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Relative School Starting Age and Educational Inequality

Valentina Sontheim1

Abstract: This study investigates how school starting age (SSA) affects educational out-
comes by disentangling the impact of relative and absolute SSA. I use a natural experiment
in Switzerland where cutoff dates vary across time and regions and analyze data from
2012-2023. Being younger relative to classmates increases the likelihood of special needs
placement and grade retention in early elementary school. These effects are driven by rela-
tive, not absolute, SSA and persist for up to eight years, influencing secondary school track
placement. Children of less educated parents are more affected, suggesting SSA policies

may reinforce educational inequality.
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1 Introduction

Research has shown that school starting age (SSA) has significant short- and long-term impacts
on outcomes related to education, health, and labor market performance (Bedard and Dhuey
2006; Black, Devereux, and Salvanes 2011; Cascio and Schanzenbach 2016). Yet the mech-
anisms behind these effects remain unclear. One possibility is that the absolute SSA effect is
important, and that children who have reached a certain absolute age and therefore a develop-
mental threshold by the time of enrollment are better prepared for school. Another possibility
is that the relative SSA effect is important, and that children might benefit primarily from being
older relative to their peers and thus comparatively more mature within their school cohort,
regardless of their absolute age at school entry. Previous studies have not distinguished between

these two effects, as they are perfectly collinear in many settings.

However, understanding the impact of these age-related mechanisms on the educational out-
comes of a child is important from the perspective of policy makers, teachers, parents, and
children. If the absolute SSA matters for school success, the aim should be to find an optimal
threshold of absolute age at school start and enroll children at that age. If the relative SSA plays
an important role, minimizing relative age differences among peers might enhance a supportive
environment suggesting that rearranging students across peer groups could be beneficial for all

children.!

This paper distentangles the determinants of SSA effects on educational trajectories of students.
To do so I take advantage of a unique feature of the Swiss education system. I estimate the
impact of relative SSA while holding a child’s absolute SSA constant, which is novel in the
literature.? For empirical identification, I exploit a unique policy variation in the Swiss school
system, which mandated the adoption of a single national school-entry cutoff date. Under this
reform, some cantons, regional sub-national units similar to U.S. states, gradually postponed
their cutoff dates in bi-weekly or monthly steps year by year, while others left their cutoft dates

unchanged. This creates a setting in which it is possible to estimate the relative SSA effect while

1. Policies that minimize relative age differences could entail the installation of more than
one yearly school-entry cutoff date, the assignment of students to classes based on SSA, and
a more rigorous enforcement of compliance with school-entry cutoff dates decreasing late and
early enrollment.

2. I refer to the age at which children start mandatory kindergarten as school starting age
throughout the paper.



holding the absolute SSA of children constant. For my estimation I use register data on the
entire Swiss population, containing students of all levels in each type of educational institution
from 2012-2023. The combination of the birth dates of students with the detailed information
about the types of education programs students are enrolled in over time allows me to observe

whether students comply with the school-entry cutoff date rules.

I first estimate the causal effect of low SSA on education trajectories of students. Exploiting the
setting with multiple school-entry cutoff dates, I can advance the estimates in similar existing
studies through the inclusion of birth date fixed effects, which are important for outcomes related
to health and education (Willer et al. 2005; Cascio and Lewis 2006; Buckles and Hungerman
2013). I use a fuzzy regression discontinuity (RD) design, instrumenting the probability of
being among the youngest children at school start using a child’s birth date in relation to school-
entry cutoff date rules. Since I observe actual enrollment and exact birth dates, my estimates
can be interpreted as local average treatment effects (LATE) for children who comply with the
school-entry cutoff date rules. I show that being young at school start increases the probability
of being assigned to a special needs track by 4.6 percentage points and the probability of grade
retention by 6.6 percentage points after three years of elementary school for children born
around the cutoff. Both effects are persistent until the end of elementary school, when students
in Switzerland are assigned to an advanced or a basic track for secondary school based on prior
achievements. Children who are young at school start experience a 22.6 percentage points
lower likelihood of being assigned to the advanced track eight years after enrollment, which is

consequential for their further education and later labor market outcomes.

I then use the natural experiment to estimate the causal effect of relative SSA holding the
assigned absolute SSA of children constant. Crucially, I exclude children for whom the shifts
in the school-entry cutoff dates alter the absolute SSA. Therefore, the shifts in relative SSA
of children stem from the changes in the cohort composition only. Using an instrumental
variable (IV) design, I instrument the observed SSA relative to the average SSA in a child’s
cohort with the assigned SSA of a child relative to the average SSA in her assigned cohort if
all children comply with the school-entry cutoff date rules. The resulting LATE provides the
first estimate of the causal effect of relative SSA that is fully isolated from the absolute SSA
and other confounding effects. My IV estimates show that the aggregated effect of a decrease
of relative SSA of one year is associated with an increase in the probability of being assigned

to a special needs track during the first three elementary school years of 5.3 percentage points.



Similarly, the probability of grade retention in the first three elementary school grades increases
by 4.8 percentage points for students reacting to the instrument who are one year younger in
relative terms. Further, the probability of being assigned to the advanced track decreases by

14.2 percentage points if the relative age decreases by one year.

Next, I investigate the determinants of the SSA effect. I use both the assigned absolute and the
assigned relative SSA as an instrument for their respective observed values and include both
in the IV estimation. The absolute SSA effect is statistically significant but the comparison of
the magnitude of the estimates shows that the relative SSA effect is at least 5 times larger in
magnitude. Further, I show that the relative SSA effect is fairly linear in the distance to the
average SSA in a cohort, with somewhat larger effects for children below the average cohort
SSA in absolute terms. This result suggests a potential gain for the average student through

cohorts that are more homogeneous in age.

The rich set of individual-level covariates including parents’ education, nationality, native
language, and gender allow me to investigate the heterogeneity of the SSA effects found for the
average student. I use split sample estimates to show that compliers who are foreigners and those
who are not native speakers of the regional language experience larger effects on the probability
of being referred to a special needs track if they are young at school start. Similarly, comparing
the causal effect of lower relative SSA across these split samples shows that the LATE on the
probability of being assigned to a special needs track are larger for socioeconomically less
advantaged students, while both effects are fairly similar across gender. These heterogeneous
SSA effects have to be interpreted against the background of a situation where students from
more advantaged socioeconomic backgrounds are more likely to be enrolled too late than
children from socioeconomically less advantaged backgrounds. On average, these children are
therefore younger in absolute and relative terms than their socioeconomically more advantaged
peers. Hence, the endogeneity of the enrollment decision can have consequences for educational

inequality especially in the presence of heterogeneous SSA effects.

I show that the results of both the RD and the IV designs are robust to altering the sample
selection based on bandwidth and time horizons, and to changing the specification including

the use of different fixed effects and controls for pre-determined covariates or average class age.

This paper contributes to a large literature on the effect of SSA on education-related outcomes.

Generally, researchers find negative short-term effects of being young at school start, while long-



term effects are less clear but seem to play a more important role in early tracking systems.3
Most of these studies use RD designs and therefore measure only the effect of being young at
school start, hence the composite SSA effect without disentangling absolute and relative SSA
effects, and cannot include birthday fixed effects which have been proven to be important (Willer
et al. 2005; Buckles and Hungerman 2013).4 Evidence on effect heterogeneity shows that the

composite SSA effect is larger and more long-lasting for less advantaged students.>

The results of my study are most closely related to three studies of SSA that analyze settings
where it is either possible to estimate effects net of individuals’ birthday effects, or to hold
constant the absolute SSA and the age-at-test to isolate the effect of relative SSA. Elder and
Lubotsky (2009) and Pefia (2017) leverage reforms that cause state-level differences in school-
entry cutoff dates that move over time. This identification strategy has the drawback that the
estimates of relative SSA may be confounded by other effects. Elder and Lubotsky (2009) are
unable to distinguish their effects of relative SSA from state-level effects and those attributable
to the reforms, while Pefia (2017) cannot differentiate his estimates from birthday-related effects.
In contrast, I am able to compare students within the same school and with the same birthdays
over time, since the cutoffs in my setting move multiple times for the same canton. The

harmonization reform was enacted in 2009, and hence any changes in the school system related

3. For short-term effects see studies on students’ performance by Bedard and Dhuey (2006),
Puhani and Weber (2007), McEwan and Shapiro (2008), Leuven et al. (2010), Schneeweis
and Zweimiiller (2014), Lubotsky and Kaestner (2016), Miihlenweg and Puhani (2010), Pena
(2020), and Cook and Kang (2020), on causes by Stipek and Ryan (1997), Morrison, Alberts,
and Griffith (1997), and Datar and Gottfried (2015), on special needs by Dhuey and Lipscomb
(2010), Dee and Sievertsen (2018), Balestra, Eugster, and Liebert (2020), and Nicodemo,
Nicoletti, and Vidiella-Martin (2024), which are consequential (Wagner and Blackorby 1996;
Hanushek, Kain, and Rivkin 2002). For long-term effects see Robertson (2011), Dobkin and
Ferreira (2010), Black, Devereux, and Salvanes (2011), and Oosterbeek, Meulen, and Klaauw
(2021), and for the role in early tracking systems see Miihlenweg and Puhani (2010), Zweimiiller
(2013), Schneeweis and Zweimiiller (2014), Cornelissen and Dustmann (2019), Oosterbeek,
Meulen, and Klaauw (2021), and Schneeweis and Zweimiiller (2014).

4. Some studies are able to separately identify age-at-test effects (Black, Devereux, and
Salvanes 2011; Fredriksson and Ockert 2014; Cascio and Schanzenbach 2016; Landersg,
Nielsen, and Simonsen 2017), and an exception where birthday fixed effects are included is
Attar and Cohen-Zada (2018).

5. See Datar (2006), Elder and Lubotsky (2009), Fredriksson and Ockert (2014), Schneeweis
and Zweimiiller (2014), Cascio and Schanzenbach (2016), and Dhuey et al. (2019) for hetero-
geneity by socioeconomic background, and Datar (2006), Puhani and Weber (2007), McEwan
and Shapiro (2008), Dhuey and Lipscomb (2010), and Attar and Cohen-Zada (2018) for race
and gender heterogeneity.



to the reform are likely implemented prior to my observation period, and I test the robustness

of my results regarding this assumption.

In a different attempt to separately identify the causal effect of relative SSA on students’ achieve-
ments, Cascio and Schanzenbach (2016) use the random allocation of students to classrooms
in the project STAR. This creates exogenous variation in average class age within schools, and
therefore in individual relative SSA, holding constant absolute SSA of children. A drawback
of this setting is that the authors instrument relative SSA with an eligibility threshold that is
fixed over time and therefore cannot estimate effects net of birthday effects. Therefore, the
causal interpretation of their estimates relies on the assumption that birth dates are randomly
allocated throughout the year. Another caveat to the study is that the STAR school population
is not representative of the overall population, and that kindergarten is not mandatory. I can
address these concerns by including birth date fixed effects and by estimating effects for the

entire population of students in a setting of mandatory kindergarten.

The findings of these three studies suggest that having older class or cohort peers has a positive
effect on education trajectories, while Elder and Lubotsky (2009) estimate a positive effect
of older peers on the probability of grade retention and of diagnoses of learning disabilities.
The positive effects found for educational achievements can be interpreted in terms of the peer
effects literature, documenting that higher-achieving peers are beneficial to learning. The latter
effects might be caused by the fact that students are often evaluated in relation to their relevant
peer group, and therefore younger students face a disadvantage in terms of relative maturity

within this group (see Sacerdote (2011) for an overview).

Overall, I am able to advance the literature in three main points. From a methodological point of
view, I estimate the effect of being young at school start with a fuzzy RD design in the context of
a unique reform that allows me to include birth date fixed effects and to therefore hold constant
unobservable characteristics related to students’ birth dates. As a result, my LATE estimates
hold for children with varying birth dates, enhancing the external validity of my findings. From
a substantial point of view, I exploit the natural experiment in my IV estimation to isolate the
causal effect of relative SSA on students’ achievements. In particular, I am able to compare
children within the same schools over time, holding their absolute SSA and their birth date
fixed. Therefore, I do not confound effects of potential changes in other aspects of the education

system with SSA effects. From a policy perspective, my results give rise to the conclusion



that classes homogeneous in age are beneficial for the average student, and therefore support
both a more rigorous implementation of school-entry cutoff date rules, and a potential gain in
rearranging students across classes based on age. Further, the detailed register data allow me to
estimate effects for the entire population of students and I can contribute to our understanding of
educational inequality by investigating the heterogeneity of SSA effects for students of different
socioeconomic backgrounds. I am able to provide insights on how the determinants of the
SSA effects affect children with migration background, and children with less educated parents,
when compared to their more advantaged peers. Since I observe that realized SSA of students
is endogeneous and correlated with socioeconomic background characteristics, the endogeneity
of SSA can therefore even magnify the larger impact of low absolute and relative SSA found for

less advantaged children and ultimately fuel educational inequality.

2 Institutional background and data

Swiss school system Compulsory education in Switzerland spans eleven years. Students are
eligible for two years of kindergarten, starting at the age of four or five depending on the cantonal
school-entry cutoff rule.¢ In Switzerland approximately, 91.6% of pupils go to kindergarten
and roughly 78.3% of children stay in kindergarten for two years.” It is possible to prolong
kindergarten by one year if the kindergarten teacher and the parents consider a particular child
not ready for school. After kindergarten, pupils continue with elementary school for six years
(grades 1 to 6). Roughly 96.4% of pupils are enrolled in public kindergarten, and 97.3% of indi-
viduals are enrolled in public elementary schools, to both of which they are assigned according
to their residence. Both public kindergarten and public elementary school are comprehensive
and children of different gender, ethnic, and socioeconomic backgrounds are educated together.
After elementary school, students continue with three years of lower secondary school (grades
7 to 9), for which students are tracked.® Elementary school teachers assign the roughly 70%

higher-achieving students to an advanced track, while the lower-achieving 30% of students are

6. In the canton of Ticino, kindergarten starts at age three. In the cantons of Appenzell
Ausserrhoden, Appenzell Innerrhoden, Lucerne, Nidwalden, Obwalden, Schwyz, Uri, and Zug,
only one year of kindergarten is mandatory, and in the cantons of Grisons and Valais kindergarten
is not mandatory for most of my observation years.

7. All these percentages correspond to the full sample of observations in Switzerland for the
years 2012 to 2018.

8. Some cantons have elementary schools of only five and secondary schools of four years.



assigned to a basic track based on prior achievements (Neuenschwander and Malti 2009).° Stu-
dents can change tracks after each school year based on grades. At age 15 or 16, they complete
compulsory lower secondary school, but most continue with upper secondary education. For
this, students apply or are assigned to vocational or academic programs based on their skills
and preferences. The track they graduate from affects their upper secondary path and future

earnings. A simplified overview of the Swiss school system is shown in Appendix Figure A.1.

LABB data To analyze the effect of SSA on students’ further education outcomes, I draw on
the universe of students in Switzerland covered in the LABB data (Ldngsschnittanalysen im
Bildungsbereich) provided by the Swiss Federal Statistical Office. Yearly educational statistics
are collected by the Swiss cantons and linked to labor registers via the social-security number
of students. This results in a comprehensive panel data set available from 2011, containing
students’ enrollment from kindergarten to university at all ages and covers public and private
schools. Besides descriptions on the type of educational program a student is enrolled in, the
data contain information on attempts for grade completion and success or failure of an attempt.
The data further contain individual, class, and school identifiers, from which I construct cohort

identifiers consisting of school-by-year observations.

To calculate the absolute and relative SSA of children I use information on birth dates of
individuals provided in the LABB data with a precision of up to one half-month.® I further use
the information on cantonal school-entry cutoff dates available from cantonal questionnaires
and exact school start dates.!! 1relate these cutoff dates to the birth year of an individual and the
canton of her municipality of residence to construct an indicator for kindergarten eligibility. I
then use the information on exact school start dates in cantons and years to calculate the absolute

SSA of a child up to one half-month.

