0.126**
(0.041)
0.048*
(0.019)
0.168***
(0.021)

-0.424***
(0.043)
-0.108**
(0.040)
0.047*
(0.019)
0.268***
(0.025)

-0.359***
(0.045)
-0.051
(0.040)
0.067***
(0.018)
0.230***
(0.025)

X
X

X
X

X
X

X
X

X
X

0.242
0.106
0.339
2,285

0.000
0.158
0.438
2,285

Frac. GT

Male

GPA

-0.003
(0.004)
-0.001
(0.004)
0.002
(0.002)
-0.003
(0.002)

-0.177
0.912
0.752
2,247

-0.096
0.966
0.589
2,247

-0.112
0.954
0.699
2,247

Note: Sample of students before the cut-off. Each column comes from a separate regression with controls
for gender, age, FES, CITO, cohort (dummies), and a quadratic function of normalized IST included. The
p-value in columns (1) and (2) are from an F-test on the joint significance of the controls. The p-value in
columns (3) - (5) come from a t-test on the coefficient of Fraq. GT . Robust (clustered) standard errors
in parentheses in columns (1) - (3) (3 - 5). */**/*** denote significance at a 10/5/1 percent confidence
level.
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Table 2.13. GT programs in other schools compared to SGN

Average CITO test scores
Has GT program?
Selection
- cognitive test
- grades
- teachers
- mixed
- self-selection
Fraction eligible GT students
Type
- extra classes/hours
- leave the class
- tracked class
Content
- demand driven (student choice)
- supply driven (school offer)
- demand and supply driven
Time (hours per week)†
Period
- one year
- three years
- six years
Focus period
- lower secondary
- upper secondary
Cost
- less than €50k
- between €50k and €100k
- more than €100k
Completion
- fair/presentation
- certificate
- various
- none
N

SGN

Other
Independent
Gymnasiums

Three
Compreh.
Schools

(1)

(2)

(3)

547.5
1

546.9
1.000

541.2
1

0
0
0
1
0
0.252

0.038
0.077
0.077
0.654
0.154
0.213

0
1
0
0
0
0.180

0
1
0

0.000
0.923
0.077

0
1
0

1
0
0
3.550

0.077
0.000
0.923
2.820

1
0
0
4.000

0
0
1

0.192
0.154
0.654

1
0
0

1
0

0.400
0.600

1
0

0
1
0

0.222
0.667
0.111

1
0
0

1
0
0
0

0.400
0.120
0.440
0.040

1
0
0
0

1

27

3

Note: Columns (1) and (3) list GT program characteristics of SGN and the three comprehensive schools
respectively. All variables are binary, except average CITO, fraction eligible GT, and time, which are
means calculated from the microdata of the respective schools. Column (2) reports means of 27 other
independent gymnasium schools.† If not tracked into separate class.
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Chapter 3
Can gifted and talented education
raise the academic achievement of all
high-achieving students? 1
3.1

Introduction

Many schools provide gifted and talented (GT) programs, with program admission based
on test scores or past achievement (Bhatt, 2011). In recent years, researchers began
to exploit these selective admission rules in a regression discontinuity (RD) framework to
identify the causal relationship between GT education programs and student achievement.
While the resulting RD estimates are by design informative of the program’s impact for
marginal students (those who are near the admission cutoff), the same estimates are not so
informative for potentially weaker and stronger students (those who are further away from
the admission cutoff). Such information, however, is important to school administrators
and social scientist. With credible program estimates for a broader group of students,
schools could more efficiently and justly allocate resources to GT programs and researchers
could better understand how to develop more effective GT programs.
In this paper we provide causal effect estimates of a GT program (with selective
admission) on student achievement for a broader group of students in secondary education.
The GT program we consider is an individualized pull-out program, based on ideas of
(Renzulli, 1977), in which selected students can decide to replace classroom teaching (with
teacher consent) for in-school time to work on self-selected projects. The GT program
takes a full school year, which consists of four terms: in the first term students are selected;
in the second and third term students choose and work on their projects; and in the final
term students present their projects in a competition for the best project award. The
GT program is selective and offered to those students who scored the highest grade point
1

This chapter is based on joint work with Adam Booij and Erik Plug (2017).
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average (GPA) in the first term of the school year. About 18 percent of students pass
the admission threshold and qualify for the program. We refer to these students as high
achievers. About 60 percent of them decide to enter the program. We refer to these
students as users. Booij et al. (2016, chapter 2) evaluate the impact of a comparable
GT program on academic performance of the smartest students in a prestigious academic
secondary school in the Netherlands and find, among other things, that those students who
just made it into the GT program obtain much higher grades and follow a more science
intensive curriculum. The question of how these positive program impacts generalize to
other schools and students is at the center of this paper.
We conduct a study to evaluate the impact of a GT program on student achievement
in three secondary schools in the Netherlands. These schools are large comprehensive
schools that offer multiple tracks, including academic secondary education (VWO) and
general secondary education (HAVO). Within each track, all students follow the same
program during the first three school years. At the end of third school year, students
choose their field of specialization: science, health, social sciences, or humanities. These
fields strongly correlate with the choice of major in tertiary education later in life. In
2012, we introduced GT education to third-grade students in one of the two tracks within
schools. Over a period of 3 years, some 2,400 third graders were involved in the study.
To measure the impact of the GT program on student achievement, we construct
three different estimates. First, we use the fragmented GT program implementation
(in different tracks at different schools) to get difference-in-differences (DD) estimates
for all students above the admission cutoff. Second, we use the GT admission rule to get
regression discontinuity (RD) estimates for students near the admission cutoff. And third,
we combine the DD and RD strategies to allow for impact heterogeneity and estimate
whether the program’s impact is different for students with a different first term GPA
ranking. Student achievement outcomes are defined in terms of grade point averages and
field choice measured at the end of the third school year.
We find that the program’s impact is positive for all participating students. Students
near the admission cutoff experience a 0.2 standard deviation gain in their grade point
average. Students further away from the admission cutoff experience even larger gains.
In addition, we test for possible adverse program effects among students excluded from
the program. If some of these students experience feelings of disappointment for being
left out, or miss out on classroom spillovers, we may find positive program effects not
because eligible students do better but because non-eligible students do worse. We find
no evidence of this.
Our paper contributes to the emerging economics literature on the causal impact of
GT education on student skills. The few studies on the topic apply RD designs and thus
focus on students near the admission cutoff. Their results are mixed. Some studies find
that high-achieving students gain academic skills (Card and Giuliano, 2016; Booij et al.,
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2016, chapter 2). Other studies find no gains for gifted students (Bui et al., 2014; Card
and Giuliano, 2015). With so few program effect estimates that vary so widely, it is
insightful to have one more study on the topic using credible methodologies with different
data.
Our paper also contributes to the recent econometric literature on the extrapolation
of RD estimates away from the cutoff. The studies on this topic, however, take very
different approaches. We list a few representative examples. Bertanha (2016) obtains
RD estimates for a more diverse group of marginal individuals by exploiting variation in
cutoffs. Angrist and Rokkanen (2015) use additional control variables that are strongly
related to the running variable to turn selective admission into randomized admission. If
the estimated impact of the running variable, after adding the controls, gets close to zero,
treatment assignment is arguably random, and corresponding RD estimates are informative for all treated individuals. Our paper most closely relates to those RD extrapolation
studies that use alternative proxies for the relationship between the running variable and
outcomes for treated individuals in the absence of the treatment, including functional
form extrapolation based on the estimated relationship between the running variable and
outcome (Angrist and Pischke, 2009), and derivative-based extrapolation based on the
estimated marginal effect of the running variable on the outcome at the cutoff (Dong and
Lewbel, 2015). We add to these latter studies by estimating the relationship between the
running variable and outcome using students who are above the cutoff in untreated tracks
in treated schools as the counterfactual students.
The remainder of the paper is organized as follows. Section 3.2 discusses secondary
education, the secondary schools in which the GT program takes place, the features of the
GT program, and the pilot design. Section 3.3 describes the empirical strategy and data.
Section 3.4 presents and discusses the main empirical findings. Section 3.5 summarizes
and concludes.

3.2

Context: Secondary education, GT program and
study design

In this study we implement a GT program in three comprehensive secondary education
schools in one particular region in the Netherlands. In the following, we provide a brief
overview of secondary general education, the GT program, and how the GT program
implementation is helpful in estimating the effect of GT education on student achievement.

3.2.1

Secondary education

Dutch secondary education offers general and vocational education. Within general secondary education, students are tracked on ability into two distinct types: academic sec45

ondary (VWO) and general secondary (HAVO). Ability is measured through national
primary exit exams taken in the final year of primary education (CITO test score). The
VWO track takes 6 years and prepares students for higher education in research universities. The HAVO track, which is less advanced, takes 5 years and prepares students for
education in universities of applied sciences. Within track type, students follow the same
program during the first three school years and a field-specific program during the final
school years, which they choose in the final term of the third year. Students can choose
between science, health, social sciences, and humanities. These field choices correlate
strongly with the choice of major in higher education and corresponding earnings. Many
schools in secondary general education are organized as comprehensive schools that offer
multiple tracks, including the VWO and HAVO tracks. Three such comprehensive schools
participated in our study on GT education.
Secondary school students start school at age 12. Students are taught in classes.
Within school tracks, students follow the same subjects, including languages, mathematics, history, arts, and sciences. Students are taught, tested, and graded by subject
teachers. In large schools with many students and many subject teachers, students in
different classes are often taught the same grade subject by different subject teachers.

3.2.2

The GT program

Inspired by Renzulli’s notion that promising students may benefit from an enriched education program with exposure to new content, active application of own skills, and creation
of a product (Renzulli, 1986, 1977), we introduced a selective GT program under third
grade students in three comprehensive secondary schools. The GT program in question
is an individualized pull-out program, where selected students receive the right to trade
in classroom lessons (with teacher consent) for project time (spent elsewhere) to work on
a project of their own choice. Teachers can deny students the right to trade in classroom
lessons, for instance, when student performance is unsatisfactory. The schools provides
rooms, computers, and arts and crafts facilities to help students on their projects. Participating students can choose which classroom hours to devote to their project, with a
maximum of five hours per week. The GT program spans one school year. A school
year is divided into four terms. In the first term of the school year students are selected.
Students with a first term grade point average above a pre-determined cutoff are invited
to participate.2 Students are graded on a 0 to 10 point scale. The cutoff grade is set at
7.5 or 8 depending on the school and year. Students are not informed about the program
beforehand, nor about the cutoff value. In the second and third term of the school year
students choose and develop a project topic, which can be anything. At the end of the
school year, students present their projects to teachers, parents, and fellow students in
2

Throughout the paper, we will use baseline GPA in reference to first term GPA.
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a competition for the best project award. Students are supervised by their GT mentors
throughout the development of the project. Mentors are instructed to let students take
the lead in project development and to provide hands-off supervision aimed at having
a finished project at the end of the year. Mentors and students meet every two weeks.
We should note that participating students follow the same classes (when they are not
working on their projects), face the same curriculum, and do the same exams as the other
students.3

3.2.3

The GT study design

In order to best estimate the impact of the program on the academic performance of third
graders in both tracks, we assigned the program to third graders in one of the two tracks
per school. There exist 6 possible permutations when we stratify the third grade students
by school and track (HHV-HVH-VHH-VVH-VHV-HVV ). Schools could not choose. We
assigned students into program and comparison tracks randomly, by flipping a coin in
front of the school management.
Before the start of the study, the three schools were informed about the details of the
GT program. The third grade team leaders at the selected tracks of the three schools
were instructed to coordinate the GT program. Each school formed a GT team consisting
of a GT coordinator, GT mentors, and class mentors. The GT coordinator consults GT
mentors and GT students about project progress, consults class mentors about student
achievement, and schedules GT team meetings. GT students choose their GT mentors
as supervisors. GT mentors are instructed to let students take the lead in project development and to provide hands-off supervision aimed at having a finished project at the
end of the school year. GT mentors and students should meet every two weeks. The
class mentors monitor the GT students in class. For preparation, representatives of the
three GT teams visited another (academic) secondary school, that has much experience
with running a comparable GT program. We further provided funds to cover some of the
program costs, which include material costs for projects and opportunity costs of regular
teaching time allocated to GT mentoring. The program treatment started in the school
year 2012-2013 and ran for three consecutive school years. For the whole study period,
one of us was present at one of the three schools to inform parents, students, and teachers
about the GT program, to monitor the working of the GT program, and to check whether
the GT teams and GT students behaved according to the GT program guidelines,.
Notwithstanding our continuous monitoring, some events occurred that may have
compromised the setup of our study. First, one school reduced the number of school
Booij et al. (2016, chapter 2) evaluate a GT program at a prestigious academic secondary school in
Nijmegen. While the GT program in this study is very similar in design, it differs from the program in
Nijmegen in a few respects. The selection process is based on past achievement and not on test scores.
As such, the school selects high achievers. The program targets students at different ability levels. As
such, the program is not elitist. Additionally, the program is exclusively for third graders.
3
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terms from 4 to 3 in the second year of the experiment. Since the first term GPA would
arrive later in the school year, we decided to assign students to the GT program on the
basis of GPA obtained in the last term of the year before (second grade). Second, some
enthusiastic GT mentors felt that the assignment procedure was too strict and started to
invite students with GPA scores under the assignment cutoff. We will therefore analyze
the program’s impact on student achievement in two ways. First, we provide reducedform estimates of the impact of program assignment on student achievement. Second,
we provide instrumental variable estimates of the impact of the program on student
achievement using initial program assignment as an instrumental variable for program
use.

3.3

Empirical Strategy

We apply three complementary strategies to identify the program’s impact on student
achievement: (i) we use the fragmented GT program implementation (in different tracks
at different schools) to get difference-in-differences (DD) estimates for all students above
the admission cutoff;4 (ii) we use the GT admission rule to get regression discontinuity
(RD) estimates for students near the admission cutoff; and (iii) we combine the DD and
RD designs to estimate how the program’s varies with baseline achievement.

3.3.1

Combining DD and RD Strategies

To measure the impact of the GT program for all those students with a baseline GPA
above the admission cutoff, we exploit the differentiated introduction of GT education
in different tracks at different schools and estimate a standard difference-in-differences
regression model on the full sample of students:
Yisty = β DD Tst Zi + αT st + γZ i + δXi + µs + µt + µy + uisty ,

(3.1)

where Yisty is a measure of the academic achievement of student i in track t at school s
at year y (defined as the track-specific standardized GPA taken over the school year), Tst
is a dummy variable indicating whether a student is in a treated track, Zi is a dummy
variable indicating whether a student has a baseline GPA above the admission cutoff, Xi
is a vector of exogenous student characteristics including gender, age, and primary school
test scores, µs is a set of school fixed effects, µt is a track fixed effect, and µy is a set of
year fixed effects. The parameter β DD measures the program’s intention-to-treat impact
In our setup, we have randomized at the school-track level. With cluster randomization involving
few clusters, randomization into program and comparison tracks does not guarantee that students in
program and control tracks are, on average, very similar. The DD analysis accounts for any pre-treatment
differences between students in program and control tracks and therefore gives more credible estimates.
4
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for all program eligible students.
To measure the impact of the GT program for those students with a baseline GPA
near the assignment cutoff, we exploit the discrete nature of the assignment rule and run
a standard regression-discontinuity model (with a different slope on either side of the
cutoff) on the restricted sample of students in treated tracks:
Yisty = β RD Zi + γ1 zi + γ2 Zi zi + δX i + µt + µy + uisty ,

(3.2)

where zi is the running variable measuring past achievement (defined as the GPA taken
over the first term of the school year, and normalized to 0 at the admission cutoff). The
track fixed effect µt also captures the school fixed effect because (in our setup) only one
track per school is treated. The parameter β RD measures the program’s intention-to-treat
impact for those eligible students near the admission cutoff.
To measure whether the program’s impact is different for students near and further
away from the admission cutoff, we combine DD and RD strategies and run the next
regression model using the full sample of students:
DD/RD

Yisty =β1

DD/RD

Tst Zi + β2

Tst Zi zi +

αT st + γzi + δXi + µs + µt + µy + uisty .

(3.3)

DD/RD

measures the intention-to-treat
This is our preferred specification. The parameter β1
DD/RD
measures
effect for students near the admission cutoff. The interacted parameter β2
the extent to which stronger students benefit more from the GT program.
We estimate these three regression models using ordinary least squares (OLS), with
standard errors clustered at the level of the classroom-year. There are two points to note
here. First, we deviate from the preferred level of clustering, which is at the treatment
level. In our setup, we would then work with just 6 clusters and run the risk of underestimating the standard errors. Instead, we opt for classroom-year clusters because
in large schools with many classes and subject teachers, we believe that most of the
within-school-track-year variation is driven by within-classroom-year variation and not
by between-classroom-year variation. Second, we have introduced strategies that provide
intention-to-treat estimates. We also have information about actual program use. In
Section 4 we will exploit this information. With Zi as instrumental variable for program
use, we estimate the impact of the GT program for those students who actually receive
GT education using two-stage least squares (2SLS).

3.3.2

Data

The three participating schools gave us access to their student administration records
on basic demographic characteristics, such as gender and age, primary education exit
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Table 3.1. Summary statistics
Control tracks

Treated tracks

A: Characteristics

mean s.d.

mean s.d.

difference p-value

Male
Age

0.48 0.50
14.41 0.41

0.46 0.50
14.33 0.40

-0.02
-0.08

0.41
0.00

0.44
0.46
0.50
0.46

-0.10
0.04
0.06
0.46

0.00
0.02
0.00
0.00

540.37 5.23
6.80 0.68
0.11 0.32

542.08 4.92
6.87 0.72
0.18 0.38

1.71
0.06
0.07

0.00
0.02
0.00

0.00 0.00
0.00 0.00

0.18 0.38
0.13 0.33

0.18
0.13

0.00
0.00

6.49
6.44
6.46
6.51
0.45

6.60
6.58
6.62
6.60
0.50

0.12
0.13
0.16
0.09
0.05

0.00
0.00
0.00
0.00
0.02

B: School and track
SCHOOL
SCHOOL
SCHOOL
Academic

1
2
3
track

0.37
0.25
0.38
0.25

0.48
0.43
0.49
0.43

0.26
0.29
0.44
0.71

C: Pre-test
raw CITO score
baseline GPA (running variable)
Z (baseline GPA above cutoff)
D: Treatment
GT program (eligible)
GT program use
E: Outcomes
GPA
GPA math
GPA language
GPA other
STEM
Number of classes
Number of pupils

48
1,356

0.69
1.06
0.81
0.74
0.50

0.74
1.17
0.86
0.73
0.50

40
1,067

exam scores (CITO test scores), GT program assignment status, track status, field of
specialization and any other school grade obtained from the day of entry until the day of
leave. We sample all third year students in the school years 2012/2013, 2013/2014 and
2014/2015.
For these students, we construct several measures of academic achievement: overall
GPA, GPA for math, language, and other subjects, and one indicator of choosing an
advanced curriculum in the final school years. Within each track, all third grade follow
the same curriculum. Grades range from 1 to 10. The overall GPA variable is the mean of
all subject grades that appear on the final report card issued in the last term of the year.
The math variable is the final score for the standard mathematics subject.,The language
variable is the mean of the final subject scores in Dutch, French, German, and English.
The other subject variable is the mean of the final subject scores in all other subjects,
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including geography, history, arts and sciences.
At the end of the third school year, students decide on their field of specialization for
their final years of secondary school. There are four fields: the science track (NT which
stands for nature and technology), the health track (NH which stands for nature and
health), the social sciences track (ES which stands for economics and society), and the
humanities track (CS which stands for culture and society). These fields differ in many
dimensions. When we order fields on math and science difficulty, we get NT>NH>ES>CS
(as in Buser et al. 2014). Students must select one field. Some students select two fields
(or a combination thereof). Typical field combinations are then NT with NH and ES
with CS. We define third grade students as STEM students when they choose NT or NH
as specialization.
Each school has 4 to 7 classes per track. With about 25 to 30 students per class,
some 800 students entered third grade the year the experiment started. Over a period
of 3 years, a total of 2,423 third graders were involved in our study. We assigned 1,067
students to tracks with a GT program, of which 191 students had a high enough baseline
GPA to participate in the GT program. Table 3.1 provides sample means and standard
deviations of the outcome and control variables that we study below.

