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1. Introduction

While Switzerland’s competitiveness is mainly based on innovation and human
capital formation, graduation rates at university are particularly modest (and
even low for individuals with migration backgrounds) in comparison with other
high-innovation countries (OECD, 2013). The attractiveness of tertiary voca-
tional education, the development of the universities of applied sciences' and the
low expected returns associated with completing a university degree may explain
such a phenomenon. Indeed, WoLTER and WEBER (2005) report that the wage
premium obtained after university graduation is the lowest among all educa-
tional levels in the Swiss education system. This statement has been confirmed
by a recent report from the Swiss Coordination Centre for Research in Educa-
tion (CSRE, 2010). However, no prior study focusing on returns to schooling in
Switzerland investigates if all students benefit to the same extent from a university
degree in Switzerland while accounting for heterogeneity in returns to schooling
is crucial to draw policy recommendations.

While traditional human capital theory (BECKER, 1964; MINCER, 1974)
assumes that higher education provides students with skills that are equally
rewarded in the labor market (i.e., productivity explanation), the selection explana-
tion considers that the positive relationship between wage and higher education
results from a self-selection process based on individual heterogeneous attributes.

a  University of Neuchitel, Institute of Economic Research, Pierre-3-Mazel 7, CH-2000 Neu-
chatel, Switzerland. Email: lionel.perini@unine.ch.

1 Compared to PhD-granting institutions, universities of applied sciences are more oriented
towards practice (e.g., by giving the possibility to follow on-the-job training programs) and
proposes other acceptance criteria (e.g., students with a professional matura are allowed to
enter directly in these institutions).
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Contrary to the traditional formulation of human capital where returns to school-
ing are implicitly assumed to be homogenous, the selection explanation consid-
ers heterogeneity in returns to schooling, i.e., the impact of schooling on wages
may differ across individuals with identical educational levels.

The literature on the selection explanation confronts two different viewpoints.
First, the positive selection explanation assumes that selection in higher educa-
tion is a rational decision based on expected gains in income, skills or knowl-
edge, net of opportunity costs of pursuing educational investment (WiLLIs and
Rosen, 1979; Carp, 2001). In other words, youths self-select into schooling
on the basis of the principle of comparative advantage (WiLLis and RoseN,
1979; HeckmaN, Urzua, and Vyrracir, 2006; CARNEIRO, HECKMAN, and
VyrraciL, 2007), which implies that high propensity students obtain higher
returns to schooling because of their ability, motivation or favorable parental
backgrounds. Some recent researches in sociology (Tsar and Xi1g, 2008; BRaND
and XIE, 2010), however, consider that the decision to attend higher education
is not always rational because norms, expectations or encouragements may differ
by family background, leading to different selections mechanisms (COLEMAN,
1988; SmitH and PoweLL, 1990; MoRrGaN, 2005). Individuals facing low labor
market opportunities may have stronger economic incentives to invest in higher
education. One consequence of this negative selection hypothesis is that returns
to higher education can be higher for low propensity individuals if we assume
that individuals with favorable backgrounds may have access to superior labor
market positions even in the absence of higher education. Expressed differently,
completing a university degree may augment more the labor market opportuni-
ties of less-endowed individuals than that of their more-endowed peers.

In this context of self-selection where earnings level results from a combi-
nation between individual background attributes and the appropriate level of
schooling, this study is a first attempt to determine what type of individu-
als benefits most from a university degree in Switzerland. For that purpose, I
compare university and matura graduates on the grounds that the lacter is the
unique group having a direct access to university education.” The focus on
parental background attributes is particularly relevant for the Swiss case given
that access to university education for less-gifted individuals is full of economic,
institutional, social or motivational barriers (VELLACOTT and WOLTER, 2004).
This research also aims at completing the literature on the intergenerational

2 Since 2005, professional matura graduates have also access to university education but have
to pass an additional formation of one year, with final examination (“Passerelle Dubs”). How-
ever, only 3% of these students uses this possibility (CSRE, 2010).
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transmission of educational attainment in Switzerland whose results suggest
that schooling choice is essentially determined by parental education and family
income (FALTER, 2004; BAUER and RipHAHN, 2007; CATTANEO, HANSLIN, and
WINKELMANN, 2007).

The estimation procedure relies on hierarchical models based on propensity
score matching similar to those used in Tsar and X1E (2008), BRaND and XIE
(2010) and X1, BRAND, and Jann (2011). This study extends their analyses in
two ways. First, I consider Heckman selection models to account for sample selec-
tion bias. Second, the empirical analysis is completed by quantile regressions to
analyze the relation between inherent ability and returns to schooling. While
most of previous literature on schooling returns in Switzerland used data from
the Swiss Labor Force Survey (SLES), this paper resorts to the Swiss Household
Panel (SHP)® which contains numerous parental background variables of pri-
mary importance when estimating the probability to complete higher education.

The first part of the empirical study relies on a stratification-multilevel method
that consists in estimating the returns to schooling across different propensity
score strata. The different specifications lead to the conclusion that low propen-
sity students benefit most from completing a university degree. The negative
association between the propensity score and the returns to schooling, however,
is only significant for men when including labor market variables. For women,
the absence of a significant relation between these two variables in all models
leads to the rejection of the assumption of heterogeneous returns along the pro-
pensity score distribution.

The second part relies on a matching-smoothing method that fits a non-par-
ametric regression line to smooth the variation in matched wages™ differences
between matura and university graduates along the propensity score. The graphi-
cal analysis shows that returns to university education are rather homogenous
for both genders even if some local patterns can also sustain my previous state-
ment for men.

Finally, results from quantile regressions indicate that men with low inherent
ability benefit most from university education. Expressed differently, education
acts as a substitute for inherent ability in the generation of earning capability.
For women, returns are homogeneous along the conditional wage distribution.

The main findings of this study can be summarized as follows: (i) returns to
university education for men decrease significantly along the propensity score

3 This study has been realized using the data collected by the Swiss Houschold Panel (SHP),
which is based at the Swiss Centre of Expertise in the Social Sciences FORS. The project is
financed by the Swiss National Science Foundation.
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when labor market experience is accounted for, which leads to the rejection of
the comparative advantage hypothesis, (ii) women obtain homogeneous returns
to university education, whatever the specification considered, and (iii) univer-
sity education and inherent ability can be considered as subsitutes in the human
capital accumulation. However, as the estimation procedure is based on selec-
tion on observables, results must be interpreted in terms of associations and not
in a causal way.

This chapter is organized as follows. The second section presents the theoreti-
cal framework and provides a short review of the literature on returns to school-
ing in Switzerland. Data are described in section three. Empirical models are pre-
sented in the fourth section while results are reported in section five. The section
six presents an auxiliary analysis based on a quantile regression framework. The
last section is devoted to the discussion.

