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Abstract

We investigate the e¤ects of �nancial aid on student employment and academic outcomes

in high school. We exploit administrative di¤erences in the amount of �nancial aid received

based on timing of birth to identify the causal e¤ects of interest. Speci�cally, individuals

born early in a quarter receive less �nancial aid than comparable individuals born late in the

previous quarter. We �nd that receiving less aid induces individuals to work more during high

school. However, we do not �nd any evidence that receiving less �nancial aid and thereby

working more is associated with any adverse outcomes, such as a lower high school grade

point average.
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1 Introduction

Understanding the e¤ects of �nancial aid on the behavior of students - both in and outside school

- is essential for designing e¤ective �nancial aid policies. At the college level, it is common for

students to receive some form of �nancial aid. The literature on the e¤ects of �nancial aid in college

has focused mainly on college enrollment and college completion, see e.g. Dynarski (2003) and

DesJardins (2002). While college enrollment and performance in college is obviously important,

perhaps even more so is high school completion and performance in high school. Carneiro and

Heckman (2003) �nd that parental income does not limit college enrollment directly, only indirectly

through the impact that parental income has on a child�s stock of human capital at the time the

decision of college enrollment is made. Cunha et al. (2006) and Cunha and Heckman (2006)

further emphasize this point and suggest that the technology of human capital accumulation is

characterized by self-productivity and dynamic complementarity of human capital investments.

As a consequence, high school performance will be an important determinant of college enrollment

and performance. Recently, in the US, a conditional cash transfer program labeled �Opportunity

NYC�was initiated in some of the poor neighborhoods in New York that included a component

that aimed to induce youths to complete a high school education, see Morais de Sa e Silva (2008).

While the idea of giving money to high school students for attending school constitutes something

of a novelty in the US, in the Scandinavian countries it has been common for years to provide

�nancial aid at the upper secondary education level in the form of student grants. The aim of this

paper is to estimate the e¤ects of these grants on high school students�academic and labor market

outcomes.

The identi�cation of causal e¤ects is an important issue in the literature on the e¤ects of

�nancial aid, see Dynarski (2003). Financial aid is often correlated with observed and unobserved

characteristics, such as parental income and ability, and therefore the causal e¤ects of �nancial

aid can be hard to determine. The primary contribution of this paper is to provide valid evidence

on the causal relation between student grants and students�academic and labor market outcomes.

Contrary to earlier studies, we consider the e¤ects of �nancial aid at the high school level. The

novel feature of our analysis is that the rules governing the payout of the student grants have
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created exogenous variation in student grants based on time of birth. Speci�cally, individuals who

are born early in a quarter receive a lower grant in the �rst year of eligibility than comparable

individuals born late in the previous quarter. The mean di¤erence in the grant received by the

control and the treatment groups in the year of the 18th birthday is about $560 which is a sizable

amount, also when it is measured as a percentage of the total grant received during high school.

We use a regression discontinuity design to identify the causal e¤ect of student grants.

The literature on �nancial aid focuses on education at the college level, probably because in

many countries, and in particular in the US, �nancial aid for students at other levels of education

is uncommon. In Denmark, as well as in other Scandinavian countries, all high school students are

entitled to public subsidies in the form of monthly student grants starting from around the time

they turn 18. Since Danish high school students to some extent can be compared with �rst-year

US college students, the �ndings of this paper could potentially be of relevance to this group as

well. Individuals attending high school in Denmark are typically 16-19 years old, but only students

aged 18 and above are eligible for student grants. These ages correspond roughly to the age of

typical US college students in the �rst years of college. Another similarity is that the majority of

Danish high school students live with their parents which is also the case for about 43 percent of

all �rst-year college students in the US.1

Most studies that investigate the e¤ects of �nancial aid in college have focused on the e¤ects

on college enrollment (e.g., Dynarski, 2003, van der Klaauw, 2002, Nielsen et al., 2008), or college

completion (Stinebrickner and Stinebrickner, 2007, DesJardins et al., 2002, Arendt, 2008). A

$1,000 increase in �nancial aid during college has been shown to be associated with an increase in

college enrollment in the range of a couple of percentage points (see, e.g. Dynarski, 2003, Nielsen et

al., 2008). Dynarski (2003) points out that the amount of aid received is typically correlated with

various background characteristics (observed and unobserved) that also a¤ect college attendance.

Thus, to identify the causal e¤ect of aid, exogenous variation in aid is essential. She considers a

shift in a US aid policy that only a¤ects some students. She �nds that the change in aid policy

reduced the probability of attending college, and a $1,000 increase in aid increases the probability

of college attendance by about 3.6 percent. In a Danish setting, Nielsen et al. (2008) investigate

171 percent of all �rst-year college students in the US were aged 19 or below in 1995-1996, King (2002).
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the e¤ects of student grants on college enrollment using variation in student grants stemming from

a big reform in Denmark in 1988. They �nd that a $1,000 increase in aid increases the probability

of college attendance by about 1.4 percent. As they mention, this estimate is lower than those

generally found in the literature, but they attribute this mainly to the presence of other large

subsidies in Denmark. Using a regression discontinuity design, van der Klaauw (2002) estimates

the e¤ect of �nancial aid o¤ers on a student�s decision to enroll in college. The enrollment elasticity

with respect to college grants is 0.86 for those who applied for �nancial aid, and 0.13 for those who

were ineligible for �nancial aid. He also �nds that OLS estimates were biased and very sensitive

to the choice of included covariates.

The e¤ect of �nancial aid on the decision to drop out of college has also been the subject of

investigation. Stinebrickner and Stinebrickner (2007) examine the e¤ect of credit constraints on

the decision to drop out of college. Their sample consists of students from low-income families

at a particular US college, and yet they �nd that the main part of the attrition during college is

motivated by other issues. DesJardins et al. (2002) use duration-type models to look at students�

college drop-out decisions. They focus on how the features of the �nancial aid package may a¤ect

students�decisions and conclude that changing loans to scholarships has a negative e¤ect on the

probability of dropping out. In a Danish context, Arendt (2008) uses the same reform as Nielsen

et al. (2008) and estimates the e¤ect of the reform on time-to-drop-out and time-to-completion

using discrete duration models. He �nds that higher student grants decrease drop-out rates, but

he �nds no e¤ects on completion rates.

Based on the fact that �nancial aid has been shown to have e¤ects on students�behavior in

college, we also expect the �nancial aid that students receive in high school to a¤ect their decision

process. If a student receives less �nancial aid, one obvious way for the student to compensate

for this lower income is to increase his labor supply. Therefore, we would expect to see direct

e¤ects of �nancial aid on the labor market behavior of students. Given that grants a¤ect labor

market behavior, the literature on the e¤ects of high school employment on academic performance

suggests that there might also be e¤ects of grants on academic performance. There is some

disagreement about the size and the direction of the e¤ects of employment during high school on
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academic performance; generally, though, the literature suggests that the e¤ects are small and

negative (see survey in Rothstein, 2007). High school employment may be bene�cial to students

if it provides them with valuable experiences in the labor market and knowledge of the world of

work. Employment could also enhance skills of students which are valued in the education system

such as discipline. On the other hand, high school employment may be detrimental to students if

it has adverse e¤ects on students�performance in school, e.g. by crowding out study time.

In the empirical analysis, we use information on the entire Danish 1979-1986 birth cohorts from

the Danish registers. The data set includes detailed information on educational paths, academic

outcomes, the grant received, parental background, and the exact date of birth of the students.

We de�ne measures of employment based on monthly indicators of labor market participation and

yearly wage measures. We �nd that decreasing the grant by approximately $560 increases the

probability of working by two-three percentage points. It increases wage income by about $125.

