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A B S T R A C T

This study empirically investigates how working while enrolled in high school affects educational outcomes,
while accounting for self-selected educational tracking. Using a longitudinal survey of Taiwanese youth and
exploiting the inter-zip-code geographic variations in youth-preferred industries, we find a negative effect of
school-year work on educational achievement, and the negative marginal impact is much stronger for academic-
track than for vocational-track students. An exogenous increase in school-year hours worked of 10 hours per
week lowers college entrance scores by a 0.117 (0.083) standard deviation for academic-track (vocational-track)
students. The negative impact of school-year work tends to be overstated if the endogeneity arising from edu-
cational tracking is not acknowledged—with upward biases as large as 16% and 30% for academic- and voca-
tional-track students, respectively. Among subjects, math scores suffer most from working during the school
year.

1. Introduction

Working while enrolled full-time in senior secondary school is a
common behavior for global youth—nearly 66% of 11th graders and
75% of 12th graders in the U.S. worked part-time during the period
1997–2003 (NLSY97), and 60% of U.K. full-time students at age 16–18
worked part-time in the early 1990s (Dustmann, Rajah, & Smith, 1997;
Dustmann & van Soest, 2007). This raises questions about the impact of
working while enrolled in school on educational attainment that have
important implications for human capital investment and educational
and training policy. The impact of early employment on educational

achievement has been extensively discussed for Western youth.1 This
impact is, however, not clear for youth in Asia or Europe, where edu-
cational tracking plays an important role in allocating students to either
academic-track or vocational-track education at the beginning of senior
secondary school. Using Taiwanese data, the main goal of this paper is
to examine the impact of school-year work in senior secondary school
on educational achievement and the extent to which the impact of early
employment interacts with educational tracking.

Estimating the effect of early employment on academic achievement
depends crucially on whether the endogeneity of part-time work has
been taken into account (Lee & Orazem, 2010; Oettinger, 1999;
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1 Two opposing arguments regarding the relation between early employment and educational achievements are commonly expressed (Hotz, Xu, Tienda, & Ahituv,
2002; Light, 1999; Marsh, 1991). The experience of early employment during the high school years may help youth learn to allocate time more efficiently and
motivate them to study harder and may thus produce positive educational outcomes. In contrast, youth employment may detract time and energy from study and
homework and have an adverse effect on educational achievement. Time allocation between study and work is a joint decision that is confounded by many observed
and unobserved factors (McCoy & Smyth, 2007).
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Rothstein, 2007; Ruhm, 1997). Early studies that ignored the en-
dogeneity problem have yielded various findings on the effects of part-
time work on educational outcomes.2 Recent studies that attempt to
address the problem of endogenous employment have found a harmful
effect (Lee & Orazem, 2010; Stinebrickner & Stinebrickner, 2003; Tyler,
2003) or little/no effect on educational achievement (Buscha, Maurel,
Page, & Speckesser, 2012).

Educational tracking has long been used to allocate students to
different tracks at some point between primary and tertiary schools in
the global educational system.3 In most East Asian countries such as
China, Hong Kong, Japan, Korea, Taiwan and Vietnam, compulsory
education ends at the completion of grade 9 or 10.4 In Taiwan, the High
School Entrance Exam (HSEE) is a nationwide test held at the end of
grade 9 that, along with self-selection, allocates 15-year-old students to
either the academic track (senior high school) or the vocational track
(senior vocational school). The assignment to different educational
tracks is generally nonrandom, due to the potential correlation between
educational tracking and educational achievement (particularly in a
way not captured by observed covariates). For example, when students
decide between an academic-track and a vocational-track senior sec-
ondary school, they may weigh observed and unobserved factors such
as their own level of ability, their work preference, opportunities for
future college entrance, and later labor market outcomes. These ob-
served and unobserved factors likely, in turn, affect students’ educa-
tional outcomes.

The relationship between early employment and academic perfor-
mance becomes even more complicated when taking into account self-
selected educational tracking. Both educational tracking and employ-
ment decisions are likely associated with some common observables
and unobservables, thus making these two decisions endogenous and
confounding the effect of part-time work. As a consequence, failing to
account for the nature of the self-selection of educational tracking likely
results in biased and inconsistent estimates of the effect of early em-
ployment. This type of endogeneity of early employment that arises
from a nonrandomly selected sample of educational tracking is essen-
tially different from the endogeneity of early employment in the

population, as discussed earlier. It is then necessary to distinguish these
two sources of endogeneity and address them separately in order to
recover the causal effect of early employment. To our knowledge, there
is no study that carefully examines the relationship of early employ-
ment and academic performance while simultaneously correcting for
endogenous part-time work and self-selected educational tracking.