2. Theoretical Background and Literature Review

2.1 Theoretical Framework

The main objective of causal inference is to determine the return to schooling
for an individual 7 which can be written as:

g=1-¥ 0

where the two right-hand side terms of equation (1) correspond to the potential
wages resulting from university or matura graduation, respectively. However,
the fundamental problem of causal inference is that we cannot observe the same
individual for two different treatment status simultaneously (HoLrLanD, 1986).
As it is not possible to estimate the individual return to university education (3,
the literature concentrates on the average return to schooling E[3,] which is the
expected value of the difference between the two potential outcomes and corre-
sponds to the average treatment effect (ATE):

ATE = E[3)= EIY, | S, =1]— E[Y,] S, = 0] @
Let us consider the following wage regression:

Y, :ai—'_ﬁisi +u, 3)
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where Y, corresponds to the wage of individual 7, S, is a binary variable reflect-
ing the highest educational attainment (with §,=1 corresponding to a university
degree and S,=0 a matura degree) and #, corresponds to unobserved heterogene-
ity. The conditional wage expectations can then be written as:

E[Klsizl]:o‘i"f'E[ﬁi|Sz':1]+E[ui|Sz‘:1] 4)

ElY,|S, = 01= o, + Elu, | S, = 0] 5)

In the presence of observational data where individuals are not randomly selected,
we generally estimate a naive estimator of the ATE which can be decomposed
as follows:*

NATE = EIY, | S, =1]- E[Y;| S, = 0]

:E[ﬁi]—"_E[ui Si:l]_E[ui Si:O] ©)
ATE Selection bias
+P(S, = O){EIB | S, = 11— £13,|5, = 0}
Return bias

The selection bias is the main econometric issue in the literature on returns to
schooling. Indeed, the OLS estimator is biased when some components which
influence both schooling and earnings (e.g., ability) are not included among the
observed covariates (GRILICHES, 1977). If students with higher unobserved abil-
ity tend to acquire more schooling, the return to university education is upward
biased. This potential non-random assignment into schooling explains why the
main bulk of the literature resorts to an instrumental variable (IV) strategy to solve
this selectivity bias (KaNE and Roussg, 1993; CARD, 1995; HARMON and WALKER,
1995; Pons and GonzaLo, 2002). An alternative to control for unobserved ability
consists in using family fixed effects when data on twins are available (MILLER,
MuLvEey, and MART, 1995; ASHENFELTER and Rousk, 1998, RANTANEN, 2009).
When the schooling choice results from a self-selection process where individu-
als act (partially) on their unobserved wage gains, the estimation procedure faces
another econometric bias called the resurn bias which cannot be solved by tradi-
tional IV or fixed effects (FE) methods.” In this context, the traditional approach

4 See the full mathematical development of this formula (RoBERrTS, 2009) in the Appendix.

5 Instrumental variables may be independent of the unobserved wage gains in the overall popu-
lation, but conditional on those who participate in university education, they may no longer
be independent of the unobserved wage gains in this subgroup (CARNEIRO, HECKMAN, and
Vyrraciy, 2001; Basu et al.,, 2007). FE methods control for pre-treatment heterogeneity but
not for treatment effect heterogeneity (X1, BRaND, and Jann, 2011).
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to account for the return bias is to rely on control functions which represent the
conditional expectations of unobserved heterogeneity (GAREN, 1984; HECKMAN
and RoBs, 1985; HEckMAN and VyTraciL, 1998; DEscHENES, 2007). Gener-
ally, these functions are represented by the standard inverse Mills ratios from the
normal selection model (HEckMAN, 1979).° The inclusion of these functions in
the wage regression allows to obtain selection corrected estimator for the return
to schooling. However, the strong limitations faced by the traditional instrumen-
tal variables in this literature (see CHECCHI (2006) for some relevant examples)
reduce considerably the possibility to estimate these control functions.

In the absence of randomization or quasi-natural experiments, propensity
score matching (PSM) techniques emerge as the most interesting identification
strategy when assuming selection on observables. Results, however, cannot be
longer considered as causal. By assuming conditional independence’, the return
to schooling can be formulated as follows:

E[B,]= ELY,

S=U-EY|S=0LS |2 =1X) @)
Compared to the traditional OLS regression, PSM does not rely on a parametric
assumption between the outcome and the covariates and considers a common
support (or overlap condition) between treated and untreated units. X1e and Wu
(2005), BRanD and X1k (2010) as well as X1E, BRAND, and JANN (2011) estimate
heterogeneous returns to schooling by using hierarchical linear models based on
PSM and focus on the association between the propensity score and the returns
to schooling to determine the nature of the self-selection process. More precisely,
they estimate the return to higher education for different subpopulations grouped
according to their propensity to complete this degree. Compared to the tradi-
tional case in which heterogeneity in returns to schooling is determined through
the interaction between education and specific covariates (e.g., gender or race)
(Artongyt and DuNN, 1996; ASHENFELTER and RoUSE, 1998), accounting for
the propensity score is the best approach for solving the problems of variations
by schooling participation.

6 More recent studies which estimate the marginal treatment effect (MTE) parameter developed
by BjorkLUND and MorrITT (1987) but extended by Nobel Prize laureate JaAMes HEckmaN
and his co-authors (2001, 2007, 2011) rely on more developed control functions where the
conventional assumptions (i.e., linearity, normality and separability) are relaxed.

7 The conditional independence assumption (CIA) also called unconfoundedness or ignorabil-
ity assumes selection on observables, i.e., no unobserved variables may affect the treatment
and outcome variables simultaneously.
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2.2 Returns to Schooling in Switzerland: A Short Literature Review

Numerous studies have estimated the average return to years of education in
Switzerland by focusing on wage discrimination. Some of them analyzed wages
differentials by gender (KUGLER, 1988; DiekMaNN and ENGELHARDT, 1995;
FERRO-Luzz1 and SILBER, 1998) while some others were interested in discrimi-
nation towards foreign workers (GOLDER, 1997; DE CouLon, 1998). There is no
clear consensus on the magnitude of the return to schooling but the results sug-
gest that men obtain higher returns than women and that wage disparities vary
strongly across the immigrant group considered (e.g., country of origin, first or
second generation of immigrants). These studies, however, rely on the traditional
OLS method to estimate the return to schooling, most of them correcting only
for sample selection bias (KUGLER, 1998; DieckMANN and ENGELHARDT, 1995;
Dt CouLon, 1998).° One exception in this literature is the study of Suter (2006)
which uses smoking as instrumental variable to rule out selection bias. Focusing
on the role played by individual skills in the return to education, he finds that
20% of the return to schooling are explained by personal aptitudes rather than
by education itself.

