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Abstract
This paper examines the returns to university education in Japan, using tuition, avail-

ability of universities, and labor market conditions as instrumental variables. To measure
availability of universities, this paper uses total accredited capacity of all universities in
the prefecture of residence at the age of 15. This measure captures cross-time and cross-
prefecture variations, because birth cohort and prefecture dummies are also controlled. A
set of education policy-relevant instruments allows for estimation of the marginal effects for
individuals who are induced to enroll in university by policy changes. Using the estimated
marginal treatment effect, this paper recovers the average treatment effect parameters. The
main empirical result shows that an additional year of university education increases hourly
wage by about 9% on the population average. This paper also finds heterogeneous effects by
subpopulation groups: the average effect of a year of university education for those enrolled
in university is about 17%, but less than 2% for those who did not enroll. Finally, this paper
investigates the average returns for those who are induced to enroll in university by a partic-
ular policy shift, such as free tuition or an increase in the capacity of local universities. The
results suggest that such policy changes bring about positive effects of university education.
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1 Introduction

Policy makers and scholars broadly agree about the importance of the government’s role in

providing equal opportunities for access to higher education. The trend of the university

enrollment rate in Japan suggests that this task is progressing satisfactorily: the enrollment rate

has risen from around 17% in 1970 to above 50% in 2010, according to the School Basic Survey

of the Ministry of Education, Culture, Sports, Science and Technology (MEXT). In contrast

to this absolute increase in enrollment rate, however, providing equal opportunities for access

to higher education still requires attention. University enrollment rates are still substantially

different between regions, especially between rural and urban regions. Prefectural average

enrollment rates range from a low of about 30% in Kagoshima to a high of about 64% in Tokyo

in 2015.1

Japan still has problemswith accessibility and affordability of local universities. For example,

universities are highly concentrated in urban regions: more than half of universities are located

in only 10 out of 47 prefectures.2 Sasaki (2006), Kobayashi (2009), Nakazawa (2011), and

Ueyama (2011, 2012) suggest that the high concentration of universities in urban regions partly

explains regional differences in prefectural average enrollment rates. If the number of local

universities is insufficient, public supply becomes a key factor in access to higher education.

Unfortunately, students also face the burden of high public tuition fees in Japan. OECD (2015)

notes that the average annual fee to attend a public tertiary institution in Japan during the 2014–

2015 academic year was some of the highest among OECD countries. In addition, students have

a limited opportunity for university tuition subsidies, because the Japanese government does not

provide national grants and scholarships until 2017. Less than 10% of university students are

covered by public or private tuition subsidies, and thus more than 40% of university students

depend only on national student loans in 2014 (JASSO, 2016).3 Consequently, it is important

to ask whether education policies address such inequality.

The purpose of this paper is quantifying the effects of a counterfactual policy intervention

1University enrollment rates for new upper secondary school graduates. The standard deviation is approximately
8%. All figures are from the author’s calculations based on the School Basic Survey.

2The author’s calculations based on the School Basic Survey in 2016.
3According to JASSO (2016), 52.5% of university students use some tuition subsidies or public students loans

in 2014 (excluding evening students). Among such students, 81.0% only use national student loans and 10.2% use
both national student loans and the other tuition subsidies, such as private, municipal, and university grants and
scholarships.
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to reduce inequality in the availability of local universities in Japan. For this purpose, I use

the program evaluation methods introduced by Heckman and Vytlacil (1999, 2001a, 2005) and

Carneiro, Heckman, andVytlacil (2010, 2011), which apply themarginal treatment effect (MTE)

framework of Björklund and Moffitt (1987) and Heckman and Vytlacil (1999). First, I estimate

the probability of university enrollment using the capacity of universities, tuition fees in public

universities, and labor market conditions as instrumental variables (IVs). Second, I estimate

the MTE of university education on hourly wage, using the estimated probability of enrollment.

Finally, I recover the treatment effects parameters as weighted averages of the MTE. In addition

to the standard treatment effect parameters, I estimate the parameters related to average and

marginal returns to university for individuals induced to enroll in a university by a policy change

using the policy-relevant treatment effect (PRTE) approach introduced by Heckman and Vytlacil

(2001b). In the policy simulations, I examine three counterfactual policies: a capacity increase

in prefectures with relatively smaller capacity, a tuition reduction in public universities, and a

tuition subsidy for economically disadvantaged students.

The main results show that the average effects of a year of university education in Japan are

significantly positive, but vary across population subgroups by treatment status. The results also

suggest that policies increasing the probability of university enrollment, such as free tuition or an

increase in the local capacity of universities, bring about positive effects of university education.

However, counterfactual policy simulations of different levels of capacity increase and tuition

reduction show that larger interventions result in relatively smaller impacts, because individuals

with smaller benefits are more affected. An important implication of these results is that the

heterogeneity in returns to schooling is key in evaluating an education policy. Impacts of policy

interventions depend on who is affected by such policies; thus effects of a policy that marginally

increases the probability of enrollment suggest potential room for policy interventions.

The policy simulations in this paper are directly related to actual two education policies con-

sidered by the Japanese government, and therefore provide important implications for ongoing

policy discussions. First, the capacity policy is relevant to the government’s discussion about a

regulation of new openings in Tokyo and facilitation of university relocation into rural regions to

reduce inequality in local university availability.4 The capacity policy simulations shed new light

on the effects of supply side policy interventions for expansion of higher education opportunity

4For example, see The Headquarters for Formulating Measures for Building-Up Towns and Jobs (2017).
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in developed countries, which are investigated in the literature (e.g., Frenette, 2009; Oppedisano,

2011, 2014). Second, the government needs to progress a free tuition policy as an international

commitment. This is because Japan has withdrawn its reservation to subparagraphs (b) and (c)

of paragraph 2 of article 13 of the International Covenant on Economic, Social and Cultural

Right, which includes the progressive introduction of free education in 2012. Therefore, the

government will start national scholarships from 2018 to partly reduce the burden of high tuition

fees (JASSO, 2017).

This paper relates to the literature on estimating average and marginal returns to higher

education using the MTE framework, such as Heckman and Li (2004), Wang et al. (2014) in

China, Chuang and Lai (2010) in Taiwan, Carneiro, Heckman, and Vytlacil (2011) in the United

States, Belskaya, Sabirianova Peter, and Posso (2014), Kyui (2016) in Russia, and Nybom

(2017) in Sweden. The paper most closely related to this paper is Belskaya, Sabirianova Peter,

and Posso (2014). They conduct policy simulations with an opening of a college campus in

municipalities that did not have colleges before an expansion of the higher education system

in Russia. Their identification comes from an instrument of the number of campuses in local

municipality while controlling for federal districts dummies, and hence it might also depend on

permanent differences across municipalities that affect the college attendance decision.

One of the key identification sources of this paper is variation in capacity of local universities

as a supply quantity shifter, changing costs of access to universities. Because capacity is numeric,

I can control birth cohort and prefecture dummy variables when estimating the effects of local

capacity on university enrollment decisions. Therefore, the identification of marginal impacts of

local capacity is based only on changes within prefecture and year, not on permanent differences

between local residential regions over time. The local capacity is not only a good proxy for

local university accessibility, but also an important policy variable. In Japan, the total capacity

of universities is regulated by the national government under the School Education Act (Gakko

kyoiku ho) and the Standards for Establishment of Universities (Daigaku setchi kijun). All

universities need to pass a one- or two-year screening process by the office of the MEXT to

change quotas for each department. To capture the exact variation in the availability of local

universities, I construct a unique data set that contains information on the opening/closing and

increase/decrease of all accredited capacities (quotas) for new students at the department level

for all Japanese universities.
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Another key feature of this paper is that it simulates a tuition reduction policy for public

universities using the PRTE framework. There is a large literature on tuition fees and financial

aid policies in higher education using a program evaluation framework. However, the literature

mainly focuses on the effects on educational attainment and thus pays limited attention to the

impacts on future earnings.5 Using local college tuition as an instrument, Carneiro and Lee

(2009) simulate the distributional impacts on earnings, and Carneiro, Heckman, and Vytlacil

(2010, 2011) estimate the marginal version of PRTE (MPRTE) for individuals induced to enroll

by a policy shift, but they do not directly investigate policy simulations of tuition reduction.