From a methodological perspective, several econometric issues arise
in our analysis. First, school-year hours worked in senior secondary
education is known to be (left-)censored and likely to be endogenous. The
endogeneity problem of early employment has been well documented
in the literature, as discussed above. The censoring problem of hours
worked, however, is not directly applicable to correct for endogenous
regressors. Second, selection for educational tracks is likely to be en-
dogenous in the sense that the outcome of educational achievement for
senior high school students, for example, is observed only for students
who have chosen the academic track. Both employment and tracking
decisions may be commonly affected by unobserved factors such as
ability and motivation, making these two decisions endogenous. To
address these econometric issues, our empirical framework relies on an
endogenous switching regression model for educational tracking where
school-year hours worked is treated as a censored endogenous re-
gressor. Our estimation strategy is based on a simple three-stage para-
metric estimation procedure that is easy to implement and works well
in a small Monte Carlo simulation experiment that is available upon
request from the authors.

Throughout the paper, we use the terms “senior high school” (“se-
nior vocational school”) and “academic track” (“vocational track”) in-
terchangeably. The general term “high school” refers to senior sec-
ondary education/school and includes both senior high school and
senior vocational school.

The paper is organized as follows. Section 2 describes our empirical
strategy, consisting of a endogenous switching model with a censored
endogenous regressor and a simple three-stage parametric estimation
procedure. Section 3 discusses educational tracking in the Taiwanese
schooling system. Section 4 describes the longitudinal Taiwanese youth
data set and variables used. Section 5 presents the empirical results of
the interaction effects of early employment on educational achievement
between educational tracking and early employment. Section 6 con-
cludes the paper.

2. Empirical framework

2.1. Model specification

To incorporate educational tracking behavior to examine the impact
of school-year work on educational achievement between academic-
and vocational-track students, we consider an endogenous switching
regression with an endogenous regressor that is subject to the censoring
(or corner solution) problem. Specifically, the proposed model is of the
form:

= + + =
= + + =

Y X H T
Y X H T

* if 1,
* if 0,
i i i i i

i i i i i

1 1 1 1 1

2 2 2 2 2 (1)

= <T Z1{ },i Ti i3 (2)

= × ×Y Y Y T Y T( , ) ( * , * (1 )) observed,i i i i i i1 2 1 2 (3)

where Y Y( *, *)i i1 2 are latent continuous outcomes with (Y1i, Y2i) being the
observed educational achievements of students in the academic and
vocational tracks, respectively, and the subscript i indexes individuals.
(H1i, H2i) respectively denote observed school-year hours worked per
week for 11th graders in the academic and vocational tracks. Xi is a
vector of exogenous explanatory variables that may include an inter-
cept. Ti is a binary selection variable indicating the status of educational
tracking: =T 1i (0) for academic- (vocational-) track students.

=Z X Z( , )Ti i i1 is a vector of IVs that affect the probability of selection,

2 D’Amico (1984) and Steinberg, Greenberger, & Garduque (1982) find no
effect of working on grade point average or class ranking. Several studies found
a nonlinear effect of working hours on academic outcomes, i.e., high school
students who work moderate hours per week have better academic outcomes
than students who do not work or who work a large number of hours. Lillydahl
(1990) finds a positive effect up to 13.5 hours per week and a negative effect
after that. Stern (1995) finds that the turning point is 15 hours per week, while
Greenberg & Steinberg (1986) find a positive effect up to 20 hours per week.
Oettinger (1999) reports a negative effect for Black and Hispanic youth who
work more than 20 hours per week. Some studies find a negative effect. Marsh
(1991) finds a negative and linear association between in-school working hours
and a series of academic outcomes, such as test scores and senior secondary
school completion. Eckstein & Wolpin (1999) find a negative but small effect of
working on academic performance.

3 In this line of literature, whether educational tracking reinforces or com-
pensates for pre-existing differences in the educational outcomes of students
with different abilities and family backgrounds has received a great deal of
attention (e.g., Gamoran & Mare, 1989; Goldstein, Burgess, & McConnell, 2007;
Hanushek & Wossmann, 2006; Pekkarinen, 2008; Vandenberge, 2006;
VanderHart, 2006). There are two opposing arguments regarding educational
tracking and educational achievement. Efficiency is the main positive argument
for educational tracking. It is much easier for school teachers to teach students
with lower variations in ability and preference. Peer effects, on the other hand,
indicate a potential negative impact of early educational tracking (Hanushek &
Wossmann, 2006; Pekkarinen, 2008). Through self-selected tracking, more
capable students may benefit from interactions with similar peers, whereas
lower-ability students may suffer from a lack of positive stimulus.