The problem when estimating the return to years of education is that cre-
dentials among educational degrees are not accounted for. Indeed, most schol-
ars consider that it is not years of schooling per se which have an impact on
the wage premium but the obtention of a diploma (sheepskin effect). Creden-
tial models focus on the return to schooling across different education levels by
considering discrete measures of schooling such as highest educational achieve-
ment (SHELDON, 1992; WoLTER and WEBER, 2005; SUTER, 2006; CSRE, 2010).
Based on a cost-benefit analysis, WoLTER and WEBER (2005) report that private
returns to education are not homogenous along the schooling path. By compar-
ing university and academic matura graduates, they report annual rates of return
for university education of 5.4% for men and of 2.2% for women, which are the
lowest rates among all education levels. Such findings are supported by CSRE
(2010) whose estimation procedure relies on the traditional Mincer wage equa-
tion. Using compulsory schooling as reference group, they find that the annual
rate of return to university education is just above 7% for men and of 6.5% for
women. Both analyses, however, cannot pretend to give a causal interpretation to
their results given that they do not control directly for self-selection bias. SHEL-
DON (1992) and SuTER (2006) control for this endogeneity issue by accounting

8  Sample selection bias refers to the fact that non-observed wage of people who do not partici-
pate in the labour market makes the sample non-random.
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for the selection process into schooling. Their approach consists in estimating
wages and selection equations simultaneously by maximum likelihood. Using
data from the Swiss health survey project SOMIPOPS, SueLDON (1992) obtains
a rate of return to university education of 23.4% for men (5 years — annual rate:
4.7%). However, the size of the database considered (less than 50 observations)
may cast some doubts on the robustness of these findings. Relying on data from
the Swiss Labor Force Survey (1991 to 2003), SUTER (2006) obtains an average
return to university education for men of 11.6% (5 years — annual rate: 2.3%)
after correcting for selection bias. However, these studies do not tackle the issue
of heterogeneity in returns to schooling across university graduates.

A first actempt to account for heterogeneity in returns to schooling across indi-
viduals for Switzerland is from PEREIRA and Siiva-MARTINS (2004). Considering
OECD countries and using a quantile regression framework, they estimate the
return to years of education along the wage distribution which serves as proxy for
unobserved ability. For Switzerland, the authors report that men in the 9% decile
of the conditional wage distribution benefit more from education than their coun-
terparts in the 1% decile. In other words, inherent ability and education are com-
plements regarding wage increases. Such a result argues in favor of the positive
selection hypothesis where well-endowed students benefit most from schooling
according to the principle of comparative advantage. However, their approach does
not use a discrete measure of education and does not account for selectivity biases.

The current study focuses simultaneously on both heterogeneity and self-selec-
tion issues by estimating hierarchical models based on propensity score match-
ing (PSM). While the self-selection process is accounted for when estimating the
propensity score to complete university education, the empirical model also esti-
mates the trend in returns to schooling along the propensity score to determine
who benefits most from this degree.

3. Data

This study uses information gathered in the Swiss Household Panel which is a
longitudinal survey ongoing since 1999. For the empirical analysis, I consider
the thirteen waves (1999 to 2011) and a set of biographical data.” By combining
both datasets, I have access to a number of relevant variables such as educational
achievement, family background characteristics and labor market variables. The

9  The biographical data contains information on social origins for all individuals who were per-
sonally interviewed in any of the waves since 1999.
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main advantage of the biographical data is the presence of numerous pre-treat-
ment variables observed when the individual was 15 years old (i.e., before uni-
versity entrance) which are of primary interest when estimating the predicted
probability to complete higher education.'’ I take advantage of the longitudinal
structure of the data to select the last observation per individual across all the
waves. By dropping individuals with missing values, I obtain a sample size of
N =961 (N =443 for men and N = 518 for women) for the OLS framework and
of N=2898 (N =403 for men and N =495 for women) for the PSM framework
which also uses the biographical data.

The dependent variable is determined by the monthly gross labor income. As
is common in the literature, I take the logarithm of this variable for the esti-
mation procedure. The treacment variable is defined by a binary variable which
takes the value 0 if the highest educational achievement is an academic matura
degree and the value 1 if it is a university degree. Only individuals who are no
more in formation are considered to avoid a comparison between individuals who
are going to obtain a university degree and those who have already graduated.

To estimate the predicted probability to complete university education, I use
a set of different parental background variables which can be separated into
four main categories: financial, human and social capital as well as migration
background. The financial capital essentially refers to the family’s wealth or
income. Although the dataset does not include a measure of parental income, it
contains a variable indicating if the individual has suffered from financial prob-
lems during her adolescence. The human capital is measured by parental edu-
cation. Social capital is defined by the social gains resulting from interactions
between individuals (Bourbpiku, 1977; CoLEMAN, 1988). According to PutNam
(2000), we can separate this concept into two subgroups, i.e., the bonding social
capital (intra-family relations like parental involvement, closeness, or stabil-
ity) and the bridging social capital (social networks outside the family’s sphere
like parental connections with work collegues or neighbours). For the former, I
control for the family structure with a dummy variable equal to 1 if both par-
ents were living together when the individual was 15. The number of siblings
is also accounted for. For the latter, I introduce an index of social stratification
related to parents’ jobs (i.e., the Treiman prestige scale) which serve as proxy for
parental social class. Indeed, parents with high social positions may have strong
resources or social networks for helping their offspring to find a job in the labor

10 Tt is worth to point out that biographical data are based on retrospective information and may
be affected by measurement error.
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market. Finally, nationality of both parents and country of birth are accounted
for by migration background.

Labor market variables included in the wage equation are experience (number
of years spent in paid job), job tenure (change of job during the last year) and
activity rate (working time in percentage). A main advantage of the SHP data
compared to the traditional SLFS or other datasets lies on the fact that the vari-
able measuring labor market experience accounts for career interruption. Con-
sequently, I do not have to construct a variable capturing potential experience
as it is generally the case in the literature. Two additional variables, i.e., marital
status (married or not) and having children (yes-no), are used in a specific model
accounting for selection into job market. The description of variables and sum-
mary statistics are presented in Table 1.

Table 1: Description of Variables and Summary Statistics

Variables Description Matura University
Men Women Men Women

Labor market income

Wage Monthy gross labor income in 8.663 8.230 9.101 8.592
logarithm form (0.761) (0.750) (0.681) (0.681)

Labor market variables

Experience Number of years spent in paid | 25.956 20.933 23.764 18.832

job (12336)  (10.940) | (11213)  (10.066)
New job =1 if individual changed of job 0.138 0.109 0.113 0.126
during last year (0.346) (0.312) (0.317) (0.333)

Activity rate Working time (in percentage) 93.136  77.656 93.502 77.568
(19.111) (29.396) (16.896) (24.690)

Human capital

Father =1 if father is university 0.169 0.163 0.239 0.318
education education graduated (0.376) (0.370) (0.427) (0.466)
Mother =1 if mother is university 0.049 0.026 0.069 0.118
education education graduated (0.216) (0.160) (0.250) (0.322)

Financial capital

Financial =1 if individual experienced 0.208 0.149 0.134 0.147
problems financial problems at 15 (0.407) (0.357) (0.341) (0.355)

Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2)