3.4

Main Results

Suppose GT education has a substantial impact on student achievement. Under ideal
experimental conditions (where GT programs are randomly introduced in different tracks
in many schools), we would then see similar GPA scores for non-eligible students (with
baseline GPA scores below the admission cutoff) in treated and control tracks and a sharp
rise in GPA scores for eligible students (with baseline GPA scores above the admission
cutoff) in treated tracks. Figure 3.1 shows exactly this. There, we plot differences in GPA
scores between students in treated and control tracks as a function of the baseline GPA
scores. Each point represents the difference in GPA means for students in treated and
control tracks in bins of 0.2 GPA points. The baseline GPA scores are normalized to 0 at
the admission cutoff. For non-eligible students we see that GPA differences are close to
zero and statistically insignificant. For eligible students we see that the differences in GPA
scores are positive and mostly statistically significant. This suggests that GT education
has a beneficial impact on student achievement, regardless of previous performance.

3.4.1

ITT Results

Using the strategies described above, we can quantify the impact of GT education on
student achievement. Table 3.2 contains the ITT estimates. All the estimates are obtained
using ordinary least squares regressions.
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1.5
Standardized effect
.5
1
0
-.5
-1.5

-1

-.5
0
.5
Baseline GPA distance to threshold
Effect

1

1.5

95% CI

Figure 3.1. GPA differences in control and treated tracks
Note: The panel shows unconditional GPA differences for students in treated and control tracks by past
GPA scores in symmetric bins of 0.2 GPA points around the eligibility cutoff. The baseline GPA scores
are normalized to 0 at the eligibility cutoff.

DD Results
In columns 1 to 3 we present estimates of program eligibility on student achievement using
the DD specifications in equation (1) with varying sets of control variables. In column 1
we estimate the sparsest model with program track (T ), program eligibility (Z) and the
interaction between the two (T × Z) as the only right-hand-side variables. We find that
exposure to GT education leads to a 0.23 (s.e. 0.10) standard deviation GPA gain. In
columns 2 and 3 we add school, track, year dummies, and student characteristics. The
inclusion of these control variables does not affect the measured effect of being program
eligible.
The causal interpretation of our DD estimates assumes that students in treated tracks,
in absence of GT education, would perform similarly as students in control tracks. But
can we use (potentially) eligible students in control tracks as the appropriate counterfactual students? We believe so. When we compare non-eligible students in treated and
control tracks on their baseline performance, we find no structural differences in GPA
scores. The treated track estimates in columns 1 to 3, which account for average GPA
differences between non-eligible students in control and treated tracks, are all close to 0
52

and statistically insignificant. When we break up the baseline GPA into smaller segments,
non-eligible students in control and treated tracks continue to perform very similarly, regardless of their baseline scores (as in Figure 3.1).
RD Results
In columns 4 to 6 we present the RD estimates of program eligibility on student achievement. In the RD specifications, we limit the sample to students in treated tracks and
estimate equation (2) with varying sets of control variables. We find that, for students
close to the admission cutoff, eligible students perform much better than non-eligible
students. All three RD estimates are positive and statistically significant. Without additional covariates, we estimate GPA gains of about 0.14 (s.e. 0.06) of a standard deviation.
With additional covariates, we estimate gains that are slightly larger.
The causal interpretation of our RD estimates assumes that eligible students just
above the cutoff, in the absence of GT education, would perform similarly as non-eligible
students just below the cutoff. Again, we can ask ourselves whether we can use noneligible students near the cutoff as the appropriate counterfactual students. Standard
tests suggest we can. Would we observe a discontinuity at the admission cutoff in program
participation (suggesting that students near the cutoff are treated differently), but not
in past pre-program GPA scores (suggesting that students near the cutoff are similar
in pre-program characteristics), any positive (or negative) GT program effect on postprogram GPA scores can be interpreted in a causal way. The RD graphs, which we show
in the Appendix, confirm this. Figure 3.4 shows a sharp jump in the probability of GT
participation (without bunching at the cutoff). Figure 3.5 shows no apparent jump in age,
gender, and primary school exit test scores (CITO), which are all predictors of student
achievement. And Figure 3.6 shows a clear discontinuity at the admission cutoff in student
achievement when we visually zoom in on students near the admission cutoff (panel (b)).
DD/RD Results
In columns 7 to 9 we combine the DD and RD approaches and present estimates that
capture the impact of GT education for eligible students near and away from the admission
cutoff. In column 7 we find that average student achievement jumps up by 0.10 of a
standard deviation for eligible students with baseline GPA scores near the cutoff, and
increases by 0.45 of a standard deviation for each additional point in baseline scores
thereafter.5 At the bottom of the table, we also report estimates of the average impact of
We have also estimated GT program effects for increasing bandwidth samples. In Appendix Figure
3.3 we report the corresponding estimates for eligible students near the cutoff using the DD/RD and RD
specifications with covariates. We see that the RD estimates are most sensitive to bandwidth choice; that
is, there we get increasing GT program effect estimates as the bandwidth increases. We therefore take
the DD/RD estimates (for students near the cutoff) as the preferred estimates, which are slightly smaller
than the corresponding RD estimates but much less sensitive to bandwidth choice.
5
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(1)
0.22**
(0.09)

(2)
0.22**
(0.09)

(3)

(4)

RD
(5)

(6)

-0.01
(0.06)

0.09
1.03
0.006

X

0.80
40
1067

0.09
1.03
0.006

X
X

(7)

0.00
1.00
0.061
0.000
0.29
0.05
0.000
0.71
88
2423

DD/RD

(8)

(9)

0.00
1.00
0.074
0.000
0.29
0.05
0.000
0.75
88
2423

X

0.00
1.00
0.066
0.000
0.29
0.05
0.000
0.75
88
2423

X
X

0.11*
0.10*
0.10*
(0.06)
(0.06)
(0.06)
0.45*** 0.48*** 0.47***
(0.08)
(0.08)
(0.08)

-0.01
(0.06)

X
X
0.09
1.03
0.024

0.80
40
1067

0.14**
0.17*** 0.17***
(0.06)
(0.06)
(0.06)
0.48*** 0.54*** 0.52***
(0.09)
(0.09)
(0.08)

X

0.00
1.00
0.019

0.77
40
1067

1.16*** 1.12*** 1.12***
(0.05)
(0.05)
(0.05)

0.00
1.00
0.024

0.42
88
2423

1.20*** 1.20*** 1.19***
(0.03)
(0.03)
(0.03)
-0.02
0.04
0.04
(0.06)
(0.05)
(0.05)

0.00
1.00
0.022

0.41
88
2423

0.02
(0.08)

0.34
88
2423

1.54*** 1.51*** 1.47***
(0.08)
(0.08)
(0.07)

0.23**
(0.10)

DD

Table 3.2. Estimated ITT effects of the GT program on GPA

GT program
GT program ×z
Z
z
Treated track

School, track, year dummies
Controls
y
sd (y)
p-value
p-value joint
ITT
s.e.(ITT)
p-value ITT
R2
Ncluster
N

Note: Each column represents a different OLS regression. Controls are gender, age, and CITO. Class clustered standard errors in parenthesis. */**/*** denote
significance at a 10/5/1 percent confidence level. The reported p-value (joint) comes from a t-test (F-test) of the GT program coefficient (and interaction). The
ITT is the average intent-to-treat estimate with reported standard error and p-value.
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GT education for all eligible students. Relative to eligible students in the control tracks,
we find that eligible students exposed to GT education experience a 0.29 of a standard
deviation gain in GPA. Including additional exogenous variables does not affect any of
the program impact estimates, including the impacts we estimate for students near the
cutoff, for students away from the cutoff, as well as the average impact for all students
above the cutoff.
Figure 3.2 illustrates the sparsest model we have estimated in column 7. The blue
line shows the linear relationship between current and baseline GPA scores for potentially
eligible and non-eligible students in control tracks. The two black lines show the linear
relationship between current and baseline GPA scores for non-eligible and eligible students in treated tracks separately. The black broken line speculates what the relationship
between current and baseline GPA for eligible students in the treated tracks would be in
the absence of GT education using the extrapolated relationship between current and past
GPA scores for non-eligible students in treated tracks. Perhaps not surprisingly, we see
that the baseline GPA scores serve as a strong predictor for current GPA scores. Average
GPA scores increase steeply for all non-eligible students. We also see that the lines for
non-eligible students in control and treated tracks are on top of each other.6 Average
GPA scores continue to increase gradually for eligible students in control tracks.7 Average
GPA scores for students in treated tracks, however, jump at the admission cutoff and
then continue to increase more steeply, particularly in comparison to potentially eligible
students in control tracks.
Interestingly, the similarity in performance of non-eligible students in treated and
control tracks rules out that the positive program effects come from non-eligible students
doing worse. Suppose, for the moment, that non-eligible students in treated tracks score
a lower GPA than they would normally score (in the absence of a GT program) because
they feel frustrated for being left out or because they miss out on spillovers from those
To formally test whether the relationship between current and baseline GPA is similar for non-eligible
students in treated and control schools, we estimate the following relationship on a sample of non-eligible
students (Zi =0)
Yisty = α1 T st + α2 Tst (zi − z) + γ1 (zi − z) + isty ,
6

where the forcing variable has been centered at 0 in the estimation sample. If the parameters α1 and α2
are zero, non-eligible students in treated and control tracks are similar in terms of academic performance.
The estimates (with standard errors in parenthesis) we get for α1 , α2 and γ1 are 0.02 (0.06), -0.08 (0.07)
and 1.24 (0.05), respectively. The estimates α1 and α2 are also jointly statistically insignificant (with a
p-value of 0.43).
7
We have also tested for a trend break at the cutoff for students in control tracks (Ti = 0). In
particular, we have estimated the following relationship on a sample of untreated students
Yisty = γ1 zi + γ2 Zi zi + isty .
If the parameter γ2 is zero, the relationship between current and baseline GPA is similar for untreated
students with baseline scores below and above the cutoff. With the estimates (with standard errors in
parenthesis) we get for γ1 and γ2 , being 1.22 (s.e. 0.05) and -0.10 (s.e. 0.14) respectively, we find no
evidence of a structural break for these students.
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Figure 3.2. GPA of students in control and treated tracks
Note: The panel shows mean GPA scores for students in treated and control tracks by past GPA scores
in bins of 0.2 GPA points. The past GPA scores are normalized to 0 at the eligibility cutoff.

high-achieving students who left the classroom. Since we do not see that non-eligible
students in treated tracks perform less than non-eligible students in control tracks, we
believe that our results indicate that eligible students in treated tracks benefit from being
exposed to GT education and because of that score a higher GPA at the end of the third
grade.8

3.4.2

Other Outcomes

Table 3.3 contains additional ITT estimates of the effect of GT education on other student achievement measures. We disaggregate our GPA measure and consider the more
commonly used GPA measures for math, language, and other subjects. We also consider
field choice students make at the end of the third school year, which determines their
curriculum in later school years with important implications for future graduate school
choices. In particular, we estimate whether students are more likely to choose one of
Card and Giuliano (2016) also compare math and reading test scores between high-achieving students
near and away from the cutoff in schools with and without a GT classroom program. While they find
qualitatively similar program effect estimates for students near the admission cutoff, they also find that
the positive impact of the GT program fades out for students further away from the admission cutoff.
8
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the more demanding science tracks (NT or NH), which we refer to as STEM choice. The
model and identification strategy is the combined DD/RD model, which we estimate with
and without additional covariates by OLS (as in Table 3.2, columns 7 and 9).
We first look at GPA in math and language separately. For eligible students near
the cutoff, we find that the effects are larger for math than for language. The estimated
program effects for math range from 0.12 to 0.21 standard deviations, whereas the estimates for language are close to 0.10 and statistically insignificant. For eligible students
further away from the cutoff, we find that the program impacts reverse in magnitude and
get significantly larger for language than for math. The average impact for all eligible
students above the cutoff, however, are all positive, statistically significant, and similar
in magnitude. Average GPA math score gains are in the order of 0.21 to 0.36 standard
deviations, whereas the average GPA language score gains are in the order of 0.26 to 0.34
standard deviations (columns 1 to 4, bottom panel). When we run our regressions on
GPA in other subjects, we find that the effects are overall somewhat weaker. For students
near the cutoff, the program estimates for other subjects are positive but smaller than for
math. For students away from the cutoff, the program estimates for other subjects are
again positive but smaller than for language.
We next take a look at curriculum choice. We find that the program raised the overall
likelihood that students choose a more science oriented curriculum. For eligible students
near the cutoff, the estimated program impact on STEM choice is positive and ranges
from 7 and 10 percentage points. Only the 10 percentage point increase is statistically
significant at traditional confidence levels. These effects do not change for students further
away from the cutoff. We estimate positive impacts for all eligible student at 6 to 10
percentage points (columns 5 and 6, bottom panel).
Although the estimates appear more sensitive to the inclusion of control variables than
the estimates for the main outcome presented in 3.2, our estimates clearly indicate that
the GT program has increased academic performance for all eligible students: that is, they
obtain higher grades in all subjects, and choose a more science demanding curriculum.

3.4.3

IV Results

As noted, eligible students do not always participate in the GT program. Similarly, some
non-eligible students sometimes do participate. To identify the impact of GT education
on student achievement among students who actually participate in the program, we
will apply a standard IV setup and use eligibility status as our instrumental variable
for program participation. We take again the combined DD/RD model as our preferred
model, which we estimate with and without additional covariates by 2SLS (see table 3.5
in appendix for 2SLS estimates for DD and RD specifications). One complication of this
model is the additional endogenous interaction term, for which we need an additional
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(4)

(5)

(6)

(7)

(8)

STEM
(3)

0.10*
(0.05)
-0.01
(0.10)
0.16***
(0.02)
-0.03
(0.03)

Other

(2)

0.07
(0.05)
-0.02
(0.11)
0.18***
(0.02)
0.02
(0.03)

Language

(1)

0.08
(0.06)
0.24***
(0.07)
1.13***
(0.04)
0.01
(0.05)

0.47
0.50
0.062
0.060
0.10
0.04
0.020
0.12
88
2423

X
X

0.10*
(0.06)
0.26***
(0.08)
1.11***
(0.03)
-0.03
(0.06)

X
X

0.00
1.00
0.153
0.001
0.17
0.06
0.004
0.64
88
2423

0.47
0.50
0.160
0.237
0.06
0.04
0.108
0.07
88
2423

0.10
(0.07)
0.63***
(0.11)
0.99***
(0.03)
0.05
(0.06)
X
X
0.00
1.00
0.158
0.000
0.34
0.06
0.000
0.64
88
2423

0.00
1.00
0.088
0.000
0.20
0.06
0.001
0.60
88
2423

0.06
(0.07)
0.52***
(0.11)
1.06***
(0.03)
0.03
(0.07)
X
X
0.00
1.00
0.143
0.007
0.21
0.08
0.006
0.42
88
2423

0.00
1.00
0.368
0.000
0.26
0.06
0.000
0.57
88
2423

0.12
(0.08)
0.25**
(0.12)
0.95***
(0.04)
0.08
(0.07)

0.00
1.00
0.023
0.000
0.36
0.09
0.000
0.37
88
2423

0.21**
(0.09)
0.38***
(0.13)
0.83***
(0.04)
-0.03
(0.07)

Math

Table 3.3. Estimated ITT effects of the GT program on other outcomes

GT program
GT program×z
z
Treated track

School, track, year dummies
Controls
y
sd (y)
p-value
p-value joint
ITT
s.e.(ITT)
p-value ITT
R2
Ncluster
N

Note: Each column represents a different OLS regression. Controls are gender, age, and CITO. Class clustered standard errors in parenthesis. */**/*** denote
significance at a 10/5/1 percent confidence level. The reported p-value (joint) comes from a t-test (F-test) of the GT program coefficient (and interaction). The
ITT is the average intent-to-treat estimate with reported standard error and p-value.
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source of exogenous variation in program participation. Our experimental setup deals
with this. We exploit two groups of counterfactual students: non-eligible students near
the admission cutoff in treated tracks, and eligible students in control tracks.
Table 3.4 contains IV regression results for all outcomes, where GT program use (×z)
is instrumented by GT program eligibility (×z). The first stage estimates that mediate
these results are 0.49 (s.e. 0.06) at the cutoff and about 0.21 (s.e. 0.11) further away
(interaction). This suggests that complience is about 50 percent at the cutoff and about
70 percent for students with initial GPA scores one point higher than the cutoff. The
first stage estimates are insensitive to the inclusion of covariates, and jointly statistically
significant, with corresponding F statistics high enough for our instruments to be relevant.
In columns 1 and 2 we present the 2SLS estimates of the impact of program participation on student achievement (as measured by overall GPA scores). We find that all
the impact estimates get larger, especially those for eligible students near the cutoff. According to these estimates, students who just made it into the program score about 0.22
to 0.25 standard deviation higher because of GT program participation. The positive
interaction estimates of 0.57 to 0.60 indicate that stronger students benefit even more
from the GT program. In the bottom of Table 3, we present additional 2SLS estimates
of the effect of GT education of student achievement for all participating students who
comply to their eligibility status (LATE). For those complying students, we find that GT
program participation raises overall GPA with about 0.45 of a standard deviation.
In columns 3 to 8 we present results for disaggregated outcomes: math, language, and
other subjects. While these estimates are more sensitive to the inclusion of covariates
than the aggregate outcomes in columns 1 and 2, they concur with the ITT findings
presented earlier: we find positive impacts across the board with effects of about 0.20
standard deviation at the cutoff, and an additional 0.30 for students one GPA point
further away or more. The estimated program impacts for compliers are about 0.30 of a
standard deviation for math and other subjects, and 0.50 for languages. These results are
all statistically significant.
In columns 9 and 10 we consider STEM choice. For students near the cutoff, we find
that those students who participate in the GT program are about 0.15 to 0.20 percentage
points more likely to choose a more science intensive study track. These effects are
sizable, and with the inclusion of additional covariates, sizable enough to be statistically
significant. For students further away from the cutoff, the overall impact on STEM choice
seems to fall but not in a meaningful way. The overall effect on the complier population is
still substantial; that is, the average eligible student is significantly more likely to opt for
a more science driven curriculum because of the GT program, with point estimates of 0.12
(s.e. 0.07) and 0.17 (s.e. 0.08) in specifications without and with control variables.With
roughly 50 percent of the students choosing STEM, these impact estimates corresponds
to an increase of at least 25 percent.
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Table 3.4. Estimated LATE’s of the GT program

GT program use
GT program use×z
z
Treated track
School, track, year dummies
Controls
y
sd (y)
p-value
p-value joint
FS F-stat level
FS F-stat slope
LATE
s.e.(LATE)
p-value LATE
R2
Ncluster
N