In addition, although we �nd no signi�cant e¤ects on high school GPA and other measures of

academic performance such as high school completion and college enrollment, the fact that our

estimates are very precise implies that we can reject that a lowering of the grant is associated with

any adverse e¤ects on these outcomes.

The structure of the paper is as follows. In section 2, the high school student grant system

in Denmark and the speci�c feature of the system that we will use as part of our identi�cation

strategy are described. In section 3, we describe our empirical approach. Section 4 describes the

data used, and in section 5 we present a graphical analysis of the regression discontinuity and our

estimation results. In section 6, we perform a few robustness checks to validate our results. Section

7 concludes.

2 The Grant System for High School Students in Denmark

This section gives a brief introduction to the grant system in Denmark with particular emphasis

on the system and the payout scheme as it was in 1996 to 2004, which is the period that we focus

on in the empirical analysis. High school students receive �nancial aid in the form of a monthly

grant when they turn 18. In Denmark there are two major branches of upper secondary education:
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vocational and high school educations.2 Here, the focus will be on the high school educations,

although the grant system is basically same for the vocational educations. However, it turns

out to be convenient to restrict attention to high school students in order to obtain homogenous

outcome measures.

2.1 The Grant System

In Denmark high school students receive student grants from the State Education Fund from the

quarter after they turn 18. The main purpose of these grants is to ensure that it is the interests and

abilities of young people that determine educational choices and not their economic background.

Expenses to the State Education Fund made up about a third of the expenses in the Danish

Ministry of Education in 2005 (Statistics Denmark, 2008).

One of the major changes in the grant system occurred in 1996 when a basic grant was in-

troduced to all 18-year-old students. Prior to the reform the grant received by 18-year-olds was

means-tested against parental income, and many 18-year-olds received no grant at all. Grants to

19-year-olds were not means-tested prior to the reform, but after the reform 18-year-olds and 19-

year-olds were treated the same way in the student grant system. Everybody now receives a basic

grant and a means-tested supplement. The reform in 1996 meant that the number of recipients

of grants at the upper secondary education level increased substantially. Another major change

occurred in the spring of 2004 when the basic grant was reduced by about 30 %. However, on this

occasion, the means-tested supplement was increased such that individuals with adjusted parental

income below a certain level were una¤ected by the reform.3 We select our sample such that these

reforms do not bias our results.

In order to limit the extent of work during school, a limit is set on a student�s own income,

implying that he will have to pay back the student grant in case his income exceeds this limit. The

limits are the same for high school students and students in higher education. In 2001, the limit

2We use the term �vocational education�to cover the traditional vocational educations such as craftsmen etc.
The term high school education encompasses all of the standard high school educations. Upper secondary education
encompasses both of these terms.

3�Adjusted parental income�is a term used in the Danish grant system, and it depends primarily on parental
income and the number of siblings below the age of 18.
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was approximately 5,226 DKK (about $630) in months where the student received a grant and

13,050 DKK (about $1,570) in months where no grant was received. These limits are so high that

the number of high school students a¤ected is relatively small. The size of the basic monthly grant

was in the order of 1; 252 DKK in 2000 which corresponds to about $155. In addition, individuals

with adjusted parental income below a certain level received a supplement. Individuals who were

living away from their parents received a higher basic rate.4

2.2 The Payout Scheme

The rules governing payout of grants create di¤erential incentives for work and study among high

school students. According to these rules an individual is entitled to student grants from the

quarter following the quarter in which he turns 18. Student grants are paid out monthly. They

are paid out in advance; i.e. the grant for June will be paid out on the last banking day of May.

In practice this implies that an individual born April 1st must wait for about three months before

getting his �rst payout - the grant for July - while an individual who is born March 31st will not

have to wait at all, and will receive grants for April, May, and June. Given that some individuals

are faced with a �dry�period of up to three months after their 18th birthday, depending on the date

of birth, before beginning to receive the monthly grant, these individuals have a greater incentive

to look for alternative �nancing of their consumption then individuals who do not have to wait for

their �rst monthly grant. For high school students, the two primary sources of �nancing besides

the student grants are likely to be parental transfers and labor market work. If individuals are

more likely to hold on to a job once they are employed and have incurred search costs etc., this will

have permanent e¤ects on high school employment, but we would expect the di¤erence between the

treatment and control group to become smaller over time. The di¤erential incentives are expected

to be mitigated by the fact that many students to some extent receive indirect �nancial support

from their parents during this period, e.g. in the form of free housing and food. The monetary

loss incurred from being born early in the quarter is about $465 (3 � $155) for a student receiving
4To receive the higher basic rate, an individual would have to meet certain requirements, and therefore not all

individuals who did not live with their parents received the higher basic rate.

7



the basic rate. It is higher for students receiving the means-tested supplement.5

3 Empirical Approach

Our interest is in the following reduced form model for individual i:

yi = �+ �G �Gi + ui (1)

where �G is the parameter of interest and measures the e¤ect of the student grant, G, on a given

outcome, y. The primary outcomes that we consider are measures of labor market participation

during high school and high school grade point average. ui is an error term. The estimated

coe¢ cient on grants can only be given a causal interpretation if the estimation procedure takes

into account that the amount of �nancial aid received is often correlated with various observed and

unobserved background characteristics. Plausibly, some of these characteristics will also matter for

the outcome, and the causal e¤ect of G on y cannot be straightforwardly identi�ed. It is unlikely

that we would be able to control for the bias even with a large set of covariates. To solve this

problem, we take advantage of a particular source of exogenous variation in G to identify the causal

e¤ect. Speci�cally, individuals born early in a quarter (the treatment group) receive less �nancial

aid than individuals born late in a quarter (the control group).

There are several methods that can be used to identify the e¤ects of interest in our case,

but because the probability of receiving treatment is discontinuous in date of birth, a regression

discontinuity approach is particularly well-suited for our estimation problem.

3.1 The Regression Discontinuity Design

The idea behind identi�cation using a regression discontinuity (RD) design is similar to the idea

of a controlled experiment where we can choose one group to receive the treatment (the treatment

group) and refrain from giving the treatment to another similar group (the control group). In

5A similar payout scheme is used for the child bene�ts given to parents by the Danish state. Therefore, we need
to assume that the e¤ects we measure are in fact caused by the grant payout scheme and not by other administrative
features in the Danish bene�t system. We address this issue in the robustness section.
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this case, the e¤ect of treatment can easily be identi�ed as the di¤erence between the outcomes

of the treatment group and the control group. Essentially, the estimation problem is that we only

observe yi = Tiy1i + (1 � Ti)y0i for individual i, but not the potential outcomes y1i and y0i, the

outcome in the case with treatment and no treatment, respectively. Ti is the treatment variable

for individual i. When an RD design is implemented correctly, it allows the researcher to estimate

parameters from observational data that would usually require access to experimental data.6

In our setting, Ti is an indicator for whether or not individual i is born early in a quarter.

Let xi be the assignment variable which is a count variable that counts the number of days from

the �rst day of a quarter (x0) to the date of birth.7 In principal, we have repeated regression

discontinuities which are joined together under the assumption that the treatment e¤ect is the

same at each discontinuity. In a sharp RD design, the treatment variable is a deterministic function

of the assignment variable. Since individuals in our case are allocated to treatment and control

groups based on their date of birth and since there is no uncertainty with respect to who receives

treatment, we use a sharp RD design with the following treatment assignment function:

Ti = f(xi) = 1[xi � x0] (2)

where the discontinuity point is labeled x0. The fundamental assumption in an RD design is that

the limits T+ = lim
x!x+0

E[Ti j xi = x] and T� = lim
x!x�0

E[Ti j xi = x] exist, and are not equal, x+ 6= x�,

see Hahn, Todd, and van der Klaauw (2001).