9. Some cantons and schools do not assign or do not report tracks in lower secondary school.
Since in all these cantons, there is no mandatory kindergarten of two years, they are not part of
my final estimation sample. Also, tracks are not assigned or reported in many private schools
which are included in my final estimation samples.

10. For example, if a child’s birthday is on January 15 2013, the birth date up to one half-month
captured in the data is ”January first half-month 2013”.

11. Cantonal questionnaires for school-entry cutoff dates are available here: https://edudoc.c
h/search?In=en&p=kantonsumfragen%20ides&f=&c=Monographien&c=Zeitschriftenartikel
&c=Parlamentarische%20Dokumentation&c=Archivierte%20Dokumente&c=0ffizielle %20
Dokumente&c=Zeitschriften&c=Film&sf=&so=d&rg=10&fti=1, accessed 09.07.2024. Exact
school start dates are available here: https://edudoc.ch/search?cc=idesferienliste&In=de&c=id
esferienliste, accessed 09.07.2024.


https://edudoc.ch/search?ln=en&p=kantonsumfragen%20ides&f=&c=Monographien&c=Zeitschriftenartikel&c=Parlamentarische%20Dokumentation&c=Archivierte%20Dokumente&c=Offizielle%20Dokumente&c=Zeitschriften&c=Film&sf=&so=d&rg=10&fti=1
https://edudoc.ch/search?ln=en&p=kantonsumfragen%20ides&f=&c=Monographien&c=Zeitschriftenartikel&c=Parlamentarische%20Dokumentation&c=Archivierte%20Dokumente&c=Offizielle%20Dokumente&c=Zeitschriften&c=Film&sf=&so=d&rg=10&fti=1
https://edudoc.ch/search?ln=en&p=kantonsumfragen%20ides&f=&c=Monographien&c=Zeitschriftenartikel&c=Parlamentarische%20Dokumentation&c=Archivierte%20Dokumente&c=Offizielle%20Dokumente&c=Zeitschriften&c=Film&sf=&so=d&rg=10&fti=1
https://edudoc.ch/search?ln=en&p=kantonsumfragen%20ides&f=&c=Monographien&c=Zeitschriftenartikel&c=Parlamentarische%20Dokumentation&c=Archivierte%20Dokumente&c=Offizielle%20Dokumente&c=Zeitschriften&c=Film&sf=&so=d&rg=10&fti=1
https://edudoc.ch/search?cc=idesferienliste&ln=de&c=idesferienliste
https://edudoc.ch/search?cc=idesferienliste&ln=de&c=idesferienliste

I construct the assigned relative SSA as the difference in the absolute SSA of a child if she
complies with the school-entry cutoff date rule and the average absolute SSA of her assigned
school-by-year cohort excluding the specific individual if all children comply with the school-
entry cutoff date rule. Further, I calculate the observed relative SSA, which is determined by
the difference in the observed absolute SSA of an individual and the leave-own-out average

absolute SSA in her observed school-by-year cohort at first enrollment.

Detailed individual characteristics are covered in the LABB data, such as gender, native lan-
guage, nationality, and municipality of residence and school. Importantly, information on the
highest educational degree of a household is available for a subset of observations through a
link via the social security number of students from the Swiss Structural Survey. This is a yearly
survey of a 10% sample of the permanent resident population aged 15 years and older. Due to
the panel structure of the data, I can impute this variable, relying on the assumption that lags
and leads of parents’ education are adequate proxies for their current education, such that I have

a coverage of roughly 42% for this variable in my final estimation sample.

Definition of outcomes I construct outcomes using information on educational programs of
individuals at a given point after first enrollment into kindergarten. The first set of outcomes are
indicators for being assigned to a special needs educational program during the first three years of
elementary school (grades 1 to 3), and for any retention during the same years.!2 I measure grade
retention from first enrollment into elementary school, assuming yearly promotion.® Pupils
enrolled in special needs programs most often are assigned to a class or school specialized
for children with special needs. Only 1.7% of children classified as special needs during

elementary school in the data are included in a regular class. This depends upon severity of

12. Note that a student can only repeat a school year for which she is assigned to a school
grade. Students who are on a special needs track for a certain school year are not registered
in a grade. Hence, a student can never contemporaneously be on a special needs track, and
repeat a school year. A student can, however, be registered on a special needs track for the
first year she should normally be in elementary school, then be recorded in a grade as a normal
elementary school student for the next year, and repeat this grade in the following year, resulting
in both a special needs indicator for the first three years of elementary school of one, and a
grade retention indicator of one for the same span of school years. This applies to 0.1% of the
estimation sample.

13. If a child spends three years in kindergarten but finishes the first three elementary school
years with a yearly promotion, her indicator for grade retention takes zero, even though she
spent an additional year in kindergarten.



cases and availability of special needs schools or classes.

The second set of outcomes are measured after elementary school. I define the indicator for not
finishing kindergarten and elementary school on time to take 1 if a child either has spent three
years in kindergarten, or repeated at least one of the elementary school years. The indicator
for assignment to the advanced track for lower secondary school is 1 if students are on time for
secondary school and are assigned to the advanced track, and zero otherwise. The timing of
outcome measurement is shown in the graphical display of the simplified version of the Swiss

school system in Appendix Figure A.1.

3 Institutional framework and descriptive statistics

Changes in school-entry cutoff dates Education in Switzerland is the responsibility of the
cantons, each of which independently organizes its school system. The Intercantonal Agreement
on the Coordination of Compulsory Education of October 29, 1970, aimed to harmonize systems
across cantons and increased coordination.’> On May 21, 2006, the Swiss electorate approved a
constitutional education article (Art. 61aff. BV) with 86% support. It obliges the Confederation
and cantons to collaborate to ensure quality and permeability in education (Art. 61a para. 1
BV) and to harmonize key aspects of the system (Art. 62 para. 4 BV). To meet these goals, the
Intercantonal Agreement on the Harmonization of Compulsory Education (HarmoS Concordat)
was introduced in 2007 and enacted on August 1, 2009 (Fischer, Sciarini, and Traber 2010).1¢
Participating cantons had to fully implement it by August 1, 2015.”7 The agreement sets
common goals and structures for compulsory schooling and introduces shared quality standards

and coordination instruments.

14. Note that the frequency of inclusive schooling for special needs children does not follow
any trend during my observation period. If inclusive schooling was affected by the harmoniza-
tion of school systems in Switzerland, these changes likely came into effect prior to my period
of observation.

15. The Intercantonal Agreement on Coordination of Compulsory Education of October 29
1970 is available here: https://www.bildung-z.ch/sites/default/files/ul89/Konkordat_Schulko
ordination.pdf, accessed July 30 2024. All cantons except Ticino participated until 1997.

16. The Intercantonal Agreement on the Harmonization of Compulsory Education of June 14
2007 is available here: https://www.edk.ch/de/themen/harmos, accessed February 24 2025.

17. Participating cantons are Basel-Landschaft, Basel-Stadt, Berne, Fribourg, Geneva, Glarus,
Jura, Neuchatel, Schaffhausen, St.Gallen, Solothurn, Ticino, Valais, Vaud, and Zurich. Non-
participating cantons implement parts of the content of the HarmoS Concordat.


https://www.bildung-z.ch/sites/default/files/u189/Konkordat_Schulkoordination.pdf
https://www.bildung-z.ch/sites/default/files/u189/Konkordat_Schulkoordination.pdf
https://www.edk.ch/de/themen/harmos

An important aspect of this harmonization is a nation-wide school start age and therefore the
adaptation of school-entry cutoff dates to one harmonized date set to July 31 (Art.5). Children
who are four years old on July 31 are enrolled in August of the same year. Participating cantons
with formerly different school-entry cutoff dates change these dates each year by either monthly
or biweekly steps, to avoid large differences in the number of newly enrolled children from one
year to the next.®® This results in a unique natural experiment among participating cantons
where some leave their school-entry cutoff dates unchanged on July 31, while others adapt their
school-entry cutoff date on a yearly basis over several years. To maintain comparability of
school systems and to ensure that effects do not stem from other contemporaneous changes, I
restrict my analysis to cantons participating in the HarmoS Concordat. Further, I only focus my
analysis on cantons in which two years of kindergarten are mandatory and in which children
are eligible for kindergarten in August of the same year if they are four years old on a specific
school-entry cutoff date at least from 2012 onward, which are the cantons Basel-Landschaft,
Basel-Stadt, Geneva, Glarus, Jura, Neuchatel, St.Gallen, Schaffhausen, Solothurn, Vaud, and
Zurich.?° The following graph represents whether these cantonal cutoff dates correspond to
July 31 (triangles), and shows whether the cantonal cutoff date changed in a given year when
compared to the previous year (red). Appendix Figure A.2 shows the resulting observed average
absolute SSA for each of these cantons over time, and Appendix Figure A.5 shows the cantons

in the sample on a map.

18. The participating cantons are obliged to implement the agreements’ content until August
Ist 2015, however the changes in school-entry cutoff dates took longer in some cantons due to
the yearly shifts.

19. Generally, I assume that other changes regarding the school system in kindergarten and
elementary school that were part of the harmonization and realized by the participating cantons
either took effect in 2009 when the agreement was implemented and left unchanged thereafter,
or are allocated randomly across years and cantons. Since officially, cantons are obliged to
implement the content of the HarmoS Concordat until August 1st 2015, I provide robustness
checks where I restrict my sample to observations starting school in 2015 or later.

20. Note that according to cantonal questionnaires among the cantons participating in the
HarmoS Concordate, in the cantons of Vaud, kindergarten became mandatory in 2013, while
in the canton of Schaffhausen kindergarten became mandatory in 2014. This, however, did not
affect enrollment numbers of children into kindergarten and I therefore keep these cantons in
my sample for the entire observation period. From the cantons participating in the HarmoS
Concordat, this excludes the canton of Fribourg, Valais, and Ticino, because kindergarten was
not mandatory in these cantons for a large part of my observation period. Further it excludes
the canton of Berne, since municipalities were free to adapt the school-entry cutoff dates until
the year 2015, and the municipial school-entry cutoff dates are not observable.
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Figure 1: Cantonal school-entry cutoff dates
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Notes: This figure depicts the changes of school-entry cutoff dates by canton and years for
the subset of cantons that fulfill my sample restrictions. Marked in red are year-by-canton
observations where school-entry cutoff dates changed when compared to the previous year, and
marked in light blue are year-by-canton observations where school-entry cutoff dates correspond
to the previous year. Dots represent school-entry cutoff dates other than July 31 and triangles
correspond to school-entry cutoff dates on July 31.

Relative and absolute SSA The natural experiment caused by the harmonization of school-
entry cutoff dates in Switzerland allows me to address the two main methodological concerns in
the related literature. First, I estimate the causal effect of being enrolled at a young age, hence
of the composite of absolute and relative SSA effects, holding the effects of specific birthdays
fixed. Second, I isolate the effect of relative SSA, while holding the effect of absolute SSA and

age-at-test constant.

The stylized example in panel (A) of Figure 2 illustrates the setting in a simplified version of
the natural experiment with the birth dates of two children A and B (blue dots), three different
school-entry cutoff dates of two cantons ¢ and d (dotted lines), and the school start date on
the x-axis.?! The absolute SSA is depicted on the y-axis. For example, child A in canton ¢
and year ¢ has an absolute SSA of 4 years and 5 months (March 31 of year r — 4 until August
31 of year t). Panel (B) of Figure 2 displays this absolute SSA (aSSA) joint with the mean
absolute SSA of a cohort (M), the relative SSA of a child (*rSSA = aSSA — M), and
the age-at-test (AAT = aSSA + k where k indicates the number of years after school start) for

children A and B in 10 scenarios of the stylized example. Note that age-at-test moves one-to-one

21. I simplify the school start date as August 31 in panel (A) of Figure 2, but actual school
start varies across cantons and years, ranging from the second to the last week of August. I use
the exact school start date in each canton and year to calculate the absolute SSA for each child
in half-months.
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with the absolute SSA of children in my setting since all outcomes are measured during school
and are always recorded at the beginning of a school year. For child A in canton ¢ and year
t, the relative SSA is —5 months because its SSA is 5 months lower than its cohort’s mean
(aSSA) which is 4 years and 10 months assuming a uniform distribution of birth dates in a
canton and year.?? The key feature of my natural experiment is that cantons harmonize their
school-entry cutoff dates, exemplified by canton c¢ in panel (A) of Figure 2. The variation over
time and space from this natural experiment allows me to include birth date fixed effects to
capture unobserved individual characteristics related to season of birth on the one hand, and to
isolate the relative SSA effect holding the absolute SSA and the age-at-test constant on the other
hand. The possibility to include birthday fixed effects in addition to school fixed effects results
directly from the presence of different school-entry cutoff dates across time and space. To see
the isolation of relative SSA, holding absolute SSA constant, compare A, ; and A, ;+; where the
relative SSA is altered by 0.5 months while the absolute SSA and the age-at-test is unchanged.?3
Note that this change in relative age stems only from the fact that due to the harmonization of
school-entry cutoff dates, student A becomes older in comparison to her peers when moving
from 7 to t + 1, while A’s own absolute SSA did not change by the change in the shift in the

school-entry cutoff date.

22. I abstract from the cohort composition in the stylized example, but include the variation
in age across cohorts in my estimation when calculating the relative SSA of a child.

23. The absolute age distribution ranges over 13 months after the cutoff shift in ¢ because a
child in ¢ with fourth birthday on June 1 in year ¢ — 4 is enrolled in year ¢ + 1 with an absolute
SSA of 5 years and 4 months, while the youngest child enrolled in year 7 + 1 in ¢ has its fourth
birthday on May 31 in year 7 + 1, and is enrolled with an absolute SSA of 4 years and 3 months.
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Figure 2: Absolute and relative SSA

(A) Birth dates, school-entry cutoff dates, and absolute SSA

I I & i I
B T T v v T T
01.01 A 30.04 B 30.06 School
start

I I I
T T T

(B) Absolute SSA, relative SSA, and age-at-test
Child Canton Year aSSA aSSA rSSA AAT

A c t 4y5m  4y10m -5m 4+kySm
A c t+1 4ySm 4y9.5m -4.5m 4+kyS5Sm
A d t 4ySm  4y8m  -3m 4+kySm
B c t Sy3m 4yl10m +5m  S5+ky3m
B c t+1 4y3m 4y9.5m -6.5m 4+ky3m
B d t 4y3m  4y8m -5m 4+ky3m

Notes: In panel (A) the x-axis displays three different types of dates: The birth date of children
A and B (blue dots), the school-entry cutoff dates in cantons ¢ and d (dashed lines), and the
school start date. The y-axis depicts the absolute SSA calculated based on a pupil’s fourth
birth date, the cantonal school-entry cutoff dates, and the school start date. Panel (B) shows the
absolute SSA (aSSA), the mean absolute SSA (M) of the cohort, the relative SSA (rSSA),
and the age-at-test (AAT) for children A and B in two different cantons, whereby canton ¢
changes its school-entry cutoff date from time ¢ to 7 + 1.

Eligibility for kindergarten and compliance with the rule All children in Switzerland are
eligible for two years of kindergarten, which are mandatory in the cantons to which I subset
my sample. All children in Switzerland are eligible for two years of kindergarten, which are
mandatory in the cantons included in my sample. School-entry cutoff dates are generally
binding, but exceptions are possible, so compliance with the threshold is imperfect.2* Some
students are enrolled before becoming eligible—referred to as greenshirting—while others

enroll after eligibility, a practice known as redshirting (see Deming and Dynarski (2008) for an

24. In the LABB data, I observe whether a child is eligible for kindergarten and whether she
is enrolled on time, but not failed attempts to deviate from the cutoff rules.
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overview). Appendix Figure A.3 shows that non-compliance is most common near the cutoff.
Appendix Figure A.4 further documents that late enrollment is more frequent among students
whose parents lack tertiary education, have a migration background, are not native speakers
of the regional language, or for boys. In contrast, early enrollment rates are relatively similar

across groups.