Note: Each column represents a different IV regression where GT program use (×z ) is instrumented by GT program eligibility (×z ). The odd columns are
restricted to the treated sample. Controls are gender, age, and CITO. Class clustered standard errors in parenthesis. */**/*** denote significance at a 10/5/1
percent confidence level. The reported p-value (joint) comes from an F-test of the GT coefficient (and interaction). The FS F-stat level(slope) is the joint first
stage F-statistic of the instruments on GT program use (×z ). The LATE is the estimated local average treatment effect with reported standard error and p-value.
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3.5

Summary and Discussion

Selective GT education programs are becoming increasingly popular in secondary education. In this paper we examine whether such programs can raise the educational
performance of secondary school students in the Netherlands. In particular, we invite
third grade students with a high enough GPA in the beginning of the school year to
take part in a program where they can trade off classroom teaching for in-school time to
work on self-selected projects. Using the fragmented program implementation in different
study tracks among 2,400 third grade students in three large comprehensive schools, we
provide evidence that third graders eligible for the program experienced significant GPA
gains measured at the end of the third school year (average gain of about 0.30 standard
deviations) and were significantly more likely to choose the science intensive track for the
subsequent school years (average rise of 6-10 percentage points). Interestingly, we also
find that the benefits of attending the program in terms of GPA gains were much stronger
for students with higher baseline grades. When the study period of three years elapsed,
the three schools decided to continue with GT education and roll out the GT program to
all their first, second and third grade students.
While the GT program under study works, it is not directly clear why it works. Being
above the cut-off involves many things, including being told to belong to the group of high
achievers, decreasing the number of classroom hours, getting help working on a project of
choice, and participating in a competition. With the data at hand, it is not possible for
us to test for the mechanisms underlying our results.
Our results should, nonetheless, speak to researchers, educators and policy makers.
Researchers who study selective GT programs often use RD strategies and thus identify,
by design, the impact on student performance using gifted students near the admission
cutoff. Their results are mixed. While some studies find that GT education works and
raise the academic skills of eligible students, other studies find no gains at all. Our results
suggest that these studies may have missed some of the possible benefits of GT programs
for smarter students who are further away from the cutoff.
Educators often debate GT programs. Some advocate such programs for challenging
gifted students to reach their full (academic) potential. Others criticize the same programs for being elitist and unfair. Our results should appeal to both sides of the debate.
GT advocates should generally like GT programs that work. GT critics should be less
concerned when the GT program is not restricted to a few smart students. Our results
indicate that a GT program (in which students can replace classroom hours for project
hours) is beneficial for a much broader group of students. In addition, GT program costs
are low. In the three schools, we calculate the average additional costs per participating
student at about €200 per year. While such GT programs take away some resources from
other students, it is hard to think of a substitute program with comparable gains that is
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cheaper.
And finally, policy makers may want to know whether to scale up such a program.
Of course, advice on scaling up should generally depend on the broader generalizability
of results. In another study (Booij et al., 2016, chapter 2), we examine the effect of
a comparable GT program (already implemented since 1983) at a prestigious academic
secondary school in another city. There we find results very similar to those presented here:
that is, eligible students near the cutoff obtain higher grades and follow a more science
intensive curriculum. In this light, we treat our results as complementary, suggesting that
it is relatively easy to implement a simple individualized pull-out program that is effective
for high-achieving students.
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Appendix
IV estimates for DD and RD specifications
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(0.07)

X
X

X
X

-0.02
(0.06)
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Table 3.5. Estimated LATE’s of the GT program

GT program use
GT program use×z
Z
z
Treated track
School, track, year dummies
Controls
y
sd (y)
p-value
p-value joint
FS F-stat level
FS F-stat slope
R2
Ncluster
N
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(3)
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RD
(4)

0.65*** 0.19
(0.17)
(0.19)
0.24
(0.19)
0.96***
(0.07)

X
X

0.98***
(0.06)

X
X

-0.01
(0.08)

0.00
1.00
0.000
0.000

0.07
1.05
0.332
0.137
55.0
57.7
0.48
40
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119.9
0.18
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2423

RD
(6)

DD
(7)
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(8)
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DD
(5)

0.09
(0.17)

Language

0.50**
(0.20)

0.39***
(0.15)
0.36**
(0.17)

1.46***
(0.08)

X
X

X
X

-0.03
(0.06)

0.00
1.00
0.598
0.598

119.9
0.36
88
2423

0.07
0.99
0.008
0.000
55.0
57.7
0.69
40
1067

0.99***
(0.05)

0.29*
(0.16)
0.83***
(0.26)
1.21***
(0.08)

X
X

0.95***
(0.06)

X
X

-0.01
(0.06)

0.00
1.00
0.010
0.010

0.11
1.02
0.071
0.000
55.0
57.7
0.64
40
1067
119.9
0.41
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2423

DD
(9)

RD
(10)

STEM

0.18*
(0.11)

0.18*
(0.11)
-0.10
(0.17)

0.18***
(0.05)

X
X

0.17***
(0.03)

X
X

-0.04
(0.03)

0.47
0.50
0.088
0.088

0.50
0.50
0.092
0.222
55.0
57.7
0.09
40
1067

119.9
0.09
88
2423

Note: Each column represents a different IV regression where GT program use (×z ) is instrumented by GT program eligibility (×z ). The odd columns are
restricted to the treated sample. Controls are gender, age, and CITO. Class clustered standard errors in parenthesis. */**/*** denote significance at a 10/5/1
percent confidence level. The reported p-value (joint) comes from an F-test of the GT coefficient (and interaction). The FS F-stat level(slope) is the joint first
stage F-statistic of the instruments on GT program use (×z ).
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To illustrate the credibility of our RD design, we show graphs in which we plot GT
program admission, GT pre-treatment cognitive test scores, and post-treatment GPAs,
against baseline GPA scores. Discontinuities observed at the admission threshold in GT
program admission and GPAs, but not in pre-treatment baseline GPAs, would imply that
any positive (or negative) GT program effect can be interpreted in a causal way. Below we
also plot RD estimates of program eligibility on post-treatment GPA on smaller samples.
We have selected the smallest sample based on the formal bandwidth selection procedure
of Imbens and Kalyanaraman (2012). Credible estimates are robust to wider bandwidth
choices.
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Figure 3.3. ITT effect estimates from linear split regression with varying bandwidth
Note: The optimal bandwidth level is chosen following Imbens and Kalyanaraman (2012) using the
treated sample with covariates included.
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Figure 3.4. Fuzzy RD first stage effect
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Note: The top panel shows fitted values from linear first stage regressions of GT program assignment on
baseline GPA scores in the treated sample, without covariates. The blue line is fitted using the optimal
bandwidth sample. The bottom panel shows the distribution of normalized GPA scores. The admission
cutoff in this picture is normalized to 0.
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Figure 3.5. Fuzzy RD reduced form effects on pre-treatment outcomes age, gender and
CITO scores
Note: The left, middle, and right panels show fitted values from parametric and non-parametric reduced
form regressions of pre-treatment outcomes age (coeff. -0.02, s.e. 0.05), gender (coeff. -0.01, s.e. 0.06),
and CITO scores (coeff. 0.10, s.e. 0.11) on baseline GPA scores in the treated sample, without covariates.
The eligibility cutoff in this picture is 0.
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Figure 3.6. Fuzzy RD reduced form effects on GPA scores
Note: The left panel shows fitted values from parametric and non-parametric reduced form regressions
of the main outcome student GPA on baseline GPA scores, without covariates, using a sample all treated
students. In the right panel we show the same results but zoom in on treated students near the cutoff.
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Chapter 4
‘Is it the label?’ Experimental
evidence on testing and labeling
4.1

Introduction

This research project is an extension of chapters 2 and 3 of this thesis. The project started
to help answer two questions. The first one is the isolated effect of an intelligence test,
used to identify gifted and talented (GT) students, on student performance. The second
is the additional effect on student performance of giving well performing students a ’GT’
label, in this chapter coined ’excellent’ label, or label.
The two papers mentioned above find that an enrichment program for gifted students
in Dutch secondary education, has a positive effect on student performance. One of the
questions that is raised by these papers is what effect the selection for this enrichment
program itself - the receipt of the label so to speak - has on student performance. The reasoning is that being selected might boost student self-esteem. Also, parents and teachers
might adjust their expectations, and thereby have an impact on the allocation of resources
for students.
Before GT programs start, students need to be selected. The most widely used selection instrument for GT programs are cognitive aptitude tests (McBee, 2010; Bui et al.,
2014). A natural question is to ask whether the additional feedback stemming from these
tests to both gifted and regular students, changes their performance in any way? To answer this question I randomly exposed 12 classes of first grade students from two schools
in the Netherlands1 to cognitive aptitude tests and compare them to 13 control classes.
The test is provided by the Center of Giftedness (CBO) of the Radboud University, and
is often used to select students for GT programs. CBO states to have tested tens of

The two schools are Jac. P. Thijsse College (JPT) in Castricum, and Kennemer College (KEC) in
Beverwijk. These schools also participated in the study presented in chapter 3. The sample of students
differs between chapters.
1
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thousands of Dutch students on giftedness in the last decade.2
On top of the testing, I introduced the label “excellent” for students who scored among
the top 17% (1 standard deviation from the mean) of the population. I thereby constructed
a regression discontinuity (RD) design with allows me to estimate the additional impact
of this label on student performance.
I find that introducing the ability test in a low stake test setting, does not have a
significant effect on student performance or on other outcomes. Also, introducing an
“excellent” label on top of this testing, does not produce a robust significant positive
effect on student performance.
This paper contributes to the scarce economic literature on the causal effect of ability
testing on student performance. In the literature on testing, there is broad agreement that
there is a moderate to strong correlation between intelligence testing and educational
achievement. Various authors find correlations between 0,4 and 0,8 between the two
(Sternberg et al., 2001). The test I use in this research project, IST, has been validated in
the Netherlands. The correlation between IST-outcomes and results for Dutch psychology
students on language, science and/or societal subjects is between 0,15 en 0,3 (Liepmann
et al., 2010).
To establish a causal relation between a test and student performance is more complicated. Jacob (2005) finds a large impact of test based school accountability on student
performance in math and reading. Increases in test specific skills and strategic teacher
behavior are the likely channels. Firestone et al. (1998) also refers to the response of
(math) teachers to the introduction of a state wide testing program which provides small
to moderate incentives for them. Other researchers do find important effects. Vogler
(2002) reports that many teachers responded to a change in the content of a test by
adapting their teaching methods in the direction of what educational researchers would
call best practices. Winters et al. (2010) find that high stakes tests not only lead to substantial gains in student performance on high stake subjects, but on low stake subjects as
well. Although schools allocate more resources to subjects in high stakes tests, the low
stakes subjects also seem to profit. Nichols (2007) reports in a review that there is no
consistent evidence that high stakes testing leads to increases in student learning. These
mixed results are also an indication that the effect of outside testing depends heavily on
the type of test, as well as the size of the stakes of the test.
Our paper also contributes to the literature on the causal effect of feedback on student
achievement. Academic esteem is a psychological factor that could lead to better grades
(e.g. Bong and Skaalvik, 2003). If students are informed on their abilities, they may
hold stronger beliefs about their academic potential and their performance can improve.
Related literature concentrates on the effect of relative achievement feedback on student
performance. Azmat and Iriberri (2010) find a positive effect in a high school setting with
2

See www.cbo-nijmegen.nl for details.
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piece rate incentives. Bandiera et al. (2015) find a positive effect of relative feedback on
the test score performance of university students. Murphy and Weinhardt (2013) find that
ordinal rank has large effects on secondary school achievement, especially for boys. The
development of confidence is the most likely explanation. There is also some literature
which suggests that labeling can have adverse effects on less able students (Rubie-Davies,
2009). In the meta analysis of Sabornie et al. (2005) large effect sizes are reported as the
consequences of negative labeling.
The remainder of this paper is organized as follows. Section 4.2 discusses Dutch
secondary education and the test which I use in the involved schools. Section 4.3 describes
our empirical strategy and data. Section 4.4 presents and discusses our findings. Section
4.5 summarizes and concludes.

4.2

Context, treatment, and design

Two Dutch comprehensive secondary schools participated in this experiment, which was
conducted in 2014.3 These schools are part of the same foundation, and are situated
in the province North-Holland, close to Amsterdam. The next sections describes how
both schools fit into Dutch secondary education, what test was conducted, when and how
students were labeled, and how this was implemented.

4.2.1

Secondary education

Some understanding of the Dutch context helps in interpreting this study. When compared to many other countries, tracking in Dutch secondary education happens relatively
early, at age 12, straight after primary education. The main tracking levels are vocational (VMBO) and general secondary education. Within general education a distinction
is made between academic secondary education (VWO), and general secondary education
(HAVO). The pupil’s track level is a joint decision of his primary school teacher, parents,
and the score on a centralized exam referred to as “CITO test” at the end of primary
school.4 In the vocational track, students are prepared for vocational professions over a
period of 4 years. The general track has a duration of five years and prepares students
for higher professional education. More specifically, it prepares students for university of
applied sciences. Finally, the academic track prepares students for research universities,
and lasts six years.
In the first year of secondary education, the performance of the student determines
whether a student is allowed to continue at the assigned level. Students may switch up
These schools also participated in the study presented in chapter 3. The sample of students differs
between chapters.
4
A similar test that is less frequently used is the NIO test. For ease of exposition, all NIO scores have
been converted to CITO scores in this paper. This applies to 28% of cases.
3
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a track, or down a track, depending on their achievement. The exact switching rules
differ between schools. Students can continue on a higher track after finishing a lower
one, however this would imply additional years of secondary education. At the end of
secondary school, students take part in nationwide exit exams. The results on these
exams, together with the results on school exams, determine whether a students obtains
a diploma. School 1 in this paper offers three tracks at one location (MAVO, HAVO,
VWO) and has a total of 2126 students. School 2 offers two tracks (HAVO and VWO)
and facilitates 1787 students in one location.5

4.2.2

Testing and labeling

In this project I use the tests that Center for the Study of Giftedness (CBO) offers to
secondary schools, the IST-, SVL- and FES-test. As said, these tests are widely used
in the Netherlands to measure giftedness and to select students for GT programs. The
IST is an intense cognitive ability test that takes 160 minutes to complete. The FES is a
motivational test that is based on a 15 minute questionnaire. The results of the IST and
FES tests are often combined with prior tests scores and/or teacher’s perceptions to form
a complete picture of a given student. Also, both tests are usually complemented by an
additional test on school well being, the SVL. This test is meant to seek out children that
face difficulties at home or with the school environment, and does not relate to giftedness.
Of the three tests, the IST test is the most predictive of student outcomes (partial
2
R = 6.9% in this study), which is usually leading in the assignment of students to
GT programs (Liepmann et al., 2010). Booij et al. (2016, chapter 2) show how the
assignment procedure of GT students at Stedelijk Gymnasium Nijmegen (SGN), which is
mainly based on the IST test, can be used to identify GT program effects using a fuzzy
regression discontinuity design.
4.2.2.1

The test

In our project students performing the three tests were supervised in the same regime
as is required in regular school tests or exams. Teachers made sure that students were
answering the questions in silence. The results of the students were sent to CBO, where
the data administration took place. CBO does not know the students and does not
receive any other information than provided by the student on the answer sheets. After
collecting the data, a CBO-psychologist discussed the results for each student individually
with the mentor of each tested student. Each student (and her/his parents) received a
letter containing the detailed outcomes of the tests. At the schools, meetings were set up
to answer parental questions about the outcomes of the CBO-testing.

5

School 2 has another location for MAVO, which is not included in this project.
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The written CBO-feedback that the students received contained absolute and relative
information. CBO calculates the relative performance against the peer group, expressed
in standard deviation units. The peer group was defined per school and track, where the
general and academic track where taken together. When a student scores plus or minus
one standard deviation from the mean, CBO considers the score to be significantly above
or below average. These are expressed in bold face to make them more visible. Scores in
between minus and plus one standard deviation are considered to be average scores. The
baseline letter that the tested students and parents receive can be found in figure 4.3 in
the appendix to this chapter. The letter contains a sentence stressing that students (and
parents) should trust their own judgment in the interpretation of the test results.
4.2.2.2

The label

An essential element of all GT programs is that selected students receive some form of
label that distinguishes them from the rest. To mimic this labeling, all tested students
that obtained an IST score equal or above one standard deviation of the (peer) mean
received the baseline letter with a paragraph added to it. This paragraph, added at the
beginning of the letter, stated explicitly that, on the basis of the test results, the student
is potentially an “excellent” student. Hereby both the student and parents were informed
about the excellence label. The teachers nor the fellow students could observe this label
explicitly. The teachers observed the CBO test scores of all the students, without explicit
labeling or bold face being added to the list. The fellow students observed their own letter
directly, and could only learn about other students’ scores indirectly by communicating
with them. Hence, the main label mechanism that this study aims to reveal is that
working through the students own psychology, not necessarily though social reinforcement
by either teachers or peers. The letter that the tested and “labeled” students and parents
receive can be found in figure 4.5in the appendix to this chapter.

4.2.3

Assignment to the test

Not all the students of both schools were tested. From all entering students in 2014,
randomly half of the classes were selected to take the test. The other half were not tested,
so for these students the school had to make do with the usual information they receive
from the primary schools that they draw their students from (see next section). Also, none
of the control students received a letter or a label. The randomization was stratified by
school and track to achieve balance.6 Students and teachers were not able to manipulate
the randomization, which was done by the author at the beginning of the year, after the
school had formed classes.
I eliminate one class from the sample because it is the only bilingual class at the given school-track
level. The other bilingual classes are assigned randomly stratified by pair.
6
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4.3
4.3.1

Data and empirical strategy
Data

Both schools gave access to their school administration data. Table 4.1 shows summary
statistics of the 2014 entering cohort: 675 first graders from 25 classes, split by treatment
status. The table includes information on background characteristics age, gender, school
and track, and primary school exit exam scores (CITO). All treated students are tested
and receive an IST score.7 Some 17% of these students receive the “excellent” label.
Within school and track, first grade students follow the same subjects. Similar to Booij
et al. (2016, 2017, chapters 2 and 3), I define the outcomes measures overall GPA in (the
last term of) the first year, and GPA for -math, -language and -other subjects respectively.
From the first to second year, students can switch tracks, depending on their performance.
The final outcome, therefore, is the second year track level.8 STEM choice is not observed
because it occurs in later grades that are outside of the data window.
The most notable features of the descriptives are that the treatment is quite well
balanced between schools, and also in terms of CITO the tested students are fairly similar
to their non-tested counterparts. In terms of prior track, however, there are some small
differences; the treated group has 8% more students in the vocational track, and about
6% fewer in the academic track. These differences inevitably occur because there is an
odd number of groups within each school × track, and the number of groups is limited.
To account for these differences, I include a fully saturated set of school × track dummies
in all regressions presented below.9

Treated students also receive a FES and SVL score. These are not reported in the table because
they do not form part of the analysis.
8
First year levels are actually overlapping tracks defined as MAVO/HAVO, HAVO/VWO, and VWO
respectively. This distinction is of no importance for the purpose of this paper.
9
I dropped 9 observations. 4 JPT-students lacked parental consent. 5 students at KEC did not
participate in the IST-test due to illness, or lack of parental consent. I opt for dropping these observations,
rather than using IV, because the attrition is only minor.
7
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Table 4.1. Summary Statistics
Controls
(T ested = 0)

Treated
(T ested = 1)

A: Characteristics

mean

s.d.

mean

s.d.