3.2 Parametric Estimation

By de�nition, the assignment variable, xi, has no common support in the control and treatment

groups. A parametric RD speci�cation is one way to deal with this problem. Consider the following

parametric regression model:

6Imbens and Lemieux (2008) give an excellent overview of the workings of the RD design.
7The discontinuity point is assumed to be x0 = 0, and xi will be less than zero for observations in the end of

a quarter and greater than or equal to zero for observations in the beginning of a quarter. Speci�cally, and to be
discussed in more detail later, x0 will correspond to April 1st, July 1st, and October 1st.
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yi = �+ � � Ti + � � xi + 
 � Zi + "i (3)

where yi; xi; and Ti are de�ned above. � captures the causal e¤ect of the student grant, the

vertical discontinuity at x0. Zi is a vector of background characteristics, such as gender, high school

characteristics, parental characteristics etc. We expect the coe¢ cient on xi, �, to be roughly zero as

date of birth is not expected to have substantial e¤ects on the outcome in the relatively short time

spans we will consider. If necessary, the e¤ect of the assignment variable on the outcome variable

can be modeled in a less restrictive way using splines and/or polynomials (see, e.g., Lemieux and

Milligan, 2008). The key identi�cation assumption is that no matter how the function is modeled,

it should be a smooth continuous function of the assignment variable. Control variables, Zi, can be

included in the speci�cation to control for random variation that might otherwise bias results. If

the RD design is correct and the sample is of a su¢ cient size, we would not expect the inclusion of

covariates to matter since they should be the same for the control and treatment groups. Generally,

the above model should identify the treatment e¤ect at x0 with or without covariates, as long as

the window around the discontinuity point is not too wide. However, to extrapolate to xi far away

from the discontinuity point, it might be necessary to include covariates. The main concern with

parametric estimation is its sensitivity to speci�cation errors in modeling the relationship between

yi and xi. The next subsection addresses this issue by discussing nonparametric estimation in an

RD context.

3.3 Nonparametric Estimation

Hahn, Todd, and van der Klaauw (2001) show conditions under which the treatment e¤ect � is non-

parametrically identi�ed. When the treatment e¤ect � is assumed to be constant across individuals,

the only assumption needed for nonparametric identi�cation is a smoothness assumption:

(A1) E[y0ijxi = x] is continuous in x at x0

Thus, the outcome (in the no treatment case) is assumed to be a smooth function of the assignment

variable around the discontinuity point. In other words, in the absence of treatment, individuals

close to the discontinuity point (on either side) are similar. If this were not the case, a di¤erence in
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the outcome between the two sides of the continuity point could not credibly be attributed solely

to the change in treatment status. Under the smoothness assumption, � is identi�ed by

� = lim
x!x+0

E[yi j xi = x]� lim
x!x�0

E[yi j xi = x] = y+ � y� (4)

Thus, in the case where x has no e¤ect on y, RD reduces to a comparison of means for the treatment

and control groups. In our setting, Assumption (A1) implies that in the absence of treatment there

is no jump in the outcome variable for those born late in a quarter compared to those born early

in a quarter. We believe this to be a valid assumption.

In the case of heterogeneous treatment e¤ects, two additional assumptions are needed for

nonparametric identi�cation of �. First, a conditional independence assumption:

(A2) Ti is independent of �i, conditional on xi near x0

and secondly, a functional form restriction:

(A3) E[y1i � y0ijxi = x]; considered a function of x, is continuous at x0

The conditional independence assumption rules out that individuals somehow select themselves into

treatment based on the gains or losses that they expect from being treated. With heterogeneous

treatment e¤ects, we can identify E[�ijxi = x0] by

E[�ijxi = x0] = lim
x!x+0

E[yi j xi = x]� lim
x!x�0

E[yi j xi = x] = y+ � y� (5)

Given that we can consistently estimate y+ and y�, we can consistently estimate � or E[�ijxi = x0]

depending on our assumptions. Both assumption (A2) and (A3) are plausible in our setting since

self-selection with respect to being born early in a quarter versus being born late in a quarter is

highly unlikely. We will, however, address this point in the robustness section. In addition, the

expected gain from treatment is likely to be similar on either side of the discontinuity point.

Hahn, Todd and van der Klaauw (2001) consider two nonparametric estimators: A one-sided

kernel regression estimator and a local linear regression (LLR) estimator. The one-sided kernel

regression estimator is asymptotically biased, and the bias converges to zero at a slower rate at

the boundary points. This poses a particular problem for estimation in an RD setting where the
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estimation is done at the boundary points. LLR has better boundary properties and a smaller bias

than the kernel-based estimator. The choice of kernel and bandwidth is important in LLR. We use

the triangle kernel as it has nice properties for LLR in an RD setting as it is boundary optimal,

see Cheng et al. (1997).

K(x) = (1� jxj)1[jxj � 1]

As an assistance for choosing a sensible bandwidth, one can apply the method of cross-validation

described in Imbens and Lemieux (2008) and applied in Ludwig and Miller (2005). As the approach

is not without its faults, the �nal choice of bandwidth will often depend on both the results from

the cross-validation exercise and visual inspection. We will discuss the choice of bandwidth in

more detail in section 6.5.

3.4 The Treatment E¤ect

The estimated causal e¤ect will be an average treatment e¤ect (ATE) at the discontinuity point,

x = x0. If the common e¤ect assumption holds, we can further extrapolate to values of x further

away from x0. Generally, the RD design has excellent internal validity. However, there are a

couple of potential problems in our application. First, it might be that high school enrollment is

in�uenced by the di¤erences in the size of the total grant received. Second, in theory, manipulation

of the day of birth is possible, e.g. for Caesarean born children. Third, other public transfers might

be based on similar rules, e.g. using date of birth on each side of a quarter to determine payout of

bene�ts. These issues will be addressed in the robustness section, and we �nd no support for any

of these hypotheses.

We therefore conclude that the RD design has excellent internal validity. In our application,

we believe that the RD design has external validity as well since there is no obvious reason why

the treatment e¤ect would be di¤erent for individuals with a value of x di¤erent from x0.
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4 The Data

In the empirical analysis, we use administrative data collected by Statistics Denmark with infor-

mation on the entire 1979-1986 birth cohorts in Denmark. The administrative data are collected

from many di¤erent data sources, and we have a very extensive data set at hand for our analyses.

First, we have detailed information on the characteristics of the 1979-1986 cohorts, including their

exact date of birth, the amount of grant received, high school grade point average (GPA), and

extensive information on their parents and their education and income. Secondly, detailed event

history data on education provides us with information about the exact time of enrollment and

completion of high school, and the type of high school education. Finally, we have information on

monthly labor market participation (LMP), which tells us exactly in which months the individuals

in our sample have been working. In addition, we observe wage income on a yearly basis. However,

this wage measure is not ideal for our analysis since it measures income in the calendar year and

not the school year. Suppose that we used wage income in the year of high school graduation, this

measure would also include income earned after graduation. Since many high school graduates in

Denmark work full-time in the year following graduation, the income earned during this period

will dominate and make the measure less precise. The labor market related outcomes that we will

consider in the analysis are therefore primarily based on information on monthly LMP. The data

is based on monthly reports from �rms to the tax authorities about the individuals who received

income from the �rms. The data is not particularly detailed, but it is extremely precise, and we

therefore have very reliable information about whether a high school student worked in a given

month or not. The measures of LMP are described in more detail in section 4.3. Our primary

measure of academic performance is the high school grade point average (GPA). In addition, we

also consider the following outcomes: the choice of high level math, the high school drop out

probability, and the probability of enrolling in higher education within two years of high school

graduation.
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4.1 Sample Selection

In order to avoid that our estimation period coincides with reforms of the student grant system,

we focus on the 399,121 individuals born between December 2nd 1979 and January 30th 1986.