Who Benefits Most from University Education in Switzerland? 129

Variables Description Matura University
Men Women Men Women
Social capital
Parents living =1 if yes 0.654 0.754 0.711 0.765
together (0.477) (0.431) (0.453) (0.424)
Siblings Having siblings =1 0.795 0.885 0.829 0.889
(0.405) 0.319) (0.377) (0.314)
Treiman scale: Index of mother prestige 39.770 39952 | 42.882 44.402
mother job position (min: 13, max: 78) (7.775) (7.228) (7.104) (8.899)
Treiman scale: Index of mother prestige 45.014  45.039 | 48.584 50.438
father job position (min: 13, max: 78) (11.185) (11.732) (11.265) (12.485)
Migration background
Father Swiss =1 if father is Swiss 0.733 0.723 0.721 0.627
(0.444) (0.448) (0.449) (0.484)
Mother Swiss =1 if mother is Swiss 0.679 0.714 0.692 0.589
(0.468) (0.453) (0.462) (0.492)
Country =1 if Switzerland 0.781 0.770 0.808 0.722
of birth (0.414) (0.421) (0.395) (0.448)
Other individual covariates
Age Age in years 44.238 46.983 | 47.237  44.167
(14.757) (13.201) (11.860) (11.184)
Married =1 if married 0.556 0.608 0.676 0.560
(0.498) (0.489) (0.469) (0.497)
Children =1 if yes 0.586 0.698 0.638 0.602
(0.494) (0.460) (0.481) (0.490)
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4. Empirical Framework

4.1 Homogenous Returns to Education

I first assume that the return to higher education is homogenous across individ-

uals. Using a traditional augmented Mincer equation, equation (8) is estimated
with OLS method:

1nYl. = Bo + 6151‘ + lei +e 8)

where InY] is the logarithm of the monthly gross labor income of individual 7, S,
is a dummy variable for university achievement, L, is a set of labor market vari-
ables and ¢, is an error term. The coefficient 3, represents the return to univer-
sity education supposed to be the same across individuals. However, it is likely
that women who would receive low wage in the labor market choose not to work
and this sample selection bias may overestimate their returns to schooling. To
account for this endogeneity issue, I also consider a sample selection model for
women that involves the two following equations:

lnY; =, + 80151' + ‘szi +n; )
where InY; is observed if

D =9,+97 +v,>0 (10)
where D, is a dummy variable indicating if the woman is working or not and Z,
is a set of observed covariates influencing the propensity to work. We assume
that n,~ N(0,0) and v,~ N(0,1). We can then write the coefficient of correlation

between the two residuals as p= corr(n,,v,). From equation (9), we then have:
EllnY, | D, =11=p, + ¢S, +¢,L + Eln,| D, =1] (11)

Under the joint normality assumption, we have:

EllnY | D, =1]=¢, + ¢, +¢,L + plEly,

D, =1] (12
Finally,

E[lnY.

i

D, =1]=¢, +@S, +@.L + p), (13)
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where A, corresponds to the inverse Mills ratio. If p=0, it means that the OLS
estimation suffers from a sample selection bias."

4.2 Heterogeneous Returns to Education
4.2.1 Stratification-Multilevel Model (SM-HTE)

Heterogeneous returns to education with regards to parental background are
first estimated with a stratification-multilevel method of estimating heterogene-
ous treatment effects (SM-HTE). The estimation procedure is composed of the
following steps:"

1. First, I estimate the predicted probability to select into higher education
P,=P(S,=1|X)), i.e., the propensity score to complete higher education for
each individual, through a logistic regression. I have then:

Uj)—ip) = CXP(CMO + CYIPBi) (14)

i
where PB, is a set of parental background characteristics.

2. Then, I obtain balanced propensity score strata where both treated and
untreated do not differ significantly in their predicted probabilities to be
treated. The implicit idea is to create subpopulations composed of “statisti-
cal twins”.

3. Next, I estimate the return to schooling within each propensity score stratum
by considering three different specifications:

— First specification: schooling estimates are obtained through a direct wage

comparison between university and matura graduates within each stracum:

anp =¥, T SplpSz‘p + 1, (15)

11 Economists, however, are used to estimate the selectivity effect by focusing on A(= p o). More-
over, the stata command “heckman” does not report any direct estimates of p.

12 The stata module “hte” developed by Jann, BRaND, and X1 (2008) has been used for these
analyses.
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where p corresponds to the propensity score stratum and ¢, represents the
return to schooling for individuals belonging to a given propensity score
stratum p;

— Second specification: 1 estimate a OLS wage regression including additional
covariates within each stratum:

InY, =¢,, +¢,S, +v,,L, +n, (16)

— Third specification: A sample selection model is considered within each pro-
pensity score strata for women. The wage equation can be represented as
follows:

le; _TOp_l_gOlpS +802p[’ +ppAip (17)

4. Finally, I examine the pattern in rates of return across the propensity score
strata by using a variance-weighted least-squares regression where the straca-
specific return to schooling is regressed on the propensity score strata rank R:

» :(bo +¢1R+¢p (18)

where ¢, corresponds to the predicted value of higher education for individ-
uals in the lowest propensity score strata and ¢, determines the pattern in
returns to schooling across propensity score strata. Consequently, this last step
allows to determine whether the return to schooling is positively or negatively
associated to the propensity score.

4.2.2 Matching-Smoothing Method (MS-HTE)

Although the stratification-multilevel model is easily interpretable and very intui-
tive, this approach has two main shortcomings. First, assuming that individuals
within the propensity score strata have the same return to schooling (within-group
homogeneity) may be questionable. Second, representing the pattern in returns to
schooling through a linear form may be restrictive. For these reasons, the match-
ing-smoothing method of estimating heterogeneous treatment effects (MS-HTE)
proposed in X1E, BRAND, and JaNN (2011) and BrRaND and SiMon-THOMAS (2012)
consists in fitting a nonparametric smoothed curve representing the evolution of
the returns to schooling along a continuous representation of the propensity score.

After estimating the propensity score for all individuals (see equation (14)), the
second step consists in matching treated and untreated persons on the propensity
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score with a traditional matching estimator. If the region of common support is
broad, kernel matching is relevant on the grounds that it uses weighted averages of
all untreated units to construct the counterfactual outcome. If not, the traditional
nearest neighbour matching (with one or five neighbours) is preferred. The third
step consists in representing the differences in outcomes between the matched
pairs created (i.e., one-to-one/five matching for nearest neighbour and one-to-
multiple matching for kernel) along a continuous representation of the propensity
score. Finally, the last step estimates a kernel-weighted local polynomial regres-
sion to fit the variation in matched differences as a function of the propensity
score. At the end, we obtain the average treatment effect on the treated (ATT):

n.
z

1 L
ATT == 1Y = w0, Y50 19)
i(7)

o

where 7, is the number of treated units, 7 is the index over treatment cases, j is
the index over control cases, and w, ;, represents the scaled weight that measures
the distance between each treated and control unit in the matched pair. In the
current study, ATT corresponds to the return to schooling for individuals who
completed university."”