Sample selection and descriptive statistics To be able to estimate the effect of relative SSA
on education trajectories, individuals in my data have to fulfill three main requirements. First,
they have to be observed at least once in the first year of kindergarten. Second, an individual
has to be enrolled in a school located in one of the cantons to which I subset my sample. Third,

only students first enrolled in kindergarten in the years 2012 to 2018 are included.?>

Table 1 shows averages of the treatment variables, the outcomes, the individual characteristics,
and cohort and class variables for my RD sample in column (1), for my IV sample in column (2),
and the full sample in column (3). I will discuss the sample selections for the two empirical
designs in detail in sections 4.1.1 and 4.2.1. The averages displayed in Table 1 are of very

similar size when comparing my two estimation samples with the full sample.

25. Students first enrolled in 2011 are excluded since in kindergarten the LABB data does not
record whether a student is in the first or the second year of kindergarten. Therefore, children
enrolled in the first or in the second year of kindergarten are not distinguishable in the year
2011, which is crucial for the treatment assignment taking place in the first enrollment year, and
the timing of outcome measurement. Finally, only students first enrolled in kindergarten until
2018 are included, since for these students the short-term outcomes are observable.
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Table 1: Descriptive statistics

RD sample IV sample Full sample
Mean (SD) Mean (SD) Mean (SD)
Treatment variables:
Probability of being young at school start 0.483 (0.500) 0.479 (0.500) 0.480 (0.500)

Observed absolute SSA in halfmonths
Assigned absolute SSA in halfmonths
Observed relative SSA in halfmonths
Assigned relative SSA in halfmonths

113.065 (12.183)
112.202 (11.083)
~0.224 (11.834)
~0.227 (10.813)

113.308 (8.256)

112.583 (6.009)
~0.067 (7.700)
0.068 (5.448)

113.256 (9.436)
112.485 (7.642)
—-0.107 (9.005)
—-0.013 (7.299)

Outcomes:

Special needs elementary school grades 1-3
Grade retention elementary school grades 1-3
Not on time after elementary school
Advanced track for secondary school
Individual characteristics:

Female

Swiss citizenship

Native in regional language

Parents with tertiary education

Rural residence municipality

Cohort and class variables:

Class size

Number of first enrollment classes per school

0.042 (0.201)
0.044 (0.205)
0.126 (0.332)
0.581 (0.493)

0.484 (0.500)
0.737 (0.440)
0.632 (0.482)
0.592 (0.491)
0.090 (0.286)

19.000 (3.360)
2.390 (1.430)

0.040 (0.195)
0.038 (0.191)
0.093 (0.291)
0.602 (0.490)

0.488 (0.500)
0.741 (0.438)
0.632 (0.482)
0.597 (0.491)
0.085 (0.279)

19.100 (3.290)
2.400 (1.430)

0.041 (0.198)
0.039 (0.194)
0.102 (0.302)
0.596 (0.491)

0.487 (0.500)
0.740 (0.439)
0.632 (0.482)
0.596 (0.491)
0.087 (0.282)

19.100 (3.340)
2.380 (1.430)

N N N
Observations 79,616 279,573 318,158
Classes 29,894 33,211 33,583
School-by-cohort observations 18,226 19,288 19,561
Schools 3,319 3,337 3,379

Notes: This table reports mean values (with standard deviations in parentheses) for students
first enrolled in kindergarten from 2012-2018 in the cantons included in my sample. Column
(1) shows means for students within 1.5 months of the eligibility cutoff. Column (2) restricts
the sample to students less than 11 half-months of their assigned relative SSA from the assigned
cohort average SSA. Column (3) includes the full sample from the selected cantons.

4 Empirical Analysis

4.1 The effect of being young on education trajectories

Researchers employing sharp or fuzzy RD designs with single yearly school-entry cutoff dates
face two main methodological problems. First, they are not able to distinguish the resulting
effects from birth date fixed effects. Second, they are not able to separately identify the impacts
of relative and absolute SSA and therefore the determinants of the composite effect of low
SSA remain unknown. My natural experiment allows me to address both these concerns. I

first apply a fuzzy RD design, including birthday fixed effects, to estimate the causal effect of
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the composite of low absolute and relative SSA on education trajectories net of the effect of
specific birth dates. Second, I use an IV design instrumenting the observed relative SSA of a
student with her assigned relative SSA to estimate the causal effect of relative SSA on student
outcomes, holding the effect of absolute SSA and specific birth dates fixed. Third, I explore the
determinants of the SSA effect, using the assigned absolute SSA and the assigned relative SSA
and their interaction as instruments for their respective observed values. Further, I investigate
whether the relative SSA effect on educational paths is linear in the distance to the average

cohort SSA.

4.1.1 Empirical framework: RDD

A simple comparison between students who start kindergarten younger and those who start older
is misleading, as they likely differ in unobserved characteristics. Redshirters and greenshirters,
in particular, may vary in developmental readiness, parental involvement, or socioeconomic
status (Deming and Dynarski 2008). This makes school starting age (SSA) endogenous, leading
to omitted variable bias. Controlling for observables in regressions cannot fully solve this. To
estimate causal effects, researchers often use sharp or fuzzy RD designs, comparing students
born just before and after the cutoff. However, this approach has limitations. First, RD
designs assume the running variable, the birthdate relative to school-entry cutoff dates cannot
be manipulated, which may not hold if cutoffs are predictable and fixed. Second, they assume
birthdates are randomly distributed near the cutoff, yet studies show birth timing correlates with
parental characteristics (Cascio and Lewis 2006), academic outcomes (Buckles and Hungerman
2013), and child health (Willer et al. 2005). Lastly, RD estimates apply only to students born
near the cutoff. If these students differ from others in unobservable ways, external validity is
limited. I can advance the literature by the inclusion of birth date fixed effects in my estimation
model. Including these fixed effects relaxes both the assumption that birth dates are distributed
randomly and that children with different birth dates are comparable, since I estimate the effect
of low SSA for children with the same birth dates. It further increases the external validity
of the estimates, and, in combination with my natural experiment, makes manipulation of the

running variable around the threshold less likely.

I model outcomes as a function of enrollment in kindergarten at a young age in both absolute
and relative terms, defined as being among the younger half of children in a given canton and

year of enrollment. This results in a fuzzy RD design that accounts for imperfect compliance
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by instrumenting the probability of being among the younger half of children in a canton and
year with children’s eligibility to kindergarten in a two-stage least-squares (2SLS) setup. For a
pupil i in eligibility year ¢ who lives in canton ¢ and is enrolled in school s, with birth date bd 1

estimate a system of local linear regressions of the following form:

Young; .., = a5 + @pq + @1 Above;c; + 2RV + @3RVc; X Above;cs + €icst (D)
Yicsiek = Bs + Boa + BrYoung;., + BRVic; + B3RV e, X Above,c; + Nicss 2)

where a; and S, are school fixed effects and @4 and B4 are fixed effects capturing the birth
date of a child up to a half-month. RV, is the running variable, measuring the distance to
the school-entry cutoft date based on date of birth and canton of residence of a child. It is
positive if children are born before the cutoff and are therefore supposed to have a low absolute
and relative SSA, and negative otherwise. Above;.; is an indicator variable for whether RV,
is positive. Young;., is an indicator for whether the distance to the school entry cutoff date
is positive, and whether the child is actually enrolled on time. Hence, it is equal to one if a
child has her fourth birthday within 6 months before the cutoff date or on the cutoff date and is
enrolled when eligible, or if a child is enrolled too early. It is equal to zero if a child’s birthday
is within half a year after the cutoff date and the child is enrolled on time, or if a child is enrolled
too late. Yj.s+k 1S an outcome of interest measured in some year, ¢ + k, after kindergarten
enrollment. The first stage estimate is reflected by the coefficient a1, and the causal impact of
low SSA is represented by ; from the second stage regression. The probability of enrollment
to kindergarten at a young age in both absolute and relative terms is instrumented by eligibility
to kindergarten. Finally, g;. is the error term of the first stage regression, and 7.y is the
error term of the second stage regression, both clustered at the school-by-year level. I use a
bandwidth of 1.5 months around the cutoff and discuss the sensitivity of my results to this

choice of bandwidth in section 4.4.

The causal interpretation of the resulting 2SLS estimate relies on the assumption that the running
variable, RV, is not manipulated around the threshold. This assumption would be violated
if parents planned their childrens’ birthdays based on specific school-entry cutoff dates. In my
setting this would involve a high degree of planning, since it would require parents to be aware
of the exact future cutoff dates in the relevant year and school region of their child up to five
years in advance. This is unlikely especially in cantons that postpone their school-entry cutoff

dates. To test the soundness of my RD design in that respect I show that student background
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characteristics are smooth functions across the threshold in Appendix Table A.1. Appendix
Figure A.6 depicts the absolute SSA and the variable Young;.; by the distance to the eligibility
threshold both measured in half-months. I show that the running variable is distributed smoothly
around the cutoff in Appendix Figure A.7. For an empirical test for manipulation I use the local
polynomial density estimators proposed by Cattaneo, Jansson, and Ma (2018) and Cattaneo,
Jansson, and Ma (2020). Note that the variation in the running variable for my main RD
estimation sample of 1.5 months around the cutoff is too small for the test to work. Therefore
I estimate the respective p-value for a sample of 3 months around the cutoff, which is 0.0118
and therefore the null hypothesis of smoothness of the running variable around the threshold is
rejected at the 10% level in this sample. In Appendix section C.1 I provide further empirical
evidence which in combination with the fact that planning birthdays based on school-entry
cutoff dates is further complicated by the shifting of cutoff dates makes me confident that there

is no manipulation of the running variable around the threshold. 26

Such that the resulting estimates of my 2SLS setup can be interpreted as average treatment
effects local to compliers, I must assume monotonicity (Imbens and Angrist 1994). Compliers
are children that do enroll in kindergarten if they turn four before the cutoff date, and enroll one
year later if their fourth birthday is after the cutoff date. In a fuzzy RD design, the monotonicity
assumption is equal to assuming that there are no defiers, which in my setting are children
that enroll in kindergarten if they are not eligible, and do not enroll if they are eligible. One
testable implication of the monotonicity assumption is that the first-stage estimates should
be nonnegative for any subsample (Bhuller et al. 2020). The results reported in Appendix
Table A.2 for different time horizons of outcome variables and Appendix Table A.3 for split
samples by students’ background characteristics show that for all these subsamples the first-
stage estimates are large, positive, and statistically significantly different from zero, consistent
with the monotonicity assumption. The absence of defiers further allows me to interpret my
results in relation to the control complier mean (CCM). The CCM is the mean outcome value
for children below the threshold who are compliers, hence for children enrolled at an old age in

absolute and relative terms. The CCM is, however, not directly observable because individuals

26. Another concern for the identifying assumption is that families might move based on
kindergarten eligibility or opt for private kindergarten. However, Appendix Figure A.8 shows
no increase in private kindergarten enrollment near the cutoff, and Appendix Figure A.9 confirms
that residential mobility is generally low in the early years after enrollment. It is not possible
to test for moves before school entry, as the LABB data only start recording children in the first
year of kindergarten.
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just below the eligibility threshold are a mix of compliers and never-takers, which are students
who would always enroll later also if they are eligible at a young age. I therefore follow Cohodes

(2020) and estimate the CCM using the first stage equation (1) in the following equation:
Yicstsk X (1 = Young; ;) = ¥s +¥Ypa +v1(1 - Young;..) + y2RVics +y3RVic; X Aboveic: +icsi (3)

where (1 — Young,,,) is instrumented by kindergarten eligibility as in the second stage of my

2SLS estimate in equation (2) and y; is the estimate for the CCM.?”

4.1.2 RDD results

First-stage effects on the probability of being enrolled at a young age The first-stage effects
from estimating equation (1) for observations within a 1.5 months distance to the eligibility
threshold are displayed in Table 2. Column (1) shows that the probability of being young in
absolute and relative terms increases by roughly 55.9 percentage points if neither school nor
birth date fixed effects are included in the model. The inclusion of school fixed effects only
slightly alters the estimate, which is shown in column (2), and with the additional inclusion of
year of birth fixed effects the first stage drops slightly more. The estimate in column (4) of
Table 2 represents my preferred specification, including a fixed effect for the birth date up to one
half-month. The probability of being enrolled at a young age in both absolute and relative terms
increases by 46.7 percentage points with students’ eligibility for kindergarten. The inclusion
of fixed effects related to the birth date of a child are important since they capture some of the
variation in the probability of being enrolled at a young age. The remaining variation identified
by the estimate in column (4) only captures the probability of being enrolled at a young age
in absolute and relative terms that is caused by being born after the school-entry cutoff date
when compared to being born just before, holding year of birth and month and half-month of
birth constant. Therefore, the first stage estimate drops with the subsequent inclusion of these
fixed effects when compared to the estimates reported in columns (1) and (2) of Table 2. The

F-statistic of my preferred specification in column (4) is 3,399.5.

27. This specification uses the opposite of the probability of being enrolled at a young age
in absolute and relative terms, hence a dummy for being old. Therefore, individuals below the
threshold who comply with the school-entry cutoff date rules and children who are redshirted
are treated in this specification. It then assigns zero to the outcomes of all treated individuals,
hence of all children that are above the eligibility threshold and enroll on time and of all children
that enroll too early.

19



Table 2: RDD first stage estimates

Dependent Variable: Probability of being young
(D 2 3) €]

Above threshold 0.5594  0.5673 0.5348 0.4667

(0.0066) (0.0063) (0.0063) (0.0091)
R2 0.5080 0.5782  0.5996  0.6145
Observations 79,616 79,616 79,616 79,616
School FE No Yes Yes Yes
Year of birth FE No No Yes No
Birth date FE No No No Yes

Notes: This table shows estimates from equation (1) using data on kindergarten entrants
(2012-2018) within 1.5 months of the cutoff. Columns (1)—(4) progressively add fixed effects:
none, school, birth year, and half-month birth date. Standard errors clustered by school-year
are displayed in parentheses.

Effect of being young on short-term outcomes Table 3 reports the causal effects of low
absolute and relative SSA for compliers within 1.5 months of the eligibility cutoff. Columns
(1)—(4) present estimates for the probability of special needs track assignment in grades 1-3,
and columns (5)—(8) for grade retention in the same grades. Columns (1) and (5) include no
fixed effects, while columns (2)—(4) and (6)—(8) successively add school, year of birth, and birth
date fixed effects. The point estimates in Table 3 show that the probability of special needs
increases, if an individual is young at enrollment, and the subsequent inclusion of the fixed
effects only slightly alters the estimates. My preferred specification is shown in column (4),
where the 2SLS estimate is highly statistically significant and indicates that the probability of
being referred to a special needs track during the first three years of elementary school increases
by 4.6 percentage points for compliers just above the eligibility threshold. The CCM estimates
a probability of 1.5% of being assigned to a special needs track for complying students just
below the eligibility threshold. For these students being young at enrollment in absolute and
relative terms nearly triples the probability of special needs. The effects are comparable in
size to estimates in the literature that do not include fixed effects when estimating similar 2SLS
regressions. For example Dhuey and Lipscomb (2010) provide evidence for a decrease of
0.22 percentage points in the probability of special education caused by learning disabilities if
SSA decreases in absolute and relative terms by one month, and Balestra, Eugster, and Liebert
(2020) find that a low absolute and relative SSA increases the likelihood of being assigned

to special needs by 5 percentage points in one Swiss canton. The authors argue that these
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effects likely arise due to over-referral of young children to school psychological services by the
teachers, which aligns with the view that mainly relative SSA effects determine the outcome,
while absolute SSA effects are less important. The estimates in columns (5) to (8) of Table 3
for the probability of grade retention during the first three years of elementary school also only
change slightly by the subsequent inclusion of the fixed effects. The 2SLS point estimate of my
preferred specification in column (8) shows that the causal effect of being among the youngest
children at kindergarten start in absolute and relative terms on the probability of grade retention
during the first three years of elementary school is equal to an increase of 6.6 percentage points
and is highly statistically significant. Compliers just below the threshold have a likelihood of
1.8% of grade retention in these years, and therefore the effect size corresponds to a four time
increase in this probability if children are young in absolute and relative terms at school start.
The size of the percentage point effects are comparable to results of McEwan and Shapiro
(2008) who find that a one year delay in SSA decreases the probability of repeating first grade
by 2 percentage points for Chilean students, while Dhuey et al. (2019) find considerably larger

effects on grade retention in percentage point terms using data for Florida.

