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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 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) 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 achieve-
ment in three secondary schools in the Netherlands. These schools are large compre-
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hensive 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 sci-
ences, 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 implementa-
tion (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 ad-
mission 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 (Booij et al.,
2016; Card and Giuliano, 2016). 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 extrap-
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olation 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 extrapola-
tion based on the estimated relationship between the running variable and outcome
(Angrist and Pischke, 2009), and derivative-based extrapolation based on the esti-
mated 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 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 describes the empirical strategy
and data. Section 4 presents and discusses the main empirical findings. Section 5
summarizes and concludes.

2 Context: Secondary education, GT program and study design

In this study we implement a GT program in three comprehensive secondary ed-
ucation 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.

2.1 Secondary education

Dutch secondary education offers general and vocational education. Within gen-
eral secondary education, students are tracked on ability into two distinct types:
academic secondary (VWO) and general secondary (HAVO). Ability is measured
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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, includ-
ing 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, math-
ematics, 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.

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, 1977, 1986), we introduced a selective GT pro-
gram 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 per-
formance 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
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participate.1 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 a competition for the best project award. Students are su-
pervised 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.2

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

1Throughout the paper, we will use baseline GPA in reference to first term GPA.
2Booij et al. (2016) evaluate a GT program at a prestigious academic secondary school in Ni-

jmegen. 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.
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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 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 reduced-form 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 Empirical Strategy

We apply three complementary strategies to identify the program’s impact on stu-
dent achievement: (i) we use the fragmented GT program implementation (in dif-
ferent tracks at different schools) to get difference-in-differences (DD) estimates for
all students above the admission cutoff;3 (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

3In our setup, we have randomized at the school-track level. With cluster randomization in-
volving 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.
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baseline achievement.

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 = βDDTstZi + αT st + γZi + δXi + µs + µt + µy + uisty, (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 βDD measures
the program’s intention-to-treat impact 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 = βRDZi + γ1zi + γ2Zizi + δXi + µt + µy + uisty, (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 βRD 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
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the next regression model using the full sample of students:

Yisty =βDD/RD
1 TstZi + β

DD/RD
2 TstZizi+

αT st + γzi + δXi + µs + µt + µy + uisty. (3)

This is our preferred specification. The parameter βDD/RD
1 measures the intention-

to-treat effect for students near the admission cutoff. The interacted parameter
β

DD/RD
2 measures 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 intro-
duced 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).

3.2 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
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.
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Table 1. Summary statistics
Control tracks Treated tracks

A: Characteristics mean s.d. mean s.d. difference p-value
Male 0.48 0.50 0.46 0.50 -0.02 0.41
Age 14.41 0.41 14.33 0.40 -0.08 0.00

B: School and track
SCHOOL 1 0.37 0.48 0.26 0.44 -0.10 0.00
SCHOOL 2 0.25 0.43 0.29 0.46 0.04 0.02
SCHOOL 3 0.38 0.49 0.44 0.50 0.06 0.00
Academic track 0.25 0.43 0.71 0.46 0.46 0.00

C: Pre-test
raw CITO score 540.37 5.23 542.08 4.92 1.71 0.00
baseline GPA (running variable) 6.80 0.68 6.87 0.72 0.06 0.02
Z (baseline GPA above cutoff) 0.11 0.32 0.18 0.38 0.07 0.00

D: Treatment
GT program (eligible) 0.00 0.00 0.18 0.38 0.18 0.00
GT program use 0.00 0.00 0.13 0.33 0.13 0.00

E: Outcomes
GPA 6.49 0.69 6.60 0.74 0.12 0.00
GPA math 6.44 1.06 6.58 1.17 0.13 0.00
GPA language 6.46 0.81 6.62 0.86 0.16 0.00
GPA other 6.51 0.74 6.60 0.73 0.09 0.00
STEM 0.45 0.50 0.50 0.50 0.05 0.02

Number of classes 48 40
Number of pupils 1,356 1,067

For these students, we construct several measures of academic achievement: over-
all 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 mathemat-
ics 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, including geography, history, arts and sciences.
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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 1 provides
sample means and standard deviations of the outcome and control variables that we
study below.