Male
Age

0.54 0.50
12.71 0.45

0.51
12.68

0.50
0.38

-0.03 0.46
-0.02 0.52

Diff.

p-value

B: School and track
0.57
0.43

0.50
0.50

0.60
0.40

0.49
0.49

0.03 0.38
-0.03 0.38

0.16
0.64
0.20

0.37
0.48
0.40

0.24
0.61
0.15

0.43
0.49
0.35

0.08 0.01
-0.03 0.46
-0.06 0.05

540.78

5.45

540.17

5.65

-0.60

0.16

0.00

0.00

0.00

0.00

0.00
20.22
0.38

1.00

0.00

1.00
114.50
0.17

0.17

0.00

6.94
6.79
7.05
6.89

0.76
1.11
0.87
0.80

6.97
6.88
6.99
6.98

0.80
1.16
0.92
0.79

0.03 0.63
0.10 0.28
-0.06 0.40
0.09 0.13

0.12
0.46
0.42

0.33
0.50
0.49

0.11
0.52
0.36

0.32
0.50
0.48

-0.01 0.77
0.07 0.09
-0.06 0.12

SCHOOL 1
SCHOOL 2
Track year 1
- Vocational
- General
- Academic
C: Pre-test
raw CITO
D: Treatment
Tested
IST score (forcing var.)
Labeled
E: Outcomes
GPA
GPA math
GPA language
GPA other
Track year 2
- Vocational
- General
- Academic
Number of classes
Number of pupils

13
354

12
321

Note: Panels A, B, and C concern pre-treatment characteristics. Panel D describes the treatments, and
panel E outcomes. The reported p-values are from simple mean comparison t-tests.

4.3.2

Empirical strategy

In the experimental strategy I try to answer the question whether testing students with the
CBO-tests alters their performance in any way. Does the feedback that the test generates
stimulate performance of a student, either through more information becoming available
to them, their parents, or their teachers? I randomly tested half of the sample, and kept
all other elements of the school environment such as the teachers and curriculum the same.
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Any observed differences in subsequent student achievement can thus be attributed to the
test, and the information flowing from it. Hence, the effect of the test can be obtained by
estimating a standard regression model:
Yist = β1 T estedi + β 0 wi + θst + uist ,

(4.1)

where Yist is a measure of achievement of student i at school s in track t, T estedi is
a dummy variable indicating whether student i was tested, wi is a vector of covariates
including age, gender, and CITO, θst is a saturated set of school × track dummies, and
uist is an error term that I allow to be clustered at the class level. Inclusion of the school ×
track dummies is necessary to prevent making between school and track comparisons. Our
parameter of interest is β1 , which can be seen as a first difference estimator, conditional
on covariates.
In our second empirical strategy I exploit the way the label is assigned to tested
students in an RD design. As explained in section 4.2.2.2, only tested students that have
an IST score above one standard deviation from the mean of their tested peers receive the
“excellent” label. Figure 4.1 shows this graphically, where the horizontal axis gives the
IST score deviation from the one standard deviation threshold value. A McCrary (2008)
test does not show evidence of a difference in density at the admission cutoff (log-difference
= 0.21, p-value = 0.549).
The discrete nature of the assignment of the label allows us to estimate the effect of
the label using a standard RD model of the form
Yist = β1 Labeledi + h(xi ) + β 0 wi + θst + uist

if T estedi = 1,

(4.2)

where Labeledi indicates the receipt of the label, and h(xi ) is a flexible polynomial of
the forcing variable xi , the IST score distance to the threshold. The other variables
are defined similarly to equation (4.1). Under the assumption that students close to the
threshold are comparable, the parameter of interest β1 measures the effect of being labeled
as “excellent” on achievement for students near the threshold.

4.4

Results

This section present the results of the analyses. First I discuss the effect of being tested
in section 4.4.1, followed by the effect of the label in section 4.4.3.

4.4.1

The testing effect

Table 4.2 presents the results of my analysis of being tested, described by equation 4.1.
The estimated effect on (standardized) overall GPA (column 1) is small, 0.03SD, and with
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Figure 4.1. Sharp regression discontinuity and density of the IST cutoff distance
Note: The top panel shows fitted values from linear first stage regressions of being labeled on IST scores.
The bottom panel shows the distribution of normalized GPA scores using a bin width of 4. The admission
cutoff in this picture is normalized to 0.

an estimated standard error of 0.08 not significant. For (standardized) GPA in languages,
mathematics, and other subjects I find results with absolute magnitude of about 0.10SD,
but similarly non-significant. The minimal detectable effect size of these regressions is in
the order of magnitude of 0.17SD, i.e. small enough to detect effects of the size reported in
some studies of the effect of (standardized) high stake testing Woessmann (2007) Morris
(2011) (e.g.).10 Testing also does not seem to influence the track in which the student
will continue after grade one. The chance to continue in the lowest(highest) track is
3%(2%)-points lower for tested students, but not significant. The final column (7) shows
covariate balance with respect to gender, age, and CITO, which are strong and significant
outcome predictors. Balance with respect to these covariates supports the exogeneity of
the treatment. All regressions control for school × track.

10

Assuming a one-sided test with 80% power and 10% significance level.
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Table 4.2. Estimated effects of testing on various high-school outcomes and balancing
Outcome
GPA (standardized)
All
(1)

Math
(2)

Language
(3)

Balancing
Track year 2

Other
(4)

Low
(5)

Academic
(6)

Tested

0.02
(0.08)

0.07
(0.12)

-0.11
(0.08)

0.10
(0.11)

-0.03
(0.03)

-0.02
(0.03)

Male

-0.42
(0.09)***
-0.31
(0.11)**
0.35
(0.06)***

-0.28
(0.07)***
-0.24
(0.09)**
0.45
(0.05)***

-0.59
(0.09)***
-0.35
(0.10)***
0.22
(0.05)***

-0.19
(0.09)**
-0.20
(0.11)*
0.32
(0.05)***

0.08
(0.03)**
0.08
(0.04)*
-0.06
(0.02)***

-0.12
(0.04)***
-0.04
(0.04)
0.14
(0.02)***

X

X

X

X

X

X

Age
std CITO

School
×Track
y
sd (y)
p-value
R2
N

0.00
1.00
0.859
0.14
675

0.00
1.00
0.542
0.16
675

0.00
1.00
0.217
0.16
675

0.00
1.00
0.398
0.08
675

0.12
0.32
0.365
0.14
675

0.39
0.49
0.526
0.33
675

Tested
(7)

-0.02
(0.04)
-0.05
(0.05)
0.03
(0.03)

X
0.48
0.50
0.463
0.02
675

Note: Columns (1) - (4) present regressions of (standardized) GPA’s on Tested. Columns (5) and (6)
are regressions of year 2 track level on tested. Column (7) is a balancing regression of being Tested on
the controls. All regressions include controls for age, gender, CITO, and a saturated set of school×track
dummies. Class clustered (robust) standard errors in parentheses in columns 1 - 6 (7). */**/*** denote
significance at a 10/5/1 percent confidence level. The reported p-value in columns 1 - 6 (7) comes from
an F-test testing the (joint) significance of Tested (the controls).

4.4.2

The labeling effect

An element of the testing treatment is that some 17% of the tested students, those with an
IST score more than a standard deviation above their peers, receive the label “excellent”.
Supposedly, if labeling has a positive effect, we should observe a larger effect for the top
17% of students, compared to the rest. This premise can, unfortunately, not be tested
directly because we do not observe IST scores for the non-tested group. Therefore, in
Table 4.3, I take an alternative approach and split the sample by CITO scores above and
below the 83th percentile. CITO scores are strongly correlated to IST scores (correlation
coefficient 0.51), so if we expect to see a larger effect for the top 17% IST group, we expect
to see an effect for the top 17% of CITO students too. Because of contamination with
non-labeled students, however, this effect should be slightly weaker. Column (3) of the
table indeed shows a larger effect for tested students among the top 17% group compared
to the bottom 83% in column (2) (0.16SD v.s. -0.04SD). The difference is not significant,
however.
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Table 4.3. Estimated effects of testing on standardized GPA split by CITO
CITO
All

Bottom 83%

Top 17%

(1)

(2)

(3)

Tested

0.02
(0.08)

-0.04
(0.09)

0.16
(0.18)

Male

-0.42
(0.09)***
-0.31
(0.11)**
0.35
(0.06)***

-0.40
(0.10)***
-0.33
(0.12)**
0.21
(0.07)***

-0.61
(0.22)**
-0.36
(0.25)
0.72
(0.36)*

Age
std CITO

School×Track

X
0.00
1.00
0.17
0.859
0.14
675

y
sd (y)
Fraction labeled (treated)
p-value
R2
N

X
-0.12
0.95
0.12
0.684
0.09
559

X
0.59
1.01
0.43
0.409
0.16
116

Note: The reported columns present regressions of (standardized) GPA on Tested for different samples.
All regressions include controls for age, gender, CITO, and a saturated set of school×track dummies.
Class clustered standard errors are in parentheses. */**/*** denote significance at a 10/5/1 percent
confidence level. The reported p-values comes from an F-test testing the significance of Tested.

Under the assumption that both the effect of testing and of labeling is the same
for all students, Table 4.3 can be used to construct an estimate of the labeling effect.
From the control sample I can estimate the fraction of labeled students for the bottom
83% CITO group and the top 17% CITO group. The table shows these to be 12%
and 43% respectively. If the difference in effects between columns (2) and (3) can be
attributed to column (3) having more labeled students, I estimate the labeling effect to
be 0.16−−0.04
= 0.65. This would be an enormous effect, but with an estimated standard
0.43−0.12
error of 0.59 (not reported), this is not significant. Clearly, the experimental design does
not allow us to estimate the labeling effect with precision. The next section, therefore,
exploits another feature of the design to arrive at an estimate of labeling.

4.4.3

The labeling effect obtained through RD

In the sample of 321 tested students 56 scored above one standard deviation of the mean
in the IST test. These 56 students received the label “excellent” in a letter send to their
home. Figure 4.2 shows the relationship between (standardized) GPA and IST distance
to the threshold, the forcing variable. Quickly eyeballing the graph suggests there may
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Figure 4.2. Effect of labeling on standardized GPA
Note: The graph shows fitted values from various parametric regressions of (standardized) GPA on
normalized IST, without covariates. The eligibility cutoff in this picture is 0. Local averages have been
calculated using a bin width of 4.

be a slight upward shift in average test-scores after the cutoff. There also seems to be
considerable noise, however, with local averages moving up and down as we progress from
left to right.
Table 4.4 shows a statistical analysis of the effect of the receipt of the label, as described
in equation (4.2). I estimate RD equations with various polynomial degrees, bandwidths,
and parameterizations to see if the results are robust. Column (1) uses a linear fit and
shows a substantial, but non-significant, effect of 0.18SD of labeling. Without covariates
the effect is similar at 0.20. The effects are quite jumpy, however, and depended on which
specification we choose. In columns (3) and (4) - quadratic and cubic specifications respectively - the effects are about 50% larger, and zooming into ±6 IST range around the
threshold, the optimal bandwidth (Imbens and Kalyanaraman, 2012), gives a more than
100% increase in the effect estimate (column 6). The baseline linear estimate is robust to
allowing for different slopes on either side of the cutoff (column 5), but removing observations close to the cutoff (a “donut” specification with observations within ±2 IST range
removed) cuts the effect by 50% (column 7). Also, columns (8) - (10) show significant
jumps in covariates at the threshold, which invalidates the core RD assumption of local
comparability. These estimated jumps may be driven by functional form misspecification
of the IST score, which is assumed linear in columns (8) - (10), but more generally it seems
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81
0.413
0.21
321

X
X

0.336
0.08
321

X
X

X
X

0.382
0.21
321

0.02
0.99
0.324
0.21
321

-0.42
(0.15)**
-0.37
(0.16)**
0.41
(0.08)***

X
X

-0.42
(0.15)**
-0.37
(0.16)**
0.41
(0.08)***

0.27
(0.30)

Cubic

(4)

0.473
0.21
321

X
X

-0.42
(0.15)**
-0.36
(0.16)**
0.40
(0.08)***

0.17
(0.24)

Linear
split

(5)

0.34
0.89
0.439
0.28
59

X
X

-0.22
(0.22)
0.06
(0.36)
0.37
(0.19)*

0.39
(0.49)

Zoom

(6)

0.01
1.00
0.647
0.22
297

X
X

-0.44
(0.15)**
-0.42
(0.16)**
0.43
(0.08)***

0.09
(0.19)

Donut

(7)

Age

(9)

std
CITO

(10)

0.04
321

0.51
0.50

X
X

X
X
12.68 -0.06
0.38 1.02
0.003
0.07 0.59
321
321

X
X

0.20
0.07 0.35
(0.10)** (0.06) (0.13)***

Male

(8)

Balancing

Note: Columns (1) - (7) present regressions of standardized GPA on Labeled, controlling for normalized IST either linearly (1), linearly without controls (2),
quadratically (3), cubically (4), linearly on both sides (5), linearly on both sides zoomed into ±6 normalized IST range (6), or linearly with ±2 normalized IST
range removed (7). Columns 8 - 10 present separate regressions of the controls age, gender, and CITO respectively, on Labeled, including a linear function of
normalized IST. School×track dummies are always included. Class clustered (robust) standard errors in parentheses in columns 1 - 7 (8 - 10). */**/*** denote
significance at a 10/5/1 percent confidence level. The reported p-value in columns 1 - 7 (8 - 10) comes from an F-test testing the (joint) significance of Labeled.

N

y
sd (y)
p-value

School×Track
IST

std CITO

Age

-0.42
(0.15)**
-0.36
(0.16)**
0.40
(0.08)***

Male

0.32
(0.31)

0.20
(0.20)

0.18
(0.21)

Labeled

(3)

No controls Quadratic

(2)

Baseline
Linear

(1)

GPA (standardized)

Table 4.4. Estimated labeling effect on standardized GPA using various specifications and balancing

that the RD results presented here are too sensitive to specification to be informative.
The standard error of the labeling effect estimate presented in column (1) is three times
lower than that presented in the previous section. The power to detect an effect of size
0.3SD, as found elsewhere (e.g. Card and Giuliano, 2016; Booij et al., 2016, 2017, chapters
2 and 3), is 56% in this specification (one-sided at 10% significance level). Hence, we have
gained power compared to the previous section, at the cost of robustness to specification.

4.5

Summary and conclusions

In this paper I aim to shed light on two potential channels through which GT programs
could have an effect on student outcomes: the information flowing from the testing instruments that are frequently used to select GT students, and the label that GT students
receive.
Many schools that have GT programs use cognitive tests to select students. The
information flowing from those tests might affect students, parents, and teachers in the
education process. Using an experiment where (classes of) students are randomly selected
to take part in a cognitive test, I find no evidence that the information flowing from it
has any impact on student test scores. This, despite the fact that the additional test
information is predictive of student performance, conditional on the information that is
already available.
An element of all GT programs is that GT students are “labeled” differently from
other students. This may have an effect on student outcomes through improved selfesteem of the student, independent of what the actual GT program entails. I attempt to
use an RD design to identify the effect of the receipt of the label “excellent” on student
performance, but the results thereof are too sensitive to specification to be credible. A
strong interpretation of this result is to say that there is no overwhelming evidence showing
that labeling alone can produce effects of the size reported in some well identified GT
studies (e.g. Card and Giuliano, 2016; Booij et al., 2016, chapter 2). A more cautious
interpretation is to say that the RD analysis is a pilot that shows how the effect of labeling
could, in principle, be studied if a larger sample were available, noise would reduce, and
stability and precision would improve.
An even better design to test labeling effects, in the spirit of chapter 3, would be
to test the whole population but assign labels only to qualifying students in randomly
selected classes. This would remove the need for an RD, and the associated sensitivity to
functional form in small samples. Testing more students and obtaining a larger sample
was not feasible on the current study because of time and budget constraints. Hence, the
conclusion of this paper is that there is no overwhelming evidence suggesting labeling is
the driving force of GT program effects, but labeling can not be fully rejected as part of
the explanation.
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Appendix
CBO-test result letters to parents and student

Jac P Thijsse college
To the parents / caregivers
Hereby you receive the results for your daughter/son of the tests which have taken place before the last
autumn holiday. Your child performed three tests of the Center of Giftedness Research (CBO). A
intelligence test, a eagerness to learn test and a school questionnaire, which gives an image on motivation
for and involvement with school.
Before you scroll to the results, a few remarks have to be made. In these tests it is very difficult to score
above potential. It is of course very possible to score below the possibilities. A bad day can happen to
everyone.
In addition, these tests produce a score at a certain moment in time. The screening produces an indication
of the intelligence and personality treats of your child. A remarkable positive or negative could be a
reason for further research. You have to bear in mind that the results are produced form one source: your
child.
Whenever you feel that the results do not match your own estimate, you are advised to follow your own
judgement. When the results confirm certain insights on your kid, then you could use the results for
further inquiry. Last but not least, it is important to stress that the performance of your child in the
different subject will decide at which level you child is allowed to continue his/her school career.
The scores below have two components. N absolute score and a score relative to the group
performance. The absolute score can be compared to the national average. The relative score is more
important and shows the score of your child compared to the performance of other students at the
same level.
Every relative score in between minus one and plus one, is considered to be an ‘average score’. The
test results which stand out, are the score below one, and above one. A score above one for a certain
part in the test, means that your child scored amongst the highest scoring 17 percent in the population.
83 percent of the students scored lower.
A score lower that minus one, consequently means that your child scored amongst the lower scoring
17 percent in the population. A score of plus two, means that your child has outperformed 97 percent
of the population at a specific part in the test.
The relative comparison is made with the students at the same level and in same year. Because the school
made a distinction between mavo/havo and havo/vwo, the student groups are also divided in two. The
comparison is made with the relevant group.
The test results are very specific and detailed. The results add up towards a total score. You will find
three total scores: The IST (intelligence test), the FES (eagerness to learn) and SVL (school
questionnaire). The IST-total score is the score which resembles the outcome of the Cito or Nio-results
in primary education. The IST gives you an indication of the school potential of your child. The
difference between Cito and IST, is that Cito measures progress in school. IST measures intelligence in
various aspects.
Results:
Name
IST
FES
SVL

Test
65
26
197

Deviation IST towards group
-0,05
1,00
0,92

Figure 4.3. Letter to parents and regular students
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In the table below, you will find the absolute IST-levels which, according to CBO, point towards various
school levels.
School level
Mavo
mavo/havo
Havo
Havo/vwo
Vwo
Vwo/gymnasium
Tto vwo

IST total score
59
69
76
82
88
94
95

Min
47
55
63
68
73
77
80

Max
71
82
89
97
102
108
109

The min and max scores borders a certain bandwidth for a certain school level.
We can imagine that you will have a number of questions concerning the test results of your child. At
the 14 of January you will be able to ask anything you want at a special meeting with Ferry Haan, the
researcher in charge of this investigation.
You can apply for this meeting by sending an e-mail to iov@jpthijsse.nl.
With kind regards,