5. Results

5.1 Homogeneity Assumption

The two first columns of Table 2 represent the baseline OLS specification (ref.
equation (8)). Results show that the average return to university education is
positive and significant for both men and women but higher for men, which
is a common finding in this literature. More precisely, I obtain an annual rate
of return of 11.9% for men and 6.2% for females by assuming that the aver-
age length of university education is four yeatrs.14 Concerning the covariates,

13 The objective of the ATE is to evaluate what is the expected effect on the outcome if indi-
viduals were randomly assigned to the treatment while the objective of the ATT is to explic-
itly evaluate the effects on those for whom the programme is actually intended (GrirL1 and
RamricHINI 2011).

14 SHP data does not allow for distinguishing university education by study programs such as
Bachelor (3 years), License (4 years) and Master (5 years). Annual schooling returns estimates
are computed by using (e =1) /4 (HaLvorsen and PaLmquist, 1980).
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Table 2: Homogenous Returns to University Education, OLS Estimation
Models Sample selection
Gender Men ‘Women Women
Explanatory variables Coefficients
Education
University 0.388*** 0.222%** 0.196***
(0.058) (0.045) (0.045)
Labor market variables
Experience 0.046*** 0.049*** 0.042***
(0.009) (0.010) (0.010)
Experience squared -0.001** -0.001** -0.001***
(0.000) (0.000) (0.000)
New job -0.225%% -0.244%% -0.254
(0.081) (0.076) (0.076)
Activity rate 0.014*** 0.018*** 0.017***
(0.001) (0.001) (0.001)
Constant 7.021%* 6.662*** 6.972%*
(0.155) (0.115) (0.150)
Selection equation
Age 0.289***
(0.025)
Age squared -0.003***
(0.000)
Children -0.402%**
(0.088)
Married -0.342%+*
(0.081)
Constant -5.277**
(0.543)
Inverse Mills ratio
lambda -0.245%**
(0.078)
Adjusted R-squared 0.372 0.497
N 443 518 1772
Censored observations 1254
Uncensored observations 518

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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experience, squared experience, new job and activity rate follow the expected
sign for both genders. The sample selection model for women is presented in the
third column of Table 2. The selection equation reports that having children and
being married influence negatively and significantly the propensity of women to
enter into the labor market. The parameter A is negative and significant, which
indicates that OLS estimates are upward biased. The selection corrected average
return to schooling for women is of 5.4%.

5.2 Heterogeneity Assumption
5.2.1 Stratification-multilevel model (SM-HTE)

I turn now to the stratification-multilevel model (SM-HTE) which consists in
estimating the returns to university education within homogenous subpopula-
tions ranked according to their propensity to attend and complete university
education.

Results from logistic regressions (ref. equation (14)) are presented in Table 3.
Surprisingly, parental education does not influence significantly the propensity to
complete university education but the parental social class plays an important role
for both genders to ensure an intergenerational transmission of socioeconomic
status between parents and their offspring. For men, being born in Switzerland
and having parents from high social classes increase significantly the probability
of access to university education. For women, the variable related to financial
problems during adolescence reports a positive and significant sign. This find-
ing suggest that there is a negative selection into schooling given that women
suffering from financial difficulties when aged 15 are more prone to enroll into
university. Tables 7 and 8 in the Appendix report the means for the covariates
by treatment and control group, before and after matching,.

Figure 1 relates the frequency distribution of the propensity score for matura
and university graduates. Although we can see a relatively good overlap within
each group, there are no sufficient observations at the extreme tails of the distri-
butions, especially for men in the lowest part of the distribution. To conduct a
reliable statistical analysis, I collapse the propensity score strata in the extreme
tails of the respective distributions to ensure at least 15 treated and untreated
individuals within each stratum, which is the rule of thumb in this literature. As
a result, I obtain three balanced propensity score strata for each gender.”

15 Detailed information is presented in Table 9 in the Appendix.
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Table 3: Predicted Probability to Complete University Education, Logistic Regressions

Gender Men Women
Explanatory variables Coefficients
Father education 0.540 —-0.072
(0.462) (0.314)
Mother education —-0.265 0.531
(0.656) (0.536)
Financial problems —0.377 0.738**
(0.353) (0.304)
Parents living together 0.285 -0.149
(0.413) (0.376)
Treiman scale: mother job 0.029** 0.040***
(0.018) (0.014)
Treiman scale: father job 0.024* 0.029***
(0.013) (0.009)
Siblings 0.005 0.327
(0.347) (0.345)
Father Swiss -0.242 -0.215
(0.440) (0.385)
Mother Swiss —0.124 —-0.730*
(0.405) (0.370)
Country of birth 0.768* 0.282
(0.451) (0.354)
Age 0.221** 0.171*
(0.097) (0.078)
Age squared —-0.002** —-0.002**
(0.001) (0.001)
Constant —7.169*** —5.592**
(2.517) (1.879)
LR chi(2) 43.65 72.68
Prob > Chi2 0.000 0.000
Pseudo R-squared 0.070 0.108
N 403 495

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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Figure 1: Distribution of the Propensity Score among Matura and University Graduates
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Table 4: Heterogeneous Returns to University Education, Stratification-Multilevel

Model (SM-HTE)

Models Stratification-multilevel method (SM)
Specifications First specification Second specification | Third specification
Outcomes’ OLS Sample selection
comparison
(1 2 ®3) 4 5 ()
Gender Men Women Men Women Women
PS strata Coefficients N
Strata 1 0.577* 0.307*** | 0.919** 0.222** 0.201** | -0.230
(0.343) (0.130) (0.270) (0.104) 0.101) (0.179)
Strata 2 0.370***  0.227** 0.488***  0.213*** | 0.206*** | -0.522**
(0.115) (0.090) (0.096) (0.080) (0.078) (0.202)
Strata 3 0.387***  0.206*** | 0.369***  0.205** 0.212** | -0.551
(0.111) (0.096) (0.098) (0.088) (0.086) (0.358)
Additional covariates No No Yes Yes Yes Yes
Linear trend
Slope —0.031 —0.047 -0.193*  -0.008 0.006
(0.132) (0.079) (0.110) (0.067) (0.066)
Intercept 0.463 0.337* 0.922**  0.230 0.195
(0.331) (0.181) (0.274) (0.151) (0.146)

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively. Column
g p Y-
5): age, squared age, civil status and having children are considered as covariates in the selection
86, 5q g g
equation.