Table 3: RDD short-term effects

Dependent variable: Special needs (grades 1-3) Grade retention (grades 1-3)
(1 2 (3) 4) (5) (6) (N )

2SLS 0.0368  0.0372  0.0401 0.0463  0.0609 0.0587 0.0634  0.0661
(0.0054) (0.0049) (0.0052) (0.0102) (0.0052) (0.0052) (0.0056) (0.0097)

CCM 0.0227 0.0213 0.0199 0.0151 0.0155 0.0167 0.0156 0.0180
R2 —0.0034 0.1985 0.1986 0.1988 0.0089 0.0758 0.0761 0.0775
Observations 79,616 79,616 79,616 79,616 79,616 79,616 79,616 79,616
School FE No Yes Yes Yes No Yes Yes Yes
Year of birth FE No No Yes No No No Yes No
Birth date FE No No No Yes No No No Yes

Notes: This table shows estimates from equation (2) for kindergarten entrants (2012-2018)
within 1.5 months of the cutoff. Columns (1)—(4) use special needs placement; (5)—(8) use
grade retention. Fixed effects are added progressively: none, school, birth year, half-month
birth date. Standard errors clustered by school-year are displayed in parentheses. The CCM is
the control complier mean estimated using equation (3).

Overall, these fuzzy RD estimates show that the effects of low SSA on the probability of

being assigned to a special needs track and of grade retention are large in the short-term. The
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RD estimates however identify the composite of both the absolute and the relative SSA effect.
Especially for outcomes that are measured in relation to class or cohort peers, such as behavioral
problems or inattention and hyperactivity, the relative SSA effect may play an important role
when teachers refer children to school psychological services (Elder and Lubotsky 2009; Elder
2010; Balestra, Eugster, and Liebert 2020). I will address this in section 4.2.2, where I discuss

the IV estimates isolating the relative SSA effect.

Effect of being young on long-term outcomes The causal effect of low absolute and relative
SSA on the probability of not being on time after elementary school for compliers is reported in
columns (1) to (4) of Table 4 where I subsequently add school, year of birth, and birth date fixed
effects up to one half-month. All 2SLS estimates are positive and highly statistically significant.
The estimate in column (4) documents an increase of 18.7 percentage points in the probability
of not being on time after elementary school for compliers with low absolute and relative SSA.
The CCM suggests that compliers just below the threshold have a probability of 3.6% of not
being on time after elementary school, and therefore the 2SLS estimate suggests that students
who are enrolled at a young age in absolute and relative terms have a more than three times

higher probability of not being on time for secondary school.

Columns (5) to (8) of Table 4 show the composite effect of low absolute and relative SSA
on the probability of being assigned to the advanced track for secondary school. All 2SLS
estimates are negative and highly statistically significant and the effects only change slightly
by the subsequent inclusion of fixed effects. The estimate in column (8) is —0.2260, which,
when taking into account the CCM, corresponds to a decrease of 31.7% in the probability of
being assigned to the advanced track for secondary school for compliers with low absolute and
relative SSA. The magnitude of this effect is not entirely comparable to existing findings in the
literature, since tracking systems differ widely across countries, but the direction of the estimates
reported in the literature is the same. Previous studies also document substantial negative effects
of low absolute and relative SSA on track placement, indicating that SSA effects persist into
adolescence (Schneeweis and Zweimiiller 2014; Miihlenweg and Puhani 2010; Zweimiiller
2013; Oosterbeek, Meulen, and Klaauw 2021). In systems without standardized tests for track
assignment, placement often depends on peer performance, making it sensitive to relative SSA.
Teachers may assess students in comparison to their classmates, amplifying the role of relative

age. Section 4.2.2 revisits the long-term impact of relative SSA using the IV design.
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Table 4: RDD long-term effects

Dependent Variable: Not on time after elementary school Advanced track for secondary school

1 2 3) “4) ) (6) (7 ®)

2SLS 0.1769  0.1895 0.1870  0.1869 -0.1716 -0.1816 —0.1980 —0.2260
(0.0143) (0.0148) (0.0178) (0.0304) (0.0224) (0.0228) (0.0273) (0.0439)

CCM 0.0388 0.0377 0.0385 0.0358 0.6728 0.6736 0.6901 0.7124
R2 0.0526 0.1817 0.1822 0.1841 0.0089 0.1603 0.1612 0.1615
Observations 32,650 32,650 32,650 32,650 32,650 32,650 32,650 32,650
School FE No Yes Yes Yes No Yes Yes Yes
Year of birth FE No No Yes No No No Yes No
Birth date FE No No No Yes No No No Yes

Notes: This table shows estimates from equation (2) for kindergarten entrants (2012-2018)
within 1.5 months of the cutoff. Columns (1)—(4) use the probability of not ending kindergarten
and elementary school on time; (5)—(8) use assigmnment to the advanced track as outcomes.
Fixed effects are added progressively: none, school, birth year, half-month birth date. Standard
errors clustered by school-year are displayed in parentheses. The CCM is the control complier
mean estimated using equation (3).

Heterogeneity of the effects of being young To explore whether children of different socioeco-
nomic backgrounds are affected differently by a low absolute and relative SSA when compared
to children with high SSA in absolute and relative terms, I calculate the 2SLS estimates within
split samples along individual characteristics for all outcomes. To increase the sample size
within each split sample, I use observations with a distance to the eligibility threshold of up to 3
months. Appendix Figure A.10 shows the running variable by the distance to the threshold for

each split sample and Appendix Table A.3 documents the first stage effects within split samples.

I show the LATE of low absolute and relative SSA for children of different socioeconomic
background including 95% confidence intervals from estimating equation (2) graphically in
Figure 3. The sample split is indicated on the y-axis, where the estimates marked by blue
points document the effects for children with tertiary educated parents, who are Swiss citizens,
who are native speakers of the regional language, and girls. I show the estimates for the less
advantaged students and for boys with red triangles. Panel (A) reveals that the causal effect of
low absolute and relative SSA on the probability of being referred to a special needs track is
more than doubled for students who are not native in the regional language and for foreigners
when compared to native speakers and Swiss citizens. Appendix Table A.3, Panel (A), confirms

these differences are not due to weaker first-stage effects. If anything, the first stage is stronger
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for less advantaged students, which would bias results downward. Appendix Table A.4, Panel
(A), reports corresponding 2SLS estimates. Panel (B) of Figure 3 shows SSA effects on grade
retention by subgroup. Only the gap by parental education is statistically significant, with effects
three times larger for children of non-tertiary educated parents. No other significant differences
emerge by socioeconomic background or gender. The corresponding results are displayed in
Appendix Table A.4, Panel (B). Panels (C) and (D) of Figure 3 show no significant heterogeneity
in long-term outcomes across split samples of which the full results are reported in Appendix

Table A.4, Panels (C) and (D).

In sum, short-term SSA effects are especially pronounced for children with migrant backgrounds
or less educated parents. While most previous studies find limited heterogeneity (Oosterbeek,
Meulen, and Klaauw 2021; Dee and Sievertsen 2018; Dhuey and Lipscomb 2010), Schneeweis
and Zweimiiller (2014) and Dhuey et al. (2019) document stronger age effects for less advantaged
students. Schneeweis and Zweimiiller (2014) further shows that these effects grow over time,

suggesting SSA may reinforce socioeconomic inequality in early tracking systems.
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Figure 3: RDD heterogeneous effects

(A) Special needs grades 1-3 (B) Grade retention grades 1-3
Tertiary edu-, —————— Tertiary edu-, ———6—
cated parents cated parents
Swiss- © Swiss- © A
Native- © A Native- 95
Female- e A Female- A Z
0.025 0.050 0.075 0.100 0.03 0.06 0.09
Estimate Estimate
£ no © yes £ no © yes
(C) Not on time after elementary school (D) Advanced track for secondary school
Tertiary edu-— Tertiary edu-—
cated parents T cated parents
Swiss- = Swiss- =
Native- S Native- S
Female- e Female- A e
0.10 0.15 0.20 0.25 -0.3 -0.2 -0.1
Estimate Estimate
A no © yes £ no © yes

Notes: This figure shows estimates and 95% confidence intervals from equation (2) in split
samples, indicated on the y-axis by dummies for tertiary-educated parents, Swiss citizenship,
native language, and female students. Panels (A) and (B) use data from 2012-2018; panels
(C) and (D) use 2012-2015, all within 3 months of the cutoff. Red triangles mark groups
with indicator O; blue dots show indicator 1. Panel (A) shows special needs placement (grades
1-3); (B) grade retention (grades 1-3); (C) not being on time after kindergarten and elementary
school; (D) advanced track assignment. All regressions include school and half-month birth
date fixed effects and standard errors are clustered by school-year.

4.2 The effect of relative SSA on education trajectories

Including birthday fixed effects in a fuzzy RD design does not solve the issue that absolute
and relative SSA effects cannot be separately identified when instrumenting early enrollment
with distance to the cutoff—a case of a “fundamentally unidentified question” (Angrist and
Pischke 2009), as relative SSA moves one-to-one with absolute SSA. My natural experiment
overcomes this by isolating the causal effect of relative SSA while holding absolute SSA and
birthday fixed. This is novel, as prior studies could not disentangle relative SSA from birthday,
regional, or reform effects due to fixed cutoff dates (Bedard and Dhuey 2006; Puhani and Weber
2007; Cascio and Schanzenbach 2016; Datar 2006; Elder and Lubotsky 2009; Pefia 2017). The

shifting cutoff rules across Swiss cantons uniquely enable this identification.
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4.2.1 Empirical framework: IV

A simple OLS regression of outcomes on observed relative SSA assumes no confounding by
unobservables, which often does not hold. Early starters who are relatively young may face
more challenges, while late starters who are relatively old may perform better. Redshirting and
greenshirting can reflect selection based on socioeconomic background or other unobserved
traits. For instance, some late enrollees may have developmental delays, and some early
enrollees may be gifted. These factors affect both SSA and outcomes, so OLS estimates of

relative SSA are biased due to omitted variables.

I propose an instrumental variables solution in a 2SLS framework to address this problem, using
the assigned relative SSA of a child as an exogeneous determinant of observed relative SSA.
This instrumental variables approach is related to existing studies using similar instruments to
assess the effect of relative SSA on school outcomes, in absence of natural experiments (Bedard
and Dhuey 2006; Puhani and Weber 2007). More specifically, I estimate the causal effect of
relative SSA on education trajectories using a 2SLS procedure based on the following first-stage

equation for observed relative SSA:

rSSAijcst = @s + Apg + @17SSAjcst + Eicst 4

where «, are school fixed effects and a,, are birth date fixed effects. ;m,-cst measures
the assigned relative SSA of a child in half-months. This captures the difference between
an individual’s assigned absolute SSA and the leave-own-out average SSA of children in her
assigned cohort if all children are enrolled when eligible. rSSA;.s; captures the observed relative
SSA of a child, which I calculate by subtracting the leave-own-out average of absolute SSA
within the observed kindergarten cohort of individual i from individual i’s observed absolute
SSA. ;.5 1s the error term of the first stage regression clustered at the school-by-year level.
I then instrument the relative SSA of an individual using rSSA;., resulting from estimating

equation (4) in the second stage regression as follows:
Yicstek = Bs + Boa + B1 X (=1rSSA;cst) + Nicst )

where S and 4 are defined as in equation (4), Yics+4 1S an outcome of interest in some
year t + k, subsequent to enrollment in kindergarten, and 7;. is the error term of the second
stage regression, clustered at the school-by-year level. The resulting 2SLS estimate of interest

is represented by S, which measures the causal impact of lower relative SSA on the outcome
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of interest.

To keep the absolute school starting age (SSA) constant, I include only children whose relative
SSA changes solely due to shifts in cohort composition. This excludes children directly affected
by changes in school-entry cutoff dates, namely those near the RD threshold. Specifically,
I include only individuals whose assigned absolute SSA is less than 11 half-months of the
average SSA in their assigned cohort under full compliance, and exclude those with birthdays
near the school-entry cutoff dates. The rationale for this exclusion is twofold. First, I aim to
avoid estimating effects for children who are directly impacted by changes in school-entry cutoff
dates. For these children, the estimated effects would be confounded by the influence of their
absolute age difference if the cutoft dates changed. This leads to the exclusion of children with
an assigned relative SSA greater than 12 half-months. Second, I exclude children with assigned
relative SSA of 11 half-months or more because non-compliance is high for those close to the
cutoff, as shown in Appendix Figure A.3. I discuss the robustness of my results to this sample

selection in section 4.4.

The first crucial IV assumption is instrument relevance which can be tested empirically by
estimating the first stage regression. I document the results from estimating equation (4) in
Table 5 columns (1) to (4), where I subsequently include school, year of birth, and birth date
fixed effects up to one half-month. The correlation of the observed relative SSA with the
assigned relative SSA is close to 0.68 in my preferred specification in column (4), and highly
statistically significant. This estimate can be interpreted as the degree of compliance with the
school-entry cutoff date rules for individuals within a distance of less than 11 half-months to
the average absolute SSA in a canton and year under full compliance. The F-statistics of the
first stage are all above the threshold value of 104.7 proposed by Lee et al. (2022).28 I also
document the first stage of my instrumental variable and the observed relative SSA of a child as

a function of the assigned relative SSA in Appendix Figure A.11.

For an instrument to be valid, it must satisfy the conditional independence assumption and the
exclusion restriction. The conditional independence assumption requires that assigned relative

SSA is uncorrelated with unobserved characteristics affecting outcomes. My design supports

28. Note that the Kleibergen-Paap rk Wald F-statistic for multiple instruments (Kleibergen
and Paap 2006) is not computed by R packages that include fixed effects which are important
in my setting. I therefore calculate the F-statisitcs which are all above 19,000 in my estimation
and serve as a proxy for the Kleibergen-Paap rk Wald F-statistic.
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Table 5: IV first stage estimates

Dependent Variable: Observed relative SSA
(1 2 3 “4)

Assigned relative SSA  0.7880  0.7886  0.7467  0.6791
(0.0036) (0.0036) (0.0040) (0.0058)

R2 0.3497 0.3528 0.3798 0.4046
Observations 279,573 279,573 279,573 279,573
School FE No Yes Yes Yes
Year of birth FE No No Yes No
Birth date FE No No No Yes

Notes: This table shows estimates from equation (4) using data on kindergarten entrants
(2012-2018) less than 11 half-months of their assigned relative SSA from the assigned co-
hort average SSA. Columns (1)—(4) add fixed effects progressively: none, school, birth year,
and half-month birth date. Standard errors clustered by school-year are displayed in parentheses.

this in two ways. First, I control for birth date fixed effects in both stages of the 2SLS, and second
the changing cutoff dates across cantons reduce the likelihood of parents timing births based on
eligibility. Empirically, including individual-level controls in the first stage has minimal impact

on estimates as shown in Appendix Table A.5, supporting the assumption.

The conditional independence assumption is sufficient for a causal interpretation of the reduced-
form impact of being assigned to a low relative SSA (Bhuller et al. 2020). A causal interpretation
of the IV estimates additionally requires the exclusion restriction. In my setting, this means that
assigned relative SSA affects outcomes only through observed relative SSA and 1s uncorrelated
with unobserved determinants of student outcomes. Concerns arise in settings with single or
few school-entry cutoff dates, where assigned relative SSA may coincide with specific birthdays.
This raises the possibility of direct birth month effects on academic or health outcomes (Buckles
and Hungerman 2013; Willer et al. 2005), or that socioeconomic background may correlate with
planned birth timing (Cascio and Schanzenbach 2016). My natural experiment addresses these
concerns by including birth date fixed effects in both stages of the 2SLS regressions, which net
out birthday-specific effects. Supporting the exclusion restriction, Appendix Table A.6 shows
that assigned relative SSA is uncorrelated with observed characteristics, apart from a small

statistically significant effect for being female.