Ichimura and Taber (2000, 2002) also estimate the effects of tuition subsidies applying an

alternative semiparametric approach.6 Most relevant to the present paper is Carneiro (2003).

He estimates the PRTE of different levels of tuition subsidies in U.S. and suggests that larger

tuition subsidy provides a smaller PRTE, although the effect of 500 USD subsidy and of 2000

USD subsidy are similar. This paper confirms the smaller impacts of larger interventions from

tuition reduction policies.

This paper also contributes to the literature on returns to schooling by assessing the causal

impacts of university education in Japan. Many previous studies also investigate returns to

schooling in Japan. However, Oshio and Seno (2007) and Yasui and Sano (2009) point out

that a very limited studies estimate the causal effects of schooling.7 One exception to this

lack is Nakamuro and Inui (2012). Using web-based twin-data, they find significant positive

returns to schooling in Japan. Unfortunately, their fixed-effects approach using twins controls for

differences in family level only, and thus cannot control for unobserved individual heterogeneity

that affects schooling decisions. In this paper, the empirical models allow a general setting, in

which students self-select into university attendance based on their individually heterogeneous

returns to schooling. To deal with the endogenous schooling decision, I compile original data

sets on direct and indirect costs of university enrollment for instruments, such as public tuition,

capacity of universities, and local labor market conditions.

5See Dynarski and Scott-Clayton (2013) and Page and Scott-Clayton (2016) for a survey.
6See also Heckman, Lochner, and Taber (1998) for an analysis using a general equilibrium model. See, for

example, Keane and Wolpin (2001) and Arcidiacono (2005) for simulations based on dynamic structural models.
Keane and Wolpin (2001) analyze the effects of financial aid on college attendance and subsequent earnings.
Arcidiacono (2005) investigates the effects of changes in the race-based admission and financial aid rules at
colleges on future earnings.

7Oshio and Seno (2007) comprehensively survey empirical studies on the economics of education in Japan.
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The remainder of this paper is organized as follows. Section 2 explains the empirical

framework. Section 3 describes the data. Section 4 presents and discusses the results. Finally,

Section 5 concludes.

2 Empirical Framework

The empirical framework of this paper basically follows Heckman and Vytlacil (2005) and

Carneiro, Heckman, and Vytlacil (2010, 2011). They consider a standard model of potential

outcomes that is firstly applied to schooling by Willis and Rosen (1979).

2.1 Setup

Let consider a linear in the parameters model with two potential outcomes:

Y1 = X β1 +U1 (1)

Y0 = X β0 +U0,

where subscript 0 and 1 correspond to the untreated and treated states. Y1 is the potential log

wage if the individual enrolls in university, and Y0 is the potential log wage if the individual does

not enroll in university. X is a vector of observable characteristics and (U1,U0) are unobservable

variables. Let D = 1 denotes enroll in university; D = 0 denotes not enroll in university. The

measured outcome variable Y can be written in a potential outcomes framework:

Y = DY1 + (1 − D)Y0. (2)

This equation is related to a latent variable discrete choice model that represents an individual’s

decision to enroll in a university. I assume the following selection model:
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D∗ = µD (Z ) − V,

D = 1 if D∗ ≥ 0,

= 0 otherwise,

or D = 1[µD (Z ) − V ≥ 0],

where V is an unobserved random variable. I assume that V is continuous with a strictly

increasing distribution function FV . Z is a vector of observed random variables that includes

some part of X . Z also includes variables that determine the treatment decision but do not directly

affect the outcome (the exclusion restriction). I also assume that Z and X are independent of

(V,U1,U0).

Let Pr (D = 1|Z ) denotes the probability of university enrollment conditional on Z . It is

innocuous to rewrite the the selection equation for convenience as follows:

D = 1[Fv (µD (Z )) ≥ Fv (V )]

= 1[P(Z ) ≥ UD],

with

UD
def
= Fv (V ) ∼ Uni f [0, 1],

P(Z ) def
= Fv (µD (Z )) = Pr[D = 1 | Z].

Different values of UD correspond to different quantiles of V , and thus UD is the normalized

latent variable of the unobserved resistance to enroll in university.

Using equations 1 and 2, the observed outcome can be written as:

Y = X β0 + DX (β1 − β0) + D(U1 −U0) +U0 (3)

= X β0 + DX β + ε .
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This equation indicates that the effect of university enrollment varies across individuals for

differences in their X and U1,U0. If the enrollment decision depends on the unobservable gain

U1 − U0, a dummy variable D is not independent of the disturbance ε . In this case, neither

ordinary least squares (OLS) nor simple linear IV estimates recover the standard average effect

parameters, such as the average treatment effect (ATE): E(Y1−Y0), the ATE on the treated (ATT):

E(Y1 − Y0 | D = 1), and the ATE on the untreated (ATUT): E(Y1 − Y0 | D = 0). Heckman and

Vytlacil (1999, 2001a, 2005) establish that these treatment effect parameters of interest can be

identified as weighted averages of the MTE of Björklund and Moffitt (1987) and Heckman and

Vytlacil (1999).8 The MTE is defined as:

MT E(x, uD) def
= E(Y1 − Y0 | X = x,UD = uD).

The MTE indicates the effects of university enrollment for individuals with X = x who would

be indifferent between enrollment or not if they were exogenously assigned a value of Z such as

UD = uD.

2.2 Estimating Marginal Treatment Effect

Heckman and Vytlacil (1999, 2001a, 2005) show that the MTE can be identified by the local

instrumental variables. Using the equation 3, the conditional expectation of Y given X = x, and

P(Z ) = p is

E[Y |X = x, P(Z ) = p] = x β0 + x(β1 − β0)p + K (p) (4)

= x β0 +

∫ p

0
MT E(x, uD)duD,

where,

K (p) = E(U1 −U0 | D = 1, P(Z ) = p)

=

∫ ∞

−∞

∫ p

0
(u1 − u0) f (u1 − u0 | X = x,UD = uD)duDd(u1 − u0),

8Definitions of weights for the treatment effect parameters are in Appendix B.
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where f (u1 − u0 | X = x,UD = uD) is the conditional density of U1 −U0. Therefore, the MTE

is identified by differentiating the equation 4 with respect to p,

∂

∂p
E[Y | X = x, P(Z ) = p] = E[Y1 − Y0 | X = x,UD = uD]. (5)

The equation 4 can be estimated using the model of a semiparametric approach, such as the

partially linear model of Robinson (1988), and the equation 5 can be estimated in nonparamet-

rically. One of the disadvantages of a semiparametric approach is that the MTE can only be

estimated over the empirical support of P(Z ), because the MTE is identified over the support

of P(Z ). If the empirical support does not cover full unit interval of P(Z ), it is impossible

to recover conventional treatment parameters. An alternative way of estimating the MTE is a

parametric approach that assumes joint normal distribution of the unobservables (U0, U1, V ).

With this additional assumption, Heckman, Tobias, and Vytlacil (2001) show that the MTE can

be written as follows:

MT E(x, uD) = x(β1 − β0) − (σ1V − σ0V )Φ−1(uD), (6)

where, σ jV = Cov(Uj,V ), j = 0, 1, and Φ(·) is CDF of standard normal. This parametric

approach is a conventional way of estimating the equations and is related to switching regression

models (Björklund and Moffitt, 1987; Willis and Rosen, 1979).9 Following the literature, I esti-

mate the outcome and selection equations together using the method of maximum likelihood.10

An advantage of specifying the normality assumption is that it helps to estimate the MTE over

the full unit interval of P(Z ) and to recover the treatment effect parameters of interest.