Returns to university education by gender and by propensity score strata are
reported in Table 4 whose columns (1)—(2) represent the baseline model which
relies on wage comparison between university and matura graduates (ref. equa-
tion (15)), columns (3)—(4) refer to the OLS estimation with labor market var-
iables (ref. equation (16)) while column (5)—(6) report the sample selection
model estimates for women (ref. equation (17)).'° Figures 2 and 3 show the
trends in returns to schooling along the propensity score strata for the first

16 Detailed results are given in Tables 10 to 12 in the Appendix.
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Figure 2: Heterogeneous Returns to University Education,
Stratification-Multilevel Model (SM-HTE), Men
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two specifications (ref. equation (18)). The patterns are reflected by the linear
regression line where dots represent point estimates of the return to schooling
within each stratcum.

Overall, results indicate that low propensity individuals benefit most from uni-
versity education. However, the slope of the regression line across propensity
score strata is only significant for men when labor market variables are consid-
ered, which indicates that completing a university degree reinforces the earnings
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Figure 3: Heterogeneous Returns to University Education,
Stratification-Multilevel Model (SM-HTE), Women
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capability of low propensity men when controlling for the number of years spent
on the labor market. For women, results lead to a rejection of the heterogeneity
assumption in terms of returns to schooling. Indeed, no empirical model reports
a positive coefficient for the trend in returns to university education along the
propensity score. Using Heckman selection models, the third specification reports
that sample selection bias is still an issue, but only for women being in the middle
of the propensity score distribution.

Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2)



Who Benefits Most from University Education in Switzerland? 141

5.2.2 Matching-smoothing method (MS-HTE)

The second approach uses a matching-smoothing method (MS-HTE) which
consists first in matching individuals on their predicted propensity score and
second to estimate the returns to schooling nonparametrically at the matched
group level. I consider both nearest-neighbor (one and five controls) and kernel
matching algorithms while a kernel-weighted local polynomial regression is used
to smooth the variation in matched differences along the propensity score. As
mentioned before, the advantage of such a strategy is to relax the linear func-
tional form used in the SM-HTE to detect patterns in returns to schooling and
to consider heterogeneity at the matched group level (instead of assuming homo-
geneity within propensity score strata). This approach, however, does not allow
to proceed to significance tests between the matched pairs.

Figure 4 illustrates that returns to schooling are rather homogeneous along
the propensity score distribution. For men, however, the part of the distribution
below 0.6 is difficulty interpretable given the very low number of observations.
In this context, we can observe a slightly decreasing trend in returns to schooling
when considering the part of the propensity score distribution located between
0.6 and 1. In Table 5, ATT estimates are of 10.7% with NN matching, 11.0%
with NN(5) matching and 13.3% with kernel matching, which are very close
to the OLS estimate (11.9%)."” For women, the graphical analysis prones clearly
in favor of the homogeneity assumption. In Table 5, ATT estimates are of 4.8%
with NN matching, 4.9% with NN(5) matching and 5% with kernel match-
ing, somewhat below the return to schooling estimated with OLS (6.2%) that
is upward biased. Overall, the graphical analyses confirm — to a certain extent —
the previous results obtained by considering propensity score strata.

6. Auxiliary Analysis

This study estimates heterogeneous returns to university education along the pro-
pensity score distribution. The implicit objective is to analyze if parental back-
ground characteristics and education are complements or subsitutes in generat-
ing earning capability. The prior analysis, however, does not account for ability
criteria because no variables measuring test score are available in the SHP data.

17 The comparison between ATT and OLS parameters gives the nature of the selection bias.
When ATT is higher than OLS, it means that OLS estimates are downward biased and con-
versely. Here, however, the comparison is altered given that PSM does not consider labor
market variables as it is the case when estimating OLS regressions.
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Figure 4: Heterogeneous Returns to University Education,
Matching-Smoothing Model (MS-HTE)
MS — Kernel matching — Men
4
e Matura graduates Q
%ﬁ o University graduates
g 2
=
3 o
8 .
£ 04
3
o
~
-2 *° ) OO ° o
0.4 0.5 0.6 0.7 0.8 0.9 1.0
Propensity Score
MS — NN(5) matching — Men
4 3
50
£
)
)
=
b
S
£
3
g
22

Return to schooling

0.4

0.5 0.6 0.7 0.8 0.9 1.0

Propensity Score

MS — NN matching — Men

0.4

0.5 0.6 0.7 0.8 0.9 1.0

Propensity Score

Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2)



Who Benefits Most from University Education in Switzerland? 143

Return to schooling Return to schooling

Return to schooling

Figure 4
continued
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Table 5: Heterogeneous Returns to University Education,
Matching-Smoothing Estimates

Matching algorithms ATT
Men ‘Women
Nearest neighbor (NN), 1 control 0.356%** 0.176***
(0.120) (0.081)
Nearest neighbor (NN), 5 controls 0.364*** 0.179***
(0.093) (0.010)
Kernel 0.426*** 0.181**+*
(0.075) (0.052)

Notes: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
Wages in full-time equivalents. Local polynomial smoothing (degree 3, bandwith 0.8).

One possibility to overcome this issue is to lead a quantile regression analysis by
assuming that the conditional wage distribution reflects unobserved marketable
factors which translate directly into higher earnings (Buchinsky, 1998; Arias,
Harrock, and Sosa-Escupero, 2001). More precisely, the relative position-
ing of individuals in the earnings distribution can be related to systematic dif-
ferences in unobserved marketable attributes such as innate ability, motivation,
interpersonal skills, persistence or communication skills. Consequently, the dif-
ferent quantiles represent groups of individuals with similar unobserved inherent
ability. One advantage of this approach is to focus on different types of abilities
that may have an impact on earning potential while measures of test scores may
be biased through parental background and prior education.

Results presented in Table 6 show that men at the bottom of the unobserved
ability distribution benefit most from university education. Tests of equal slope
coefficients indicate that there are significant differences between the effects of
education on earnings along the conditional earnings distribution. More precisely,
the schooling coefficient for men in the 15" quantile is significantly higher (at
the 5% level) than those obtained by their peers in the 25", 50 and 75" quan-
tiles. For women, however, returns to schooling are rather homogeneous along
the unobserved ability distribution and coefficients do not differ significantly
between the different quantiles. Overall, results suggest that inherent ability and
education act as substitutes in generating earning capability for men while both
factors have no specific relation when considering women.
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Table 6: Quantile Regressions, Men and Women