To interpret the 2SLS estimates as LATE, monotonicity must hold (Imbens and Angrist 1994).
In this setting, it requires that a student assigned to be relatively old, and thus more likely to

be redshirted, would not instead be greenshirted if assigned to be relatively young. Without
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monotonicity, the IV estimates would reflect an average across groups with potentially different
responses. A testable implication is that the first-stage estimates should be nonnegative in
all subsamples (Bhuller et al. 2020). I assess this by estimating the first-stage regression
within subsamples defined by socioeconomic characteristics. Results in Appendix Table A.7
and Figure A.12 show large, positive, and statistically significant estimates across all groups.
Following Bhuller et al. (2020), I also predict relative SSA using covariates and fixed effects,
and then estimate the first stage by quartiles of predicted SSA. Appendix Table A.8 shows

consistently large and positive estimates, supporting monotonicity.

4.2.2 1V results

Effect of low relative SSA on short-term outcomes Table 6 reports the causal effects of lower
relative SSA from equation (5), using the probability of assignment to a special needs track in
grades 1 to 3 as outcome in columns (1) to (4). OLS estimates of observed relative SSA on the
outcome are also shown for comparison. School, year of birth, and birth date fixed effects up
to one half-month are included sequentially. To align with RD results, I scale the effects of a
two-week decrease in relative SSA by 24 to represent a one-year decrease. The effect of being
one year younger in relative terms on the probability of being assigned to a special needs track
within the first three elementary school years of my preferred specification are documented in
column (4). The 2SLS estimate reveals that a decrease in relative SSA by one year is associated
with a statistically significant increase in the probability of being assigned to a special needs
track of 5.28 percentage points for those students who react to the instrument. Having in mind
the average probability for being assigned to a special needs track for this time horizon in the
full sample of 4.1%, this effect is substantial. The subsequent inclusion of fixed effects alters the
estimates only slightly. In columns (5) to (8) I use the probability of grade retention during the
first three years of elementary school as outcome variable, where I again subsequently include
fixed effects. Column (8) shows a short-term effect on grade retention of very similar size as the
effect on assignment to special needs. The LATE suggests that a decrease of relative SSA of one
year increases the probability of grade retention by 4.8 percentage points. Again if interpreted
in relation to the average probability of grade retention in the first three years of elementary

school in the full sample of 3.9%, this effect is large.

Comparing these causal effects with their OLS counterparts shows that OLS underestimates the

effect on grade retention and even reverses the sign for special needs assignment. This likely
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reflects OLS’s failure to address omitted variable bias and endogeneity of observed relative SSA,
falsely suggesting that being relatively younger has little or even reverse effects on outcomes.
My results isolate the effect of relative SSA on school outcomes net of region, birth date, and
reform effects, which is novel. The most comparable studies are Elder and Lubotsky (2009) for
the US and Pefia (2017) for Mexico, who exploit similar natural experiments, while Cascio and
Schanzenbach (2016) rely on random class assignment in the US. Elder and Lubotsky (2009)
find a 13.1 percentage point increase in grade retention probability for children with older
classmates in early grades. Cascio and Schanzenbach (2016) find no effect on retention, which
they suggest may be due to measurement error. Pena (2017) report negative effects of relative
age on standardized test scores within grades and schools. Only Elder and Lubotsky (2009)
provide evidence of ADHD diagnoses increasing by 2.9 percentage points for children with
low relative SSA. Such relative age effects likely arise from relative standards used in disability
classification (Elder and Lubotsky 2009; Elder 2010; Dhuey and Lipscomb 2010) and over-
referral of younger children by teachers (Balestra, Eugster, and Liebert 2020). This highlights
relative SSA as a key factor in the negative combined effect of low absolute and relative SSA

on educational trajectories, supported by the comparison of my IV and RD estimates.

Table 6: IV short-term effects

Dependent variable: Special needs (grades 1-3) Grade retention (grades 1-3)

(1) 2) 3) “4) ®) (6) (7 ®)

2SLS 0.0019  0.0019  0.0022  0.0022  0.0022 0.0022 0.0024  0.0020
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

OLS 0.0003 0.0002 0.0003 -0.0001 0.0011 0.0011 0.0012 0.0008
(0.0001) (0.0000) (0.0001) (0.0001) (0.0000) (0.0000) (0.0001) (0.0001)
R2 -0.0024 0.1572 0.1572 0.1578 0.0002 0.0380 0.0380 0.0398
Observations 279,573 279,573 279,573 279,573 279,573 279,573 279,573 279,573
School FE No Yes Yes Yes No Yes Yes Yes
Year of birth FE No No Yes No No No Yes No
Birth date FE No No No Yes No No No Yes

Notes: This table shows estimates from equation (5) using yearly data of kindergarten entrants
(2012-2018) less than 11 half-months of their assigned relative SSA from the assigned cohort
average SSA. Columns (1)—(4) use special needs placement; (5)—(8) use grade retention as
outcomes. Fixed effects are added progressively: none, school, birth year, and half-month birth
date. Standard errors clustered by school-year are displayed in parentheses. The table also
reports OLS estimates of outcomes on observed relative SSA with clustered standard errors.
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Effect of low relative SSA on long-term outcomes The effects of relative SSA on those who
react to the instrument measured eight years after enrollment into kindergarten are documented
in Table 7. Again I aggregate the causal effect of a decrease of two weeks in relative age on the
probability of not being on time after elementary school shown in columns (1) to (4) multiplying
the estimates by 24. Table 7 shows that the estimates are robust to the subsequent inclusion of
school, year of birth, and birth date fixed effects. The LATE in column (4) shows that a decrease
of one year in relative age increases the probability of not being on time after elementary school
by 13.68 percentage points, which is a considerably larger effect than suggested by the OLS

estimate that does not account for omitted variable bias also reported in Table 7.

The estimates on the probability of being assigned to the advanced track increase with the
subsequent inclusion of the fixed effects. My preferred specification is reported in column (8),
documenting a decrease of 14.16 percentage points in the probability of being assigned to the
advanced track, if relative SSA decreases by one year. On average 64% of students are assigned
to the advanced track for lower secondary school in the full sample. Comparing the causal
effect of relative SSA on track assignment with the confounded OLS baseline estimate reveals
that the OLS specification would falsely attribute a very small effect of lower observed relative

SSA on assignment to the advanced track in secondary school.

These long-term effects are less comparable to previous results, since relative SSA effects for
long term outcomes are not widely explored in the literature. They however show that relative
age plays a large role for the overall SSA effects found in the RD design and the ones documented
by other authors (Schneeweis and Zweimiiller 2014; Miihlenweg and Puhani 2010; Zweimiiller
2013; Oosterbeek, Meulen, and Klaauw 2021). If teachers assign students to tracks in the
absence of standardized exams, the relative age position within a class or cohort peer group
can therefore be especially crucial for track assignment. This is because relative SSA is likely
correlated with prior achievements that were also measured within the same peer group (Pefia

2017; Cascio and Schanzenbach 2016).
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Table 7: IV long-term effects

Dependent Variable: Not on time after elementary school Advanced track for secondary school

) 2 3) “4) ) (6) (7 ®)

2SLS 0.0062  0.0063 0.0063 0.0057 -0.0055 -0.0055 -0.0062 —0.0059
(0.0002) (0.0002) (0.0002) (0.0003) (0.0003) (0.0003) (0.0004) (0.0005)

OLS 0.0057 0.0057 0.0056 -0.0053 -0.0017 -0.0015 -0.0015 -0.0006
(0.0001) (0.0001) (0.0001) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
R? 0.0251 0.0864  0.0868 0.0875 -0.0031 0.1021 0.1036  0.1044
Observations 115,140 115,140 115,140 115,140 115,140 115,140 115,140 115,140
School FE No Yes Yes Yes No Yes Yes Yes
Year of birth FE No No Yes No No No Yes No
Birth date FE No No No Yes No No No Yes

Notes: This table shows estimates from equation (5) using yearly data of kindergarten entrants
(2012-2018) less than 11 half-months of their assigned relative SSA from the assigned cohort
average SSA. Columns (1)—(4) use the probability of not ending kindergarten and elementary
school on time; (5)—(8) use assignment to the advanced track as outcomes. Fixed effects are
added progressively: none, school, birth year, and half-month birth date. Standard errors
clustered by school-year are displayed in parentheses. The table also reports OLS estimates of
outcomes on observed relative SSA with clustered standard errors.

Heterogeneity of the effect of low relative SSA I document heterogeneity in the causal effect
of relative SSA for compliers by socioeconomic background in Figure 4 with 95% confidence
intervals. The y-axis shows sample splits, with estimates for socioeconomically advantaged
students and girls in blue. Panel (A) shows the effect of lower relative SSA on special needs
assignment in grades 1-3 is about twice as large for children with tertiary-educated parents,
Swiss citizenship, and native speakers of the regional language, while differences by gender
are not significant. Panel (B) presents 2SLS estimates for grade retention in the first three
elementary grades. The effect is significantly larger—more than twice as high—for students
whose parents lack tertiary education compared to those with tertiary-educated parents. Panel
(C) shows the effect on the probability of not being on time after elementary school is stronger for
socioeconomically less advantaged children and boys, but statistical significance only appears
across the split by tertiary education of parents. Panel (D) reports no significant heterogeneity
in the effect on assignment to the advanced track. Appendix Table A.7 reports first-stage
results within split samples, and Appendix Table A.9 shows 2SLS and OLS estimates across

the different subgroups.

Overall, the heterogeneity analysis reveals that short-term relative SSA effects are larger for
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less advantaged students. Given that Appendix Table A.3 shows higher non-compliance among
advantaged students and Appendix Figure A.4 indicates this mainly concerns redshirting, these
differential effects are important for policy. While the absolute SSA of a child is not influenced
by peers’ behavior, the relative age is heavily dependent on peers’ compliance with school-entry
cutoff date rules. If children with more advantaged socioeconomic backgrounds tend to be
relatively older since they are more redshirted than their less advantaged peers, this has a direct
effect on the difference in relative ages of children from differential socioeconomic backgrounds.
Since socioeconomically less advantaged students are more harmed by a lower relative SSA this
direct effect of non-compliance of more advantaged peers on the relative age of less advantaged

children has the potential to fuel educational inequality.

Figure 4: IV heterogeneous effects

(A) Special needs grades 1-3 (B) Grade retention grades 1-3
Tertiary edu-, —e—— Tertiary edu-, ——o——
cated parents cated parents
Swiss- _ Swiss1 _e_’é‘
Native- S A Native- A ©
Female- _A_e Female- L ©
0.001 0.002 0.003 0.001 0.002 0.003
Estimate Estimate
A no © yes A no © yes
(C) Not on time after elementary school (D) Advanced track for secondary school
Tertiary edu—, —————— Tertiary edu—
cated parents —_—A—— cated parents
Swiss- —é—e Swiss- ©
Native- S A Native- ©
Female- e A Female- © A
0.002 0.004 0.006 0.008 0.010 -0.010 -0.008 -0.006 -0.004
Estimate Estimate
A no © yes A no © yes

Notes: This figure shows estimates and 95% confidence intervals from equation (5) in split
samples defined by dummies for tertiary-educated parents, Swiss citizenship, native language,
and female students (y-axis). Panels (A) and (B) use data from 2012-2018; panels (C) and (D)
from 2012-2015, all less than 11 half-months of their assigned relative SSA from the assigned
cohort average SSA. Red triangles mark groups with indicator 0; blue dots, indicator 1. Panel
(A) shows special needs placement (grades 1-3); (B) grade retention (grades 1-3); (C) not
being on time after kindergarten and elementary school; (D) advanced track assignment. All
regressions include school and birth date fixed effects up to one halfmonth and standard errors
clustered by school-year.
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4.3 Determinants of the SSA effect

From the previous results it becomes clear, that the relative SSA effect drives a substantial part of
the composite effect of being young at school start. The natural experiment in combination with
the large register data allow me to further explore the determinants of the SSA effect. First, I
decompose the composite SSA effect into the effects of absolute and relative SSA instrumenting
both with their assigned values. Second, I investigate the potential non-linearity of the relative

SSA effect to see whether the distance to the average cohort SSA alters the estimated effects.

Decomposition of the composite SSA effect To decompose the effect of being young at school
start explicitly into the causal effects of absolute and relative SSA, I use a multiple instrument
strategy. Specifically, I instrument the absolute SSA with the assigned absolute SSA of a child
if she complies with the school-entry cutoft date rules, and the relative SSA is instrumented

analogously to section 4.2.1.

I therefore augment my 2SLS framework to include the assigned absolute and relative SSA
in half-months, and their interaction as instrumental variables for the corresponding observed

values. I alter the estimation equation 4 as follows:

aSSA;cst = a5+ apg + @1aSSAjcsr + @orSSAjcsr + 3aSSA;icst X rSSAjcst + Eicst (0)

rSSA;cst = @y + apg + @1aSSA;cst + @rSSAjcst + ¥3aSSAjcs X rSSAicst + Eicst (T)

aSSAicst XrSSAicst = O + apg + @1aSSAjcst + @arSSAjcst + @3aSSAics X rSSAicst + Eicst (8)

where «; are school fixed effects and a4 are birth date fixed effects. aSSA;.; and rSSA; .
measure the assigned absolute and relative SSA of a child in half-months, and aSSA;.s; and
rSSA;.s capture the respective observed values for the SSA of a child. g;. is the error term of

the first stage regression clustered at the school-by-year level.

I then instrument both the relative and absolute SSA of an individual using aSSA;.s and
rSSA;cst, and the interaction between both resulting from estimating equation (6), (7), and (8)

in the second stage regression as follows:

Yicst+k = ﬁs +,8bd +ﬂ1 X (_aSSAicst) +ﬁ2 X (_rSSAicst) +,83 X _(aSSAimSAicst) + Nicst
©)

where S, and ;4 are defined as in equation (6), (7), and (8), Yjcs+k 1S an outcome of interest in

some year t+k, subsequent to enrollment in kindergarten, and ;. is the error term of the second

34



stage regression, clustered at the school-by-year level. The resulting 2SLS estimates of interest
are 1, which measures the causal impact of lower absolute SSA, 5, capturing the impact of
lower relative SSA, and 33, reporting the effect of the interaction between a lower absolute and
relative SSA on the outcome of interest. In contrast to the estimation for the composite SSA
effect and the relative SSA effect, I do not restrict my sample based on neither the distance to
the school-entry cutoff date nor the assigned relative SSA in the following analysis. This is to
ensure variation in both the absolute and the relative SSA of students in my estimation sample
which allows me to explore the importance of the absolute SSA effect and to compare the
magnitudes of both effects within the same regression. I document the results from estimating
equation (6) in column (1), from (7) in column (2), and from (8) in column (3) of Table A.11,

where I include school and birth date fixed effects up to one half-month.

The 2SLS estimates of the decomposition of the composite SSA effect are shown in Table 8. The
high correlation between the absolute and the relative SSA gives rise to an identification problem
which is why I refrain from overinterpreting the point estimates resulting from estimating
equation 9. However, estimating the absolute and relative SSA effects in the same equation
allows a comparison of their respective magnitudes and therefore a conclusion about their relative
importance. Column (1) of Table 8 shows that a two-week decrease in absolute SSA increases
the probability of special needs assignment in grades 1-3, holding relative SSA constant. The
relative SSA effect in the same column points in the same direction but is about ten times larger.
The interaction of lower absolute and relative SSA has a small negative effect on special needs
probability. Column (2) reports similar effects on grade retention. The absolute SSA effect is
smaller than the relative SSA effect, but both increase the probability of grade retention. The
interaction effect is close to zero and negative. Columns (3) and (4) show long-term outcomes.
A decrease in absolute SSA, holding relative SSA fixed, increases the likelihood of not being
on time after elementary school, with a larger effect for relative SSA. The interaction effect is
small and negative. For the effect on assignment to the advanced track reported in column (4),
lower absolute SSA reduces the probability of assignment, with a larger relative SSA effect in

the same direction, and a small positive interaction effect.