4 The education system in European countries also allocates pupils to different
tracks at some point between primary and tertiary schools (Meghir & Palme,
2005; Pekkarinen, 2008).
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with Z1i being the exclusion restrictions. The selection error ε3i could be
correlated with (ε1i, ε2i), resulting in an endogenous switching regres-
sion in which the outcomes Y Y( *, *)i i1 2 are observed only on a non-
randomly selected sample. As is standard, we assume here that the error
terms (ε1i, ε2i, ε3i) follow a trivariate normal distribution with mean
vector zero and the variance of ε3 is normalized to 1 for the identifi-
cation of the parameter γ in the selection Eq. (2). We note that σ12 may
not be defined, as Y1i and Y2i are not observed simultaneously.

In models (1)-(5), we are interested in estimating the vector of fi-
nite-dimensional parameters ( , , , , )1 1 2 2 based on n observations
of a random sample =Y X H T Z Z{( , , , , , )}ji i ji i i i i

n
1 2 1 for =j 1, 2. In parti-

cular, of primary interest is the estimation of (α1, α2), which measure
the effects of hours worked on educational achievements in the aca-
demic and vocational tracks, respectively. The estimation of model (1)
is potentially subject to two sources of bias: selection and endogeneity
bias. First, the standard bias of track selection arises from the fact that
the educational outcomes Y1 (Y2) are observed for the student only
when they choose the academic (vocational) tracks. Second, in the
outcome Eq. (1), the regressor Hji is assumed to be endogenous in the
sense that Hji is possibly correlated with εji for =j 1, 2. Moreover, the
endogenous regressor Hji is subject to corner solution problems, in the
sense that in contrast to data observability problems, zero is the true
value of Hji, and it is the observed Hji, instead of its latent version H*,ji
that enters the outcome equation for Y *ji as the data generating process.

To account for the endogeneity and corner solution problems of Hji,
we construct an artificial outcome H*ji and slightly modify the con-
ventional censored Tobit model as follows:

= +H Z u* ,ji Hi j ji (4)

= +
= =

u
H H j

,
max( *, 0), 1, 2,

ji j ji i

ji ji (5)

where Hji is the censored version of the latent hours H*,ji

( )u Z| Normal 0, ,ji Hi u
2
j ξi ~ Normal(0, 1) that is jointly independent of

(ε1i, ε2i, ε3i), and θj is the finite-dimensional track-specific parameter
vector to be estimated. The error term uji is assumed to be correlated
with εji, as described in (5), making H*ji and hence Hji endogenous to Y *ji.
It can also be seen that uji is correlated with the selection error ε3i
through εji, generating the endogenous selection problem when esti-
mating (4) using only the sample of the individual tracks.

As usual, in addition to the exclusion restrictions Z1i, we need ex-
cluded instruments Z2i in ZHi, i.e., =Z X Z( , ) ,Hi i i2 to enable us to use the
IV approach to deal with the endogeneity problem of Hji.

2.2. Estimation strategy

Based on the econometric model described above, our empirical
strategy comprises three main stages. In the first stage, we conduct a
probit estimation for the choice of educational track and compute the
inverse Mills’ ratios (IMRs), denoted by λ1 and λ2 for academic and
vocational tracks, respectively. In the second stage, to address the
problems of regime selection and corner solutions for the school-year
hours worked, we plug the IMRs (obtained from the first stage) into a
Tobit regression and calculate the fitted values of school-year hours
worked (i.e., the estimates of =E H Z Z T( | , , 1)i Hi Ti i1 and

=E H Z Z T( | , , 0)i Hi Ti i2 ) via a Tobit maximum likelihood estimation
(MLE). Last, to simultaneously correct for endogenous educational
tracking and endogenous employment, we conduct an IV estimation in
the third stage for a switching regression for educational outcomes by
plugging the IMRs (obtained from the first stage) and by replacing
observed school-year hours worked with their predicted values (ob-
tained from the second stage).

It is worth mentioning that one limitation of our second-stage Tobit-
type estimation arises from a sign restriction that is inherent to the
Tobit model, i.e., the sign of the regressor coefficients is required to be

the same for the effects on the level of the outcome (i.e., part-time hours
worked in our application) and on the probability that the outcome is
positive (i.e., undertaking part-time work), and the violation of such
restriction is commonly encountered in practice. We will examine this
issue based on our data set in Section 5.2.