Quantile 0.15 0.25 0.50 0.75 0.85
Explanatory variables Coefficients
Men
University 0.548*** | 0.470%** | 0.314™* | 0.334*** | 0.375"**
(0.141) 0.118) (0.053) (0.059) (0.057)
Experience 0.046™** | 0.038** 0.028*** | 0.042*** | 0.047***
(0.018) (0.010) 0.011) (0.013) (0.013)
Experience squared —-0.001** | —0.001* —0.000* —-0.001** | —0.001**
(0.000) (0.000) (0.000) (0.000) (0.000)
New job —0.605*** | —0.336** —0.258** -0.117 -0.046
(0.201) (0.141) (0.111) (0.085) (0.078)
Activity rate 0.020*** | 0.017** | 0.016** | 0.010*** | 0.007***
(0.002) (0.001) (0.001) (0.002) (0.002)
Constant 6.095** | 6.520%** | 7.084** | 7.708*** | 8.003***
(0.238) (0.180) (0.181) (0.249) (0.232)
Pseudo R-squared 0.339 0.276 0.202 0.132 127
Women
University 0.180*** 0.223%** 0.220*** 0.2347** 0.221%**
(0.068) (0.060) (0.038) (0.041) (0.052)
Experience 0.085*** 0.072%* 0.042%** 0.031*** 0.034***
(0.019) (0.023) (0.023) (0.007) (0.009)
Experience squared —0.002** | -0.001*** | -0.001*** | —0.001*** 0.001***
(0.000) (0.000) (0.000) (0.000) (0.000)
New job —0.465** -0.354 -0.173* -0.145 -0.122
(0.212) (0.223) (0.102) (0.094) (0.081)
Activity rate 0.022%** 0.020*** 0.016*** 0.015%* 0.012%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Constant 5.578%* | 6.040%** | 6.904*** | 7.279%* | 7.534%*
(0.201) (0.290) (0.102) (0.095) (0.108)
Pseudo R-squared 0.371 0.344 0.334 0.300 0.271

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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7. Conclusion

The objective of this research is to analyze the potential heterogeneity in wage
gains after completing a university degree in Switzerland. Indeed, recent micro-
econometric studies focus on differences in treatment effects among different
subgroups in the population on the grounds that the homogeneity assumption
is not always appropriate. As valid instruments for education are rather scarce,
PSM methods emerge as an interesting approach to account for heterogeneity
and self-selection under the conditional independence assumption. In this con-
text, this study relies on two differents hierarchical models based on propensity
score matching: a stratification-multilevel model and a smoothing-matching
approach.

The current work tests two opposite hypothesis about self-selection into uni-
versity education. The former comes from the selection explanation of human
capital theory which assumes that individuals self-select into schooling on the
basis of their expected returns to schooling which in turn leads to higher earnings
in the labor market. The latter stipulates that high propensity students who have
more ascribed attributes that are valuable in the labor market may still obtain
high earnings even if they do not well educationally. Consequently, it is possi-
ble that, under certain conditions, low propensity students benefit most from a
university degree.

The stratification-multilevel method (SM-HTE) suggests that low propensity
students benefit most from a university degree. However, the positive association
between the propensity score and the returns to education is only significant for
men when considering a specification which also controls for labor market vari-
ables. This finding suggests that accounting for labor market experience increases
the differences in returns to university education across the propensity score strata
in favor of low propensity men. For women, the non-significant slope coefficient
related to the trend in returns to education along the propensity score strata leads
to the rejection of the heterogeneity assumption in terms of returns to schooling.

The matching-smoothing method (MS-HTE) — which plots matched differ-
ences in wages between matura and university graduates against a continuous
representation of the propensity score — shows that the smoothed curve could
also be well approximated by a flat horizontal line for both genders. However,
the fitted line for men confirms the results obtained with the previous method
if we focus only the middle and upper parts of the propensity score distribution
(i.e., between 0.6 and 1).

An auxiliary analysis based on quantile regressions reveals that men with low
unobserved marketable skills also benefit most from university education while
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inherent ability and education act as two independent factors to determine the
level of returns to education in the case of women. In summary, completing a
university degree substitutes for a lack of inherent ability — and socioeconomic
background — in the generation of earning capability for men but has not het-
erogeneous impact for women.

The main conclusion of this study is that we cannot postulate in favor the
comparative advantage hypothesis: individuals with the highest idiosyncratic
returns to university education do not benefit most from this degree. In this con-
text, increasing the incentives of low propensity individuals to attend a university
degree seems particulatly well-adapted to reinforce both efficiency and equity in
university education, especially for men. As Switzerland lacks sufficiently tertiary
education graduates to boost its economic growth, social policies focusing on the
family background’s gap may be of primary importance. Indeed, focusing on
early childhood is very important given that differences in parental backgrounds
have far-reaching consequences on student’s educational path. For that purpose,
the recent introduction of the Concordat Harmos which makes pre-primary edu-
cation compulsory for all children aged between 4 and 6 is a very promising step.

The main caveat of this study is that PSM only controls for observed selec-
tion bias and not for “hidden bias”. In spite of this limitation, the three empiri-
cal models considered allow for a robust interpretation of the results. A second
caveat lies in the fact that the SHP data lacks some information to analyze more
precisely the self-selection mechanism into higher education. For example, data
available suffer from the absence of questions related to the motivations for study-
ing, parental support or ability tests. Future research should then focus on these
issues to provide a clearer interpretation of the self-selection mechanisms into
university education in Switzerland.

8. Appendices

8.1 NATE Parameter

The mathematical development of this Appendix is taken from Roberts (2009).
Let us consider the following regression model where returns to schooling 3, may
vary across individuals:

Y, =a;, + 5, +u, (20)

If I take the conditional expectations of potential wages, I have then:
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EY,|S, =1=a, + EB,|S, =11+ Elu,| S, =1] (21)
E[Y,|S, =0]=q, + Elu, | S, = 0] (22)

By subtracting the above equations from each other, I obtain:

E[Y,|S

—1]—E[, ;= 0]
EIB.|S, =1]+(Ely, | S, =1]— Elu | S, =0)  (23)

ATT Selection bias

where the ATT parameter (E[3,|S,=1]) is defined as the average return to school-
ing for individuals who select in university education.

The objective is now to recover the ATE (E[(3]) to define the second endo-
geneity bias, i.e., the return bias. For that purpose, I first decompose the ATE
parameter as follows:

E[B.]=P(S, =0)EB,|S l: )+ P(S, =1EB, ]S, =1)
=P(S. =0)EB.|S. =0)+(1—P(S, = 0)E(B.|S, =1)
:P(, 0)[£(5; | 1:0) E@B;|S, =DI+ELB ]S, =1]
I have then:

EIB,|S, =11= E[B]~ P(S, = O[E(G,|S, =0)— E(3,|S,=1]  (24)

By pluging equation (24) into equation (23), I obtain the naive estimator of the
average treatment effect (NATE) which can be written as

E[Y,|S. =1]— E[Y,

TATE
+P(S; =0)E(B, |5, =1)— E(5,| S, =0)]
Return bias

Elu,|S, =1]— Elu, | S, = 0])

Selection bias
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8.2 Additional Tables