These findings indicate that absolute SSA affects both short- and long-term outcomes indepen-
dently of relative SSA. However, the relative SSA effect holding absolute SSA constant is 5 to
25 times larger depending on the outcome. This aligns with the earlier comparison between

composite SSA effects (section 4.1.2) and causal relative SSA effects (section 4.2.2), confirming
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that the relative SSA effect drives the overall impact of being young at school start. In terms
of policy recommendations these results suggest that finding an optimal threshold age to start
school is less important than paying attention to the effects of relative age. Either, teachers
should be more aware of age differences when assigning students to repeat grades or to special
needs, for example by more standardized measures based on age, or classes should be more
homogeneous in age, for example by rearranging students across classes. To explore the poten-
tial benefits of classes with lower relative age differences or of more standardized measures in
more detail and to see which students are most affected by the relative SSA effect, I investigate

potential non-linearities of the relative SSA effect next.

Table 8: IV absolute and relative SSA effects

Special needs elemen- Grade retention elemen- Not on time after Advanced track for

Dependent Variable: tary school grades 1-3  tary school grades 1-3  elementary school  secondary school
1 ) 3 )
Absolute SSA 0.0014 0.0018 0.0026 -0.0062
(0.0003) (0.0003) (0.0007) (0.0011)
Relative SSA 0.0160 0.0092 0.0671 -0.0365
(0.0021) (0.0022) (0.0052) (0.0077)
Absolute SSAxRelative SSA -0.0001 -0.0000777 -0.0006 0.0003
(0.000018) (0.0000189) (0.0000445) (0.0000663)
R? 0.1628 0.0415 0.0636 0.1094
Observations 317,951 317,951 130,978 130,978
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (9) with school and half-month birth date
fixed effects. Data include yearly kindergarten entrants from 2012-2018 (columns 1-2) and
2012-2014 (columns 3-4). Outcomes are special needs placement (1), grade retention (2),
not finishing kindergarten and elementary school on time (3), and advanced secondary track
assignment (4). Standard errors clustered by school-year are displayed in parentheses.

The effect of distance to the average SSA So far, | have assumed a linear relationship between
relative SSA and student outcomes. This assumption may be questionable, as students who
deviate only slightly from the cohort average SSA might experience little or no effect, while the
effect size could increase with the distance from the average SSA. Moreover, both the direction
and magnitude of these effects may differ depending on whether a student is relatively older
or younger compared to the cohort average. From a policy perspective, insights into non-
linearities of effects are important. This is because if the effects on students differ in absolute
size depending on whether they are relatively young or old, it would imply that classes more

homogeneous in age are beneficial not only for the relatively young students, but also improve
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outcomes for the average student. If this is the case, rearranging students across cohorts or

classrooms could increase overall welfare.

To explore potential non-linearities in the relative age effect, I alter the model in equations 4
and 5. Namely, I substitute the continuous measure for the relative SSA with indicators for
9 bins with equal lengths in relative SSA within a cohort.?° The fifth bin containing values
for relative SSA that are close to zero and hence containing students that are very close to
the average SSA of their cohort serves as a reference point. I use dummy variables for each
assigned and observed relative SSA bin and instrument each of the observed relative SSA bin
dummy variables with the assigned relative SSA bin dummy variables. The first stage estimates
for these regressions are depicted graphically in Appendix Figure A.13. I document the 2SLS
estimates for the second stage graphically in Figure 5 where I depict the outcomes for the models

including 95% confidence intervals.

Panel (A) of Figure 5 shows that the effect of relative SSA is fairly linear for the probability of
being assigned to special needs in grades 1-3 and decreases with higher relative SSA. Similarly,
the effects depicted in panel (B) for the probability of grade retention in grades 1-3 decrease
linearly with the increase in relative age of children, and comparing panel (A) and (B) of Figure 5
also shows a very similar slope of the depicted effects. Panels (C) and (D) show estimates for
the long-term outcomes. The probability of not being on time after elementary school (Panel C)
exhibits a less linear pattern compared to the short-term outcomes. For students with SSA below
the average cohort age, the increase in this probability is large, with effect differences growing
from one bin to the next. In contrast, differences between students near the average relative
SSA and those older than average are smaller, showing a slight decrease in the probability of
being late for relatively older students. Panel (D) illustrates that the effect on assignment to
the advanced track for secondary school is roughly linear- Relatively younger students are less
likely, and relatively older students more likely, to be assigned to the advanced track compared

to those near the cohort average.

Overall, this exercise shows that the effects are more or less linear in relative age, with the

29. The relative SSA bins are (—o0,—-10.5), [-10.5,-7.5],(7.5,4.5], (4.5,1.5], (1.5, 1.5],
(1.5,4.5],(4.5,7.5],(7.5,10.5], (10.5, +c0). Note that the bins at the upper and lower ends
of the relative age distribution are not of equal lengths as the bins within, and that the bin
[—10.5,-7.5] contains both border values making it larger as well. The number of observations
differ in each bin, but are similar for non-border bins.
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exception of the estimates for the probability of not being on time after elementary school.
For this outcome the estimates suggest that the gains of students with a relatively high SSA
do not offset the losses of students who are younger in relative terms. Hence, policies which
reduce the deviation in relative age for all students in the cohort could inhibit potential gains
of relatively younger students that are larger than the losses of relatively older students. This
would result in a situation where rearranging students across cohorts or installing multiple
school-entry cutoff dates across the year could be beneficial for the average student. Further,
it is evidence for the fact that non-compliance with school-entry cutoff date rules should be
reduced, as non-compliance increases age differences of children within cohorts and therefore
renders cohorts less homogeneous in age, which is detrimental especially for children who are
very young. Tentative evidence in terms of heterogeneity of these linear relative age effects
across socioeconomic background of students shows that overall the slopes for less advantaged
students in graphs like Figure 5 are steeper, especially for estimates in the bins below the average
relative SSA. Hence, socioeconomically less advantaged students are more affected by being
relatively young and therefore classes that are more homogeneous in age have the potential to
decrease educational inequality by benefiting those students relatively more when compared to

their more advantaged peers, while these are not worse off.3°

30. Heterogeneity results for the linearity analysis are available upon request.
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Figure 5: IV non-linearity of relative SSA effects
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Notes: This figure shows estimates and 95% confidence intervals from equation (5), replacing
the continuous relative SSA with 9 bins, using the fifth bin as reference. Data cover yearly
kindergarten entrants from 2012-2018 (panels A and B) and 2012-2015 (panels C and D).
Panel (A) shows special needs track assignment probability (grades 1-3), (B) grade retention
probability (grades 1-3), (C) probability of not finishing kindergarten and elementary school
on time, and (D) advanced track assignment. All regressions include school and half-month
birth date fixed effects and standard errors clustered by school-year.

4.4 Robustness

To test the sensitivity of my RD and IV estimates I apply six robustness checks three of
which alter the sample based on the choice of bandwidth and the cohorts, and three of which
change the specification by including less restrictive birthday fixed effects, by including a set of

predetermined control variables, and by including the average class age.

I first test the sensitivity of my RD results to the choice of bandwidth in Appendix Figure A.14.
Narrowing the bandwidth to one month around the eligibility threshold increases standard
errors and widens confidence intervals, but the estimates remain robust across all outcomes.
Second, I restrict the sample to students enrolled after 2014 to assess sensitivity to the HarmoS

Concordat implementation period. Results for short-term outcomes in Appendix Table A.12
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are comparable to the main specification. Third, I limit the sample to cohorts with observable
long-term outcomes; Appendix Table A.10 shows effects consistent with the main results
(Table 3). Fourth, I add birth date fixed effects separating year and half-month of birth
(e.g., “2008 + January-first half-month™), with only slight changes in estimates diplyed in
Appendix Table A.13, confirming robustness. Fifth, including controls for female gender,
Swiss citizenship, and native language does not materially alter results reported in Appendix
Table A.14. Sixth, controlling for the leave-one-out average absolute SSA in the enrollment

class to account for teacher adaptation shows no meaningful differences in Appendix Table A.15.

For the IV estimates, I first vary the sample by assigned relative age to examine effect het-
erogeneity. Appendix Figure A.15 shows stable estimates but indicates smaller effects when
the sample’s relative ages are more homogeneous, aligning with the non-linearity analysis in
section 4.3. Second, restricting to post-2014 kindergarten starters yields short-term results
documented in Appendix Table A.16 consistent with the main analysis. Third, limiting to
cohorts with long-term data confirms stable effects in Appendix Table A.17. Fourth, using
less restrictive birth date fixed effects does not affect estimates in Appendix Table A.18. Fifth,
including predetermined controls leaves estimates largely unchanged in Appendix Table A.19.
Sixth, controlling for average class age yields results very similar to the main specification

reported in Appendix Table A.20.

5 Conclusion

I exploit a unique natural experiment from a harmonization reform that gradually postponed
school-entry cutoff dates in some Swiss cantons while others remained unchanged. This stag-
gered implementation generates exogenous variation in school starting age (SSA) independent
of birth date, affecting children’s absolute SSA. I use administrative data on all pupils enrolled

from 2012-2023, including socioeconomic background information.

Using a regression discontinuity (RD) design with birth date fixed effects, I find that being
among the youngest at school entry significantly increases the probability of grade retention
and special needs assignment. These effects persist eight years later and show that relatively
younger students are less likely to complete elementary school on time and to be placed in the

advanced secondary track.
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To isolate the effect of relative SSA, I employ a 2SLS framework, instrumenting observed
relative SSA with assigned relative SSA while holding assigned absolute SSA constant. This
approach, novel in the literature, disentangles relative from absolute SSA and policy effects.
I find that reducing relative SSA by one year substantially increases special needs placement,
grade repetition, delays in secondary school entry, and reduces the likelihood of entering the
advanced track. These effects are larger and more consistent than those from OLS, which

underestimate or even reverse the direction of long-term impacts.

Further analysis shows that relative SSA effects are stronger than absolute SSA effects and
increase with greater deviation from the cohort age average—especially for relatively younger
children. This suggests that age-homogeneous classes may benefit students overall, while

non-compliance with school-entry cutoff date rules negatively affects the average student.

Given that school entry decisions are partly endogenous, and children from more advantaged
backgrounds are more likely to be redshirted, the heterogeneity in SSA effects has important
implications for educational inequality. Less advantaged children are more likely to be both
relatively and absolutely young, and they also experience greater harm from these age disad-
vantages—especially in terms of special needs assignment, which has long-term consequences
for educational attainment and earnings (Wagner and Blackorby 1996; Hanushek, Kain, and

Rivkin 2002).

Policymakers aiming to reduce educational inequality should therefore consider enforcing com-
pliance with school-entry rules more strictly. Future work could quantify how much of the
observed inequality across socioeconomic groups stems from differences in compliance, poten-

tially guiding targeted interventions.
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Figure A.1: Swiss education system
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Notes: This figure shows a simplified version of the Swiss education system. I indicate the time
of treatment assignment in red and the time of measurement of the outcomes in yellow. Source:
Own illustration.

Figure A.2: Absolute SSA and cantonal school-entry cutoff dates
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Notes: This figure depicts the observed absolute SSA of children in half-months by canton
and years for the subset of cantons in my estimation sample. I use data at the yearly level for
the full sample of students first enrolled in kindergarten from 2012 to 2018. Marked in red
are year-by-canton observations, where school-entry cutoff dates changed when compared to
the previous year, and marked in light blue are year-by-canton observations where school-entry
cutoff dates correspond to the previous year. Dots represent school-entry cutoff dates other than
July 31, and triangles correspond to school-entry cutoff dates on July 31.
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Figure A.3: Non-compliance
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Notes: This figure shows the share of students not complying with school-entry cutoff rules by
half-month distance to the eligibility threshold, using yearly data from 2012-2018. Green dots
represent greenshirters (enrolled before eligible), and red triangles show redshirters (enrolled

one year late).

Figure A.4: Non-compliance by individual characteristics
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Figure A.5: Sample selection
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Notes: This figure shows Switzerland’s language border, excluding Italian- and Romansh-
speaking regions for clarity. German-speaking municipalities are shown in blue, French-
speaking ones in green. Light shading marks cantons with unchanged school-entry cutoff dates
from 2012-2018, darker shading indicates cantons that postponed the cutoff at least once, and

white areas represent cantons without two years of compulsory kindergarten, which are excluded
from the analysis. Source: BFS and own illustration.
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Figure A.6: Absolute SSA and the probability of being young by distance to the eligibility

threshold
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Notes: This figure shows absolute SSA in half-months (Panels A and B) and the probability of
being young (Panels C and D) by distance to the school-entry eligibility threshold. The data
include students first enrolled in kindergarten from 2012-2018 in cantons with two years of
compulsory kindergarten. Panels A and C use the full sample with a LOESS fit (blue line) and
95% confidence band (grey). Panels B and D restrict the sample to a 1.5-month window around
the threshold and apply a linear fit (blue line). The red dashed line indicates the eligibility

cutoff.
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Figure A.7: RDD frequency of the running variable
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Notes: This figure displays the frequency of the running variable—distance to the eligibility
threshold in half-months—using yearly data for students first enrolled in kindergarten from 2012
to 2018. The red dashed line marks the threshold. Observations left of the threshold (negative
distance) are assigned as old, while those at or right of the threshold (zero or positive distance)
are assigned as young.

49



Figure A.8: Private school enrollment
(A) Share of students enrolled in a private school in RD sample
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(B) Share of students enrolled in a private school in IV sample
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(C) Share of students enrolled in a private school in full sample
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Notes: This figure shows the share of students enrolled in private schools by years since first
enrollment, using yearly data for cohorts starting kindergarten from 2012 to 2018. Panel (A)
includes students born within 1.5 months of the eligibility threshold. Panel (B) includes those
less than 11 half-months of their assigned relative SSA from the assigned cohort average SSA.
Panel (C) uses the full sample. Shares are reported by grade and year; the red line marks the
first year of enrollment (treatment).
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Figure A.9: Moving across canton
(A) Share of students moving residence across canton in the next grade in RD

sample
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(B) Share of students moving residence across canton in the next grade in IV
sample
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(C) Share of students moving residence across canton in the next grade in full
sample
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Notes: This figure shows the share of students who move across cantons in the year after first
enrollment, using yearly data for cohorts entering kindergarten from 2012 to 2018. Panel (A)
includes students born within 1.5 months of the eligibility threshold, Panel (B) includes those
less than 11 half-months of their assigned relative SSA from the assigned cohort average SSA,
and Panel (C) uses the full sample. Shares are reported by grade and year. The red line marks the
first enrollment year (treatment). Note that student mobility before enrollment is not observed.
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Figure A.10: RDD first stage within split samples
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Notes: This figure shows the probability of being young by distance to the eligibility threshold
(in half-months), using yearly data for students entering kindergarten from 2012 to 2018. Left-
hand panels show LOESS fits with 95% confidence bands using the full sample. Right-hand
panels use observations within 3 months of the threshold and show linear fits. The red dashed
line marks the threshold. Panel (A) splits the sample by parental tertiary education, (B) by
native language status, (C) by citizenship, and (D) by gender.
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Figure A.11: IV density of the instrument and first stage
(A) Density of assigned relative SSA
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Notes: This figure shows the instrument distribution and the first stage of the 2SLS model using
yearly data for students first enrolled in kindergarten from 2012 to 2018. The dashed red line in
both panels marks the sample restriction to students less than 11 half-months of their assigned
relative SSA from the assigned cohort average SSA. Panel (A) shows the density of assigned
relative SSA (in half-months), and Panel (B) presents a flexible version of equation (4) using
local linear regression estimates.
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Figure A.12: IV first stage within split samples
(A) Tertiary educated parents
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Notes: This figure shows the instrument distribution and the first stage of the 2SLS model
within split samples, using yearly data for students first enrolled in kindergarten from 2012 to
2018. The dashed red line in all panels marks the sample restriction to students less than 11
half-months of their assigned relative SSA from the assigned cohort average SSA. Left-hand
side graphs display the density of assigned relative SSA (in half-months); right-hand side graphs
show local linear regression estimates as a flexible analogue to equation (4). Panel (A) splits
the sample by parental tertiary education, (B) by native language status, (C) by citizenship, and
(D) by gender.
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Figure A.13: First stage effects for bins of relative SSA
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Notes: This figure presents estimates from the system of first-stage equations for binned relative
SSA values, using yearly data of students first enrolled in kindergarten from 2012 to 2018.
Darker colors indicate lower estimates, while lighter colors indicate higher estimates. Gray
areas mark combinations of observed and assigned relative SSA where no first stage estimate
could be obtained. The model includes school and birth date fixed effects up to one half-month
and clusters standard errors at the school-by-year level.
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Figure A.14: RDD bandwidth results
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Notes: This figure shows estimates and 95% confidence intervals from equation (2) for varying
bandwidths around the eligibility threshold. Panels (A) and (B) use yearly data of students first
enrolled in kindergarten from 2012 to 2018, while panels (C) and (D) use data from 2012 to
2014. The main specification estimate with a 1.5-month bandwidth is marked by a red triangle.
Panel (A) shows the probability of assignment to a special needs track in grades 1-3; panel (B)
shows the probability of grade retention for the same grades. Panel (C) reports the probability of
not being on time after elementary school, and panel (D) displays the probability of assignment
to the advanced secondary track. All regressions include school and birth date fixed effects (up
to one half-month) and cluster standard errors at the school-by-year level.
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Figure A.15: IV bandwidth results
(A) Special needs grades 1-3 (B) Grade retention grades 1-3
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Notes: This figure shows estimates and 95% confidence intervals from equation (5) for varying
bandwidths of assigned relative SSA. Panels (A) and (B) use yearly data of students first
enrolled in kindergarten from 2012 to 2018, while panels (C) and (D) use data from 2012
to 2014. The main specification estimate less than 11 half-months of their assigned relative
SSA from the assigned cohort average SSA is marked by a red triangle. Panel (A) shows the
probability of assignment to a special needs track in grades 1-3; panel (B) shows the probability
of grade retention for these grades. Panel (C) reports the probability of not being on time
after kindergarten and elementary school, and panel (D) shows the probability of assignment
to the advanced track. All regressions include school and birth date fixed effects (up to one
half-month) and cluster standard errors at the school-by-year level.
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B Additional tables