The maximum window at either side of the discontinuity point that we will consider is 30 days.

Table 1 gives an overview of the sample selection process. We focus on individuals who attended a

three-year high school and who turned 18 during the �rst or second year of high school. The three-

year high school educations are the most common in Denmark, and focusing only on these types

provides us with a more homogenous sample. Our identi�cation strategy requires that individuals

turn 18 during high school, and to be able to de�ne post-treatment outcomes for all individuals

in our sample, we disregard those individuals who turn 18 during the third year of high school. In

addition, we disregard individuals who drop out of high school prior to or in the quarter in which

they turn 18.8 As mentioned, the maximum number of days at either side of the continuity point

that we will consider is 30. Thus, we drop individuals from the sample that are not born in the

last 30 days or the �rst 30 days of a quarter.

The fundamental assumption in a regression discontinuity design is that observations just to

the left and just to the right of the discontinuity point are inherently similar. However, in our

preliminary data analysis we realized that this was indeed not the case for the individuals in our

sample who were born in December and January. For example, those born in January are much

more likely to turn 18 during their �rst year of high school than those born in December. We

contribute this occurrence to the norms and rules regarding the age at school entry. During this

period, enrollment in primary school more or less followed the year of birth. Thus, individuals

who are born in December of one year will enroll a year before those born in January the following

year. To avoid a potential school entry bias in our regression discontinuity estimate, we simply

drop individuals who are born in December or January from the analyses. This leaves us with

66,400 observations. For the analysis of the e¤ects of �nancial aid on high school GPA, the number

of observations is slightly lower (60,738) as high school GPA is only observed for about 90 percent

of the sample. For some individuals GPA is missing because they never complete the high school

8In order to obtain symmetry, we also disregard individuals from the control group who drop out during the
quarter following the quarter in which they turn 18.
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education. But for the majority of the missing observations, we do not know exactly why the

GPA is missing. We address this issue in section 6 where we establish that a missing GPA is not

systematically related to time of birth.

4.2 Descriptive Statistics

We will refer to individuals born within the �rst 30 days of a quarter, i.e. the �rst 30 days of April,

July, and October, as the treatment group (Ti = 1). Correspondingly, individuals born within the

last 30 days of a quarter, i.e. the last 30 days of March, June, and September, will be referred

to as the control group (Ti = 0). Table 2 shows the means of outcome variables and control

variables in the entire sample, and for the control and treatment groups separately.9 On average,

the treatment group receives about 4,500 DKK (about $560) less in �nancial aid than the control

group in the year they turn 18. The treatment and control group means also vary across labor

market outcomes, but not for high school GPA.10 Labor market participation is higher on average

for the treatment group than for the control group. Comparing the means of the individual and

parental characteristics, we �nd that the treatment and control groups are very similar.

4.3 Labor Market Participation

We will motivate our measures of labor market participation using �gure 1. The graph shows mean

monthly labor market participation for the control and treatment groups from one year before the

time of the 18th birthday to one year after. The vertical line marks the month when the individuals

in the control group turn 18. Individuals in the treatment group will turn 18 one month later,

e.g. for the March-April groups, the vertical line marks the month of March. The construction of

the measures of labor market participation requires that one pays speci�c attention to a couple

of things that are evident in this graph. First, based on this descriptive graph, there does not

9In addition to the control variables summarized in table 2, we also include indicator variables for year of birth,
year of high school enrollment, region of high school, and age of parents at birth. There are no statistically signi�cant
di¤erences in the means of the treatment and control groups based on any of these variables.
10The high school grade point average is mainly computed based on grades given in courses taken in the �nal year

of high school. Both the grades for the year�s work and the grades obtained at exams are included. The grading
scale used in Denmark during this time period is a grading scale with the following grades: �00�, �03�, �5�, �6�, �7�,
�8�, �9�, �10�, �11�, and �13�. Grades above 6 are passing grades.
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appear to be long-term e¤ects of a reduced grant, and we should therefore focus our attention

on labor market measures around the months following the 18th birthday. Secondly, there is a

large downward change in labor market participation around the 18th birthday caused by the

institutional settings in Denmark that provide a favorable setting for the hiring of workers below

the age of 18 and, of course, the fact that individuals become eligible for student grants when they

turn 18. Speci�cally, the minimum wage an employer has to pay increases substantially when a

worker turns 18. Since we only observe monthly labor market participation, we need to be careful

that the constructed measures of labor market participation are not capturing these e¤ects.

The graph shows a pattern of initial similarity in the labor market participation in the treatment

and control groups. Brie�y prior to the month of the 18th birthday, the paths of the treatment and

control groups diverge and stay di¤erent for a while after which they converge again. Clearly, there

is no reason to expect continued divergence in the treatment and control group work measures after

the month of the 18th birthday. In fact, ignoring the payout scheme, we would even expect the

control group to have higher labor market participation in the months following the 18th birthday

since they have had more time to search for a new job. Thus, our estimate will be a conservative

estimate of the true treatment e¤ect.

We will consider a couple of measures of labor market participation during high school which

are all based on the monthly labor market participation data. Let labor market participation

during the third year of high school be an indicator variable with the value 1 if an individual is

observed to be working in one or more months during the third year of high school. The school

year is assumed to run from August to June. Similarly, let labor market participation during the 12

months after the 18th birthday be an indicator variable with the value 1 if an individual is observed

to be working in one or more months during the 12 months after the 18th birthday. In relation

to the discussion above, we actually use the 12 months from the month following the month of

the 18th birthday of the treatment group. In addition, corresponding to the above two measures,

we de�ne the number of months worked during the third year of high school and the number of

months worked during the 12 months after the 18th birthday. To some extent, this allows us to

look at both the extensive and the intensive margin.
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5 Empirical Results

We will start by presenting a graphical analysis of the discontinuity. Subsequently, we employ the

two empirical approaches described in section 3 to estimate the e¤ect of student grants on two

types of outcomes: employment as measured by labor market participation and the number of

months worked in a given period and academic performance as measured by high school GPA. In

addition, we consider some additional outcomes for completeness.

5.1 Graphical Analysis

The graphs shown in �gures 2-3 all share some common features. The assignment variable is

grouped into two-day bins and takes values from 1 to 30, corresponding to 30 days before the

beginning of a quarter and 30 days after. The plots show the average outcome of each bin.

In addition, the plots are overlaid with �tted values and 95 percent con�dence intervals from a

linear regression that is allowed to vary with treatment status. The vertical line is placed at the

discontinuity point, which in actual dates corresponds to April 1st, July 1st, or October 1st.

To illustrate the discontinuity in student grants caused by the payout scheme, we plot the

amount of grant received in the �rst year in which the student is eligible for student grants against

the assignment variable in �gure 2. The graph shows a clear discontinuity in the yearly grant

received of about 4,500 DKK ($560). This amount is higher than three times the basic grant

since many individuals receive a higher grant because they receive the means-tested supplement

or because they do not live with their parents.

We now turn to the same type of plots for the outcome variables and investigate whether the

basic plots suggest an e¤ect of student grants on the measures of work or high school GPA. These

plots are shown in �gure 3. Based on these plots, we expect to �nd no signi�cant e¤ect on high

school GPA, but a positive e¤ect on labor market participation and number of months worked,

although stronger for the measure of work during the 12 months after the 18th birthday than the

measure for work during the third year of high school. This is also what we would expect given

the picture in �gure 1.