2.3 Policy-Relevant Treatment Effects

Once the MTE is estimated, the parameters that are directly relevant to the policy questions

can also be estimated as weighted averages of it. I compute PRTE introduced by Heckman and

Vytlacil (2001b) and MPRTE proposed by Carneiro, Heckman, and Vytlacil (2010). Let D∗,

9See also Heckman, Tobias, and Vytlacil (2001) for further description.
10In the estimation, I normalize the variance of V to 1.
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Y ∗, and P∗ denote the treatment state, outcome, and probability of university enrollment after a

policy change. Heckman and Vytlacil (2005, 2007) define the PRTE when E(D∗) , E(D) as,

E(Y ∗) − E(Y )
E(D∗) − E(D)

def
=

∫ 1

0
MT E(uD)ωPRT E (uD)duD,

where,

ωPRT E (uD) =
Fp(uD) − Fp∗ (uD)
EFp∗

(P) − EFp (P)
,

where F∗p and Fp are the distribution of P∗ and P, respectively.11

The MPRTE is defined as the limit of PRTE with a sequence of alternative policies indexed

by a scalar variable α such that limα→0P∗α (Z ) = P(Z ). I consider three policy sequences as

defined in Carneiro, Heckman, and Vytlacil (2010, 2011): (1) a policy intervention that has an

effect similar to a shift in one of the components of Z , say Z k , such that Z k
α = Z k + α and

Z j
α = Z j for j , k; (2) a policy that increases the probability of university enrollment by α

so that P∗α = P + α; and (3) a policy that changes each individual’s probability of university

enrollment by the proportion (1 + α), so that P∗α = (1 + α)P.

3 Data

3.1 The Japanese General Social Survey

The main analysis data are the Japanese General Social Survey (JGSS).12 The JGSS is repeated

cross-section data for men and women aged 20–89, as of September 1 of each survey year. This

paper uses data from surveys conducted in 2000, 2001, 2002, 2005, 2006, 2008, and 2010, and

11To simplify the notation, I suppress control variables.
12The Japanese General Social Surveys (JGSS) are designed and carried out by the JGSS Research Center at

Osaka University of Commerce (Joint Usage / Research Center for Japanese General Social Surveys accredited
by Minister of Education, Culture, Sports, Science and Technology), in collaboration with the Institute of Social
Science at the University of Tokyo. The data for this secondary analysis, the JGSS, the JGSS Research Center,
was provided by the Social Science Japan Data Archive, Center for Social Research and Data Archives, Institute of
Social Science, The University of Tokyo.
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pools male respondents from all waves.

From the pooled original data, I exclude observations in the following four steps. First, I limit

the sample by age. I exclude individuals who were younger than 28 years old in the survey year,

because they might not have completed their academic schooling. Second, I drop individuals

who answered that either of their parents was absent at the age of 15, because their single-parent

structure might substantially differ from a family with two parents, and thus, unobservable

effects cannot be controlled. Third, I only use individuals who had reached their first university

enrollment decision after the 1972 academic year due to the availability of tuition data. Finally,

I use individuals whose observational characteristics match the comparison information on the

instruments and covariates for the estimation explained below. The remaining sample after

restrictions contains male workers were born between 1953 and 1979 who were 28 to 54 years

old at the date of the survey.

The JGSS has the advantage of including information about workers’ annual earned income

and working hours per week. For the outcome variable, I calculate the worker’s individual

hourly wage as the worker’s annual income from his main job divided by annual working

hours.13 Unfortunately, the JGSS measures income in terms of 19 categories. Following Oshio

and Kobayashi (2009) and Sano and Yasui (2009), I assign the median value of each category

and evaluate it in 2005 consumer prices, transforming it into a logarithm.14

One of the disadvantages of the JGSS is that the data set contains limited information on

residence at the time of the university enrollment decision. I use information on the prefecture

where individuals resided at the age of 15 and assume that in the year of university enrollment,

their residence (at least their parental residence) was still in that prefecture. The control variables

from the JGSS are parents’ education level (and their squares), the number of siblings (and its

square), age at the survey date (and its square), urban residence dummy and rural (farm or fishing

village) residence dummy at the age of 15, a set of dummies for prefecture resided in at the age

of 15, cohort dummies, and survey year dummies. I do not control for experience, which is

commonly included in the literature, because experience is endogenous and thus captures a part

of the returns to schooling. For the educational attainment of respondents and their parents, I

13Annual working hours are defined as reported working hours per week × 52.
14For the lowest category (less than 700,000 Japanese Yen [JPY]), I assign 700,000. For the highest category

(over 23,000,000 JPY), I assign 23,000,000. When I exclude the people in the lowest and the highest categories,
the estimated results are basically same.
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use the last school attended and assign the standard years of schooling in Japan.

I also control for long-term trends in the active job openings to applications ratio (yuko kyujin

bairitsu) from the reports of the Employment Service Agency (Shokugyou Antei Gyoumu Toukei)

and the annual averagemonthly total cash earnings of theMonthly Labor Survey (Maigetsu Kinro

Tokei Chosa), and estimated population size at ages 15–19 from the Population Census (and its

square) for the prefecture where individuals resided when they were 15 years old.

In the analysis, I consider the binary treatment decision for university enrollment at the

completion of upper secondary education. Therefore, I separate individuals into two groups:

(1) individuals who graduated from high school or completed upper secondary education, and

(2) individuals who had at least some university education.15

3.2 Instrumental Variables

This paper uses four IVs that capture differential changes in direct and opportunity costs of

university attendance across prefectures and cohorts, while controlling for both permanent dif-

ferences and aggregate trends. The IVs are local university availability measures covering all

universities, average tuition at a public university in the fresh-man year, and local labor market

conditions in the high school years, in the prefecture where the individual resided when he was

15 years old.16

3.2.1 Capacity of Universities

Local college availability measures are first used by Card (1993) and Kane and Rouse (1993) as

a proxy for direct costs of college attendance, and are subsequently widely used in the literature.

Kane and Rouse (1993) use a distance to college measure as an instrument for schooling, and

followed by Carneiro et al. (2011), Doyle and Skinner (2016), and Nybom (2017) in recent

years. An indicator of presence of college in the county of residence is used by Card (1993)

15For respondents, completion of their last level of schooling is available. When I construct the variable of
years of schooling, I reduce the number by one year from the standard years for those who dropped out before
finishing their last school. However, I am unable to know whether technical college dropouts completed their
upper secondary education. In the analysis, I assume that they have completed their upper secondary education and
include them in the analysis sample. If I exclude them from the analysis sample, the results are similar.

16The construction of these data is amply described in Appendix A.
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as a substitute for distance to college, and is commonly used in the literature, for example,

by Kling (2001), Cameron and Taber (2004), Carneiro and Lee (2009), Carneiro, Heckman,

and Vytlacil (2010, 2011), Carneiro, Meghir, and Parey (2013), and Doyle and Skinner (2016).

Unfortunately, the JGSS only has information on the prefecture of residence at the age of 15,

and because during the analyzed years, all prefectures in Japan contain at least one university, I

am unable to use this local presence measure.

Currie and Moretti (2003) use the number of two- and four-year colleges and Belskaya,

Sabirianova Peter, and Posso (2014) use the number of campuses as instruments for college

attendance. These measures are superior to the indicator definition because their continuous

variations across residential areas and years allow the researcher to control for permanent

differences across residential areas. Although the number of colleges or campuses measure

takes into account quantitative differences in college availability across residential areas to a

degree, it is too rough to precisely capture differences in local opportunities for college education.

Because colleges differ in size, each college has different effects on local availability of colleges.

The number of admitted students (e.g., Kyui, 2016) and the number of enrollments are also

widely used as a substitute for capacity of colleges.17 However, as Currie and Moretti (2003)

point out, not only the supply of college places but also the demand for these places determines

these variables, and thus the number of admitted students or enrollment might not be a valid

instrument in this case.

In this paper, I construct a unique data set that contains information on all accredited

capacity (quotas) for new university students by the national government in Japan. I collect

the information at the department level and total up new student quotas of national, prefectural,

municipal, and private co-ed universities by prefecture in each year. This measure is merged with

the individual data based on the high school graduate’s standard college examination year and

the residence at the age of 15.18 I assume that this measure of local availability of universities

is a proxy of easy access to a local university; i.e., costs of geographical moving or costs of

not living at home with parents. This measure also reflects the potential costs of preparation

for taking examinations and the probability of acceptance.19 I also control cohort dummies and

17For example, Sasaki (2006), Kobayashi (2009) use the number of enrollment as a proxy of the potential
capacity of a prefecture. Doyle and Skinner (2016) also use distance-weighted enrollment for an instrument to
analyze postsecondary education in the United States.