Ingrid Overes
Team leader first grade

Figure 4.4. Letter to parents and regular students (continued)
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Jac P Thijsse college
To the parents / caregivers
Hereby you receive the results for your daughter/son of the tests which have taken place before the last
autumn holiday. Your child performed three tests of the Center of Giftedness Research (CBO). A
intelligence test, a eagerness to learn test and a school questionnaire, which gives an image on motivation
for and involvement with school.
At this intelligence test your child has scored remarkable. Your child belongs to the best scoring 16
percent of the tested students at his/her level, and can therefore be labeled an ‘excellent student”.
The ministry of Education defines an excellent student as a student who scores among the top 20 percent
of a certain educational level.
In addition, these tests produce a score at a certain moment in time. The screening produces an indication
of the intelligence and personality treats of your child. A remarkable positive or negative could be a
reason for further research. You have to bear in mind that the results are produced form one source: your
child.
Whenever you feel that the results do not match your own estimate, you are advised to follow your own
judgement. When the results confirm certain insights on your kid, then you could use the results for
further inquiry. Last but not least, it is important to stress that the performance of your child in the
different subject will decide at which level you child is allowed to continue his/her school career.
The scores below have two components. N absolute score and a score relative to the group
performance. The absolute score can be compared to the national average. The relative score is more
important and shows the score of your child compared to the performance of other students at the
same level.
Every relative score in between minus one and plus one, is considered to be an ‘average score’. The
test results which stand out, are the score below one, and above one. A score above one for a certain
part in the test, means that your child scored amongst the highest scoring 17 percent in the population.
83 percent of the students scored lower.
A score lower that minus one, consequently means that your child scored amongst the lower scoring
17 percent in the population. A score of plus two, means that your child has outperformed 97 percent
of the population at a specific part in the test.
The relative comparison is made with the students at the same level and in same year. Because the school
made a distinction between mavo/havo and havo/vwo, the student groups are also divided in two. The
comparison is made with the relevant group.
The test results are very specific and detailed. The results add up towards a total score. You will find
three total scores: The IST (intelligence test), the FES (eagerness to learn) and SVL (school
questionnaire). The IST-total score is the score which resembles the outcome of the Cito or Nio-results
in primary education. The IST gives you an indication of the school potential of your child. The
difference between Cito and IST, is that Cito measures progress in school. IST measures intelligence in
various aspects.
Results:
Name
IST
FES
SVL

Test
105
31
169

Deviation IST towards group
1,59
1,40
-0,87

Figure 4.5. Letter to parents and excellent students
Note: The part in italics has been emphasized for the purpose of this paper. In the original letter to the
parents the italics were absent.
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In the table below, you will find the absolute IST-levels which, according to CBO, point towards various
school levels.
School level
Mavo
mavo/havo
Havo
Havo/vwo
Vwo
Vwo/gymnasium
Tto vwo

IST total score
59
69
76
82
88
94
95

Min
47
55
63
68
73
77
80

Max
71
82
89
97
102
108
109

The min and max scores borders a certain bandwidth for a certain school level.
We can imagine that you will have a number of questions concerning the test results of your child. At
the 14 of January you will be able to ask anything you want at a special meeting with Ferry Haan, the
researcher in charge of this investigation.
You can apply for this meeting by sending an e-mail to iov@jpthijsse.nl.
With kind regards,

Ingrid Overes
Team leader first grade

Figure 4.6. Letter to parents and excellent students (continued)
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Chapter 5
Are the new national mathematics
curricula in the Netherlands bad for
girls?1
5.1

Introduction

This chapter uses data from a pilot study to assess the impact on the math gender gap of
upcoming changes in the national mathematics curricula in Dutch secondary education.
Because the changes in the curricula imply a shift away from context learning and applying
procedures and tricks, and towards concepts and mathematical thinking, we hypothesize
that the upcoming changes may harm the performance of girls relative to the performance
of boys. Given that in the Netherlands girls are already performing worse in mathematics
than boys Saá (2017) and that performance in mathematics is a relevant predictor for
labor market outcomes (Koedel and Tyhurst, 2012; Joensen and Nielsen, 2009), a further
increase of the math gender gap may have adverse effects on the labor market position of
women.
Dutch secondary education ends with national curriculum-based exit exams.2 Such
exams require nationally set curricula for different subjects and for different levels of
secondary education. Motivated by concerns about the lack of mathematical preparedness
of secondary school students to advance further studies at the university of applied sciences
or the university level, in 2004 the Dutch minister of education established a committee –
Commissie Toekomst Wiskunde Onderwijs (CTWO; Committee Future of Mathematics
Education) – that was asked to design and to test renewed curricula for mathematics in
secondary school. After a period of more than 10 years, including a pilot program running
from 2009-2014, the new curricula was implemented in 2015.
1
2

This chapter is based on joint work with Diana Hidalgo Saá.
See Bishop (1997) and Schwerdt and Woessmann (2012) about the advantages of external exit exams.
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The committee’s final report (CTWO, 2013) gives a detailed description of the proposed changes of the mathematics curricula for the two highest tracks of Dutch secondary
education (HAVO, the track which prepares for university of applied sciences and VWO,
prepares for academic university) and for different levels of mathematics education within
these tracks.3 While the details of the proposed changes differ across levels (see Appendix
5.7), two features stand out. The first is that the committee proposes to give less importance to context learning. Although the provision of context was important in Dutch
math teaching in an earlier period, the committee notes that contexts can be relevant but
are not the core of mathematics. Too much emphasis on a particular context may hinder a
transfer of mathematical concepts to other settings (CTWO, 2013, p. 27-29). The second
feature is that the committee argues that there should be less emphasis on procedures,
practical skills and “tricks” and more on mathematical concepts and strategies to solve
problems. There should therefore be more emphasis on mathematical thinking activities
(modeling, ordering, structuring, analytical thinking, problem solving, abstracting and
logical thinking) (CTWO, 2013, p. 29-32).
The proposed changes are potentially harmful for the relative performance of girls.
Spencer et al. (1999) have shown that women under perform on mathematics tests due
to stereotype threat, and that this is especially the case when the math test is difficult
(see also O’Brien and Crandall, 2003, and Nguyen and Ryan, 2008, for a meta analysis).
A shift away from contexts and practical skills, and towards concepts and thinking is
likely to come with tests that are more difficult, or that are perceived as being more
difficult. One difference between the tests for the old and new curricula is for example
that questions in exams for the new curricula will present fewer intermediary steps than
exams for the old curricula; these questions are otherwise identical (see Section 5.3).
Previous studies assessing the impact of different math curricula have attributed little
attention to differential effects by gender (Riordan and Noyce, 2001; Bhatt and Koedel,
2012). In subsection 5.2.2 we summarize these studies in more detail. The final report
of the committee that designed and tested the new curricula in the Netherlands pays no
attention to the implications of the changes on the gender gap in math performance.4
This study uses data from the pilot study that the CWTO conducted to investigate
the effect of the new curricula on the gender gap in math. The schools participating in the
pilot project were not randomly selected, but volunteered to participate. Our evaluation
is therefore based on a quasi-experimental research design. Because we have access to
data from pilot and non-pilot schools from before and after the start of the pilot, we can
Together the applied university track and the academic university track serve around 45% of the
Dutch secondary school students. The remaining share attends vocational education, offered at different
levels; see Section 5.3 for details.
4
Pages 48, 64, 95/6 and 109/10 of the final report (CTWO, 2013) report differences in performance
between boys and girls in pilot and non-pilot schools. These differences can, however, not (and are not)
be interpreted as causal effects.
3
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use a difference-in-differences design.

The pilot program covers the math curricula in two tracks (university of applied sciences and academic university) and of two levels of math (regular and advanced) in each
track. For each combination of track and math level we look at three different outcomes.
The first outcome is the score on the total exam; the second outcome is the score on the
part of the exam that is identical for the old and new curricula; the third outcome is that
score on the so-called research question which is a new element that is only included in
the new exam. For all three outcomes, we are primarily interested in the differential effect
that the new program has on the achievement of girls compared to boys.

There are three main findings. The first finding is that in the HAVO track girls shy
away from advanced math after the introduction of the new curricula in the pilot schools.
Because of this composition effect, we cannot give a causal interpretation to the differencein-differences estimates for advanced math in the HAVO track. Since different schools
participated in the pilot program for different levels and tracks, the composition effect for
advanced math in the HAVO track does not spill over to regular math at the HAVO level
or to VWO track. The second main finding is that in contrast with predictions based
on the theory of stereotype threat, girls tend to perform better relative to boys under
the new curricula than under the old curricula. Most of the estimates of the differential
gender effect on the score on the total exam and the score on the overlapping part of
the exam are positive, and often significantly so. The differential gender effect is largest
for regular math in the HAVO track. This level/track-combination attracts almost 45%
of the students in our sample. The third finding is that girls perform relatively poorer
than boys on the “research question” (see Subsection 5.3.2), which is a specific element
of the new curricula. This is especially the case for regular math in both tracks. Taken
together, the results suggest that the relative performance of girls is not harmed by the
new curricula but that they nevertheless shy away from (advanced) math under the new
curricula. People involved with the implementation of the new curricula such as teachers
and school counselors need to be aware of this possible response so that they encourage
girls to enroll in advanced math.

The rest of this paper is organized as follows. The next section gives a brief overview of
the various areas of literature to which our analysis is related. Section 5.3 provides a brief
description of the Dutch secondary school system, an explanation of the main changes in
the math pilot program and how the program was carried out. Section 5.4 describes the
data used in this paper. Section 5.5 describes the empirical approach used. Section 5.6
presents and discusses the results and Section 5.7 concludes.
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5.2

Related literature

The section gives a brief overview of the various areas of the literature to which our analysis
is related. This is organized in three subsections. The first subsection summarizes studies
on the relative performance of girls in mathematics; this includes a discussion of the role
of stereotype threat. The second subsection summarizes studies that have looked at the
effects of different mathematics curricula. Here we pay special attention to differential
gender effects. The final subsection discusses the broader literature on the importance of
mathematics for later outcomes.

5.2.1

The gender gap in mathematics

Various researchers have documented a gap in mathematics achievement between boys
and girls. Even though women now outnumber men in university enrollment in most
developed countries (Goldin et al., 2006a), women are still underrepresented in science
and math, and also perform worse on these subjects. Fryer and Levitt (2010) find that
when children enter primary school there is no gender gap in mathematics and by the
time they reach 6th grade girls have lagged behind 0.2 standard deviations. Guiso et al.
(2008) use PISA data and find that on average girls have math scores 10.5 points lower
than boys. They relate the gender math gap across countries to countries’ degree of
gender equality and find a negative relation; in more gender-equal societies like Sweden
and Norway the gender gap is smaller. Interestingly, Fryer and Levitt (2010) are not able
to reproduce this negative association when they repeat the analysis using TIMSS data.
The reason is that unlike the PISA data, the TIMSS data also cover countries from the
Middle East. Middle Eastern countries combine a low degree of gender equality with no
gap in the math performance between boys and girls, unfortunately the authors do not
explain this intriguing result.5
Ellison and Swanson (2010) use data from mathematics competitions to look at the
likelihood of schools to produce high achieving math students. They find that high achieving boys come from a variety of backgrounds while girls come mostly from elite schools,
which suggests that there is still room for improvement at attracting girls into mathematics. Dickerson et al. (2013) use micro-data of 19 African countries to examine gender
differences in math test scores for primary school children. They find that boys do much
better than girls, however they do find that there is considerable variation between different societies. Bharadwaj et al. (2012) show that the gender gap in mathematics increases
with age and that girls dislike math more often than boys.

Note that the absence of a gender gap at the entrance of primary school in the US and the absence
of a gender gap in Middle Eastern countries are evidence against the popular (but unfounded) view of
innate gender differences in math.
5
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Spencer et al. (1999) report about a series of experiments to investigate the role of
stereotype threat to explain women’s underachievement in mathematics. In one experiment the authors demonstrate that even in a highly selected sample, women under perform
on difficult math tests but not on easy ones. In another experiment they show that this
difference in performance could be eliminated when they lowered the stereotype threat by
framing the test as not producing gender differences. When the same test was framed as
producing gender differences, women performed substantially worse than equally qualified
men.
O’Brien and Crandall (2003) conducted an experiment to test the hypothesis that
the effects of stereotype threat on performance are due to heightened arousal. In the
experiment the authors manipulated what they told participants about gender differences
in the math test they were about to take. Each participant took a difficult math test
and an easy math test. Compared to women in a “no differences” condition, women in
the “gender differences” condition scored better on the easy math test and worse on the
difficult math test. Men’s performance was unaffected by the manipulation. These data
are consistent with an arousal-based explanation of stereotype threat effects. A meta
analysis of Nguyen and Ryan (2008) confirms the results from the studies of Spencer
et al. (1999) and O’Brien and Crandall (2003).

5.2.2

Effects of different mathematics curricula

The number of papers assessing the effectiveness of different mathematics curricula is
limited. Slavin and Lake (2008) attribute this to a lack of data. There are several reasons
for this. First, each intervention – even though it might be framed under the same
pedagogical approach – has many small details that make it different. In fact there are
about 70 different curricular options in mathematics in the US alone (Bhatt and Koedel,
2012). Second, many aspects of the context in which curricula are implemented vary a
lot between interventions, making an exact replication not feasible. On top of that many
policymakers have little information of the impact of these various curricular options on
student performance because the evidence is so thin, so it remains unclear a priori whether
it is worth it to take the risk and change the status quo. These difficulties however, are
coupled with possibly large effects on student performance and more specifically when
looking at mathematics it might be one of the few tools to help close the gender gap.
Riordan and Noyce (2001) use matched comparison groups to investigate the impact of standards-based mathematics programs in elementary and middle schools in Massachusetts. Compared to regular programs, a standards-based curriculum “should place
an emphasis on problem solving, reasoning, making connections between mathematical
topics, communicating mathematical ideas and providing opportunity for all students
to learn” (p. 368). Furthermore, in comparison with regular programs, “standards-based
91

curriculum programs place less emphasis on memorization, on manipulating numbers, and
less time is devoted exclusively to skills development” (p. 369). Also, in standards-based
curriculum programs, “students learn by creating mathematics through their own investigations of problematic situations” and “students tend to work on fewer but more complex
problems than in traditional programs” (p. 369). These quotes suggest that a shift from
regular curricula to standards-based curricula is comparable to the shift from the old to
the new curricula in the Netherlands. Whether this is accurate is doubtful though, because critics of the standards-based curriculum argue “that the standards sacrifice rigor
to accessibility” (p. 369).
The results of Riordan and Noyce indicate that students in schools using the standardsbased programs performed significantly better on statewide mathematics test than students in comparison schools. Effect sizes range from 0.15 of a SD to 0.34 of a SD,
depending on the precise curriculum. Separate analyses for boys and girls, somewhat
surprisingly reveal that girls tend to benefit somewhat more from the standards-based
programs than boys. These differences are small and probably not statistically significant
(the authors do not report this).
Using data from elementary schools in Indiana, Bhatt and Koedel (2012) evaluate differences in performance across three elementary-mathematics curricula that were popular
during the time of their study. By lack of exogenous variation in curricula adoption, the
authors use matched comparison groups to make causal inference. The authors show that
important differences in curricular effectiveness can exist between curricula that share
the same pedagogical approach. One curriculum meaningfully outperformed another, although both are best-characterized as traditional in pedagogy. The better performing
curriculum focuses more on group work and interweaves class or small group activities
with individual practice. This is in contrast to presenting all examples upfront and then
having students practice afterward. According to the authors, this suggests that differences between curricula are important determinants of achievement and deserve attention
from researchers and policymakers.

5.2.3

The importance of mathematics

The link between math and career outcomes has been well established in the literature
(Levine and Zimmermann, 1995; Rose and Betts, 2004; Altonji, 1992, among others).
Students who do well in mathematics have on average higher test scores, this makes it
possible for them to access higher education easier (Goldin et al., 2006b) and therefore
have higher income.
Joensen and Nielsen (2009) estimate a local average treatment effect of taking advanced math in high school on earnings, this effect is around 20 percent. They use Danish
registry data of high school information during the introduction of a pilot program and
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they linked it to wage and career information when the students are 30 years old. The
authors use the pilot program as an instrument for taking advanced mathematics. The
program made it possible to combine advanced math with chemistry, whereas otherwise
it is only possible to combine advanced math together with physics. This lowers the cost
of enrolling in advanced math classes. The pilot program doubled (from 11% to 20%) the
number of females enrolled in advanced math, and increased by 11% the number of boys
(39% to 50%). From an earnings gap of 34% in their data, Joensen and Nielsen find that
6.8% is explained by advanced math qualifications. The authors also analyze the mechanisms through which they observe this wage increase. The increase in income is mainly
due to female students graduating in a shorter period of time and moving them from the
field of Humanities into more male-dominated subjects such as Health and Technical Sciences. They find that it also increases the probability of becoming a CEO. This is strong
evidence that acquiring mathematics skills contributes greatly in future career options.
There is another aspect of this paper that we want to highlight. The pilot program they
use as an instrument for increasing the number of girls taking advanced math shows that
a small change in the curriculum such as mixing math with chemistry instead of only with
physics doubled the number of females.

5.3
5.3.1

Context and pilot
Dutch secondary education

At the beginning of secondary school (at age 12), students are tracked into three levels on
the basis of their academic aptitude. This is determined by a joint decision of their primary
school teacher, parents and the score of their centralized exam referred to as “CITO test”
at the end of primary school. In the lowest track students are prepared for vocational
professions, this track lasts four years. Students in this track can choose between a more
practical education or more theoretical one. The intermediate level, HAVO, has a duration
of five years and prepares students for higher professional education, more specifically
it prepares students for university of applied sciences. Finally the most academically
demanding track, VWO, prepares students for university education and lasts six years.
Students are allowed to move between tracks but this depends on their achievement and
school policies (not all schools offer all the tracks). They can take a higher track after
finishing a lower one, however this would imply additional years of secondary education.
At the end of secondary school, students take part in nationwide exit exams. The results
on these exams, together with the results on school exams, determine whether a student
obtains a diploma.
This paper uses data from the two highest tracks of secondary education, the fiveyear university of applied sciences track and the six-year university track. In the last
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two (HAVO track) or three (VWO track) years students make a choice between four
fields. These fields are oriented towards: science/technology, health, economics/society
and languages/humanities. Within each track, mathematics is offered at various levels
of difficulty. For students in the science/technology field “Mathematics B” is a compulsory course. They can in addition opt for the more advanced “Mathematics D”. There
is, however, no central exam for this course. Students in the health field and the economics/society field have to choose between “Mathematics A” and “Mathematics B”. In
the VWO track, students in the languages/humanities field must at the minimum follow the least advanced “Mathematics C”. They are, however, allowed to replace this by
“Mathematics A” or even “Mathematics B”. Students in the languages/humanities field
in the HAVO track are not obliged to take any math exams, although only a minority
opt out of math altogether.6 Since Mathematics C is only chosen by a small share of the
students, we restrict our analyses to Mathematics A and Mathematics B, to which we will
refer as regular mathematics and advanced mathematics, respectively.7

5.3.2

The new mathematics curricula

In the last 30 years there have been important changes in the curricula and teaching
methods in the areas of science and mathematics worldwide. These changes were motivated by students showing a lack of interest and also little knowledge in the subjects.
The first subject to undergo a substantial reform in the early 1980s was chemistry, with
“ChemCom: Chemistry in the Community” in the US, with “Chemie in Kontext” in Germany and “21st century science” in the UK. These programs substantially innovated the
curricula. The main objective of context learning is to bring science closer to the lives
of students, making the subjects less abstract by introducing concepts in a need to know
basis.8
In the Netherlands the curricula started to change following an influential advice from
the Royal Netherlands Academy of Sciences (KNAW, 2003). Like in the US, Germany
and the UK, chemistry was also the first mover in changing towards context learning
and a student-orientated approach (SLO, 2012b). Math education in the Netherlands
followed this trend. The committee on the Future of Mathematics Education (CTWO)
was installed in 2005. The mathematical skills of first-year students in universities and
universities of applied sciences were supposed to have deteriorated in recent years, according to the document “Rijk aan betekenis” (Rich in meaning) which marked the starting
The information in this paragraph is obtained from www.PlatformWiskundeNederland.nl.
While Mathematics A and B have the same names in both tracks, they are taught and examined at
a more advanced level in the VWO track than in the HAVO track.
8
An example of the new textbook used in ChemCom had for instance a chapter called “Protecting
the ozone layer” instead of “Atomic structure” to introduce concepts such as atomic structure, atomic
mass, atomic number etc. (Schwartz, 2006). During this period there was an increase in the enrollment
of students into chemistry from 32% in 1982 to 62% in 2000 in the US (Schwartz, 2006)
6
7
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point of the mathematics renewal program (CTWO, 2007). CTWO suggested to review
the content of all mathematics examination programs at the end of secondary education
for the HAVO and VWO tracks and established a commission in charge of building the
new mathematics curricula (CTWO, 2007).
The starting point for changes in the curricula in most subjects was context learning,
but the proposed changes in the mathematics program are in the opposite direction and
are best described as concentrating on stimulating students “to think” by concentrating
on “thinking activities” (CTWO, 2013). A main objective of the program had to do with
improving and smoothing the transition from secondary to tertiary education. With this in
mind, the new program changed to improve basic algebraic skills of students and gave more
attention to mathematical core concepts like number, formula, function, changes, space,
and chance. A big part of class time was spent on the stimulation of thinking activities
such as modeling, algebraic solutions, ordering and structuring, analytical thinking and
problem solving, manipulation of formulas, abstract and logical reasoning and prove. The
use of tools such as calculators, in general ICT, should have a meaningful integration in the
courses with the purpose of using them to learn (instead of learning to use them) (SLO,
2012a). This change away from context may enhance stereotype threat, and thereby harm
the relative performance of girls.
The changes in the pilot program were also tested in final exams. The final pilot math
exams included a selection of the questions from the regular math exam plus some new
and altered questions. The most evident change in the new questions compared to the
previous exams is that the pilot questions are less structured. Students have to come up
with the necessary steps in a solution process themselves. Students receive less help and
have to think more (instead of memorizing procedures) to solve a certain problem. The
new exam also includes a research question which embodies the main focus of the renewal.
The research question asks students to put their knowledge into practice often involving
the application of statistics. An example of a research question is included in part B of
the appendix to this chapter.