Often researchers are also interested in a plot that shows the density of the assignment variable
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to determine whether there is a discontinuity in the density of the assignment variable, see Imbens

and Lemieux, 2008. In our case, the assignment variable is date of birth which is not typically

considered a covariate that individuals try to manipulate. Particularly because we are looking at a

relatively narrow window and determining simply whether individuals were born in the beginning

of or in the end of a quarter, manipulation seems unlikely, although, theoretically, women can

choose to have Caesarean births and time them, e.g. in order to receive child bene�ts at an earlier

date.11 Buckles and Hungerman (2008) �nd that season of birth a¤ects later outcomes such as

health and labor market status. Controlling for family background characteristics they can explain

up to half of the variation in later outcomes. In our setting, we would not expect this to be an

issue since we compare children month-by-month and not e.g. quarter by quarter. If there was

selection issues with respect to time of birth in our application, we would expect to �nd di¤erences

between the treatment and control groups in pre-high school variables, such as di¤erences in the

choice of high school tracks, parental income, parental education etc. Table 2 suggests that there

are almost no signi�cant di¤erences between the two groups based on these measures. In addition,

a plot of the number of births by date of birth does not suggest any systematic decrease in the

number of births around the beginning of a quarter.

5.2 Regression Discontinuity Estimation

The estimation results are presented by outcome.

5.2.1 The E¤ects of Grants on Work Outcomes

Aggregate Measures of Labor Market Participation Table 3 presents the main results

from the RD estimation of the e¤ect of grants on labor market participation measures in the third

year of high school. The �rst column shows the results using a 30-day window on either side

of the discontinuity point. Both estimates from a standard linear regression and nonparametric

estimates obtained by local linear regression are reported. Both types of estimates are signi�cant

11Recall that the child bene�ts in Denmark follow the same basic payout scheme as the student grants such that
families with children born late in a quarter will receive child bene�ts earlier than families with children born early
in the following quarter.
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at the 5 percent level although relatively small in size. For the linear speci�cation, the estimated

treatment e¤ect on labor market participation in the third year and number of months worked is

0:015 and 0:170, respectively. The nonparametric estimates are slightly larger, but in the same

order of magnitude.

Since individuals who receive more than the minimum grant incur a greater loss in student

grants from being born early in a quarter, we would expect any e¤ects to be larger for this group.

Column 2) shows the results from a regression including only those who received more than the

minimum grant. As expected, the estimated treatment e¤ects are now larger (with the exception

of one), but they are still of a relatively small magnitude, and for the linear speci�cation, they are

not statistically signi�cant at the 5 percent level. The fact that the e¤ects are no longer signi�cant

could be due to the sample size being considerably smaller for this subsample, and furthermore that

the individuals who receive more than the basic grant are typically also disadvantaged compared

to students who only receive the basic grant. Thus, it may be harder for them to adjust their labor

market behavior given a poor network or family conditions. However, based on the nonparametric

estimates, the e¤ects for this group are a little bit larger and still signi�cant.

Including control variables does not result in any major changes, except for an (expected)

increase in r-squared. By de�nition the RD design is meant to compare individuals who are the

same, and control variables should not be necessary in a clean design setup. We conclude that

even for the 30-day window, any problems with bias are negligible.

Considering (in column 4) a 15-day window makes it more likely that individuals are exactly

the same, thereby reducing the need for control variables. Also, the treatment e¤ect is expected to

be bigger as we compare individuals closer and closer to the discontinuity point. This is because

individuals who are born 30 days before the beginning of a quarter have to wait one month for

their student grant payout, while individuals born 30 days after the beginning of a quarter have

to wait for two months. As we move closer to the discontinuity point, the di¤erence in waiting

times, and therefore the expected di¤erence in the outcome, increases. In fact, we �nd slightly

larger estimates of the treatment e¤ect for this speci�cation. The estimated e¤ects are very similar

to the nonparametric estimates on the entire sample using a bandwidth of 15, which implies that
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the kernel weighting function used does not really have a big impact on the results compared to a

uniform weighting function.

Overall, the estimates suggest an increase in labor market participation during the third year

of high school in the order of 1.5 to 2.8 percentage points, which is relatively small. However, one

should keep in mind that average labor market participation is around 80 percent in this sample.

For the number of months worked, the estimated treatment e¤ect is about 0.2 months, which is

also relatively small.

In table 4, the estimated treatment e¤ects are shown for the outcome measures based on labor

market participation in the 12 months after the 18th birthday. The estimates paint a similar

picture as the results described above. Labor market participation increases by about two to

three percentage points, and number of months worked increase with about 0.2-0.3 months. The

estimated e¤ects are generally larger than for the measures based on labor market participation

in the third year of high school, but this is in accordance with our expectations based on �gure 1,

which clearly suggested larger e¤ects for the months immediately following the 18th birthday. If

one is willing to make a linear extrapolation based on these results, the implication is that receiving

a $1000 lower grant changes the probability of working in a given year by 2.7-5.5 percentage points.

The income elasticity of labor market participation is about -0.2 to -0.3, where income is the study

grant and wage income. At the intensive margin, i.e. number of months worked, the elasticity is

about -0.15 to -0.25.

Whether or not our estimates are reasonable based on existing studies is di¢ cult to say since

the literature provides few benchmarks. Eissa and Hoynes (2004) reports income elasticities of

labor market participation of -0.039 for women and -0.007 for men. Triest (1992) concludes that

married women�s labor market participation is likely to be more responsive to taxes than their hours

worked as his estimated labor supply elasticities are higher when using all women as opposed to

only working women.

Monthly Measures of Labor Market Participation In �gure 4, we have depicted the treat-

ment e¤ect on labor market participation in each month. The setup of this �gure corresponds to

that of �gure 1. The treatment e¤ects and the 95 percent con�dence intervals are obtained by
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a linear regression using the 30-day window. From the graph, we see that (ignoring the month

labeled �1�) the treatment e¤ects on monthly labor market participation after the 18th birthday

are about 0.3-0.4 in the �rst couple of months and slowly decline and are equal to zero at approxi-

mately 9-10 months after the 18th birthday. Thus, the graph suggests that the e¤ects of the lower

grant caused by the payout scheme are of a transitory nature.

Wage Income Obviously, the advantage of the monthly measures of labor market participation

is that we can fully control the time period in which our outcome is measured. The limitation

is that it is not that informative with respect to whether those who are already working also

work more hours. We can measure an e¤ect on the extensive margin (work or not work), but we

cannot say much about the intensive margin (number of hours worked). In table 5, results from

estimations using wage income in the year of the 18th birthday are shown. The estimations in

panel A include all observations with observed wages, while the estimations in panel B include only

observations with observed strictly positive wages. Especially for the individuals born in September

and October, wage income in the year of the 18th birthday is likely to be an underestimate of the

true e¤ect since wages are only measured on a yearly basis. We prefer using wage income in the

year of the 18th birthday to using later wage income measures. Many students will complete high

school and e.g. work full time, which will bring a lot of noise into the estimates. We �nd positive

and mostly signi�cant treatment e¤ects in all speci�cations. In panel A, we �nd higher estimated

e¤ects for columns 2) and 4) as expected. However, these results suggest an increase in wage

income in the order of 1,000 DKK ($125), which is less than 25 percent of the average di¤erence

in grants received by the control and treatment groups. Thus, it appears that although students

try to compensate for the lower grant received, they are not even close to compensating for the

full amount. Since the estimate measures mean income, this e¤ect could be due to the fact that

more students work.

To estimate an e¤ect on the intensive margin, we need to make an additional assumption.

Speci�cally, the treated individuals that are induced to work, get jobs that are similar to the jobs

held by those who already work in terms of the wage and the number of hours worked. Almost all

student jobs pay about the same hourly wage, but they may require a di¤erent number of hours

21



worked per week. However, most jobs are probably in range of 5-15 hours a week. Given the above

assumption, we can estimate the e¤ect on the intensive margin. The estimated wage income e¤ect

is about 600 DKK in speci�cation 1). Even if one has doubts regarding the identifying assumption,

this e¤ect is too large to be explained entirely by di¤erences in the type of jobs held. Thus, we

have established that the student grant a¤ects the extensive as well as the intensive margin of

work.