18When I merge the year at age of 18, the acquired results are basically same.
19Although I integrate the capacity of all universities into one measure, changes in capacities might have
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prefecture dummies when I estimate the effect of capacity on university enrollment. Therefore,

the identification relies on unexpected changes of capacity within local prefecture and year of

the university enrollment decision, but not on permanent differences.

One potential problem with this capacity measure is that changes in cohort size are likely to

have an impact on the availability of universities given any fixed amount of capacity (Card and

Lemieux, 2001; Currie and Moretti, 2003). To avoid this problem, I control for local cohort size

at ages 15–19 when the individual was aged 18, in both selection and outcome equations.

Another concern regarding the use of this measure is that it is affected by new institution

openings or by increase in size of a university reflecting an expected increase in local demand

for university education.20 Although I am unable to completely rule out these possibilities, the

Japanese centralized educational system to some degree mitigates this concern: The School

Education Act (Gakko kyoiku ho), prior to the revision in 2003, prescribed that all openings

and closings of university departments are required to be approved in advance by the national

government. Private universities also need approval in advance for changes in capacity at the

department level.21 To increase capacity, a university needs to pass a one or two years screening

and investigative process including a preliminary interview by the office of the MEXT based on

the Standards for Establishment of Universities (Daigaku setchi kijun). Therefore, no university

can freely control its capacity in response to the expected local demand for university education.

3.2.2 Average Tuition at Public Universities

The tuition measure is created as accredited capacity weighted averages over all public co-ed

universities in a prefecture, or at the regional level if there is no public university in the prefecture.

Kane and Rouse (1993), Cameron and Heckman (1998, 2001), Carneiro, Heckman, and Vytlacil

(2010, 2011), Carneiro, Meghir, and Parey (2013), and Doyle and Skinner (2016) use tuition as

an instrument to predict college attendance.

heterogeneous effects on college attendance by student’s major field of study. In this paper, because the available
data set has no information on the major field of study, I cannot analyze the impacts of college major choice in
detail, which I leave to future research.

20Currie and Moretti (2003) point out this concern in the case of the number of colleges.
21Public universities need to notice their changes in capacity in advance. Before 1974, private universities are

allowed to increase their capacity with a notification to the government in advance, therefore capacity of private
universities might not be a valid instrument in these periods. For a robustness check, I exclude individuals who
were born before 1955 and re-estimate the analysis. The results are almost similar but more imprecise for the
smaller sample size.
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One concern regarding this approach is that the tuition variable is highly correlated with

the quality of the university (Cameron and Heckman, 2001). If the measure captures both cost

of college attendance and college quality, it directly affects wage differences. To mitigate this

concern, I only include entrance and course fees at prefectural and municipal universities in

the tuition measure.22 These are specified by local governments based on the fees set by the

national government for national universities, and individual universities are not permitted to

change the amount charged.23 Therefore, the public tuition measure relies on fees determined

at local government level, and basically reflects a variation at the prefecture level. I do not

include other fees in public tuition, because each university is allowed to determine the amount

of such fees at the department level. The same thing applies to tuition at private universities. It

varies from university to university, and thus might reflect the quality of the university. I exclude

tuition of national universities from the public tuition measure because it was unified across the

country until 2003. The differences in tuition at national universities are captured by the cohort

dummies.

Using the local tuition at prefecture level, I presume that the variable influences schooling

choice of the individual. One could argue that individuals might move to a different prefecture

for their university education to avoid high tuition costs at local public universities (Carneiro,

Meghir, and Parey, 2013). However, it appears reasonable to consider that prefectural variation

matters in Japan. Because prefectural and municipal universities usually set a lower tuition for

intra-regional students, movers are not only prevented from the option of living at home, but

also disadvantaged by paying higher tuition fees as extra-regional students.

3.2.3 Local Labor Market Conditions

Labor market conditions in the high school years are used as instruments to assess university

enrollment decisions. In Japan, previous studies find that temporary shocks in the labor market

significantly affect schooling decisions, by using aggregate data.24 I use the active job openings

to applications ratio and the annual average monthly total cash earnings in the prefecture of

22In Japan, new university enrollments require the payment f entrance fees, course fees, and other fees for school
expenses. Other fees inclued, for example, training fees, fees for facilities and equipment.

23Before 2003, entrance and course fees at national universities were specified by the national government. In
2004, national universities were incorporated by the the National University Corporation Act (Kokuritsu Daigaku
Hojin Ho).

24For example, see Yano and Hamanaka (2006), Ueyama (2011), and Ogawa (2015).
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residence at age 15. Local labor market conditions are used as instruments by Cameron and

Heckman (1998), and followed byCameron andTaber (2004), Arkes (2010), Carneiro, Heckman,

and Vytlacil (2010, 2011), and Carneiro, Meghir, and Parey (2013) among others.

I construct these measures as a three-year average over the high school period and merge

them with the individual data for the year the individual was 18. I presume that local earnings

capture temporary shocks to family income. Local job openings reflect the speed of job transition

or of finding a job if unemployed, and thus they also are related to temporary variation in family

resources. In addition, local earnings might capture foregone earnings as opportunity costs

of additional schooling. A potential problem of using local labor market conditions is that

long-run trends of labor market conditions might affect both these measures and residential

choice at age 15. If local active job openings to applications ratio and local earnings in high

school are correlated with the unobservables in the outcome equations, these would not be

valid instruments. To avoid this concern, I include trends in local labor market conditions

at ages 13–18 averaged over 6 years in both selection and outcome equations to control for

residential choice at age 15 and long-run differences in labor market conditions in the prefecture

of residence during adolescent years. Additionally, I control for a set of dummy variables of the

prefecture of residence at age 15, allowing for permanent or aggregate differences in prefecture

characteristics.

Table 1 shows summary statistics for the instruments, with outcomes and covariates. It

shows that individuals with some university education have, on average, higher wages than those

without university education. The difference between the two groups is about 3.81 years of

schooling. Using this figure, all estimates of treatment effects reported below are annualized.

Individuals with some university education have more-educated parents, fewer siblings, and

have lived in prefectures with better labor market conditions in both adolescence and the survey

year. Their residence at the age of 15 was more likely to be in an urban area and in a prefecture

with a larger number of adolescents. They are less likely to come from rural areas than those

without university education. Regarding the instruments, individuals with some university lived

in prefectures where with greater university capacity and better labor market conditions when

they were in high school or upper secondary education. However, these individuals also lived in

prefectures where the average tuition of public universities was higher than among those without

university education.
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4 Results

4.1 University Enrollment Decision

Table 2 presents the estimates of the selection model of university enrollment. I estimate

the probit model where the dependent variable is a dummy variable that equals one if the

individual has ever attended university, and I report the marginal effects at the mean value

for each variable.25 All controls reported in the table perform well, and estimates show the

expected signs reported in previous studies except for the father’s years of schooling. For

example, individuals who have a mother with more years of schooling are more likely to enroll

in university than those whose mother has lower levels of education. The instruments are jointly

strong predictors of university enrollment, although local active job openings to applications

ratio (local job openings) is not individually significant. Local capacity of universities is an

important determinant of university enrollment. If local capacities increase by 1,000 places, the

probability of university enrollment increases by about 1%. Local tuition in public universities

also has a statistically significant effect on university enrollment. If local tuition rises by

10,000 JPY, it decreases university enrollment by about 0.7%. Local earnings play the role

of an opportunity cost variable for university enrollment. If local earnings averaged over high

school years increase by 1%, university enrollment decreases by about 2.5%. Finally, a better

local active job openings to applications ratio at university enrollment increases probability of

university enrollment. Specifically, a 0.1 point improvement in local active job openings to

applications ratio in high school period increases probability of university enrollment by about

1.3%, but this in not a statistically significant effect.

Using the estimates of the selection model, Figure 1 shows the distributions of predicted

probability of university enrollment, P(Z ), for those with university and for those without

university. This figure indicates the empirical common support of P(Z ) over which the MTE

can be identified in the semiparametric model.26 Although the overlapping support of predicted

P(Z ) for these two distributions covers a wide range of unit interval, it lacks top and bottom

25The coefficients are reported in Table 8 in Appendix.
26Following the literature, I define common support as the intersection of empirical support of these distributions.
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tails.27 Therefore, it is necessary to estimate the model with joint normal assumptions to recover

the treatment effects that need full support.