Table A.1: Smoothness of covariates around RDD threshold

Dependent Variable: Tertiary educated parents Native in regional language Swiss citizen Female
)] ) 3 (C))

Above threshold -0.0016 —-0.0059 —-0.0083 0.0161
(0.0185) (0.0103) (0.0101) (0.0118)
R? 0.2274 0.2359 0.1636 0.0457
Observations 33,161 79,616 79,616 79,616
School FE Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table shows estimates from equation (1) using covariates as outcomes. I use yearly
data from 2012-2018 for students within 1.5 months of the cutoff. Columns (1)-(4) report
effects on the probability of having tertiary educated parents, being a native speaker, being
Swiss, and being female. All models include school and birth date fixed effects up to one
half-month. Standard errors clustered at the school-by-year level are displayed in parentheses.

Table A.2: RDD first stage for other time horizons

Dependent Variable: Probability of being young

(D (2) (3) “)

Panel (A): After implementation period of HarmoS Concordat

Above threshold 0.5981  0.6084  0.5374  0.4893
(0.0082) (0.0078) (0.0078) (0.0118)

R? 0.5332  0.6199 0.6607 0.6826
Observations 46,966 46,966 46,966 46,966
Panel (B): long-term outcomes

Above threshold 0.5049 0.5138 0.4302 0.3721

(0.0108) (0.0108) (0.0100) (0.0139)

R? 04794  0.5744 0.6491  0.6816
Observations 32,650 32,650 32,650 32,650
School FE No Yes Yes Yes
Year of birth FE No No Yes No
Birth date FE No No No Yes

Notes: This table shows estimates from equation (1) for different time horizons using stu-
dents within 1.5 months of the cutoff. Panel (A) includes cohorts enrolled from 2015-2018,
after HarmoS implementation; panel (B) uses 2012-2014 cohorts for long-term outcomes.
Columns (1)—(4) sequentially add school, birth year, and birth date (half-month) fixed effects.

Standard errors clustered at the school-by-year level are displayed in parentheses.
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Table A.3: RDD first stage for split samples

. Non-tertiary edu- Tertiary edu- Foreign Swiss Non-native Native Female Male
Split sample:
cated parents cated parents
(1) (2) (3) (€] (5) 6) (7) (©))
Panel (A): Short-term outcomes
Above threshold 0.6381 0.5015 0.5443  0.5621 0.5975 0.5321  0.5570  0.5592
(0.0108) (0.0099) (0.0105) (0.0052)  (0.0081)  (0.0058) (0.0063) (0.0066)
R? 0.7668 0.6959 0.6685  0.7102 0.7032 0.6944  0.6855  0.7112
Observations 26,966 39,429 41,446 117,719 58,552 100,613 81,744 77,421
Panel (B): Long-term outcomes
Above threshold 0.5409 0.4252 0.4082  0.4823 0.4839 0.4520 04718  0.4607
(0.0167) (0.0155) (0.018) (0.0085)  (0.0142)  (0.0093) (0.0104) (0.0109)
R? 0.7911 0.7298 0.7015  0.7377 0.7298 0.7244  0.7243  0.7317
Observations 13,942 18,733 15,158 49,854 23,313 41,699 33,415 31,597
School FE Yes Yes Yes Yes Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates from equation (1) within split samples for short- and long-
term outcomes, using students within 3 months of the cutoff for 2012-2018 in panel A; and
for 2012-2014 in panel B. All regressions include school and birth date fixed effects up to one
half-month. Columns (1)—(2) split by parental tertiary education, (3)—(4) by native language,

(5)—(6) by citizenship, and (7)—(8) by gender. Standard errors clustered at the school-by-year
level are displayed in parentheses.
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Table A.4: RDD results for split samples

Non-tertiary edu- Tertiary edu- Foreign Swiss Non-Native Native Female Male

Split sample: cated parents cated parents
(1) (2 (3) 4 (5) (6) [©) (8)
Panel (A): Special needs elementary school grades 1-3
2SLS 0.0483 0.0214 0.0765  0.0310 0.0643 0.0290  0.0543  0.0308
(0.0120) (0.0068) (0.0115) (0.0048)  (0.0085)  (0.0051) (0.0072) (0.0054)
CCM 0.0012 0.0130 0.0212  0.0138 0.0172 0.0091 0.0092  0.0113
R? 0.2824 0.2607 02613  0.1858 0.2375 0.1934  0.2121  0.1893
Observations 26,966 39,429 41,446 117,719 58,552 100,613 81,744 77421
Panel (B): Grade retention elementary school grades 1-3
2SLS 0.0866 0.0349 0.0680  0.0523 0.0584 0.0596  0.0558  0.0609
(0.0127) (0.0085) (0.0110) (0.0053)  (0.0084)  (0.0059) (0.0067) (0.0068)
CCM 0.0353 0.0188 0.0196  0.0149 0.0233 0.0144  0.0074  0.0291
R? 0.1350 0.1197 0.1210  0.0566 0.1050 0.0582  0.0732  0.0749
Observations 26,966 39,429 41,446 117,719 58,552 100,613 81,744 77,421
Panel (C): Not on time after elementary school
2SLS 0.1982 0.1643 0.1703  0.1796 0.2044 0.1629  0.2159  0.1557
(0.0336) (0.0266) (0.0402) (0.0159)  (0.0280) (0.0176) (0.0217) (0.0199)
CCM 0.0564 0.0228 0.0371  0.0356 0.0386 0.0354  0.0240  0.0360
R? 0.2689 0.2452 02726  0.1400 0.2130 0.1500  0.1832  0.1660
Observations 13,942 18,733 15,158 49,854 23,313 41,699 33415 31,597
Panel (D): Advanced track for secondary school
2SLS —0.2804 —0.1806 —0.2467 -0.1951 -0.1630  -0.2210 -0.2184 -0.2082
(0.0489) (0.0418) (0.0529) (0.0233)  (0.0369)  (0.0272) (0.0313) (0.0318)
CCM 0.7322 0.8433 0.6795  0.7279 0.5478 0.8105  0.7969  0.6630
R? 0.2323 0.2560 02322 0.1264 0.1786 0.1357  0.1668  0.1710
Observations 13,942 18,733 15,158 49,854 23,313 41,699 33415 31,597
School FE Yes Yes Yes Yes Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates from equation (2) within split samples. Panels (A)—(B)
use data from 2012-2018; panels (C)—(D) from 2012-2014, all within 3 months of the cutoff.
Outcomes are: special needs assignment grades 1-3 (A), grade retention grades 1-3 (B), delay
after kindergarten and elementary school (C), and advanced track assignment (D). All regres-
sions include school and birth date fixed effects up to one half-month. Columns (1)—(2) split
by parental tertiary education, (3)—(4) by native language, (5)—(6) by citizenship, and (7)—(8)
by gender. Standard errors clustered at the school-by-year level. The CCM is estimated using
equation (3).
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Table A.5: IV first stage including controls and additive birthday fixed effects

Dependent Variable: Observed relative SSA
(D () (3) “4) )

Assigned relative SSA 0.6791 0.7165 0.6790 0.6815 0.7265

(0.0058) (0.0048) (0.0058) (0.0076) (0.0062)
R? 0.4046 0.3813 0.4092 0.4591 0.4341
Observations 279,573 279,573 279,573 116,846 116,846
School FE Yes Yes Yes Yes Yes
Birth date FE Yes No Yes Yes No
Year of birth FE No Yes No No Yes
Month & Half-month of birth FE No Yes No No Yes
Gender, Native, Swiss No No Yes Yes Yes
Parents’ education No No No Yes Yes

Notes: This table reports estimates from equation (4) using data on students enrolled in kinder-
garten from 2012 to 2018, less than 11 half-months of their assigned relative SSA from the
assigned cohort average SSA. Column (1) includes school and birth date fixed effects; column
(2) adds year, month, and half-month of birth. Column (3) includes demographic controls;
column (4) adds parental tertiary education. Column (5) combines all fixed effects and controls.
Standard errors clustered at the school-by-year level are displayed in parentheses.

Table A.6: Correlation of assigned relative SSA and observed relative SSA with covariates

Dependent Variable: Tertiary educated parents Native in regional language Swiss citizen Female
ey (@) 3) “
Assigned relative SSA -0.0324 -0.0222 0.0018 —-0.0038
(0.0252) (0.0165) (0.0169) (0.0142)
R? 0.6529 0.6510 0.6510 0.6510
Observed relative SSA —-0.1422 —-0.7450 -1.275 —-0.3988
(0.0411) (0.0343) (0.0397) (0.0265)
R? 0.3569 0.3154 0.3179 0.3145
Observations 116,846 279,573 279,573 279,573
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports correlations of assigned and observed relative SSA with individual
characteristics, using data from students enrolled in kindergarten from 2012 to 2018 less than
11 half-months of their assigned relative SSA from the assigned cohort average SSA. All
regressions include school and birth date fixed effects. Columns (1)—(4) show associations
with indicators for parental tertiary education, native language, Swiss citizenship, and gender,
respectively. Standard errors clustered at the school-by-year level are displayed in parentheses.
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Table A.7: IV first stage for split samples

Non-tertiary edu- Tertiary edu- Foreign Swiss Non-native Native Male Female
cated parents cated parents

1) (2) (3) “4) (5) (6) [©) (8)

Split sample:

Panel (A): Short-term outcomes

Assigned relative SSA 0.7374 0.6514 0.7045  0.6673 0.7383 0.6480  0.6836 0.6760
(0.0108) (0.0100) (0.0135) (0.0059)  (0.0100)  (0.0066) (0.0074) (0.0074))
R? 0.5399 0.4336 0.3302  0.4821 0.3721 0.4578  0.3963 0.4333
Observations 47,137 69,709 72,684 206,889 102,603 176,970 143,399 136,174
Panel (B): Long-term outcomes
Assigned relative SSA 0.6735 0.5799 0.5855  0.6073 0.6441 0.5824  0.6087 0.5987
(0.0149) (0.0138) (0.0210) (0.0089)  (0.0154)  (0.0097) (0.0109) (0.0110)
R? 0.6231 0.5241 0.4674  0.5615 0.4949 0.5430  0.5104 0.5258
Observations 24,560 33,513 26,674 88,466 40,931 74,209 59,066 56,074
School FE Yes Yes Yes Yes Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table presents estimates from equation (4) within split samples across different
outcome horizons. Panel (A) uses data from 2012-2018 and Panel (B) from 2012-2014,
restricted to students less than 11 half-months of their assigned relative SSA from the assigned
cohort average SSA. All regressions include school and birth date fixed effects. Columns (1)
and (2) split the sample by parental education, columns (3) and (4) by citizenship, columns
(5) and (6) by language, and columns (7) and (8) by gender. Standard errors clustered at the
school-by-year level are displayed in parentheses.

Table A.8: IV first stage for quartiles of predicted relative SSA

Dependent Variable: First quartile Second quartile Third quartile Fourth quartile

(D (2 (3) “4)
Assigned relative SSA 0.6358 0.6957 0.7234 0.4701
(0.0128) (0.0089) (0.0100) (0.0210)
R? 0.2039 0.2402 0.2573 0.2656
Observations 69,894 69,893 69,893 69,893
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (4) by quartiles of predicted relative SSA. I
use yearly data of students first enrolled in kindergarten from 2012 to 2018, less than 11 half-
months of their assigned relative SSA from the assigned cohort average SSA. All regressions
include school and birth date fixed effects up to one half-month. Standard errors clustered at the
school-by-year level are displayed in parentheses. Predicted relative SSA is based on an OLS
regression of observed relative SSA on individual covariates, including school and birth date
fixed effects, with clustered standard errors.
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Table A.9: 1V results for split samples

Non-tertiary edu- Tertiary edu- Foreign Swiss Non-native Native Male Female
cated parents cated parents

1) 2 (3) ) (5 (6) (7) ®)

Split sample:

Panel (A): Special needs elementary school grades 1-3

2SLS 0.0022 0.0008 0.0026  0.0012 0.0022 0.0011  0.0016  0.0013
(0.0004) (0.0002) (0.0003) (0.0001)  (0.0003)  (0.0001) (0.0002) (0.0002)
OLS 0.0001 0 0.0002  -0.0001 0.0001 -0.0002 -0.0001 0
(0.0002) (0.0001) (0.0001) (0.0001)  (0.0001)  (0.0001) (0.0001) (0.0001)
R? 0.2163 0.2214 0.2217  0.1534 0.2069 0.1576  0.1803  0.1591
Observations 47,137 69,709 72,684 206,889 102,603 176,970 143,399 136,174
Panel (B): Grade retention elementary school grades 1-3
2SLS 0.0028 0.0011 0.0019  0.0017 0.0016 0.0019  0.0015  0.0020
(0.0004) (0.0002) (0.0003) (0.0002)  (0.0002)  (0.0002) (0.0002) (0.0002)
OLS 0.0013 0.0007 0.0006  0.0011 0.0006 0.0011  0.0008  0.0007
(0.0002) (0.0001) (0.0001) (0.0001)  (0.0001)  (0.0001) (0.0001) (0.0001)
R? 0.0913 0.0849 0.0900  0.0418 0.0808 0.0425  0.0549  0.0536
Observations 47,137 69,709 72,684 206,889 102,603 176,970 143,399 136,174

Panel (C): Not on time after elementary school

2SLS 0.0082 0.0034 0.0063  0.0051 0.0067 0.0048  0.0062  0.0046
(0.0009) (0.0006) (0.0009) (0.0004)  (0.0006)  (0.0004) (0.0005) (0.0005)
OLS 0.0074 0.0046 0.0051 0.0057 0.0055 0.0054 0.006 0.0046
(0.0004) (0.0003) (0.0002) (0.0002)  (0.0002)  (0.0002) (0.0002) (0.0002)
R? 0.1680 0.1717 0.1840  0.0947 0.1505 0.1000  0.1221  0.1100
Observations 24,560 33,513 26,674 88,466 40,931 74,209 59,066 56,074
Panel (D): Advanced track for secondary school
2SLS -0.0077 -0.0050 -0.0073 -0.0053  -0.0068  -0.0053 -0.0055 -0.0061
(0.0013) (0.0010) (0.0013) (0.0006)  (0.0009)  (0.0007) (0.0008) (0.0008)
OLS —-0.0033 —-0.0022 -0.0008 -0.0026  —0.0007  —0.0017 —0.0010 —0.0005
(0.0006) (0.0004) (0.0004) (0.0003)  (0.0003)  (0.0003) (0.0003) (0.0003)
R? 0.1563 0.1998 0.1690  0.1010 0.1342 0.1091  0.1308  0.1356
Observations 24,560 33,513 26,674 88,466 40,931 74,209 59,066 56,074
School FE Yes Yes Yes Yes Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates from equation (5) within split samples. I use yearly data
of students first enrolled in kindergarten from 2012 to 2018 in panels (A) and (B), and from
2012 to 2014 in panels (C) and (D), less than 11 half-months of their assigned relative SSA
from the assigned cohort average SSA. Panel (A) uses the probability of assignment to special
needs track (grades 1-3), panel (B) the probability of grade retention (grades 1-3), panel (C)
the probability of not being on time after kindergarten and elementary school, and panel (D) the
probability of assignment to the advanced track. All regressions include school and birth date
fixed effects up to one half-month. Columns (1) and (2) split the sample by parental education,
columns (3) and (4) by citizenship, columns (5) and (6) by language, and columns (7) and (8)
by gender. Standard errors clustered at the school-by-year level are displayed in parentheses.
The table also reports OLS estimates of the outcome on observed relative SSA, with clustered
standard errors.
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Table A.10: RDD short-term outcomes with reduced sample

Special needs Grade retention

Dependent Variable: grades 1-3 grades 1-3
(eY] 2)
2SLS 0.0564 0.0366
(0.0201) (0.0206)
CCM 0.0059 0.0273
R? 0.1999 0.1289
Observations 32,650 32,650
School FE Yes Yes
Birth date FE Yes Yes

Notes: This table reports estimates from equation (2) with school and birth date fixed effects
up to one half-month, using yearly data of students first enrolled in kindergarten from 2012
to 2014 within 1.5 months of the eligibility threshold. Column (1) shows the effect on the
probability of assignment to a special needs track (grades 1-3), and column (2) shows the effect
on grade retention probability for the same grades. Standard errors clustered at the school-
by-year level are displayed in parentheses. CCM denotes the control complier mean estimated
using equation (3).