5.3.3

Carrying out the pilot

In this study we use data from the pilot programs for mathematics to analyze the effects
of a change of curricula in mathematics. There were four pilot programs for mathematics:
math-regular in the HAVO track, math-advanced in the HAVO track, math-regular in
the VWO track and math-advanced in the VWO track. The pilots in mathematics were,
however, part of a larger pilot program that also covers other subjects. Participation in
the pilot program was voluntary, and the initiative to participate was taken by teachers.
Schools could (and did) participate for just one subject (even only one of the math subjects); all teachers in that subject in a school had to participate, but teachers in other
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subjects were unaffected. Fifteen schools participated in one or more of the pilot programs
for mathematics. The other Dutch schools continued working with the regular non-pilot
programs in mathematics.
These fifteen pilot schools are similar to an average Dutch secondary school. Their
sizes range between 850 to 3000, where the average size of Dutch secondary schools is
close to 1500. They also represent equal shares of the different denominations, which
reflects the national shares. Only one of the schools was judged as weak by the Dutch
School Inspectorate, none of the schools is regarded as “excellent”. Finally none of the 15
pilot schools is located in one of the four largest cities of the country.
The pilots started in the school year 2009/2010 in the fourth year of secondary
school. The first graduating class to take the pilot exams was therefore in the school
year 2010/2011 in the HAVO track and in the school year 2011/2012 in the VWO track
(because the VWO track requires one year extra of schooling).
The pilot schools received funding to participate in the new program. For each pilot
subject in the last year the school received €1,000 for each class that used the pilot final
exams. A class in the pre-exams years received an additional 750 euro to the school’s
budget. The total budget for the pilot programs in mathematics, including for example
development and overhead, was 495,000 euro (CTWO annual budget 2010).
The organization SLO (National Institute for Curriculum Development)9 was responsible for the execution of the mathematics pilot programs. SLO organized meetings with
teachers working at pilot schools. The attendance of pilot school teachers to these meetings was mandatory to receive the subsidy. At least four times each year pilot teachers
met at a central location in the Netherlands. At these meetings teachers were trained
in specific aspects of the new program, and also teachers were encouraged to share their
experiences related to the introduction of the new programs. SLO also visited the pilot
schools for observation in the classrooms and coached teachers using the new program’s
framework (CTWO-verslagen).10
The committee responsible for constructing the pilot intervention developed new textbooks. These textbooks included all the topics required in the curricula while highlighting
problem-solving and thinking exercises. Appendix 5.7 describes in more detail the subjects included into and excluded from the new mathematics curriculum. Together with
the organization in charge of developing and administering national exams in the Netherlands (CITO) the pilot program also developed the new exams.11 The exams had around
half of the content identical to the exams for students in non-pilot schools, but also new
SLO is an independent non-profit organization as a national research institution in the Netherlands.
One of the authors of this paper (Haan) attended the meeting held in September 2013 with attendance of CITO, SLO and pilot-teachers to discuss the changes in the national math exams following the
new math programs.
11
In the Netherlands the College for Exams (CvtE) is responsible for the requirements and demands
in each exam. For each pilot program a separate CvE-syllabus was written on the new demands for
students in each program.
9

10
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questions and adjusted questions were included.

5.4

Data

In this paper we use the WOLF database which contains the scores of the first correction
round of the central exams. In the Netherlands students at the end of secondary education
take a central exam, organized and administered by CITO.12 This is a high stake exam
since it accounts for 50% of the final grade a student graduates with, the other 50% is
the school exam. The central exams are subject-specific and also track-specific. The final
grades for the central exams are obtained by grading them twice and weighing them by a
correction term that accounts for the difficulty of the exam. The first round of grading is
done by the students’ own teachers. Schools (teachers) must send this first grade to CITO
(using an internet software called WOLF), not necessarily of all students, but at least of
five, and these must be the first five (or more) in alphabetical order. Fortunately a vast
majority of the teachers report results from all their students to the WOLF database.
They are incentivised to do so by receiving additional feedback as a reward. As a result
the WOLF database covers 80% of all exam students. It covers all students who take the
pilot exams.
We use the WOLF database (as opposed to using the database that records the entire
population of students scores in the central exams) because it distinguishes between pilot
and non-pilot exams but more importantly because it contains the score students get for
each separate question of the exam. This allows us to separate the scores students get in
the parts of the exams that are identical for pilot and non-pilot groups and also to look
at the students’ performance on the research question. Around 50% of the questions in
pilot exams is identical (overlaps) to around 50% of the questions in regular exams.13
The data that we use in our analyses cover the exam years 2009-2014. The data for
2009 are only for students in the HAVO track. The reason is that for the VWO track the
division in levels of math in that year (and previous years) is not comparable to the levels
of math from 2010 onward. The pilot lasted until 2014. This means that for the HAVO
track, we have data for two pre-program years and four post-program years, and for the
VWO track two pre-program years and three post-program years.
Table 5.1 reports the number of observed students and the share of girls by year, track,
level of mathematics and pilot status. This shows that the numbers of students in schools
that participated in a mathematics pilot program are relatively small and varies between
CITO is the organization that produces the most important national exams in the Netherlands.
Cito develops and administers the national exams at the end of primary education (age of 12) which
determines which track the students are advised to follow (vocational, university of applied sciences or
university) and also organizes the exams at the end of secondary school (referred to as “central exams”)
13
For example, in 2013 at the VWO level, students could obtain 43 out of 83 points on questions that
were identical for the pilot and regular exams.
12
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139 and 277 students per year-track-math level combination. A small number of students
in pilot schools do not take the pilot exams after the start of the pilot. Students who
repeated a grade or enrolled in a pilot school in a later grade, can take a regular exam.
The numbers of students that take the pilot exam are reported in the columns labeled
“Treated”.14
Within each track-math level combination, the shares of girls in pilot and non-pilot
schools are quite similar. Only for advanced mathematics at the HAVO level, the share of
girls is somewhat lower in the pilot schools than in the non-pilot schools, especially after
the pilot started. In subsection 5.6.1 we assess whether the introduction of the pilot program affected the composition of students. We also see that girls are over represented in
the regular math programs and that boys are over represented in the advanced math programs. This reflects that boys are more likely than girls to choose the science/technology
field.
The unique feature of the WOLF database is that it contains information about the
performance of every student on each separate exam question. We can therefore not only
look at the score on the entire exam as an outcome variable, but also at the score on the
part of the exams that is identical for pilot and non-pilot schools. In addition we can
single out the research question, which is a specific element of the exam for pilot schools.
To be able to compare scores from the entire exams across years and pilot status,
we have standardized these scores at the level of the exact same exam. For the year(s)
before the start of the pilot program, this means that scores are standardized at the
level of “year-track-math level” combination. For the years after the start of the pilot
program, this means that scores are standardized at the level of “year-track-math levelpilot status” combination. Because there are differences in the entire exam for the new
and old curricula, we cannot compare the scores on the entire exams across pilot and
non-pilot schools after the introduction of the program. We can, however, look at the
differential impact of the pilot program on the scores of boys and girls on the entire
program (see the next section).
When we use the score on the overlapping part of the exam as outcome variable, we
have standardized this score always at the level of “year-track-math level” combinations.
Here we do not have to standardize at the level of pilot status. The research question has
only been included in the exams based on the new curricula. The score on this question
has been normalized by dividing it by the score on the rest of the (pilot) exam. Table 5.2
shows descriptive statistics for the three outcome variables, broken down by year, gender
and pilot status. In 2009 and 2010, students in pilot schools and in non-pilot schools take
per track the same exams. Hence the scores on the total exam and the overlapping exam
The difference between the number of students in the column “Pilot” and the number of students
in the column “Treated” are the students in pilot schools who write the regular exam after the start of
the pilot.
14
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Note: The table reports the number of students observed in the WOLF database and the share of girls by year, track (VWO or HAVO), level of mathematics (regular or advanced), pilot
status and treatment status. Year refers the year in which the exam took place. For example, Year equals 2010 refers to the exam of the school year 2009/2010 that took place in 2010.

Table 5.1. Numbers of observations and shares of girls in WOLF data by year, track, math level and pilot status
University of applied sciences track
University track
Math-Regular
Math-Advanced
Math-Regular
Math-Advanced
Year Variable
Pilot Treated Non-pilot Pilot Treated Non-pilot Pilot Treated Non-pilot Pilot Treated Non-pilot
2009 No obs.
107
23,636
112
9,452
Share girl 0.50
0.53
0.33
0.34
2010 No obs.
204
27,271
189
11,004
242
13,303
220
14,066
Share girl 0.56
0.54
0.41
0.35
0.60
0.58
0.45
0.46
2011 No obs.
214
204
29,261
139
138
11,211
223
14,915
237
15,528
Share girl 0.55
0.56
0.55
0.28
0.28
0.35
0.59
0.59
0.47
0.45
2012 No obs.
179
179
31,661
139
135
11,465
250
244
15,605
249
243
15,677
Share girl 0.49
0.49
0.54
0.24
0.24
0.35
0.60
0.59
0.59
0.47
0.47
0.46
2013 No obs.
166
166
32,574
146
121
11,173
277
231
16,388
209
178
15,141
Share girl 0.55
0.55
0.55
0.33
0.31
0.37
0.61
0.58
0.58
0.44
0.42
0.45
2014 No obs.
198
198
33,990
140
124
11,819
273
213
16,440
196
166
14,899
Share girl 0.50
0.50
0.54
0.36
0.35
0.38
0.59
0.62
0.57
0.37
0.38
0.45

are the same in that year. We see that in 2009 and 2010 both in pilot schools and in
non-pilot schools boys perform better than girls, these differences are significant at the
1% level for non-pilot schools and at the 10%-level for pilot schools. We also see that in
2010 boys in non-pilot schools perform better than boys in pilot schools, while girls in
non-pilot schools perform worse than girls in pilot schools. These differences are, however,
not statistically significant (p=0.748 and p=0.415, respectively).
Further, Table 5.2 shows that after the start of the pilot (in 2011 for the HAVO track,
and 2012 for the VWO track), girls in pilot schools start to perform relatively better on the
total exam and on the overlapping exam than girls in non-pilot schools. For example, the
difference between boys and girls in pilot schools in 2013 on the total exam (0.015 versus
0.018) is small and not statistically significant (p=0.699), while the difference between
boys and girls in non-pilot schools in 2013 on the total exam (0.081 versus -0.079) is
almost the same as in 2010 and is statistically significant (p=0.000). This is suggestive
that the pilot program was advantageous for the relative performance of girls. In the next
sections, we will assess the significance of this result.

5.5

Empirical approach

We estimate the differential impact of the program on boys and girls on three dependent
variables: 1) the standardized score on the entire exam; 2) the standardized score on the
part of the exam that is identical for pilot and non-pilot schools; and 3) the normalized
score on the research question. To do this, we use double and triple-differences models.
When we consider the differential impact of the program on the score on the entire
exam, the regression equation that we estimate has the following form:
1
yist
= α1 + δ1 T reatedi · F emalei + Xist β1 + ε1ist

(5.1)

1
where yist
indicates the standardized score on the entire exam of student i in school s in
year t. T reatedi is a dummy that takes the value one if student i actually took the pilot
exam, zero otherwise. F emalei is a dummy that is equal to one if student i is a girl, zero
otherwise. Xist is a vector of control variables including main effects of T reated, P ilot,
Af ter and F emale as well as interactions of P ilot and F emale, and Af ter and F emale.
P ilot is a dummy equal to one when a school is a pilot school for student i’s track-math
level combination, zero otherwise. Af ter is a dummy equal to one after start of the pilot
program in student i’s track. ε1ist is an error term that we allow to be clustered at the
level of school×year×level×track. Note that T reated is not for all students equal to the
product of P ilot and Af ter because a very few students (see Table 5.1) in pilot schools
do not take the pilot exam after the start of the program.15

15

Because the differences between “Pilot” and “Treated” in Table 5.1 are so small, results do not
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and gender
Overlapping exam
Pilot
Non-pilot
0.299 (0.934) 0.066 (0.992)
0.022 (0.883) -0.075 (1.004)
0.076 (0.956) 0.091 (0.981)
-0.052 (0.980) -0.092 (1.011)
-0.022 (0.960) 0.071 (0.983)
-0.125 (1.098) -0.069 (1.011)
0.061 (0.988) 0.057 (0.989)
0.213 (0.942) -0.059 (1.008)
0.128 (0.952) 0.121 (0.982)
0.102 (0.940) -0.119 (1.004)
-0.169 (1.049) 0.061 (0.983)
-0.037 (0.964) -0.058 (1.013)

Research question
Pilot
Non-pilot
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
0.044 (0.055)
n/a
0.042 (0.059)
n/a
0.058 (0.064)
n/a
0.056 (0.064)
n/a
0.073 (0.055)
n/a
0.071 (0.049)
n/a
0.102 (0.078)
n/a
0.070 (0.061)
n/a

Note: The table reports the mean values and standard deviations of the outcome variables, by year, pilot status and gender. These statistics are averaged over tracks and levels of mathematics.
Year refers the year in which the exam took place. For example, Year equals 2010 refers to the exam of the school year 2009/2010 that took place in 2010. The total exam score is standardized
at the level of the exact same exam. For the year(s) before the start of the pilot program, this means that scores are standardized at the level of “year-track-math level” combination. For
the years after the start of the pilot program, this means that scores are standardized at the level of “year-track-math level-pilot status” combination. The score on the overlapping exam is
standardized at the level of “year-track-level of math” combinations. The score on the research question is normalized by dividing it by the score on the rest of the exam. For numbers of
observations, see Table5.1. n/a stands for “not applicable”.

Table 5.2. Descriptive statistics of outcome variables by year, pilot status
Total exam
Year
Variable
Pilot
Non-pilot
2009
Boys
0.299 (0.934) 0.066 (0.992)
Girls
0.022 (0.883) -0.075 (1.004)
2010
Boys
0.076 (0.956) 0.091 (0.981)
Girls
-0.052 (0.980) -0.092 (1.011)
2011
Boys
0.024 (0.951) 0.059 (0.988)
Girls
0.017 (0.997) -0.059 (1.009)
2012
Boys
-0.051 (0.995) 0.044 (0.989)
Girls
0.058 (1.007) -0.043 (1.008)
2013
Boys
0.015 (1.022) 0.081 (0.975)
Girls
0.018 (0.962) -0.079 (1.017)
2014
Boys
-0.033 (1.054) 0.045(0.983)
Girls
0.051 (0.980) -0.045 (1.014)

Equation (5.1) is estimated at different levels of aggregation: i) for both math levels
and both education tracks together; ii) for both math levels together, but separately for
the VWO track and the HAVO track; iii) for both tracks together, but separately for
regular math and for advanced math; iv) separately for all four track and math level
combinations. At the highest aggregation level, the vector Xist also contains fixed effects
for math level and track. At level ii), the vector Xist also contains fixed effects for math
level. At level iii), the vector Xist also contains fixed effects for track. We also present
results from a specification where the dummy for pilot schools (but not its interaction
terms) is replaced by school fixed effects. δ1 is in equation (5.1) the coefficient of interest.
It tells us how much (in standard deviation units) boys and girls are differentially affected
in their entire exam by the pilot program. As a reference, before the introduction of the
pilot program, the gender gap in math achievement is 18.5% of a standard deviation in
the HAVO track, and 11.2% of a standard deviation in the VWO track. Notice that in
equation (5.1) we do not pay attention to the coefficient for the variable T reated. The
reason is that this involves the comparison of different exams. The problem does not
occur for the interpretation of δ1 where we are interested in the difference between boys
and girls in their performance on pilot exams minus the difference between boys and girls
in their performance on regular exams.
When we consider the differential impact of the program in the score on the part of
the exam that is identical in pilot and non-pilot schools, the regression equation that we
estimate has the following form:
2
yist
= α2 + δ2 T reatedi · F emalei + γ2 T reatedi + Xist β2 + ε2ist

(5.2)

2
indicates the standardized score on the overlapping part of the exam of student i
where yist
in school s in year t. The specification of equations (5.1) and (5.2) is similar. In equation
(5.1) T reated is included in Xist , whereas we include this term separately in equation
(5.2) to signify that it has a different interpretation. The coefficient γ2 in equation (5.2)
can be interpreted as the effect of the program on the performance of students on the
overlapping part of the exam. While this overall effect of the program is not the primary
focus of this study, this is clearly an interesting effect to report separately and to discuss.
Note that to interpret γ2 as the effect of the program requires a stronger assumption. For
the interpretation of δ2 , we assume a common trend in the gender difference of the scores
between pilot and non-pilot schools. For the interpretation of γ2 , we have to assume a
common trend in the scores between pilot and non-pilot schools.
Finally, we consider the gender difference in the performance on the research question
which is included in the program exams. We measure a student’s performance on the
3
research question (yist
) as the score on the research question divided by the score on all

change when we replace T reated in equation (5.1) by P ilot · Af ter.
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other questions. The regression equation that we estimate has the following form:
3
yist
= α3 + δ3 F emalei + Xist β3 + ε3ist

(5.3)

Since the research question is only included in the pilot exams, estimation of this equation
is only based on observations in pilot schools after the implementation of the program.
The coefficient δ3 tells us how much better or worse girls score than boys on the research
question relative to their scores on the other questions.