4.2 OLS and IV

In Table 3, I present standard OLS and IV estimates, and compare them with the estimates

in previous studies using these methods. The OLS estimate shows that annualized returns to

university education are about 5.49%. The magnitude of the OLS estimate in this paper is

much smaller than the estimates derived in previous studies using Japanese micro-data. These

studies report around 7–11% of OLS estimates of returns to schooling (e.g., Tachibanaki, 1988;

Trostel, Walker, and Woolley, 2002; Ono, 2004; Sano and Yasui, 2009; Yasui and Sano, 2009;

Nakamuro and Inui, 2012). The differences in the magnitudes of the literature and this paper’s

estimates might be explained by the differences in sample restriction and in model specification.

There are three main differences. First, I only use male observations. Trostel, Walker, and

Woolley (2002), Sano and Yasui (2009), and Yasui and Sano (2009) suggest a larger magnitude

of the returns for females. I exclude females from the analysis to avoid selection bias from labor

market participation decisions, as including female observations may provide larger estimates

of returns to schooling. Second, I consider binary treatment of university enrollment, thus

excluding individuals with less than upper secondary education. It is possible to consider a

model with multiple levels of treatment or with continuous treatment of schooling, but more

restrictions and additional instruments would be needed to identify the treatment parameters

of interest.28 Finally, I specify the model with observational heterogeneity by interacting the

treatment and control variables. Such interaction terms are not included in previous studies.

Controlling for this observable heterogeneities might weaken the magnitude of the coefficient

of university enrollment.

Table 3 shows that the IV estimate of returns to university education is 11.63%. In line with

the literature, the IV is larger than the OLS estimate. Card (2001) suggests that such a finding

indicates returns to schooling are heterogeneous and higher for individuals who are induced

to enroll in university by changes in the instruments than for those who have average returns.

27The empirical common support is 0.06951 ≤ P(Z ) ≤ 0.94474. I restrict the empirical estimates to the
common support when estimating the model with semiparametric assumptions.

28See, for example, Heckman, Urzua, and Vytlacil (2006), Heckman and Vytlacil (2007), and Florens et al.
(2008).
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This interpretation is related to the local average treatment effect (LATE) parameter of Imbens

and Angrist (1994). However, the IV estimates do not necessarily reflect the original LATE

parameter if instruments are multiple and the model includes a set of controls, as is the case in

this paper.29 Interpreting an IV estimate is not always straightforward. Even fort LATE, this

indicates the policy effect of interest only if the variation of the instrument corresponds exactly

to the policy variation (Heckman, Urzua, and Vytlacil, 2006; Carneiro, Heckman, and Vytlacil,

2011).

4.3 Marginal Treatment Effect

Here, I estimate the MTE with both parametric and semiparametric approaches. In Figure 2,

I estimate the MTE assuming joint normality of (U1, U0, V ) and plot it with 90% confidence

interval bands. To depict the MTE depending only on UD, I evaluate it at the mean values of

control variables. When the UD is particularly low, for individuals who are more likely to enroll

in university, the marginal effects are high at around 40%, but for those who have low values

of UD, unwilling to enroll in university, the effects are substantially lower around −20%. These

individuals incur negative gains from attending university. The MTE monotonically declines as

UD increases, suggesting substantial heterogeneity of marginal effects of university education.

A simple test of selection on unobserved heterogeneity is a test of whether the slope of the MTE

is zero. For the normal selection model this is equivalent to a test of whether σ1v − σ0v = 0

in the equation 6. I estimate that σ1v − σ0v = −0.3064 with a standard error of 0.1192. This

supports that the effects are heterogeneous and students decide to enroll or not with at least

partial knowledge of their idiosyncratic gains. Carneiro, Heckman, and Vytlacil (2011) note

that these results imply individuals self-select university enrollment based on their comparative

advantage with respect to their gains.

Figure 3 shows the semiparametrically estimated MTE with 90% confidence interval bands

computed from the bootstrap.30 The semiparametric estimates produce the same pattern as the

29See Angrist and Imbens (1995) and Heckman and Urzua (2010) for their discussion on the identification and
interpretation of IV estimates.

30Following Carneiro, Heckman, and Vytlacil (2011), I use Robinson (1988)’s method for estimating the MTE.
I run the Nadayara-Watson kernel regressions of Y and X on P using a Gaussian kernel and a bandwidth of 0.04,
and estimate the linear term using a linear regression with 1.5% trimming. Then, I run a local quadratic regression
to estimate K (P) using a Gaussian kernel and a bandwidth of 0.35. The results are robust to choices of both larger
and smaller bandwidths.
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parametric estimates, implying that estimates of the MTE are free from parametric assumption.

Figure 3 suggests that unobservable heterogeneity has an important role in the effects of university

education. From the value of more than 40% for those with low UD, the MTE monotonically

decreases to less than 0% for those with high UD. Unfortunately, the confidence intervals on the

semiparametrically estimated MTE are too wide, and thus include negative effects for low UD

and positive effects for high UD.

4.4 Average and Policy-Relevant Treatment Effects

The IV and MTE estimates show that university education has substantial and heterogeneous

effects on future pecuniary outcome. However, it is not clear how large the average impacts are

for different subpopulations, or how these effects are related to educational policies. To examine

these issues, I show the treatment effect parameters in Table 3, which are constructed from the

MTE using the weights presented in Heckman and Vytlacil (2005) and Carneiro, Heckman, and

Vytlacil (2010, 2011).

Average effects are substantially different by subpopulation group. The ATE shows that an

additional year of university education increases hourly wages by 8.89%. The ATT is larger

than the ATE, and suggests that the return to one year of university education is 17.43% for

those who enrolled in university. The ATUT is much smaller than the ATE and the ATT, and

shows that the effect is 1.67% for those who did not enroll in university, that is, the gain if they

had enrolled.

Conventional average treatment effects parameters are important by themselves, but these

parameters only answer policy questions in extreme cases. For example, the ATUT indicates

the effects of a policy forcing an entire population to receive university education. In contrast,

the MPRTE parameter of Carneiro, Heckman, and Vytlacil (2010, 2011) answers questions

about marginal gains from specific policies in a more general case. Table 3 presents estimates

of different definitions of the MPRTE, where the policy is considered as a marginal change

in the probability of university enrollment. The MPRTE of a policy intervention that has an

effect similar to a shift in one of the components of Z , is 9.46%. The MPRTE with a policy

that increases the probability of university enrollment by an amount α, is 9.39%. A policy

that changes the probability of university enrollment by the proportion (1+ α) provides slightly
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smaller effects. The MPRTE of such a policy is 6.64%, but standard errors are large.

I also calculate the average returns for those induced to enroll in university by a particular

policy shift as a counterfactual policy simulation. Table 3 reports the PRTE of two counterfactual

policies: (1) a policy of free tuition in public universities and, (2) a policy that increases university

capacity by 500 places if the number of places in the prefecture is less than the sample median

value of places. The PRTE of free public tuition has an effect of 8.17%, which is similar to the

magnitude of the ATE. The PRTE of increasing capacity suggests a larger impact, 10.73%. A

free public tuition policy is a large intervention, but it provides relatively smaller effects than

that of the capacity intervention. This is because it heavily weights on those with smaller MTE.

Figure 4 shows the weights on MTE for the PRTE parameters, all evaluated at the mean of

X . The capacity policy weights mainly the middle section of the MTE. The free public tuition

policy over-weights individuals with high values ofUD because its effect on enrollment is larger

for those with already high levels of P. These results suggest that the magnitude of the PRTE is

related to how a population is targeted.