5.2.2 The E¤ects of Grants on Academic Outcomes

High School GPA In table 6, the main results from the RD estimation of the e¤ect of grants on

high school GPA are reported. For the linear speci�cation using the 30-day window, the estimated

treatment e¤ect is small (0:023) and insigni�cant even at the 10 percent level. The size of the e¤ect

corresponds to about 1=50 of a standard deviation of high school GPA. Column 2) shows the results

from a regression including only those who received more than the minimum grant. As expected,

the estimated treatment e¤ect is now larger, but still of a very small magnitude and only borderline

signi�cant. Including control variables only results in a slightly smaller estimated treatment e¤ect

and a considerable increase in r-squared. Considering (in column 4) a 15-day window, the estimated

treatment e¤ect is still small and insigni�cant. The nonparametric estimates are even smaller and

still insigni�cant.

In summary, the e¤ect of grants on GPA, if any, is of a relatively small size. For the linear

speci�cation with the 30-day window, the 95 percent con�dence interval ranges from about -0.006

to 0.052. Thus, although insigni�cant, our estimate is very precise, and we can reject that there

are any adverse e¤ects of the lower grant on GPA. If anything, it seems that there are small

positive e¤ects on GPA. There could be numerous explanations for this. It might be the case that

working more gives the student skills such as discipline, work ethics etc. Students who work on

weekends do not have as much time to party and therefore they spend Friday or Saturday evening

at home studying. Students who work low-skilled and low-paid jobs at McDonald�s might realize

that getting a higher education is important for them and they might therefore be motivated to

study harder.
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Other Academic Outcomes To check whether the lower grant a¤ects other academic out-

comes, table 7 shows similar results for a number of di¤erent academic outcomes. First, the choice

of high level math in high school is investigated.12 Supposedly, high level math is a relatively time-

intensive course and a determinant of future academic performance, Joensen and Nielsen (2009).

Again we �nd essentially a zero treatment e¤ect, but if anything, the treatment e¤ect is actually

positive. Second, the lower grant could also a¤ect the decision to drop out of high school, but again

we �nd a zero treatment e¤ect, or at least not a positive e¤ect on the probability of dropping out.

Third, we consider the e¤ect of the lower grant on enrollment in higher education. Due to data

limitations, we focus on the 1980-1983 birth cohorts and consider only enrollment within two years

of high school completion. For all four academic outcomes (including GPA), we �nd a treatment

e¤ect that is essentially zero. If anything, the treatment e¤ect actually tends to be positive in the

sense that academic outcomes are improved rather than deteriorated.

6 Robustness of Results

In this section, we consider various robustness checks of our main results.

6.1 Are GPAs Systematically Missing?

One might speculate that missing GPA is in some way related to date of birth, thereby invalidating

the identi�cation strategy. In order to con�rm that GPA is not systematically missing with respect

to the treatment indicator, we estimate a probit model where the dependent variable is an indicator

for missing GPA and the independent variables are the entire range of individual and parental

characteristics and the treatment indicator. Both estimations with and without those individuals

who drop out of high school yield no signi�cant e¤ects of the treatment indicator on the probability

of having a missing GPA. The estimated coe¢ cient of the treatment indicator is positive. This is

true whether or not background characteristics are included. However, the associated p-value is

never below 0.36. We conclude that there is no reason to be worried about the fact that GPA is
12The sample for the choice of high level math is reduced as this is only relevant for the traditional language and

math and science tracks.
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missing for about 10 percent of our sample with respect to our results.

6.2 Does Time of Birth A¤ect High School enrollment?

If individuals are able to anticipate the size of the grant that they will receive in high school and

take this information into account when they make their high school enrollment decision, then

our identi�cation strategy would be weakened. If this were an issue in our analysis, we would

expect to observe di¤erences in high school enrollment by time of birth. To ensure that this is not

an issue in our setup, we perform the same analysis as in section 5.2, but we now consider high

school enrollment as the outcome. The estimated treatment e¤ect is �0:005 for both the 30-day

window and the 15-day window using a linear speci�cation. Given the very small standard errors,

0:004 and 0:006, respectively, we can essentially rule out that there are any e¤ects on high school

enrollment.13 This reassures us that our identi�cation strategy is in fact valid.

6.3 Alternative Rules that Discriminate by Time of Birth?

If other kinds of bene�ts are governed by the same set of payout rules (which is the case for child

bene�ts), one might be worried that the estimated treatment e¤ects are confounded by this. As

shown in the data section, there are almost no statistically signi�cant di¤erences between the

treatment and control groups in terms for pre-grant variables. If the di¤erences in e.g. child

bene�ts were driving our results, we would expect to �nd di¤erence between the control and

treatment groups in pre-grant variables and also high school enrollment rates; i.e. children whose

parents receive higher child bene�ts are going to be more likely to enroll in high school educations.

Thus, it seems reasonable to assume that we are in fact measuring the e¤ects of the grant payout

scheme.
13For high school enrollment, we consider a sample similar to our main sample, but obviously we no longer

condition on high school enrolment. High school enrolment is de�ned as enrolment in a 3-year high school education.
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6.4 Heterogeneous Treatment E¤ects

In this subsection, we investigate whether there are di¤erential treatment e¤ects by parents�edu-

cation level, income, gender of the high school student, whether or not the student attended 10th

grade, and work behavior prior to the 18th birthday.14 The presence of heterogenous treatment

e¤ects may explain why we �nd signi�cant e¤ects of grants on labor market behavior but not on

academic outcomes. It might be the case that only students with a favorable socioeconomic back-

ground are changing labor market status. Since this group has better support from their families,

they might be able to work more and keep their GPA una¤ected. We measure socioeconomic back-

ground by parental income and education. Another possibility is that only high-ability students

change labor market behavior. This group of students are doing well in school, and they may not

be a¤ected much by working more in terms of lower academic performance. We do not have access

to GPA from lower secondary school, but we proxy this by whether or not the student attended

10th grade. It could also be the case that only students who already have jobs are changing be-

havior. This is measured by the number of months worked in a six month period one year prior

to the 18th birthday. Table 8 reports the results.

With respect to the socioeconomic indicators, parental education and income, there is not

much evidence of heterogenous treatment e¤ects. An exception is the individuals with high-income

fathers. Their treatment e¤ect is signi�cantly lower than those with low-income fathers. In fact,

the treatment e¤ect is essentially zero for this group. This suggests that parents subsidize their

children�s consumption to some extent. However, if this is indeed the case, we would also expect to

�nd this pattern for those with high-income mothers. With respect to the treatment e¤ect on high

school GPA, there is no evidence of heterogenous treatment e¤ects, even at the 10 percent level.

In general, the results do not support the hypothesis that the e¤ect is only present for students

with favorable socioeconomic characteristics.

There is no evidence of di¤erential treatment e¤ects across gender. Looking at the estimates for

those who attended 10th grade and those who did not, we do not �nd much support for the story

that only high-ability students are a¤ected. Although the estimated e¤ect on number of months

1410th grade is an optional grade at the lower secondary level. To some extent, it is an indicator of individual
ability since high ability individuals tend to enroll directly in high school after 9th grade.
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worked is smaller for students who attended 10th grade, it is not statistically di¤erent from the

estimate for students who did not attend 10th grade. Also, there is no evidence of di¤erential

treatment e¤ects on GPA. Finally, the students�labor market behavior prior to the 18th birthday

does not seem to matter. To sum up, we �nd little evidence of strong heterogenous treatment

e¤ects. The estimated e¤ects appear to be present for all subgroups of students that we consider.