5.6
5.6.1

Results
Common trend and composition

Before we look at the results from the difference-in-differences approach, we first discuss
the common trend assumption and assess whether there are compositional changes.
The common trend assumption implies that in the absence of the program, the relative
performance of girls in pilot schools would have followed the same trend as the relative
performance of girls in non-pilot schools. This assumption cannot be tested directly, but
we can assess it by comparing the trends of the relative performance of girls in pilot and
non-pilot schools prior to the start of the program. For both tracks we have data for no
more than two pre-program years; 2009 and 2010 for the HAVO track, and 2010 and 2011
for the VWO track. For each track, we regressed students’ score on the total exam on
gender, pilot status, year (2009 and 2010, or 2010 and 2011), and interactions thereof.
This was done separately for regular math and for advanced math. The coefficients of the
three-way interaction of gender, year and pilot status are equal to:
• for regular math in HAVO track: -0.010 (s.e. 0.123)
• for advanced math in HAVO track: 0.250 (s.e. 0.206)
• for regular math in VWO track: -0.073 (s.e. 0.162)
• for advanced math in VWO track: 0.197 (s.e. 0.199)
Within tracks the differential trends are thus of opposite signs, and none of the four
estimates is significantly different from zero. We can therefore not reject the assumption
that the relative performance of girls in pilot and non-pilot schools follows the same trend.
The difference-in-differences approach furthermore assumes that there are no compositional changes in response to the implementation of the program. This means that the
share of girls participating in the various math exams in pilot schools should not deviate
from the share of girls participating in the various math exams in non-pilot schools. Table
5.1 shows the relevant information. To investigate whether there are significant shifts in
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the share of girls after the start of the pilot program, we regressed the gender dummy on
pilot status, the Af ter indicator and their interaction. For the different combinations of
track and math level, this gives the following estimates for the interaction term:
• for regular math in HAVO track: -0.020 (s.e. 0.026)
• for advanced math in HAVO track: -0.103 (s.e. 0.034)
• for regular math in VWO track: -0.003 (s.e. 0.029)
• for advanced math in VWO track: -0.025 (s.e. 0.032)
In the HAVO track – but not in the VWO track – we see that the introduction of the
pilot came together with a significant reduction of the share of girls at the advanced
math level. This indicates that some girls in the HAVO track in pilot schools who would
have taken advanced math do not do so when the program is in place. This is our first
key finding: the results are consistent with girls in the HAVO track shying away from
advanced mathematics when the pilot program is introduced in their school.
For regular math in the HAVO track and for both types of math in the VWO track,
there are no indications of compositional changes. To understand why the compositional
change for advanced math in the HAVO track did not spill over to regular math in the
HAVO track, it is important to know that there is only one pilot school that participated
in the pilot program for both levels of math in the HAVO track.
The compositional change for advanced math in the HAVO track potentially invalidates the difference-in-differences design for this track-math level. This should be kept in
mind when interpreting the results of the subsequent analyses.

5.6.2

Effects on gender gap in entire exam score

Table 5.3 reports the estimates of the impact of the program on the difference between
girls and boys in their test scores on the entire exam. Results are presented for three
specifications. Column (1) shows results from regressions without interactions between
covariates and the gender dummy and without school fixed effects. Column (2) shows
results from regressions that include interaction terms of the gender dummy and all covariates, which then allows for the covariates to have different effects for boys and girls.
Column (3) shows results from regressions that also include school fixed effects. In the
first row we use the complete sample and in the following rows we report the impact of
the program on the gender gap for different subsamples, defined by level of math (regular
or advanced), track (VWO or HAVO), and combinations of level of math and track.
Without the inclusion of interactions and the covariates and the gender dummy (column (1)), it appears that the program reduces the gender gap in the performance of the
entire exam. Girls perform relatively better in pilot schools after the implementation of
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Table 5.3. Effect of the program on the gender gap in
Sample
(1)
(2)
All
0.164*** 0.081
(0.044)
(0.069)
Math regular
0.168*** 0.170**
(0.061)
(0.083)
Math advanced
0.165*** 0.003
(0.056)
(0.098)
HAVO track
0.194*** 0.256***
(0.061)
(0.092)
VWO track
0.125**
-0.025
(0.063)
(0.093)
Math regular - HAVO
0.147
0.304***
(0.093)
(0.110)
Math advanced - HAVO
0.292*** 0.225*
(0.068)
(0.129)
Math regular - VWO
0.177**
0.120
(0.079)
(0.108)
Math advanced - VWO
0.073
-0.152
(0.083)
(0.134)
Interactions of gender
No
Yes
and covariates
School fixed effects
No
No

entire exam
(3)
0.096
(0.068)
0.172**
(0.083)
-0.027
(0.097)
0.270***
(0.090)
-0.022
(0.094)
0.300***
(0.108)
0.253*
(0.132)
0.117
(0.113)
-0.137
(0.137)
Yes

score (δ1 )
N
Clusters
400,788 10,965
257,377

5,522

143,411

5,443

246,450

5,901

154,338

5,064

179,461

2,984

66,989

2,917

77,916

2,538

76,422

2,526

Yes

Note: Each estimate in the table comes from a separate regression and is the coefficient of T reatedi ·F emalei (δ1 ). Estimates
in the first column are based on regressions that include main effects of T reated, P ilot, Af ter and F emale and controls
for level of math (regular or advanced) and track (HAVO or VWO) when applicable. Estimates in the second column are
based on regressions that also include interactions of P ilot and F emale, and of Af ter and F emale, and of the controls
for level of math and track and F emale. Estimates in the third column are based on regressions that also include school
fixed effects. Column entries refer to the (sub)sample use in the regression. The penultimate column reports the number
of students. Standard errors are in parentheses are clustered at the level of school times year times math level times track.
The number of clusters is reported in final column. ***,**,* - estimates significantly different from zero at 1%, 5% and 10%
level.

the program than boys. This effect is present for both levels of math, in both tracks and
in two of the four track-math level combinations. Also the insignificant coefficients for
the other two track-level combinations are positive.
Inclusion of interaction terms of the gender dummy and covariates changes the picture somewhat, see column (2). Most (eight out of nine) coefficients are still positive, and
significantly so in four cases. Inclusion of school fixed effects in column (3) hardly affects
the results from column (2). The program has a significantly positive effect on the performance on the entire exam for girls relative to boys in the HAVO track, in particular for
regular math. The size of the differential effect is substantial and large enough to switch
the sign of the gender math gap; compare the coefficient of +0.300 with the pre-program
gender gap of –0.185.
Also for advanced math in the HAVO track, the effect is significantly positive. This
result should, however, be interpreted with some caution because of the possible compositional change described in subsection 5.6.1.
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5.6.3

Effects on gender gap in overlapping exam score

Table 5.4 shows the results from the regressions using as dependent variable the standardized scores of the part of the exams which is identical for pilot and non-pilot students.
With these regressions we can also look at the impact of the program for all students,
and not only at the differential effect by gender. We report results from the same three
specifications as reported in the previous subsection: a specification without interactions
between covariates and the gender dummy and without school fixed effects; a specification
that includes interaction terms of the gender dummy and all covariates, and a specification that also includes school fixed effects. Columns (1) to (3) report the estimates of the
effect of the program on boys, columns (4) to (6) report estimates of the additional effect
of the program on girls.
Some of the estimates in columns (1) to (3) are significantly negative. This is particularly the case for regular math, especially at the VWO level. Here the negative effects
remain statistically significant with the inclusion of interactions between covariates and
the gender dummy and school fixed effects. This indicates that for this level/track, the
pilot harmed the performance of boys on the part of the exam that is the same for students
in pilot school and non-pilot schools.
The picture is different for girls. All 27 estimates of δ2 are positive, and 14 of them
significantly so. The differential effect of the pilot program for girls remains significantly
positive in the most extensive specification (column (6)) for regular math, in the HAVO
track, and particularly for regular math in the HAVO track. This finding is consistent
with the results we presented in the previous subsection. The results do therefore not
lend support to the stereotype threat hypothesis, which predicts a negative estimate of
the differential gender effect.

5.6.4

Effect of gender on relative score on research question

The final outcome variable that we consider is the relative score on the research question
that is included in the pilot exams. This question is supposed to capture various aspects
of the new curricula. Since this question is only included in the pilot exam, we can only
use data from the students in the pilot schools during the intervention. Table 5.5 shows
the results from two specifications of equation (5.3). The first specification only includes
the basic controls, the second specification also includes school fixed effects. The table
reports the coefficients from the gender dummy, which is equal to one if the student is a
girl and zero otherwise.
For all students in pilot schools together, the coefficient of the gender dummy is
negative and significantly so in both columns. Looking at the results for subgroups, we
find significantly negative coefficients for the female dummy in both specifications, for
regular math, in the HAVO track and for regular math in the HAVO track as well as in
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No

Yes

(δ2 ) on overlapping exam questions
δ2
N
Clusters
(5)
(6)
(7)
(8)
0.114
0.139** 400,788 10,965
(0.075)
(0.070)
0.249*** 0.261*** 257,377
5,522
(0.094)
(0.090)
0.008
0.037
143,411
5,443
(0.093)
(0.092)
0.219*
0.263** 246,450
5,901
(0.116)
(0.106)
0.087
0.091
154,338
5,064
(0.094)
(0.094)
0.383*** 0.400*** 179,461
2,984
(0.137)
(0.126)
0.156
0.182
66,989
2,917
(0.140)
(0.140)
0.167
0.167
77,916
2,538
(0.119)
(0.123)
0.001
0.015
76,422
2,526
(0.124)
(0.127)
Yes
Yes

Note: Estimates in the table come regressions of the score on the overlapping exam on T reatedi (γ2 ) and T reatedi · F emalei (δ2 ). Estimates in the first and fourth columns are based
on regressions that include main effects of P ilot, Af ter and F emale, and controls for level of math (regular or advanced) and track (HAVO or VWO) when applicable. Estimates in the
second and fifth columns are based on regressions that also include interactions of P ilot and F emale, and of Af ter and F emale, and of the controls for level of math and track and F emale.
Estimates in the third and sixth columns are based on regressions that also include school fixed effects. Column entries refer to the (sub)sample use in the regression. Column (7) reports
the number of students. Standard errors are in parentheses are clustered at the level of school times year times math level times track. The number of clusters is reported in column (8).
***,**,* - estimates significantly different from zero at 1%, 5% and 10% level.

Table 5.4. Effects of the program on performance (γ2 ) and the gender gap in performance
γ2
Sample
(1)
(2)
(3)
(4)
All
-0.157*
-0.122
-0.113
0.185***
(0.074)
(0.080)
(0.074)
(0.052)
Math regular
-0.265** -0.281*** -0.264***
0.221***
(0.102)
(0.108)
(0.110)
(0.072)
Math advanced
-0.046
0.017
-0.004
0.162***
(0.105)
(0.115)
(0.097)
(0.049)
HAVO track
-0.045
-0.084
-0.060
0.130
(0.100)
(0.106)
(0.088)
(0.092)
VWO track
-0.258** -0.179
-0.151
0.234***
(0.112)
(0.123)
(0.116)
(0.062)
Math regular - HAVO
-0.201
-0.299*
-0.267*
0.202
(0.160)
(0.168)
(0.156)
(0.123)
Math advanced - HAVO
0.119
0.132
0.062
0.197**
(0.101)
(0.121)
(0.072)
(0.083)
Math regular - VWO
-0.256*
-0.237
-0.247*
0.198**
(0.144)
(0.155)
(0.140)
(0.085)
Math advanced - VWO
-0.239
-0.134
-0.094
0.231***
(0.160)
(0.174)
(0.160)
(0.066)
Interactions of gender
No
Yes
Yes
No
and covariates
School fixed effects
No
No
Yes
No

Table 5.5. Effect of gender on relative score on research question (δ3 )
Sample
(1)
(2)
All
-0.006*
-0.006*
(0.003)
(0.003)
Math regular
-0.012*** -0.011***
(0.003)
(0.003)
Math advanced
0.002
0.003
(0.006)
(0.005)
HAVO track
-0.006*
-0.006*
(0.003)
(0.003)
VWO track
-0.007
-0.007*
(0.005)
(0.004)
Math regular - HAVO
-0.010**
-0.010**
(0.004)
(0.004)
Math advanced - HAVO
0.002
0.002
(0.005)
(0.005)
Math regular - VWO
-0.012**
-0.011**
(0.004)
(0.004)
Math advanced - VWO
-0.002
-0.001
(0.011)
(0.007)
School fixed effects
No
Yes

N
Clusters
2,374
71
1,435

32

939

39

1,265

39

1,109

32

747

13

518

26

688

19

421

13

Note: Each estimate in the table comes from a separate regression and is the coefficient of F emalei (δ3 ). The dependent
variable is a student’s score on the research question divided by the score on the other questions. Estimates in the first
column are based on regressions that include dummies for years and controls for level of math (regular or advanced) and
track (HAVO or VWO) when applicable. Estimates in the second column are based on regressions that also include school
fixed effects. Column entries refer to the (sub)sample use in the regression. The sample only consists of students in pilot
schools. The penultimate column reports the number of students. Standard errors are in parentheses are clustered at the
level of school times year times math level times track. The number of clusters is reported in final column. ***,**,* estimates significantly different from zero at 1%, 5% and 10% level.

the VWO track. Girls who take the regular math exam (either in the HAVO track or in
the VWO track) in pilot schools score worse on the research question relative to the rest
of the exam, than boys. The mean relative score on the research question is 0.066 and
its standard deviation is 0.063. A coefficient of -0.010 therefore represents 15 percent of
a standard deviation. Because we do not find any other support for the stereotype threat
hypothesis, it seems unlikely that the negative gender coefficient on the research question
is driven by this threat.

The weaker relative performance of girls on the research question is not driven by
the fact that girls score better on the rest of the exam (which they do). If we do not
divide the score on the research question by the score on the rest of the exam, we still
obtain significantly negative coefficients on the female dummy for regular math in both
the HAVO track and the VWO track.
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5.7

Conclusions

In this chapter we have used data from a pilot study to assess the impact of changes in
mathematics curricula on the relative performance of girls. Schools included in the pilot
program implemented mathematics curricula that are characterized by a shift away from
context learning and towards learning of concepts and mathematical thinking. Based on
the theory of stereotype threat, it might be expected that girls’ relative performance will
be harmed by the new curricula. This is an important issue, considering the already lower
achievement of girls in mathematics and the alleged importance of mathematical skills for
later outcomes.
Our main findings are the following:
1. In the HAVO track we find evidence that girls respond to the new curricula by shying
away from advanced math. It seems likely that some girls who would otherwise take
the exam in advanced math now choose regular math;
2. The relative performance of girls improves when exposed to the new curricula. This
is especially true for students who take the regular exam in the HAVO track. In
particular the relative performance of girls improves on the part of the pilot exam
that overlaps with the regular exam; 16
3. Girls perform relatively weaker on the part of the new exam labeled research question.
The collection of results suggests that some caution is required when the new curricula
are implemented. According to the first result, girls shy away from advanced math when
the new curricula are implemented. The second result, however, indicates that girls have
no reason to avoid math when taught through the new curricula. Teachers and school
counselors should be aware of these findings so that they can advise girls not to shy away
from advanced math.

16

This result is not due to a composition effect, see Section 5.6.1.
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Appendix
A.

Detailed comparison of pilot and non-pilot pro-

grams (CTWO, 2009)17
Math A HAVO track.
Renewal in the subjects statistics and probability calculation. Explicit attention for algebraic skills. Thinking activities are central in this pilot program. Concerning the use
of ICT (graphical calculator) the emphasis is on ’use to learn’ instead of ’learn to use’.
Statistics is removed from the national central exams. Statistics changed into a mandatory subject for the school exams. The subjects algebra and counting are new. There is
an overlap with the old subject ’algebraic skills’. Some small changes were made in ’tables
and graphs’.
Math A VWO track.
Algebraic skills are mentioned more explicitly in the end terms of the math A syllabus.
The function ’tan’ and goniometric functions are re-introduced in the Math A program.
The calculating rules for logarithmic functions are also re-introduced. Less specifications for a number of subjects (differential coefficients, increase diagrams, slope graphs).
Explicit attention for differentiating exponential and logarithmic functions. The main
changes towards the regular program is a new set up for the probability calculation and
statistics. The focus is on handling large data sets. The subjects graphs and matrices,
discrete dynamic modeling and linear programming were removed form the program.
Math B HAVO track.
The most significant change in the content of this program is a substantial change in the
domain geometry. The emphasis in the new program is on algebraic skills and attention
for thinking activities, analytical geometry and the application of geometry. Teachers
use contexts which connect as much as possible with the interests of students, science
and possible future careers. The function ’tan’ was added to the domain functions and
graphs. Calculating rules for logarithmic functions and exponents are no longer explicitly
mentioned. Students no longer have to differentiate goniometric functions. The specification for estimating and compare the content for 3D images is dropped. ’Cosinus’ is
re-introduced in Math B, it used to be part of Math D.

17

Based on comments and analyses made by individual Cito-authors.
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Math B VWO track.
The most significant change is the active discouragement to use a graphing calculator.
Changes in geometry. Additions: analytical geometry, parametric equations, symmetry
and transformations, geometry and vectors. Dropped: synthetic geometry (reasoning and
proving). Other additions: inverse functions and understanding of limits and the cancellation of discrete analysis. Entire function and ’tan’ are standard functions again. More
emphasis on qualitative statements and on the behavior of a function. More emphasis on
algebraic solving of equations. Additions: sinus and co-sinus rules. Dropped: Lissajous
figures, Riemann calculations and discrete analysis (differential coefficients, increase diagrams). Students should be able to use the main statement for integral account.

Comparison of pilot and non-pilot exams
The last question in all mathematical pilot exams is an investigative question. There is
only one sub question which asked students to searcher a certain problem. The CITOauthors all mention this type of question as an example of the pilot way of testing. The
differences in the individual pilot exams compared to regular exams are more subtle.
Every pilot exam is based upon the regular exam. Each modification is consciously done
because of the pilot exam program, according to the Cito-authors.
Math A HAVO track.
In the 2013 pilot exam CITO used two questions which were also in the regular exam.
One context was altered for the pilot exam. CITO composed three new questions. There
is one additional sub question in question 4 in the pilot exam, when compared to the
regular exam. According to CITO this exams requires somewhat more algebraic skills of
the candidates when compared with the regular exam. CITO had to drop two questions
from the regular exam because of the subject Statistics, which was dropped in the pilot
program.
Math A VWO track.
When comparing the pilot and the regular exam we see that CITO has replaced two regular
questions, with three new questions. On top of this CITO added some sub questions to two
regular exam questions. One question in the 2013 Math A VWO exam was unchanged.
The additions to the regular questions are interesting. In question 4 the addition is
rewarded 4 point, while the other sub questions are rewarded with three points. According
to CITO this extra sub question needs ’active thinking’ since students will have to work
with a formula for body surface. The score on this pilot-sub question is with a P-value
of 18 percent (18 percent of the students came up with the correct answer) very low.
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In question 5 CITO added two sub questions which were rewarded 5 and 3 points. The
difference between the regular and this pilot program is that the regular exam questions
10-logarithm, while the pilot exams tests natural logarithm. This natural logarithm is a
new part of the pilot program.
Math B HAVO track.
As in the other pilot exams, the math B HAVO track pilot exam is based upon the regular
exam. CITO had to drop two questions because there were covering subjects which were
no longer in the pilot program. These two questions were replaced by three new pilot
questions. CITO altered some questions in a more ’active thinking way’ according to
Cito. One attempt to alter question 13 in such a way was not approved by the committee
supervising this exam.
Math B VWO track.
CITO double-used five questions in both the regular and the new pilot exam. Interestingly
CITO slightly altered question 2 for the pilot exam. CITO removed a clue for the student
to solve this problem. By removing a piece of information, students had to perform an
extra thinking step to solve this question, when compared to the regular exam. In question
5 CITO added a sub question. CITO produced two completely new pilot questions of
which one sub questions scored 100 percent. CITO explains this with similarities between
this exercise and another exercise which was used in student training.