Finally, I semiparametrically estimate the treatment effect parameters to examine the robust-

ness of the estimates with the parametric assumptions. These parameters cannot be identified

semiparametrically because the empirical support of P(Z ) lacks the full unit interval. However,

these parameters can be estimated over the empirical support when I restrict the weights to

integrate to one in the support. In Table 3, the semiparamteric estimates suggest substantial het-

erogeneity in the treatment effects of university education. The ATE is 9.18%, which is similar

to the magnitude of the parametric estimate. The ATT is 28.60%, which is much larger than the

parametric estimate. The ATUT now shows a large negative effect, -8.26%. The MPRTE that

has an effect similar to a shift in one of the components of Z , is 9.47%. The MPRTE with a

policy that increases the probability of university enrollment by an amount α, is 9.69%. These

estimates are very similar to the parametric estimates. These results validate the advantage of

MPRTE: the identification does not require a large support condition of P(Z ). The MPRTE

with a policy that changes the probability of university enrollment by the proportion (1 + α)

has a much smaller effect than the parametric estimate. The effect of such a policy is negative,

-2.47%. The PRTE of two counterfacutual policies are also examined. The semiparametric

estimates of PRTE are slightly larger than the parametric estimates. The PRTE of free public

tuition is 10.04%. The PRTE of increasing capacity is 12.72%. In general, the semiparametric
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estimates produce the same pattern as the parametric estimates. This suggests that the parametric

estimates are basically free from the assumptions, although the semiparametrically estimated

standard errors are too large to draw a confident conclusion.

4.5 Policy Simulations

In this section, I simulate several counterfactual policies to further investigate how PRTE varies

with different levels of policy intervention. First, I estimate the effects of different capacity-

increasing policies. Second, I evaluate the intervention of tuition reduction policies. Finally, I

examine tuition subsidies for individuals from economically disadvantaged families.

Table 4 reports the results of policy simulations that increase the capacity of local universities

by a different number of places if the number of places in the prefecture is less than the sample

median value of places. A policy increasing capacity by 100 places changes the probability

of university enrollment rate to 47.13%. This is 0.05% increase of the probability from the

baseline probability, 47.08%.31 The average returns to university education for those induced

to enroll in university by this policy change are 10.88%. Table 4 also shows that the magnitude

of PRTE is very similar across different increasing levels. If a policy increases the capacity by

1000 places, the PRTE is 10.68%. This magnitude is similar to that of a policy increasing fewer

places, because this large intervention increases the average university enrollment rate by only

0.53%. These results suggest that the university capacity-increasing policies affect individuals

with relatively high returns to schooling, but weakly encourage them to enroll in university.

Therefore, a stronger intervention on university capacity does not imply a substantial change in

the PRTE.

Table 5 presents the estimates of policies reducing tuition fees of public universities. A

10% reduction in tuition fees increases the probability of university enrollment to 48.58% and

provides 9.70% of the PRTE for those induced to enroll in university by this policy shift. A

further tuition reduction shows a larger impact on university enrollment. For example, raising

the reduction rate to 50%, the probability of university enrollment increases to 54.53%, which is

7.45% increase from the baseline probability. This higher university enrollment rate implies a

smaller PRTE because individuals with high UD are more induced to enroll in university by the

31Standard deviations of the baseline propensity score are 23.92%. Minimum value is 0.13%. Maximum value
is 99.17%.
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policy change. The PRTE of 50% reduction policy is 8.98%. A 100% reduction, namely free

tuition policy increases the probability of university enrollment to 61.47%, and the magnitude

of PRTE decreases to 8.17%, although the differences are not statistically significant. These

simulations indicate that the tuition reduction policies strongly encourage individuals to enroll

in university, and thus the large tuition reduction provides small average returns to university

education.

Finally, I simulate tuition subsidies for students from economically disadvantaged families

to examine the effects of national scholarships that will start from the academic year 2018. The

scholarships aim to support students from low-income families go to university or other higher

education institutions. Students are eligible to apply for the scholarships if they satisfy one of

these conditions: they are from low-income families with residential tax-exempt status, they are

from families receiving public assistance, and they live in children’s homes or youth treatment

centers at age 18 (JASSO, 2017). Unfortunately, the data set has no information about family

income at the time of university admission. Therefore, I use low parental education as a proxy

for economically disadvantaged families in the simulation.

Table 6 shows the simulation results of tuition subsidy policies. I simulate annual tuition

subsidies offered only to individuals whose parents do not finish high school or other upper

secondary education. About 29.68% of observations in the sample are eligible for the subsidies,

which is a relatively high share of low educated parents because the analysis data contain older

cohorts. A tuition subsidy of 100,000 JPY raises the probability of university enrollment to

48.81%. The PRTE for those induced to enroll in university by the subsidy is 12.82%. These are

greater impacts than that of the 10% tuition reduction policy. The distributional change in the

propensity score shows that the policy mainly affects individuals with lower baseline probability,

compared to the tuition reduction policies. These imply that the policy affects students who are

at the margin of university enrollment due to the tuition burden.

I also simulate 500,000 JPY annual tuition subsidy. This amount of subsidy is roughly

equivalent to the maximum total amount of the new national scholarships, which is 40,000 JPY

per month (JASSO, 2017). The subsidy increases the average propensity score to 56.54%. This

change is greater than that of the 60% tuition reduction. The PRTE of this policy is 10.26%. The

effect is smaller than that of 100,000 JPY subsidy because individuals with lower benefits are

more induced to enroll in university, but still is substantial compared to that of tuition reduction
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policies. These results suggest that tuition subsidies for students from low-income families

might be an effective policy to reduce the inequality in an opportunity of university education.

4.6 Sensitivity Analysis

In Table 7, I examine the robustness of the main results, presented in Section 4.4. First, I

investigate whether an alternative choice of the sample changes the results. In this paper,

I exclude high school dropouts from the sample to consider binary choice at the university

enrollment. Column 2 presents estimates of the model including high school dropouts. The

estimates show similar patterns as those of the baseline in column 1, although the magnitudes

are slightly smaller.

Second, I examine that the results are robust to the inclusion of additional controls for

current local labor market conditions. Column 3 presents estimates from the model including

unemployment rates and prefectural average earnings at the current residence as additional

controls. The patterns of the estimates are the same as in the baseline, while marginally larger.

Finally, I show that the results are insensitive to the choice of instruments for the policy

simulations. One concern in this paper is that the tuition variable is correlated with the university

quality. Following Carneiro, Heckman, and Vytlacil (2011), I re-estimate the model excluding

the tuition variable from the set of instruments. Column 4 shows that the results are consistent

with the baseline estimates. Another concern is whether the local university capacity is a valid

instrument. In column 5, I exclude the capacity variable from the set of instruments. The

magnitudes are larger, but the patterns of the estimates resemble that of the baseline model.

These results suggest that the main results are insensitive to the choice of instruments.

5 Conclusion

This paper investigates the efficacy of a counterfactual policy intervention that reduces inequality

in availability for local universities in Japan. For this objective, I estimate the MTE using

instruments that reflect the direct costs of college attendance: total accredited capacity of all

universities and tuition of public universities in the prefecture of residence at age 15. These

measures capture cross-time and cross-prefecture variation, because I also control for a set of
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birth cohorts and prefecture dummies. I use an empirical framework that allows students’ self-

selection based on their heterogeneous returns, and I recover the average and marginal returns

to university education as weighted average of MTE. Specifically, I analyze the impacts of a set

of counterfactual simulations as the PRTE, which show the effects of university education for

those induced to enroll in university due to a counterfactual policy change.

The main results of this paper are as follows. First, MTE varies across individuals. This

implies substantial heterogeneity of the marginal effects of university education. The test of

whether the slope of the MTE is zero for the normal selection model shows that σ1v − σ0v =

−0.3064. This figure suggests that heterogeneity in Japan is larger than in the US (Carneiro,

Heckman, and Vytlacil, 2011) or Sweden (Nybom, 2017), but smaller than in Russia (Belskaya,

Sabirianova Peter, and Posso, 2014).

Second, the estimates of a conventional ATE parameters show that additional university

schooling increases hourly wages. The ATE is 8.89%, which indicates the effects for the

population. Additionally, this paper finds heterogeneous average effects by subpopulation group.

The average effect for those enrolled in university, ATT, is 17.43%, but for the ATUT, the effect

is 1.67% for those who did not enroll.

Finally, I find that counterfactual policy interventions increasing the probability of university

enrollment provide significant positive effects of university education. The MPRTE regarding

a general policy that marginally increases enrollment probability show the positive effects of

university education, but the effects are substantially different by affected population. The PRTE

estimates of tuition subsidies suggest that financial aid policies for students from economically

disadvantaged families might be useful in reducing inequality. However, the results of the PRTE

of different levels of capacity increase and tuition reduction show that larger interventions result

in relatively smaller benefits, because individuals with smaller the MTE are more affected.