4 Main Results

Suppose GT education has a substantial impact on student achievement. Under
ideal experimental conditions (where GT programs are randomly introduced in dif-
ferent 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 con-
trol tracks and a sharp rise in GPA scores for eligible students (with baseline GPA
scores above the admission cutoff) in treated tracks. Figure 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 differ-
ence 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.
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Figure 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.

4.1 ITT Results

Using the strategies described above, we can quantify the impact of GT education
on student achievement. Table 2 contains the ITT estimates. All the estimates are
obtained using ordinary least squares regressions.

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
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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 ap-
propriate 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 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 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 non-eligible 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 post-program GPA scores can be interpreted in a
causal way. The RD graphs, which we show in the Appendix, confirm this. Figure
B2 shows a sharp jump in the probability of GT participation (without bunching at
the cutoff). Figure B3 shows no apparent jump in age, gender, and primary school

13



T
ab

le
2.

Es
tim

at
ed

IT
T

eff
ec
ts

of
th
e
G
T

pr
og

ra
m

on
G
PA

D
D

R
D

D
D
/R

D
(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

G
T

pr
og
ra
m

0.
23
**

0.
22
**

0.
22
**

0.
14
**

0.
17
**
*

0.
17
**
*

0.
11
*

0.
10
*

0.
10
*

(0
.1
0)

(0
.0
9)

(0
.0
9)

(0
.0
6)

(0
.0
6)

(0
.0
6)

(0
.0
6)

(0
.0
6)

(0
.0
6)

G
T

pr
og
ra
m

×
z

0.
48
**
*

0.
54
**
*

0.
52
**
*

0.
45
**
*

0.
48
**
*

0.
47
**
*

(0
.0
9)

(0
.0
9)

(0
.0
8)

(0
.0
8)

(0
.0
8)

(0
.0
8)

Z
1.
54
**
*

1.
51
**
*

1.
47
**
*

(0
.0
8)

(0
.0
8)

(0
.0
7)

z
1.
16
**
*

1.
12
**
*

1.
12
**
*

1.
20
**
*

1.
20
**
*

1.
19
**
*

(0
.0
5)

(0
.0
5)

(0
.0
5)

(0
.0
3)

(0
.0
3)

(0
.0
3)

Tr
ea
te
d
tr
ac
k

0.
02

-0
.0
1

-0
.0
1

-0
.0
2

0.
04

0.
04

(0
.0
8)

(0
.0
6)

(0
.0
6)

(0
.0
6)

(0
.0
5)

(0
.0
5)

Sc
ho

ol
,t
ra
ck
,y

ea
r
du

m
m
ie
s

X
X

X
X

X
X

C
on

tr
ol
s

X
X

X

y
0.
00

0.
00

0.
00

0.
09

0.
09

0.
09

0.
00

0.
00

0.
00

sd
(y

)
1.
00

1.
00

1.
00

1.
03

1.
03

1.
03

1.
00

1.
00

1.
00

p-
va
lu
e

0.
02
2

0.
02
4

0.
01
9

0.
02
4

0.
00
6

0.
00
6

0.
06
1

0.
07
4

0.
06
6

p-
va
lu
e
jo
in
t

0.
00
0

0.
00
0

0.
00
0

IT
T

0.
29

0.
29

0.
29

s.e
.(I

T
T
)

0.
05

0.
05

0.
05

p-
va
lu
e
IT

T
0.
00
0

0.
00
0

0.
00
0

R
2

0.
34

0.
41

0.
42

0.
77

0.
80

0.
80

0.
71

0.
75

0.
75

N
c
lu

s
te

r
88

88
88

40
40

40
88

88
88

N
24
23

24
23

24
23

10
67

10
67

10
67

24
23

24
23

24
23

N
ot

e:
E
ac
h
co
lu
m
n
re
pr
es
en
ts

a
di
ffe

re
nt

O
LS

re
gr
es
si
on

.
C
on

tr
ol
s
ar
e
ge
nd

er
,a

ge
,a

nd
C
IT

O
.C

la
ss

cl
us
te
re
d
st
an

da
rd

er
ro
rs

in
pa

re
nt
he

si
s.