6.5 Choice of Bandwidth

The choice of bandwidth is potentially extremely important for the nonparametric estimation

results, and one should always perform some sensitivity analysis on the choice of bandwidth.

Figure 5 illustrates the sensitivity of our main results to the choice of bandwidth for bandwidths

in the range of 3 to 30 days. At the low bandwidths, the estimated treatment e¤ects are imprecise,

but for the labor market measures the estimated treatment e¤ects are signi�cant at bandwidths

of about 7-10 days and above. After that, the estimated treatment e¤ect is relatively constant.

For GPA, the estimated treatment e¤ects are essentially zero at all choices of bandwidth. We

would expect the estimates to be more imprecise at the low bandwidths, so we consider these

results a good indicator that our choice of bandwidth is reasonable. In our main results, we used

a bandwidth of 15. This bandwidth gives us enough observations to be able to get informative

estimates while we are still only using observations relatively close to the discontinuity point.15

7 Conclusions

We employed exogenous variation in the size of student grants given to students in high school

to identify the causal e¤ects of grants on academic and labor market outcomes. The exogenous

variation arises due to administrative rules governing the payout of grants when students turn 18.

Students born late in a quarter receive a higher grant than students born early in the subsequent

quarter. The exogenous variation is on average $560 (year 2000 US $), which is a relatively

large amount for students in high school. The �ndings from both parametric and nonparametric

15We have also experimented with the cross-validation procedure described in Imbens and Lemieux (2008). But,
similarly to Ludwig and Miller (2005), we �nd that the estimated loss function is extremely �at and therefore the
procedure does not seem particularly well-suited for optimal bandwidth selection in our application.
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estimates suggest that there is a positive and signi�cant e¤ect on both labor market participation

and wage income. About two percent of all students change labor market participation status.

This constitutes approximately 10 % of those not working in the 12 months following their 18th

birthday. Various labor market participation measures yield the same basic result. There also

seems to be an e¤ect on the intensive margin of labor. Students who receive a lower grant have a

higher wage income, and since the hourly wage for high school students is not expected to di¤er a

lot across jobs, this suggests that they indeed work more hours.

We also estimated the e¤ects of lowering the student grant on various academic outcomes.

There is no adverse e¤ect on GPA, and since the standard errors of the estimates are very small,

we can reject that the GPA decreases by more than 0.04 grade points at a 5 percent signi�cance

level. A drop of 0.04 grade points is essentially zero since the mean is 8.18 with a standard

deviation of 0.956. We have also tested other academic outcomes such as high school drop-out

rates, enrollment in higher education, and the probability of choosing high level math. We �nd no

evidence of adverse e¤ects of lowering grants on any of these outcomes.

These results suggest that lowering student grants in high school has an e¤ect on the labor

market behavior of students, but there seem to be no adverse e¤ects on various academic outcomes.

Since the literature in general has found positive e¤ects of grants in college, from an economic

viewpoint, one might argue that the government should redirect grants from high school students

to college students.
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A Figures

Figure 1: Monthly labor market participation for the treatment and control groups. 1981-1985
cohorts.
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Figure 2: Size of grant (in DKK) received in the year of 18th birthday by time of birth.
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Figure 3: Main outcomes by time of birth. Predicted values from linear regressions and 95 percent
con�dence bands.
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Figure 4: Treatment e¤ects on monthly labor market participation from linear estimation. 1981-
1985 cohorts.
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Figure 5: Sensitivity analysis of bandwidth choice for the main outcome measures. LLR estimates
and 95 percent con�dence intervals.
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B Tables

Table 1: Sequential Overview of Sample Selection
Number of Percentage

Description of sample selection individuals of total
Born between December 2nd 1979 and January 30th 1986 391,121 100.0

Enrolled in a three-year high school education 176,082 45.0
Turned 18 during the �rst or second year of high school 141,860 36.3
Did not drop out prior to or in the quarter in which they turned 18a 129,879 33.2
Born in the �rst 30 days or the last 30 days of a quarter 87,909 22.5
Not born in December or January 66,400 17.0
Observed GPA 60,738 15.5

Notes:
a) To obtain comparable treatment and control groups, we also disregard the controls who dropped out
in the quarter of their control group�s 18th birthday.
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Table 2: Comparison of Means in the Control and Treatment Groups
All Control Treatment

Mean Std. Dev. Mean Std.dev. Mean Std. Dev.
Yearly grant in year 2000 DKK 7752.174 5385.720 10034.410 5344.993 5487.346*** 4375.147

Outcomes
LMP during 3rd year 0.794 0.789 0.799***
No. of months worked during 3rd year 6.454 4.515 6.400 4.528 6.508*** 4.502
LMP during 12 months after 18th birthday 0.802 0.793 0.811***
No. of months worked during 12 months
after 18th birthday 6.644 4.805 6.537 4.826 6.751*** 4.782
Wage income at age 18 22090.7 18865.82 21781.32 19105.68 22398.6*** 18619.23
High school GPA 8.180 0.956 8.179 0.956 8.181 0.956
High level math 0.496 0.495 0.496
High school drop-out 0.075 0.076 0.075
Enrollment in higher education 0.599 0.597 0.602

Individual characteristics
Female 0.551 0.551 0.551
Turned 18 during 1st year of high school 0.440 0.434 0.446***
Attended 10th grade 0.593 0.602 0.585***
High school track
Math and science track 0.371 0.369 0.373
Language track 0.280 0.280 0.281
International track 0.002 0.002 0.002
Business track 0.259 0.261 0.257
Technical track 0.087 0.087 0.087

Parental characteristics
Mother missing in data 0.002 0.002 0.002
Father missing in data 0.017 0.018 0.016
Log of mother�s income at age 18 12.020 2.031 12.014 2.033 12.025 2.029
Log of father�s income at age 18 12.016 2.995 11.997 3.021 12.035 2.969
Mother�s income is missing 0.024 0.024 0.024
Father�s income is missing 0.056 0.057 0.055
Mother�s education level
Basic 0.259 0.258 0.259
Vocational 0.325 0.329 0.322
Higher 0.399 0.396 0.402
Missing 0.017 0.017 0.017
Father�s education level
Basic 0.215 0.220 0.211***
Vocational 0.395 0.393 0.397
Higher 0.358 0.354 0.363
Missing 0.031 0.033 0.029***
Number of children of the mother 2.428 0.961 2.427 0.970 2.429 0.951
Number of observations 66,400 33,071 33,329

Notes:
a) �***�indicates statistically di¤erent from the mean of the untreated group at a 1 percent level.
b) There are 5,662 observations with missing high school GPA and 56 observations with missing information on the
yearly grant.
c) Parents�log income has been set equal to zero if missing.
d) The sample sizes for the secondary outcomes are in some cases di¤erent from the numbers indicated here. See
section 5.2 for more details.
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Table 3: Regression Discontinuity Estimates of the Effect of Grants on Work
during the Third Year

1) 2) 3) 4)
Received more
than the 15-day

Estimation approach All minimum grant All window
Linear
A. LMP during 3rd year
Treatment e¤ect 0.015** 0.016* 0.014** 0.027***

(0.006) (0.009) (0.006) (0.009)

Control variables no no yes no
R-squared 0.000 0.000 0.037 0.000

B. Months during 3rd year
Treatment e¤ect 0.170** 0.146 0.154** 0.224**

(0.070) (0.103) (0.068) (0.099)

Control variables no no yes no
R-squared 0.000 0.000 0.053 0.000

Nonparametric
A. LMP during 3rd year
Treatment e¤ect 0.028*** 0.043***

(0.009) (0.015)