These results appear to show that an equal expansion of opportunity to go to university might

be inefficient. In conclusion, there is potential room for policy interventions in university

enrollment opportunities, as individual benefits of university education induced by such policy

interventions are unstable due to the heterogeneity in returns to schooling.

I acknowledge that there are several limitations of the present paper. First, the program

evaluation framework rules out general equilibrium effects or peer effects. For example, if there

is a large increase in capacity of university by a policy change, then there is a large increase
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in the supply of skilled labor. This lowers the relative price of skilled labor, and thus violates

the assumption of identification. As such, the distribution of potential outcomes is changed by

a policy intervention. Therefore, the results of the PRTE might overstate the impacts of policy

interventions. The estimates of the MPRTE are relatively robust to this violation, because

the MPRTE evaluates marginal gains corresponding to a marginal change in the probability of

university enrollment by a policy shift.

Second, I paid less attention to the quality or heterogeneity of university due to data limi-

tations.32 The estimation model implicitly assumes that the marginal impact of local capacity

is homogeneous across the individuals, conditional on the control variables. This is an invalid

assumption if marginal impacts of local university increases are heterogeneous across students’

abilities. This paper is unable to control for the respondent’s ability measures or skill measures

relating to cognitive and noncognitive skills, and thus the estimates might include the so-called

ability bias. However, in Japan, before the national achievement test held in 2007, there was no

uniform criteria-based national academic indicator for students under the secondary educational

level. In addition, students had no obligation to take an IQ test or tests for personal traits.

Therefore, it is difficult to analyze the role of ability in detail. Nybom (2017) shows the returns

to schooling substantially vary with respect to abilities in Sweden. The heterogeneous effects of

policy intervention in local college availability by degree of students’ ability may be a fruitful

topic for future research.

32For effects of college quality on earnings, see, for example, Dale and Krueger (2002, 2014) and Andrews, Li,
and Lovenheim (2016).
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Table 1: Summary Statistics
Variables High school University

(D = 0) (D = 1)
Years of schooling 12.3299 16.1439

(0.7384) (0.6304)
Log hourly wage 7.4813 7.7428

(0.5436) (0.5369)
Control Variables
Mother’s years of schooling 10.0539 11.4722

(2.2403) (2.2391)
Father’s years of schooling 10.1556 12.2285

(2.5825) (3.0751)
Number of siblings 1.6836 1.3527

(1.0304) (0.8185)
Age at the survey date 39.7728 39.5835

(7.2197) (7.0449)
Urban residence at age 15 0.0871 0.1937

(0.2822) (0.3955)
Rural residence at age 15 0.4346 0.2575

(0.4960) (0.4375)
Local population of ages 15–19 28.5065 34.4926
(in 10,000) (22.3170) (25.8994)
Local log earnings at ages 13–18 12.5964 12.6493

(0.2311) (0.2265)
Local job openings at ages 13–18 1.0370 1.0819

(0.7304) (0.7093)
Instrumental Variables
Capacity of universities 11.0961 17.3315
(in 1,000) (18.4653) (26.8027)
Tuition in public universities 25.0574 25.9429
(in 10,000) (18.3435) (17.7490)
Local log earnings in high school 12.6435 12.6926

(0.1996) (0.1971)
Local job openings in high school 1.0296 1.0402

(0.7328) (0.7067)
Number of observations 964 862

Notes: This table reports summary statistics of the analysis data. Local job openings indicate the active
job openings to applications ratio. Standard deviations are in parentheses.
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Table 2: University Enrollment Decision
Dependent variable: University Enrollment

Control Variables
Father’s years of schooling -0.0643

(0.0424)
Mother’s years of schooling 0.0568

(0.0560)
Number of siblings -0.1174

(0.0342)
Age at the survey date 0.0325

(0.0411)
Urban residence at age 15 0.1159

(0.0523)
Rural residence at age 15 -0.0978

(0.0309)
Local population of ages 15–19 -0.0250
(in 10,000) (0.0099)
Local log earnings at ages 13–18 2.0878

(1.0344)
Local job openings at ages 13–18 -0.1479

(0.0774)
Instrumental Variables
Capacity of universities 0.0114
(in 1,000) (0.0046)
Tuition in public universities -0.0069
(in 10,000) (0.0023)
Local log earnings in high school -2.4672

(0.9247)
Local job openings in high school 0.1299

(0.0731)
Test for joint significance of IVs
Chi-square 20.64
p-value 0.0004

Notes: This table reports the marginal effects evaluated at the mean value of each variable from the probit
model of university enrollment (a dummy variable that is equal to one if an individual has ever attended
university, and equal to zero if he has never attended university but has completed upper secondary
education). Local job openings indicate the active job openings to applications ratio. Survey year
dummies, cohort dummies, and a set of dummies for prefecture of residence at the age of 15 are also
controlled in the model but not reported. Robust standard errors are in parentheses, clustered by birth
year cohort and prefecture of residence at the age of 15. Chi-square and p-values indicate the results of
the test of joint significance of coefficients on the instrumental variables.
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Table 3: Estimates of Returns to a Year of University Education
Parameters
OLS 0.0549

(0.0056)
IV 0.1163

(0.0510)
Parametric Semiparametric

ATE 0.0889 0.0918
(0.0339) (0.2047)

ATT 0.1743 0.2860
(0.0519) (0.2581)

ATUT 0.0167 -0.0826
(0.0452) (0.2548)

MPRTE
Z k
α = Z k + α 0.0946 0.0947

(0.0343) (0.2036)
Pα = P + α 0.0939 0.0969

(0.0349) (0.2041)
Pα = (1 + α)P 0.0664 -0.0247

(0.0358) (0.2405)
PRTE
Free tuition 0.0817 0.1004

(0.0333) (0.2033)
Increase in 0.1073 0.1272
capacities of universities (0.0349) (0.2102)

Notes: This table reports estimates of returns to university education: average treatment effect (ATE),
average treatment on the treated (ATT), average treatment on the untreated (ATUT), marginal policy-
relevant treatment effect (MPRTE), and policy-relevant treatment effect (PRTE). The PRTE corresponds
to the two counterfactual policies: (1) free tuition: a policy of free tuition in public universities, (2)
increase in capacities of universities: a policy that increases capacities of universities by 500 places
if the prefecture has less than median value of places. The IV estimate uses P(Z ) as the instrument
(probit model for first stage with all instruments). Parametric column indicates the estimates for the
normal selection model. Semiparametric column indicates the estimates for the semiparametric model.
Standard errors (in parentheses) are obtained by the bootstrap method (250 replications). All estimates
are annualized (divided by 3.81 years).
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Table 4: Simulations of Policies Increasing University Capacity
Increased Places PRTE Propensity Score

Mean S. D. Min Max
100 0.1088 0.4713 0.2391 0.0013 0.9917

(0.0350)
200 0.1077 0.4718 0.2390 0.0013 0.9917

(0.0350)
300 0.1076 0.4724 0.2389 0.0013 0.9917

(0.0350)
400 0.1074 0.4729 0.2388 0.0013 0.9917

(0.0349)
500 0.1073 0.4734 0.2388 0.0013 0.9917

(0.0349)
600 0.1072 0.4740 0.2387 0.0013 0.9917

(0.0349)
700 0.1071 0.4745 0.2386 0.0014 0.9917

(0.0349)
800 0.1070 0.4750 0.2385 0.0014 0.9917

(0.0349)
900 0.1069 0.4756 0.2384 0.0014 0.9917

(0.0349)
1000 0.1068 0.4761 0.2383 0.0014 0.9917

(0.0349)

Notes: This table reports estimates of policy-relevant treatment effect (PRTE) of a counterfactual policy
that increases some places of university capacity if the prefecture has less than median value of places.
Standard errors (in parentheses) are obtained by the bootstrap method (250 replications). All estimates
are annualized (divided by 3.81 years). Increased places shows the number of places increased by
the counterfactual policy. Propensity score indicates the probability of university enrollment after the
counterfactual policy change. S. D. indicates standard deviations.
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Table 5: Simulations of Policies Reducing Tuition Fees
Reduction Rate PRTE Propensity Score