Table 7: Propensity Score Matching and Covariates Balance, Men

Variable Sample Treated X ireased Bias(%) % reduc |Bias|

Father Unmatched 0.239 0.106 35.7 20.5

education Matched 0.213 0.107 28.4

Mother Unmatched 0.075 0.047 11.8 37.1

education Matched 0.066 0.048 7.4

Financial Unmatched 0.113 0.2 —24.0 8.6

problems Matched 0.115 0.194 -21.9

Parents living ~ Unmatched 0.906 0.871 11.1 5.1

together Matched 0.908 0.875 10.5

Treiman scale:  Unmatched 42.461 39.225 39.0 16.6

mother job Matched 42.141 39.442 32.5

Treiman scale:  Unmatched 48.217 42.775 44.6 16.6

father job Matched 47.518 42.980 37.2

Siblings Unmatched 0.840 0.812 7.3 10.5
Matched 0.843 0.812 6.5

Father Swiss Unmatched 0.774 0.741 7.5 31.1
Matched 0.767 0.745 5.2

Mother Swiss ~ Unmatched 0.723 0.682 8.9 6.5
Matched 0.725 0.686 8.4

Country of Unmatched 0.846 0.788 14.9 12.0

birth Matched 0.843 0.792 13.1

Age Unmatched 47.330 47.965 =5.7 54.8
Matched 47.59 47.877 -2.6

Age squared Unmatched 2348.100 2434.600 -8.3 38.5
Matched 2372.500 2425.700 -5.1
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Table 8: Propensity Score Matching and Covariates Balance, Women

Variable Sample Xt X eased Bias(%) % reduc | Bias|

Father Unmatched 0.298 0.148 33.7 22.6

education Matched 0.270 0.154 28.4

Mother Unmatched 0.123 0.029 36.1 47.5

education Matched 0.078 0.028 19.0

Financial Unmatched 0.154 0.110 13.3 24.8

problems Matched 0.148 0.114 10.0

Parents living ~ Unmatched 0.902 0.924 -7.8 7.5

together Matched 0.900 0.924 -8.4

Treiman scale:  Unmatched 44.091 40.000 46.4 31.9

mother job Matched 43.038 40.253 31.6

Treiman scale:  Unmatched 50.220 44.315 46.9 24.6

father job Matched 49.176 44.724 35.4

Siblings Unmatched 0.912 0.890 7.3 58.8
Matched 0.907 0.898 3.0

Father Swiss Unmatched 0.695 0.814 -28.0 19.1
Matched 0.711 0.808 -22.7

Mother Swiss ~ Unmatched 0.646 0.790 -32.6 18.7
Matched 0.667 0.784 -26.5

Country of Unmatched 0.786 0.848 -16.0 13.7

birth Matched 0.793 0.846 -13.8

Age Unmatched 44.877 47.538 -26.3 19.8
Matched 45.004 47.138 -21.1

Age squared Unmatched 2103.400 2373.8 -29.7 19.6
Matched 2115.000 2332.5 -23.9
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Table 9: Detailed Information on the Propensity Score Strata

Gender Men Women
Common support

Min 0.178 0.088
Max 0.977 0.964
Propensity score strata Size of the strata

Strata 1 [0.0-0.6] [0.0-0.4]
Strata 2 [0.6-0.8] [0.4-0.6]
Strata 3 (0.8-1.0] [0.6-1.0]

Propensity score strata

N within strata

Strata 1 33 95
Matura 15 62
University 18 33
Strata 2 183 199
Matura 50 103
University 133 96
Strata 3 187 201
Matura 21 45
University 166 156
Total 403 495
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Table 10: Stratification-Multilevel Model, OLS Estimation, Men

Propensity score strata Strata 1 Strata 2 Strata 3

Explanatory variables Coefficients

Education

University 0.919**+* 0.488*** 0.369**
(0.270) (0.096) (0.098)

Individual covariates

Experience 0.016 0.055** 0.040**
(0.048) (0.017) (0.016)

Experience squared —0.003 —0.001** —0.001**
(0.001) (0.000) (0.000)

New job -0.716 -0.266* —0.372%**
(0.452) (0.147) (0.137)

Activity rate 0.008 0.013*** 0.018***
(0.004) (0.002) (0.001)

Constant 7.895%** 6.939** 6.796***
(0.835) (0.294) (0.249)

Adjusted R-squared 0.395 0.323 0.430

N 29 166 182

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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Table 11: Stratification-Multilevel Model, OLS Estimation, Women

Propensity score strata Strata 1 Strata 2 Strata 3

Explanatory variables Coefficients

Education

University 0.222%* 0.213** 0.205**
(0.104) (0.080) (0.088)

Individual covariates

Experience 0.085%** 0.067**+* 0.035*
(0.022) (0.023) (0.019)

Experience squared —0.001*** —0.001*** —-0.001
(0.000) (0.000) (0.001)

New job 0.053 —0.303** —-0.296**
(0.241) (0.137) (0.120)

Activity rate 0.022%** 0.017** 0.019**
(0.002) (0.001) (0.002)

Constant 5.934*** 6.587*** 6.762***
(0.311) (0.249) (0.213)

Adjusted R-squared 0.658 0.475 0.501

N 86 187 178

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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Table 12: Stratification-Multilevel Model, Sample Selection Specification, Women

Propensity score strata Strata 1 Strata 2 Strata 3

Explanatory variables Coefficients

Wage equation

University 0.201** 0.206*** 0.212**
(0.101) (0.078) (0.086)
Experience 0.081*** 0.048** 0.028
(0.022) (0.024) (0.020)
Experience squared —-0.001* —-0.001 —0.000
(0.000) (0.001) (0.001)
New job 0.049 —0.311** —0.324%**
(0.232) (0.134) (0.122)
Activity rate 0.021**+* 0.017**+* 0.018**+*
(0.002) (0.002) (0.002)
Constant 6.107*** 6.881*** 7.026***
(0.332) 0.272) (0.274)

Selection equation

Age 0.372%** 0.352%** 0.136
(0.108) (0.091) (0.107)
Age squared —0.004*** —0.004*** -0.002
(0.001) (0.001) (0.001)
Child -0.560* —-0.030 -0.128
(0.290) (0.244) 0.251)
Married -0.171 -0.045 —0.467**
(0.267) (0.223) (0.230)
Constant —-5.909** —5.753*** -1.263
(2.575) (2.107) (2.325)

Inverse Mills ratio

lambda -0.230 —0.522** —-0.551
(0.179) (0.202) (0.358)
Prob > Chi2 0.000 0.000 0.000
N 149 244 230
Censored observations 63 57 52
Uncensored observations 86 187 178

Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
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SUMMARY

Recent literature on private returns to education considers diversity in the popula-
tion, heterogeneity in wage gains and self-selection into schooling. This research
addresses these issues by analyzing to what extent returns associated with com-
pleting a university degree in Switzerland depend on the propensity to attend and
complete this degree. Using data from the Swiss Household Panel and propensity
score matching models, I find that low propensity men — after controlling for
labor market variables — benefit most from a university degree while returns for
women are rather homogenous along the propensity score distribution. This find-
ing suggests that completing university increases more the earning capability of
men with disadvantaged family backgrounds than that of men with more favora-
ble background, refuting the hypothesis of comparative advantage. An auxiliary
analysis focusing on the relationship between returns to education and inher-
ent ability within a quantile regression framework leads to similar conclusions.
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