B.

Example Research question

The following is a translation of a research question that was included in the pilot exam
in the HAVO track in 2011.
In the newspaper you often read about the aging of the population: the percentage of
people of 65 or older will increase spectacularly in the upcoming years.
Stadsregio Parkstad Limburg contains eight municipalities in the south east of the
province Limburg, with about 252,000 inhabitants in the year 2000. Forecasts about the
population structure have been made. See the figure.
Managers of Parkstad Limburg want to make explicit that the threatening population
aging also pertains to Parkstad Limburg.
Use the information from the figure to draw a graph for the managers that shows the
spectacular increase in the share of people of 65 or older. Subsequently, use this to give
an estimate of the share of people of 65 or older in Parkstad Limburg in 2050.
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Figure 5.1. Research Question on Predicted population Parkstad Limburg 2000-2040
Note:The number of persons on the y-axis. The three lines represent age groups.
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Chapter 6
Conclusions
In this thesis I have reported the results of four empirical studies. Three of them are
related and are part of a project which received a grant of the Netherlands Initiative for
Education Research ( (NRO 411-12-637). This funding round of NRO was intended for
scientific research that focuses on excellence in education because not much is known on
this subject. Schools at home and abroad have been designing policy’s for gifted and
talented student (GT) for many decades. It is almost always impossible to draw any
scientific conclusions on the effects of these GT-policy’s due to selection bias. Schools
select GT-students for their GT-policy and report positive results. But are these results
driven by increases in human capital, or are GT-students performing to their GT-abilities?
In chapter 2 I was fortunate to be able to report on a Dutch school which has designed its GT-policy in such a way that causal conclusions can be drawn. Stedelijk
Gymnasium Nijmegen (SGN) selects its GT students using tests administered by the
Center of Giftedness Research (CBO) of the Radboud University Nijmegen . By selecting
GT-students in a more or less mechanical way, research opportunities arise. With some
exceptions, SGN selects students who scored above one standard deviation of the mean
in the CBO-intelligence test (IST 2000r). Students who just passed the threshold, are
not very different from students who just missed the selection cutoff. The main difference
between these two groups is the exposure to the GT-program. A setting like this can be
used for a regression discontinuity (RD) empirical design. This design is almost as strong
as a random control trial in estimating causal relations. I use the RD design to estimate
the effect that the GT policy at SGN has on student performance.
I find that the GT policy does effect student performance at the selection cutoff. In
math, languages and in other subjects, student performance increases because of the GTpolicy. I find no evidence of decreasing performance for students who just missed the
selection. Because of different effects on the performances of boys and girls, it seems
likely that increases in human capital are responsible for the found virtuous effects.
What added value to this research project, was the connection that could be made
between secondary and tertiary education. The SGN school data cover the period 1998
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until 2012. Many SGN students have graduated and moved on to tertiary education.
It was possible to match the SGN school data in secondary education to DUO-data in
tertiary education. As a consequence, I know what most of the students left and right of
the selection cutoff, have chosen as their field of study. Every year an estimate is made in
the Netherlands of the average salary which graduated students can expect in their first
job. By connecting these data sets, it was possible to estimate the salary gap between
students left and right of the GT-cutoff some years after secondary education. I found
that the GT-student who just passed the threshold, on average, starts with a salary which
is 9 percent higher than that of the student who just missed the GT-selection.
As a check for external validity, I introduced the GT-policy of SGN at three schools
of SVOK (foundation for secondary education at Kennemerland). Chapter 3 reports on
the introduction of this GT-policy in the third grade of HAVO (track which prepares for
University of Applied Sciences) and VWO (track which prepares for scientific University).
I organized controls by tossing a coin in front of school management. At the three schools
it was either HAVO or VWO which was treated. The schools ended up with two VWO and
one HAVO departments that were exposed to the GT-program. The controls were two
HAVO and one VWO department. I designed a slightly different GT selection procedure
as at SGN. At the three SVOK schools it was grade point average (GPA) on which the
selection was made. By doing so, I selected high achieving students, not gifted students.
This policy matched school culture better and corresponded with the National policy
on excellence which was described in the National Action Plan for Better Performance
(Actieplan Beter Presteren).
The empirical strategy for this chapter has three pillars. The first is a difference-indifference (DD) approach to compare the treated students groups with the controls. The
second is an RD strategy at the selection cutoff. The third is a combination of both. I
find that the positive effect of the SGN policy, is replicated at the three SVOK-schools.
The size and direction of the effect on students performance is similar to that at SGN.
From the analysis, it also becomes clear that the more able students, further away from
the cutoff, seem to profit more than the marginal GT-student. I also find that students
who are exposed to the GT program are more likely to choose the more ambitious science
profiles in the 4th grade of Dutch secondary education. I measure the intent-to-treat effect
of the GT-policy. The question what the effect is of participation in the program is more
difficult to answer. Using an instrumental variable strategy it is possible to estimate that
the effect of the GT program is stronger for students who participated, when compared to
selected non-participants. This result suggest a human capital increase of participation.
Due to selection bias, participating students are probably different from non-participants
in ways difficult to assess, we must be careful in interpreting this result.
In chapter 4 the IST 2000r test which SGN uses to identify GT students is the subject of study. Two SVOK schools were motivated to experiment with this CBO test. I
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could randomly expose half of the first grade students at these schools. The non-exposed
students were used as controls. The schools were instructed not to design any special GT
policy following the testing of students. Because of changes in the selection process at the
end of primary education in the Netherlands, the schools were interested in experimenting
with instruments which could potentially improve allocation. In addition to the general
CBO testing, I also introduced an ’excellent’ label for the students who scored above
one standard deviation from the mean. The excellent students received a slightly altered
letter in which they were informed on their ’excellent’ performance in this test. The other
students did not recieve this label. Testing could change student performance because
it produces additional information and feedback on the student capabilities. Parents,
teachers and students receive more information on the potential of the student. This line
of thinking is not confirmed in the results in this study. I used two empirical strategy’s, a
DD and a RD, to estimate the effect of testing and of labeling some students as excellent..
No effect is found of testing on student performance. Labeling does produce an unstable
positive effect in some specifications. It is not possible to draw any strong conclusions.
The hypotheses that labeling has an impact on student performance can not be rejected.
Further research is recommended.
The subject in chapter 5 is not part of the NRO funded research on excellence. This
is a separate study which reports on the results from an evaluation of a pilot program in
a mathematical curriculum.. The core of this curricula change is that context learning
is replaced with a curriculum which emphasizes concepts and mathematical thinking.
The small number of schools included in the pilot does not allow to estimate the impact
of the program itself on the level of mathematics in general. It does, however, permit
an assessment of the differential impact that the program has on boys and girls. The
theory of stereotype threat predicts that the performance of girls could be harmed by
a mathematical curricula change, especially when girls perceive this change as making
math more difficult. It turns out that girls tend to shy away from advanced (wiskunde B)
math at HAVO level. This effect is not present at VWO level. Girls do not perform worse
than boys when exposed to the new curriculum. It seems therefore important to better
inform and advice girls to enroll for courses that may seem to involve more complicated
mathematics.
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Samenvatting (Summary in Dutch)
Dit proefschrift omvat vier onderzoeksprojecten. De eerste drie zijn verwant en betreffen
onderzoekingen naar excellentiebeleid in het middelbaar onderwijs. Dit onderzoek kreeg
een flinke duw in de rug door een subsidie van het Nederlandse Regieorgaan Onderwijsonderzoek (NRO 411-12-637). De eenmalige NRO-subsidieronde werd ingesteld om meer
kennis te krijgen over wat werkt in excellentiebeleid. Negen subsidieaanvragen werden
gehonoreerd en dit project is daar één van.
Dat niet veel bekend is over wat wel en niet werkt in excellentiebeleid, heeft Nederlandse scholen niet tegen gehouden bij het introduceren van dergelijk beleid. Er bestaan al
decennia’s programma’s voor begaafde leerlingen. Het grote probleem bij het onderzoeken
van deze programma’s is selectiebias. Een school selecteert goede leerlingen, ontwikkelt
beleid voor deze leerlingen en constateert vervolgens dat het beleid werkt. De vraag is
dan of het succes te verklaren is door de selectie (goede leerlingen presteren goed) of door
het beleid. Antwoord geven op deze vraag is doorgaans onmogelijk.
Voor het onderzoek in hoofdstuk 2 heb ik echter een school gevonden waar wel iets
gezegd kan worden over het succes van hun excellentiebeleid. Het Stedelijk Gymnasium
Nijmegen (SGN) heeft sinds de jaren tachtig een beleid ontwikkeld voor begaafde leerlingen. Deze school raakte geïnspireerd door het werk van de Amerikaanse psycholoog
Renzuli. Hij betoogde dat het belangrijk is dat begaafde leerlingen veel ruimte moeten
krijgen om ervaringen op te doen met ’echte’ vraagstukken. Deze ruimte moet gevonden worden binnen het schoolprogramma, niet er buiten. Als belangrijkste kenmerk van
dit beleid geldt dat begaafde SGN-leerlingen, lessen in mogen ruilen voor werk aan zelf
gekozen projecten. Hun schoolweek is hierdoor niet langer. Ze volgen minder lessen.
Waarom is het SGN-beleid nu wel te onderzoeken, terwijl dat op andere scholen niet
kan? De verklaring is de selectiemethode die SGN gebruikt voor het programma. SGN
werkt samen met het Centrum voor Begaafdheidsonderzoek (CBO) van de Radboud Universiteit te Nijmegen. SGN selecteert de leerlingen die het best scoren op een intelligentietest (IST-2000r) die het CBO adviseert. Als vuistregel selecteert SGN de best scorende
17 procent (1 standaarddeviatie van de mediaan) van de leerlingen. Wanneer een leerling
eenmaal geselecteerd is, dan geldt dit voor de hele schoolloopbaan.
Dit selectieproces biedt een onderzoek kans, mits er genoeg jaren en waarnemingen
zijn (en die zijn er op SGN). Het selectieproces is namelijk relatief mechanisch. Een
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leerling die de selectiegrens net haalt, doet mee. Terwijl de leerling die de selectiegrens net
mist, uitgesloten is van het programma. Op deze regel zijn allerlei uitzonderingen, maar
gelukkig niet genoeg om het onderzoeksontwerp te frustreren. Vlak bij de selectiegrens
beschikken leerlingen over dezelfde capaciteiten. Ze zijn met elkaar te vergelijken. Het
grote verschil tussen de groep leerlingen die net wel is geselecteerd, versus de leerlingen
die net niet zijn geselecteerd, is de blootstelling aan het selectieprogramma. Verschillen
in uitkomsten tussen deze twee groepen, mogen als gevolg worden toegewezen aan het
excellentieprogramma van SGN. De empirische strategie die hierdoor mogelijk is, gaat
schuil onder de naam ’regressie discontinuïteit’ (RD). Een RD is bijna zo geloofwaardig
als een gerandomiseerd onderzoek voor het schatten van causale effecten.
De conclusies in dit hoofdstuk zijn dat leerlingen aantoonbaar profiteren van het excellentiebeleid. De cijfers bij wiskunde, talen en overige vakken, verbeteren. Omdat het
mogelijk was een koppeling te maken met studentenbestanden, kunnen we ook iets zeggen over de studiekeuze die excellente leerlingen maken en de financiële gevolgen daarvan.
Leerlingen die net aan het excellentiebeleid op SGN mee mochten doen, blijken zicht te
hebben op een gemiddeld 9 procent hoger startsalaris bij hun eerste baan. Dit is het gevolg
van een ambitieuzere studiekeuze. Het excellentiebeleid van SGN heeft dus aantoonbaar
flinke gevolgen die doorwerken in de maatschappelijke loopbaan.
In hoofdstuk 3 staat de replicatie van het SGN-beleid centraal bij drie scholengemeenschappen in Noord-Holland. Doel is de vraag beantwoorden of het SGN-beleid alleen
werkt in Nijmegen vanwege speciale kenmerken van die school, of dat het beleid ook elders positieve effecten heeft. Dit onderzoek gaf ook de mogelijkheid te onderzoeken of
hele goede leerlingen, de leerlingen die ver boven de selectiegrens scoren, ook profiteren van het excellentiebeleid. Het excellentiebeleid op de drie scholen van de Stichting
Voortgezet Onderwijs Kennemerland (SVOK) kreeg grotendeels dezelfde kenmerken als
het SGN-beleid. Leerlingen mochten lessen inruilen voor werken aan zelf gekozen projecten. Verschillen met SGN waren er ook. De selectie vond hier plaats op basis van het
cijfergemiddelde en niet op basis van een test. Als gevolg heb ik op de SVOK-scholen
’goede leerlingen’ geselecteerd en geen ’begaafde’. Dit past in de opzet van de Prestatiebox, zoals deze werd vormgegeven in het Actieplan Beter Presteren van het ministerie van
Onderwijs. Het SVOK-excellentiebeleid werd drie jaar lang uitgevoerd in de derde klas
van HAVO of VWO. Op de drie scholen werd geloot welke afdeling mee mocht doen. De
loting bepaalde dat er twee VWO- en één HAVO-afdeling bloot gesteld werden aan het
excellentiebeleid. De corresponderende twee HAVO- en één VWO- afdelingen, dienden
als controlegroepen. Door dit onderzoeksontwerp werden drie empirische strategieën mogelijk. Een RD, een verschil-in-verschil en een combinatie van deze twee. De conclusies in
dit hoofdstuk zijn dat het SVOK-excellentiebeleid vergelijkbare positieve effecten heeft op
de leerlingprestaties als het SGN-beleid. Bovendien profiteren leerlingen verder weg van
de selectiegrens meer, dan leerlingen vlak op de selectiegrens. Ook kiezen leerlingen die
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zijn blootgesteld aan het programma, relatief vaker een natuur-profiel in de bovenbouw
van de middelbare school. In alle strategieën meet ik een ’intent-to-treat’ effect. Niet alle
geselecteerde leerlingen deden ook mee aan het excellentieprogramma. Met een instrumentele variabele (IV) strategie kon geschat worden dat deelnemers beter presteerden,
dan de niet-deelnemers. Omdat deelnemers waarschijnlijk verschillen van niet-deelnemers
op moeilijk waar te nemen gebieden, ben ik voorzichtig met het trekken van conclusies.
Een vraag die overblijft voor hoofdstuk 4 is, of de test op SGN invloed heeft op de
uitkomsten van het programma. Een extra test, met extra feedback over de mogelijkheden
van een leerling, zou effect kunnen hebben op de leerlingprestaties. Wanneer dit het
geval is, dan zou het niet de inhoud zijn van het excellentiebeleid, maar alleen de test
en de volgende selectie, die het positieve effect verklaart. Vanaf het moment dat het
excellentiebeleid operationeel was op de SVOK-scholen, ontstond er nieuwsgierigheid naar
de CBO-test die het SGN gebruikte voor de selectie van excellente leerlingen. Deze wens
creëerde een onderzoeksmogelijkheid. Het bleek mogelijk de CBO-test random in te zetten
in de brugklassen op twee SVOK-scholen. Een random geselecteerd deel van de leerlingen
maakte de CBO-test, terwijl een vergelijkbaar deel dat niet deed. Na de test werd er
geen excellentiebeleid uitgevoerd, zodat elk verschil in prestaties terug te herleiden was
op testuitkomsten en eventuele labeling als excellent. De empirische strategieën in dit
hoofdstuk waren een verschil-in-verschil-aanpak en een RD. De uitkomsten zijn dat het
testen van leerlingen en daarbij ouders, docenten en leerlingen voorzien van feedback,
geen effect heeft op leerlingprestaties in het brugklasjaar. De labeling van leerlingen als
’excellent’ geeft instabiele effecten afhankelijk van de gekozen specificatie. Uitspraken
hierover zijn niet goed mogelijk. De groep geselecteerde leerlingen was niet groot genoeg.
De hypothese dat labeling geen effect heeft op leerlingprestaties, kan echter ook niet
verworpen worden. Vervolg onderzoek is gewenst.
Het laatste hoofdstuk in deze thesis heeft geen relatie met het excellentie-onderzoek.
Hierin staan de verschillen tussen leerlingprestaties tussen jongens en meisjes centraal,
als gevolg van een verandering aan het wiskunde-curriculum voor HAVO en VWO. De
vernieuwing bij de vakken Wiskunde A en B werd vanaf 2009 uitgetest op 15 pilot-scholen.
De curriculum-verandering behelst een aantal zaken, maar de belangrijkste is dat in de
vernieuwing wiskundige concepten en wiskundig denken worden benadrukt. Deze vernieuwing is een reactie op eerdere veranderingen waarin wiskundige contexten meer aandacht kregen. Dit onderzoek probeert de vraag te beantwoorden of bij deze curriculumverandering de prestaties van meisjes verslechtert ten opzichte van die van jongens. De
theorie van ’stereotype dreiging’ suggereert dat dit zou kunnen gebeuren, wanneer meisjes
de vernieuwing als een verhoging van de moeilijkheidsgraad percipiëren. Een uitspraak
over de wiskunde-vernieuwing als geheel, ten opzichte van het oude wiskundeonderwijs,
is niet mogelijk. De pilot-scholen mochten zichzelf opgeven voor de vernieuwing en zijn
dus waarschijnlijk anders dan de scholen die verkozen om de pilot af te wachten.
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De scholen die aan de curriculum vernieuwing meededen, ontwikkelden samen met
Stichting Leerplan Ontwikkeling (SLO) nieuw lesmateriaal voor wiskunde A en B voor
de HAVO en voor het VWO. Het ministerie van Onderwijs financierde de pilot, waardoor
docenten gedeeltelijk konden worden vrijgesteld van lestaken. Het nieuwe lesprogramma is
getest in CITO-eindexamens. Tussen de pilot- en de reguliere examens zat een overlap met
dezelfde toetsvragen, maar er waren ook andere of gewijzigde opgaven. Een belangrijk
verschil is dat in de vragen in het nieuwe examen minder structuur was aangebracht.
Leerlingen moeten als gevolg bepaalde wiskundige denkstappen zelf zetten. Het pilotexamen bevat ook een nieuw type vraag, een onderzoeksvraag, waarin de kern van de
curriculumverandering tot uitdrukking komt.
In de analyse heb ik gebruik gemaakt van data die het CITO met een ander doel verzameld. Zoals bekend berekent het CITO bij elk examen een N-term, waarmee gecorrigeerd
kan worden voor de moeilijkheidsgraad van het examen. Hiervoor moeten docenten na
de eerste examencorrectie minstens de resultaten van de eerste vijf leerlingen op alfabetische volgorde doorsturen naar CITO met het programma WOLF. Deze WOLF-data
geeft als gevolg informatie op vraagniveau en maakt bovendien onderscheid tussen pilot
en niet-pilot examens. Met deze WOLF-data was het mogelijk de belangrijkste vragen te
beantwoorden.
De empirische analyse levert drie bevindingen op. Meisjes op HAVO-niveau kiezen
minder vaak wiskunde B na invoering van het nieuwe curriculum. Meisjes die wiskunde
A kozen, presteren relatief beter bij de nieuwe vragen (concepten en wiskundig denken),
dan in de overlappende vragen met het oude (contextrijke) curriculum. Op VWO-niveau
zijn er geen aanwijzingen dat meisjes andere keuzes hebben gemaakt onder invloed van
het nieuwe curriculum, of dat relatieve prestaties veranderd zijn. Vooral de conclusies
over de verminderde deelname van meisjes aan Wiskunde B op HAVO-niveau, leidt tot de
aanbeveling, meisjes extra te informeren en te begeleiden bij een voorgenomen wiskundige
curriculum-vernieuwing.
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