Mean S. D. Min Max
10% 0.0970 0.4858 0.2396 0.0019 0.9923

(0.0345)
20% 0.0952 0.5008 0.2400 0.0029 0.9929

(0.0343)
30% 0.0934 0.5157 0.2405 0.0044 0.9934

(0.0341)
40% 0.0916 0.5306 0.2410 0.0064 0.9939

(0.0339)
50% 0.0898 0.5453 0.2415 0.0070 0.9946

(0.0337)
60% 0.0881 0.5598 0.2421 0.0073 0.9959

(0.0336)
70% 0.0864 0.5740 0.2427 0.0076 0.9968

(0.0335)
80% 0.0848 0.5879 0.2432 0.0080 0.9977

(0.0334)
90% 0.0832 0.6015 0.2438 0.0083 0.9984

(0.0334)
100% 0.0817 0.6147 0.2443 0.0087 0.9989

(0.0333)

Notes: This table reports estimates of policy-relevant treatment effect (PRTE) of a counterfactual policy
that reduces tuition fees of public universities. Standard errors (in parentheses) are obtained by the
bootstrap method (250 replications). All estimates are annualized (divided by 3.81 years). Reduction rate
shows the tuition reduction rate by the counterfactual policy. Propensity score indicates the probability
of university enrollment after the counterfactual policy change. S. D. indicates standard deviations.
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Table 6: Simulations of Tuition Subsidies
Amount of Subsidy PRTE Propensity Score
(in JPY) Mean S. D. Min Max
100,000 0.1282 0.4881 0.2283 0.0023 0.9917

(0.0385)
500,000 0.1026 0.5654 0.2079 0.0031 0.9917

(0.0353)

Notes: This table reports estimates of policy-relevant treatment effect (PRTE) of a counterfactual policy
of tuition subsidies for individuals whose parents do not complete high school or other upper secondary
education. Standard errors (in parentheses) are obtained by the bootstrap method (250 replications). All
estimates are annualized (divided by 3.81 years). Propensity score indicates the probability of university
enrollment after the counterfactual policy change. S. D. indicates standard deviations.
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Figure 1: Support of P(Z ) for D = 1 and D = 0

Notes: This figure shows the support of P(Z ) for those who enroll in university (D = 1) and for those
who do not (D = 0). P(Z ) is predicted using the estimates from a probit model of university enrollment
(a dummy variable that is equal to one if an individual has ever attended university, and equal to zero if
he has never attended university but has completed upper secondary education) on mother’s and father’s
years of schooling, the number of siblings, age at the survey date, dummy variables of survey years,
dummy variables of urban and of rural residence at the age of 15, local population of age 15–19, local
log earnings at age 13–18, local job openings at age 13–18, capacity of local universities, tuition in local
public universities, local log earnings in high school, the active job openings to applications ratio in high
school, cohort dummies, and a set of dummies for prefecture of residence at the age of 15 (see Table 2).
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A Data Construction

This appendix describes the construction of the instrumental variables. The data source for

capacity of universities is Zenkoku Daigaku Ichiran. This book is published with a list of all

accredited national, prefectural, municipal and private universities in each academic year by the

Bunkyo Kyokai. It contains the detailed information on the accredited capacity, the location,

and the date of opening and closing by the department of the university. I collected the total

quota for new students offered in each prefecture of an academic year in the department level.

If the department is located in more than one prefecture, I take the prefecture where students

of the department stay in longer. If general education courses are collectively offered in the

other prefecture, I assign each department to the prefecture where they offer an upper-level

or a specialized course. I exclude the universities that offer only in correspondence, Internet

learning and a graduate school. I also exclude following categories of departments: art, music,

religious, home economics, and physical education. An important problem is the conversion of

female to co-ed universities. Zenkoku Daigaku Ichiran provides the information on conversion

of single-sex to co-ed in university or college level, but not in department level. I search the

history of the university in the official web cite or in an official report published by the university,

and I identify the department started to offer courses to male. If I am unable to identify which

department was changed to co-ed, I assume that all departments offer co-ed courses based on

the information of Zenkoku Daigaku Ichiran.

Tuition data are based on Keisetsu Jidai for 1972-2000, published by Obunsha. I define

tuition is sum of entrance fees and course fees. Some prefectural and municipal universities

have price discrimination by residential area of students. I assign minimum price of tuition for

intra-regional students if prefectural or municipal universities are available and assign maximum

price of tuition for extra-regional students if there is no prefectural ormunicipal universities in the

prefecture of residence at the age of 15. I construct themeasure as accredited capacities weighted

averages over prefectural and municipal universities in a prefecture, or at the regional level if

prefectural and municipal universities are not available. The region is based on the definition

of region code of the Labor Force Survey (Rodo-Ryoku Chosa) of the Statistics Bureau of the

Ministry of Internal Affairs and Communications.

The active job openings to applications ratio (yuko kyujin bairitsu) is based on the report on
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employment service (shokugyou antei gyoumu toukei) of the Bureau of Employment Security of

theMinistry of Health, Labour andWelfare. It is defined as the number of active job openings per

the number of active applications. I use the ratio that excludes new graduates and part-timers. I

construct average local earnings in high school years from the annual average monthly total cash

earnings (establishments with 30 employees or more) of the Monthly Labor Survey (Maigetsu

Kinro Tokei Chosa). Local earning is evaluated at the 2005 consumer prices and transform it in

logarithm.
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B Definitions ofWeights for the Treatment Effect Parameters

The treatment effect parameter ( j) is weighted averages of the MTE with a weight (ω j) condi-

tional on X = x that can be estimated as,

∫ 1

0
MT E(x,UD)ω j (x, uD)duD,

where j = {ATE, ATT, ATUT, PRTE, MPRTE}.

Heckman and Vytlacil (2005) and Carneiro, Heckman, and Vytlacil (2010, 2011) provide

the weights:

ωAT E (uD) = 1

ωATT (uD) =

∫ 1
uD

f (p)dp

E(P)

ωATUT (uD) =

∫ uD
0 f (p)dp

E(1 − P)

ωPRT E (uD) =
FP(uD) − FP∗ (uD)
EFP∗

(P) − EFP (P)

ωMPRT E (uD) =
fP(uD) fV

(
F−1

V (uD)
)

E
(

fV
(
µD (Z )

)) for Z k
α = Z k + α

ωMPRT E (uD) = fP(uD) for Pα = P + α

ωMPRT E (uD) =
uD fP(uD)

E(P)
for Pα = (1 + α)P,

where f is the desity of P(Z ) and conditional on X = x is implicit.
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Table 8: Coefficients Estimates in University Enrollment Decision Model
Dependent variable: University Enrollment

Control Variables
Father’s years of schooling -0.1617

(0.1065 )
Father’s years of schooling squared 0.0115

(0.0044)
Mother’s years of schooling 0.1429

(0.1407)
Mother’s years of schooling squared -0.0012

(0.0065)
Number of siblings -0.2953

(0.0859)
Number of siblings squared 0.0198

(0.0183)
Age at the survey date 0.0818

(0.1034)
Age at the survey date squared 0.0002

(0.0009)
Urban residence at age 15 0.2913

(0.1316)
Rural residence at age 15 -0.2459

(0.0776)
Local population of ages 15–19 -0.0628
(in 10,000) (0.0248)
Local population of ages 15–19 squared 0.0005
(in 10,000) (0.0002)
Local log earnings at ages 13–18 5.2492

(2.6017)
Local job openings at ages 13–18 -0.3719

(0.1946)
Instrumental Variables
Capacity of universities 0.0288
(in 1,000) (0.0117)
Tuition in public universities -0.0173
(in 10,000) (0.0057)
Local log earnings in high school -6.2036

(2.3256)
Local job openings in high school 0.3267

(0.1839)

Notes: This table reports the coefficients from the probit model of university enrollment (a dummy
variable that is equal to one if an individual has ever attended university, and equal to zero if he has never
attended university but has completed upper secondary education). Local job openings indicate the active
job openings to applications ratio. Survey year dummies, cohort dummies, and a set of dummies for
prefecture of residence at the age of 15 are also controlled in the model but not reported. Robust standard
errors are in parentheses, clustered by birth year cohort and prefecture of residence at the age of 15.
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