*/
**
/*
**

de
no

te
si
gn

ifi
ca
nc
e
at

a
10
/5
/1

pe
rc
en
t
co
nfi

de
nc
e
le
ve
l.
T
he

re
po

rt
ed

p-
va
lu
e
(j
oi
nt
)
co
m
es

fr
om

a
t-
te
st

(F
-t
es
t)

of
th
e
G
T

pr
og
ra
m

co
effi

ci
en
t
(a
nd

in
te
ra
ct
io
n)
.
T
he

IT
T

is
th
e
av
er
ag
e
in
te
nt
-t
o-
tr
ea
t
es
tim

at
e
w
ith

re
po

rt
ed

st
an

da
rd

er
ro
r
an

d
p-
va
lu
e.

14



exit test scores (CITO), which are all predictors of student achievement. And Figure
B4 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.4 At the bottom of the table, we also report
estimates of the average impact of 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 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.5 Average GPA scores continue

4We have also estimated GT program effects for increasing bandwidth samples. In Appendix
Figure B1 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.

5To formally test whether the relationship between current and baseline GPA is similar for non-
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to increase gradually for eligible students in control tracks.6 Average GPA scores
for students in treated tracks, however, jumps at the admission cutoff and then
continues 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 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.7

4.2 Other Outcomes

Table 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.

eligible students in treated and control schools, we estimate the following relationship on a sample
of non-eligible students (Zi=0)

Yisty = α1T st + α2Tst (zi − z) + γ1 (zi − z) + εisty,

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).

6We 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 = γ1zi + γ2Zizi + εisty.

If the parameter γ2 is zero, the relationship between current and baseline GPA is similar for un-
treated 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.

7Card 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.

16



-4
-2

0
2

4
St

an
da

rd
iz

ed
 G

PA

-3 -2.5 -2 -1.5 -1 -.5 0 .5 1 1.5
Baseline GPA distance to threshold

Treated Control
Counterfactual

Figure 2. GPA of students in control and treated tracks
Note: The panel shows unconditional 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.

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 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 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
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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 vari-
ables than the estimates for the main outcome presented in 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.

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 instru-
mental variable for program participation. We take again the combined DD/RD
model as our preferred model, which we estimate with and without additional co-
variates by 2SLS (see appendix table A1 for the corresponding 2SLS estimates for
the DD and RD specifications). One complication of this model is the additional
endogenous interaction term, for which we need an additional source of exogenous
variation in program participation. Our experimental setup deals with this. In par-
ticular, we are able to exploit two groups of counterfactual students: non-eligible
students near the admission cutoff in treated tracks, and eligible students in control
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tracks.
Table 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% the cutoff
and about 0.70 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 partic-
ipation. 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 achieve-
ment 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
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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.

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 educa-
tional 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 at-
tending 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 mak-
ers. 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
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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 chal-
lenging 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 calcu-
late 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 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 generaliz-
ability of results. In another study (Booij et al., 2016), we examine the effect of
a comparable GT program (already implemented since 1983) at a prestigious aca-
demic 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 com-
plementary, 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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B RD graphs

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 base-
line 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 B1. ITT effect estimates from linear split regression with varying band-
width
Note: The optimal bandwidth level is chosen following Imbens and Kalyanaraman (2012) using the
treated sample with covariates included.
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Figure B2. Fuzzy RD first stage effect
Note: The top panel shows fitted values from parametric and non-parametric first stage regressions
of GT program assignment on baseline GPA scores in the treated sample, without covariates. 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 B3. 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 B4. Fuzzy RD reduced form effects on GPA scores
Note: The left panel shows fitted values from parametric and non-parametric reduced form regres-
sions 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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