Table A.11: IV first stage estimates with absolute and relative SSA

Dependent Variable: Obs. absolute SSA  Obs. relative SSA  Obs. absolute SSAXObs. relative SSA
(1) ) (3)
Ass. absolute SSA 0.4533 -0.3135 —-38.44
(0.0108) (0.0080) (0.9550)
Ass. relative SSA -0.3502 0.3909 -50.47
(0.0958) (0.0953) (11.17)
Ass. relative SSAX Ass. absolute SSA 0.0047 0.0049 1.422
(0.0008) (0.0008) (0.0989)
R? 0.5253 0.4446 0.4035
Observations 317,951 317,951 317,951
School FE Yes Yes Yes
Birth date FE Yes Yes Yes

Notes: This table reports estimates from equations (6), (7), and (8) using yearly data of students
first enrolled in kindergarten from 2012 to 2018 with no further sample restrictions. School
and birth date fixed effects up to one half-month are included. Standard errors clustered at the
school-by-year level are displayed in parentheses.
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Table A.12: RDD with cohorts after implementation period of HarmoS Concordate

Special needs elemen- Grade retention elemen-
tary school grades 1-3  tary school grades 1-3

1) 2

Dependent Variable:

2SLS 0.0437 0.0792
(0.0129) (0.0117)
CCM 0.0214 0.0089
R? 0.2616 0.0994
Observations 46,966 46,966
School FE Yes Yes
Birth date FE Yes Yes

Notes: This table reports estimates from equation (2) using school and birth date fixed effects
up to one half-month. The sample includes students first enrolled in kindergarten after the 2014
HarmoS Concordat implementation, within 1.5 months of the eligibility threshold. Column (1)
shows effects on the probability of special needs track assignment in grades 1 to 3; column (2)
on grade retention during the same grades. Standard errors clustered at the school-by-year level
are displayed in parentheses. The CCM is estimated using equation (3).

Table A.13: RDD with additive birth date fixed effects

Dependent Variable: Special needs Grade retention Not on time after Advanced track for

grades 1-3 grades 1-3 elementary school  secondary school
(1) 2) 3) 4)
2SLS 0.0399 0.0576 0.1886 -0.2407
(0.0069) (0.0073) (0.0261) (0.0379)
CCM 0.0098 0.0182 0.0476 0.7078
R? 0.1986 0.0769 0.1828 0.1572
Observations 79,616 79,616 32,650 32,650
School FE Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes
Month & half-month of birth FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (2), including school and additively separated
fixed effects for year of birth, and month and half-month of birth date. The sample includes
students enrolled in kindergarten from 2012 to 2018 in columns (1) and (2), and from 2012
to 2014 in columns (3) and (4), within 1.5 months of the eligibility threshold. Column (1)
shows effects on special needs track assignment in grades 1 to 3, column (2) on grade retention,
column (3) on not finishing kindergarten and elementary school on time, and column (4) on
advanced track assignment. Standard errors clustered at the school-by-year level are displayed
in parentheses. The CCM is estimated using equation (3).
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Table A.14: RDD including controls

Dependent Variable: Special needs Grade retention Not on time after Advanced track for

grades 1-3 grades 1-3 elementary school  secondary school
(1 (2) (3) 4

2SLS 0.0464 0.0658 0.1873 —-0.2223

(0.0101) (0.0097) (0.0302) (0.0426)
CCM 0.0150 0.0181 0.0360 0.7100
R? 0.2075 0.0802 0.1923 0.2217
Observations 79,616 79,616 32,650 32,650
Controls: Gender, Swiss, Language v v v v
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (2), including school and birth date fixed
effects up to one half-month, and controls for gender, citizenship, and native language. The
sample includes students first enrolled in kindergarten from 2012 to 2018 in columns (1) and
(2), and from 2012 to 2014 in columns (3) and (4), within 1.5 months of the eligibility threshold.
Column (1) estimates the effect on special needs track assignment in grades 1-3, column (2)
on grade retention, column (3) on not completing kindergarten and elementary school on time,
and column (4) on advanced track assignment. Standard errors clustered at the school-by-year
level are displayed in parentheses. The CCM is estimated using equation (3).

Table A.15: RDD with average class age

Dependent Variable: Special needs Grade retention Not on time after Advanced track for

grades 1-3 grades 1-3 1 'y school dary school
1) 2) 3) (4)
2SLS 0.0464 0.0658 0.1873 -0.2223
(0.0101) (0.0097) (0.0302) (0.0426)
Average class age 0.0464 0.0658 0.1873 -0.2223
(0.0101) (0.0097) (0.0302) (0.0426)
CCM 0.0150 0.0181 0.0360 0.7100
R? 0.2075 0.0802 0.1923 0.2217
Observations 79,616 79,616 32,650 32,650
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (2) with school and birth date fixed effects up
to one half-month, and controls for gender, citizenship, and native language. I use yearly data of
students first enrolled in kindergarten from 2012 to 2018 in columns (1) and (2) and from 2012
to 2014 in columns (3) and (4), within 1.5 months of the eligibility cutoff. The outcomes are:
assignment to a special needs track (1), grade retention (2), not completing kindergarten and
elementary school on time (3), and assignment to the advanced track (4). Standard errors are
clustered at the school-by-year level are displayed in parentheses. The control complier mean
is estimated using equation (3).
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Table A.16: IV with cohorts after implementation period of HarmoS Concordate

Special needs elemen- Grade retention elemen-
tary school grades 1-3  tary school grades 1-3

)] 2

Dependent Variable:

2SLS 0.0014 0.0018
(0.0002) (0.0002)
OLS —-0.0002 0.0008
(0.0001) (0.0001)
R? 0.1983 0.0486
Observations 164,433 164,433
School FE Yes Yes
Birth date FE Yes Yes

Notes: This table reports estimates from equation (5), using school and birth date fixed effects
up to one half-month. The sample includes students first enrolled in kindergarten after the 2014
HarmoS Concordat implementation, less than 11 half-months of their assigned relative SSA
from the assigned cohort average SSA. Column (1) shows effects on assignment to a special
needs track (grades 1-3), and column (2) on grade retention (grades 1-3). Standard errors
clustered at the school-by-year level are displayed in parentheses. I also report OLS estimates
of each outcome on observed relative school starting age with clustered standard errors.

Table A.17: 1V short-term outcomes with reduced sample

Dependent Variable: Special needs Grade retention

grades 1-3 grades 1-3
(D 2
2SLS 0.0020 0.0018
(0.0002) (0.0002)
OLS 0.0002 0.0007
(0.0001) (0.0001)
R? 0.1336 0.0588
Observations 115,140 115,140
School FE Yes Yes
Birth date FE Yes Yes

Notes: This table reports estimates from equation (5), including school and birth date fixed
effects. The sample covers students first enrolled in kindergarten from 2012 to 2014, less than
11 half-months of their assigned relative SSA from the assigned cohort average SSA. Column
(1) shows effects on special needs track placement, and column (2) on grade retention (grades
1-3). Standard errors clustered at the school-by-year level are displayed in parentheses. I also
report OLS estimates of each outcome on observed relative school starting age with clustered
standard errors.
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Table A.18: IV with additive birth date fixed effects

Special needs elemen- Grade retention elemen- Not on time after Advanced track for

Dependent Variable: tary school grades 1-3  tary school grades 1-3  elementary school secondary school
(1) (2) (3) 4
2SLS 0.0015 0.0020 0.0057 -0.0059
(0.0001) (0.0001) (0.0001) (0.0005)
OLS —-0.0001 0.0008 0.0055 —-0.0008
(0.0001) (0.0001) (0.0002) (0.0002)
R? 0.1578 0.0398 0.0875 0.1044
Observations 279,573 279,573 115,140 115,140
School FE Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes
Month & half-month of birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (5), with school and additive birth date
fixed effects (year + half-month). The sample includes students enrolled in kindergarten from
20122018 in columns (1)—(2), and from 2012-2014 in columns (3)—(4), less than 11 half-
months of their assigned relative SSA from the assigned cohort average SSA. Column (1)
reports effects on special needs placement (grades 1-3), column (2) on grade retention (grades
1-3), column (3) on not finishing kindergarten and elementary school on time, and column
(4) on advanced track assignment. Standard errors clustered at the school-by-year level are
displayed in parentheses. I also report OLS estimates of outcomes on observed relative school
starting age with clustered standard errors.

Table A.19: 1V including controls

Dependent Variable: Special needs el Grader ion el Not on time after ~Advanced track for
ependent Variable: tary school grades 1-3  tary school grades 1-3 1 'y school dary school
1) ) (3) (C)]

2SLS 0.0015 0.0018 0.0054 —0.0057
(0.0001) (0.0001) (0.0004) (0.0005)

OLS 0.0001 -0.0004 0.0056 —0.0020
(0.0001) (0.0001) (0.0002) (0.0002)

R? 0.1688 0.0450 0.0973 0.1712

Observations 279,573 279,573 115,140 115,140

Controls:

Gender, Swiss, Language v v v v

School FE Yes Yes Yes Yes

Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (5), controlling for school and birth date
fixed effects, as well as indicators for gender, Swiss citizenship, and native language status.
The sample includes students first enrolled in kindergarten from 2012—-2018 in columns (1) and
(2) and from 2012-2014 in columns (3) and (4), less than 11 half-months of their assigned
relative SSA from the assigned cohort average SSA. Column (1) reports effects on special needs
placement (grades 1-3), column (2) on grade retention (grades 1-3), column (3) on not finishing
kindergarten and elementary school on time, and column (4) on advanced track assignment.
Standard errors clustered at the school-by-year level are displayed in parentheses. I also report
OLS estimates of outcomes on observed relative school starting age with clustered standard
errors.
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Table A.20: IV with average class age

. Special needs elemen- Grade retention elemen- Not on time after Advanced track for
Dependent Variable:

tary school grades 1-3  tary school grades 1-3 1 tary school dary school
) @) 3 “
2SLS 0.0015 0.0018 0.0054 —0.0057
(0.0001) (0.0001) (0.0004) (0.0005)
Average class age 0.0464 0.0658 0.1873 -0.2223
(0.0101) (0.0097) (0.0302) (0.0426)
OLS 0.0001 —0.0004 0.0056 —-0.0020
(0.0001) (0.0001) (0.0002) (0.0002)
R? 0.1688 0.0450 0.0973 0.1712
Observations 279,573 279,573 115,140 115,140
School FE Yes Yes Yes Yes
Birth date FE Yes Yes Yes Yes

Notes: This table reports estimates from equation (5) with school and birth date fixed effects
and controls for gender, Swiss citizenship, and native language. The sample includes students
first enrolled in kindergarten from 2012 to 2018 in columns (1) and (2) and from 2012 to
2014 in columns (3) and (4), less than 11 half-months of their assigned relative SSA from the
assigned cohort average SSA. Column (1) reports effects on special needs placement (grades
1-3), column (2) on grade retention (grades 1-3), column (3) on not finishing kindergarten
and elementary school on time, and column (4) on advanced track assignment. Standard errors
clustered at the school-by-year level are displayed in parentheses. I also report OLS estimates
of outcomes on observed relative school starting age with clustered standard errors.
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Table A.21: IV first stage for other time horizons

Dependent Variable: Observed relative SSA
) 2 3) “)

Panel (A): After implementation period of HarmoS Concordat

Assigned relative SSA 0.7953  0.7961  0.6998  0.6043
(0.0046) (0.0047) (0.0056) (0.0090)

R? 0.3538 03573  0.4408  0.5034
Observations 164,433 164,433 164,433 164,433

Panel (B): Long-term outcomes

Assigned relative SSA 0.7774  0.7787  0.6625  0.6032
(0.0057) (0.0058) (0.0073) (0.0087)

R? 0.3438 0.3521 0.4282 0.5016
Observations 115,140 115,140 115,140 115,140
School FE No Yes Yes Yes
Year of birth FE No No Yes No
Birth date FE No No No Yes

Notes: This table reports estimates from equation (4) for different time horizons. The sample
includes students first enrolled in kindergarten less than 11 half-months of their assigned relative
SSA from the assigned cohort average SSA. Panel (A) uses students enrolled after the 2014
HarmoS Concordat implementation, and panel (B) uses students enrolled from 2012 to 2014.
Column (1) has no fixed effects; column (2) includes school fixed effects; column (3) adds
year of birth fixed effects; and column (4) adds birth date fixed effects up to one half-month.
Standard errors clustered at the school-by-year level are displayed in parentheses.
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C Additional explanations
C.1 Frequency of the running variable

To further examine the number of children just above and below the eligibility threshold, I plot the
frequency of the running variable in panel (A) of Figure A.16 for easier comparison, alongside
the frequency of birth dates by half-months in panel (B). Panel (C) shows the differences in
observation counts between consecutive birth date half-months, arranged by size. Panel (B)
reveals that more children in my sample are born in the second half of July than in the first half
of August. Since the most common school-entry cutoff date is July 31, children born in the
second half of July are assigned a distance of O to the threshold, while those born in the first
half of August are assigned —1 in relevant cantons and years. Panel (C) demonstrates that the
jump in observations from a distance of —1 to 0 which is tested using the methods proposed by
Cattaneo, Jansson, and Ma (2018) and Cattaneo, Jansson, and Ma (2020) is not the largest in the
sample. This evidence together with the fact that their test rejects the null of smoothness around
the threshold only for a narrow 3-month window and considering that the natural experiment
reduces the likelihood of parents planning births around cutoff dates, makes me confident that
there is no manipulation of the running variable around the threshold.
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Figure A.16: Frequency of the running variable and birth dates
(A) Frequency of the running variable (B) Frequency of birth dates
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Notes: This figure presents the distribution of distances to the eligibility threshold in half-
months. Panel (A) shows the frequency of these distances, with the threshold marked by a
dashed red line. Panel (B) displays the frequency of birth date half-months. Panel (C) shows
the differences in observation counts between consecutive half-month distances, sorted by size,
with the threshold difference from —1 to 0 highlighted by a red bar. All panels use yearly data
from the full sample of students first enrolled in kindergarten from 2012 to 2018.
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