Bandwidth (in days) 15 15

B. Months during 3rd year
Treatment e¤ect 0.252** 0.391**

(0.105) (0.164)

Bandwidth (in days) 15 15

Observations 66,400 31,121 66,400 33,521

Notes:
a) Controls include all personal, high school, and parental characteristics.
b) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent level, respectively.
c) Standard errors for nonparametric estimates are bootstrapped with 200 replications.
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Table 4: Regression Discontinuity Estimates of the Effect of Grants on Work
during the Next 12 Months

1) 2) 3) 4)
Received more
than the 15-day

Estimation approach All minimum grant All window
Linear
A. LMP during next 12 months
Treatment e¤ect 0.017*** 0.024** 0.015** 0.026***

(0.006) (0.009) (0.006) (0.009)

Control variables no no yes no
R-squared 0.001 0.001 0.040 0.000

B. Months during next 12 months
Treatment e¤ect 0.269*** 0.240** 0.242*** 0.340***

(0.074) (0.109) (0.072) (0.105)

Control variables no no yes no
R-squared 0.001 0.001 0.057 0.001

Nonparametric
A. LMP during next 12 months
Treatment e¤ect 0.025** 0.044***

(0.010) (0.015)

Bandwidth (in days) 15 15

B. Months during next 12 months
Treatment e¤ect 0.310*** 0.318*

(0.111) (0.172)

Bandwidth (in days) 15 15

Observations 66,400 31,121 66,400 33,521

Notes:
a) Controls include all personal, high school, and parental characteristics.
b) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent level, respectively.
c) Standard errors for nonparametric estimates are bootstrapped with 200 replications.
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Table 5: Regression Discontinuity Estimates of the Effect of Grants on Wage
1) 2) 3) 4)

Received more
than the 15-day

Estimation approach All minimum grant All window

Linear
A. Wage
Treatment e¤ect 838.984*** 949.819** 706.852** 1202.183***

(296.187) (430.717) (284.768) (419.292)

Control variables no no yes no
R-squared 0.000 0.001 0.077 0.000
Observations 64,392 29,993 64,392 32,494

B. Strictly Positive Wage
Treatment e¤ect 640.168** 575.816 556.602* 1141.123***

(303.622) (443.024) (293.503) (430.095)

Control variables no no yes no
R-squared 0.000 0.000 0.067 0.000
Observations 54,963 25,279 54,963 27,697

Notes:
a) Controls include all personal, high school, and parental characteristics.
b) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent level, respectively.
c) The wage is measured in the year of the 18th birthday.
d) In panel B only observations with strictly positive wages are included.
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Table 6: Regression Discontinuity Estimates of the Effect of Grants on High
School Grade Point Average

1) 2) 3) 4)
Received more
than the 15-day

Estimation approach All minimum grant All window

Linear
Treatment e¤ect 0.023 0.041* 0.015 0.017

(0.015) (0.022) (0.015) (0.022)

Control variables no no yes no
R-squared 0.000 0.000 0.109 0.000

Nonparametric
Treatment e¤ect 0.006 0.021

(0.024) (0.033)

Bandwidth (in days) 15 15

Observations 60,738 28,047 60,738 30,640

Notes:
a) Controls include all personal, high school, and parental characteristics.
b) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent
level, respectively.
c) Standard errors for nonparametric estimates are bootstrapped with
200 replications.
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Table 7: Regression Discontinuity Estimates of the Effect of Grants on Various
Academic Outcomes

1) 2) 3) 4)
Received more
than the 15-day

Estimation approach All minimum grant All window

Linear
A. High Level Math
Treatment e¤ect 0.014 0.027* 0.010 0.016

(0.010) (0.015) (0.008) (0.014)

Control variables no no yes no
R-squared 0.000 0.000 0.3781 0.000
Observations 40,279 17,481 40,279 20,363

B. High School Dropout
Treatment e¤ect -0.001 -0.013** 0.001 0.001

(0.004) (0.006) (0.004) (0.006)

Control variables no no yes no
R-squared 0.000 0.000 0.058 0.000
Observations 66,400 31,121 66,400 33,521

C. Enrollment in Higher Education within Two Years
Treatment e¤ect 0.014 0.016 0.016* 0.026*

(0.010) (0.014) (0.009) (0.014)

Control variables no no yes no
R-squared 0.000 0.000 0.073 0.000
Observations 40,846 18,918 40,846 20,561

Notes:
a) Controls include all personal, high school, and parental characteristics.
b) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent level, respectively.
c) Only the 1980-1983 birth cohorts are used for the estimations in panel C.

41



Table 8: Subgroup Treatment Effects

LMP during No. of months worked High school
12 months after during 12 months GPA
18th birthday after 18th birthday
Coef./Std.Err Coef./Std.Err Coef./Std.Err

Father�s education level
Treatment (Basic is left-out category) 0.018** 0.301*** 0.012

(0.009) (0.102) (0.021)
Vocational*Treatment 0.000 -0.014 0.011

(0.008) (0.099) (0.021)
Higher*Treatment -0.002 -0.055 0.004

(0.008) (0.101) (0.021)
Missing*Treatment -0.022 -0.013 -0.045

(0.019) (0.225) (0.049)
Mother�s education level
Treatment (Basic is left-out category) 0.012 0.235** 0.044**

(0.008) (0.097) (0.020)
Vocational*Treatment 0.006 0.079 -0.025

(0.008) (0.098) (0.020)
Higher*Treatment 0.008 0.031 -0.026

(0.008) (0.094) (0.019)
Missing*Treatment -0.026 -0.194 -0.038

(0.024) (0.294) (0.064)
Father�s income
Treatment (Low is left-out category) 0.027*** 0.323*** 0.022

(0.007) (0.084) (0.017)
High*Treatment -0.021*** -0.121 -0.006

(0.006) (0.077) (0.016)
Missing*Treatment 0.013 -0.050 -0.010

(0.014) (0.166) (0.035)
Mother�s income
Treatment (Low is left-out category) 0.017** 0.301*** 0.023

(0.007) (0.083) (0.017)
High*Treatment 0.001 -0.053 -0.006

(0.006) (0.075) (0.016)
Missing*Treatment -0.021 -0.404* -0.016

(0.020) (0.245) (0.052)
Gender
Treatment (Men is left-out category) 0.023*** 0.287*** 0.031*

(0.007) (0.085) (0.018)
Women*Treatment -0.011* -0.029 -0.014

(0.006) (0.075) (0.016)
10th grade
Treatment (Attended is left-out category) 0.017** 0.221*** 0.017

(0.007) (0.080) (0.017)
Did not attend*Treatment 0.001 0.123 -0.000

(0.006) (0.076) (0.016)

Continued on next page
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Table 8 �Continued

LMP during No. of months worked High school
12 months after during 12 months GPA
18th birthday after 18th birthday
Coef./Std.Err Coef./Std.Err Coef./Std.Err

Extent of work in six month period
one year prior to 18th birthday
Treatment (0-1 months is left-out category) 0.006 0.193** 0.019

(0.008) (0.093) (0.022)
2-4 months*Treatment 0.002 -0.027 0.012

(0.010) (0.107) (0.025)
5-6 months*Treatment 0.006 0.028 0.013

(0.007) (0.085) (0.020)

Notes:
a) �***�, �**�, and �*�indicate signi�cance at the 1, 5, and 10 percent level, respectively.
b) To estimate subgroup treatment e¤ects the relevant grouping variables and interactions
these variables and the treatment indicator were included in a linear regression of the outcome
of interest on the treatment indicator and the assignment variable. The actual treatment e¤ects
for each subgroup can be computed by adding the reported coe¢ cient on the interaction term
and the coe¢ cient on the treatment indicator.
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