As an alternative to our first two stages of estimation, one solution
that can relax the aforementioned sign restriction is the bivariate probit
model for the two binary choices of educational track and part-time
work as the first step, followed by a second step where a hours re-
gression with two selection terms included for selection correction is
estimated. We do not pursue this direction for two reasons. First, to
explore the applicability of this alternative estimation approach in our
context, we perform a bivariate probit estimation and a bivariate nor-
mality test based on our data set.5 Our testing results clearly reveal that
our data do not support the bivariate normality assumption. Second, the
application of the bivariate probit model to our setting requires one
more exclusion restriction for the binary choice of part-time work,
which appears infeasible due to the absence of suitable instrumental
variables given the data available to us, though this issue can be ad-
dressed by a one-step joint estimation.

3. Educational tracking in Taiwan

In 1968, the compulsory education reforms in Taiwan changed the
junior secondary school system from a selective to a comprehensive
structure and postponed educational tracking from the 7th grade (age
of 12–13) to the 10th grade (age of 15–16). The school tracking system
involves a nationwide HSEE and self-selection. The score from HSEE
along with an individual’s high school preference list allocate an junior
high school graduate to either academic track or vocational track senior
secondary school. As a consequence, the assignments to different tracks
are nonrandom in nature. On the academic track, students spend three
years in senior high school. On the vocational track, students enroll in
either three years of senior vocational school or five years of junior
college. The differences between academic and vocational education
stem from both the curriculum offered and the average cognitive ability
of the enrolled students. In addition to general courses (math, Chinese
and English), vocational education includes courses in areas such as
agriculture, industry, business, maritime studies, marine products,
medicine, nursing, home economics, drama and art. In this study, we
focus our comparisons on students at three-year senior high schools and
senior vocational schools, and omit students at five-year junior colleges
because they do not make their college entrance and employment
choices at the same age as the three-year high school students.

Educational tracking is strict in Taiwan. Beyond senior secondary
education, graduates of both senior high schools and senior vocational
schools have various choices regarding the type of college they attend
and their labor market participation. College entry options include at-
tending four-year academic universities, four-year technical colleges/
universities, and two-year junior colleges. Admissions to general four-
year universities are based mainly on the General Scholastic Ability Test
(GSAT),6 while admissions to a two-year junior college or a four-year
university of science and technology is based on the Technological &
Vocational Education Test (TVET). Table 1 presents the distribution of
college and labor market choices for senior secondary school graduates.
Two salient phenomena can be observed. First, the majority of senior
secondary school graduates pursue further tertiary education instead of
entering the labor market. National data show that among graduates,
95% of academic-track and 82% of vocational-track students enter ei-
ther a general university or a university of science and technology. Only

5 The detailed model descriptions and the estimation and testing results are
available upon request from the authors.

6 Some students may also apply based on scores from the Advanced Subject
Test.
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12%–21% of vocational-track graduates choose to participate in the
labor market. Second, due to differences in the curricula offered, the
probability of switching between the academic track and the vocational
track is very low. The panel data show that 74% of academic-track
graduates enter a general university, and only 10% enter a technical
college. In contrast, only 4.7% of vocational-track graduates enter a
general university, while 57% enter a technical college or a university
of science and technology.

4. Data and variables

4.1. Data

The data used for this analysis are obtained from a longitudinal
survey of the Taiwan Youth Project (TYP) Phase I, which was conducted
yearly from 2000 to 2009 in northern Taiwan. The baseline sample used
are students who were first interviewed in their last year of junior high
school (i.e., 9th grade) in 2000 (referred to as the J3 sample hereafter).
To examine the relationship between tracking selection at the end of
9th grade, part-time work during the high school years, and score on
the college entrance examination, we use wave 1 - wave 6 of the J3
sample, which traced students from 9th grade to college entrance. To
utilize the longitudinal data efficiently, we restricted it to students who
had complete information on tracking selection and individual and
family characteristics in wave 1 (9th grade). We further deleted in-
dividuals who did not enter senior secondary schools and those who
entered five-year junior colleges.7 The resulting sample has 2372 in-
dividuals, including 1076 academic-track students and 1296 voca-
tional-track students.

For the sample size used in our three-stage estimation method, the
first-stage estimation uses all 2372 students for the educational track
selection. As longitudinal data, non-response behaviors occurred in the
TYP survey when students entered high school and also when they
entered college. As a consequence, the sample size in the second-stage
estimation for part-time hours worked during high school years slightly
drops to 2029 (with 973 academic-track and 1056 vocational-track
students). In the third-stage estimation for the score of the college en-
trance examination, the sample size is either 526–541 (370–399) or
558–573 (409–440) for the academic (vocational) track, depending on
the subjects under consideration and the observed or predicted hours
used. Since the data on college entrance scores were collected in waves
5 and 6 during students’ first year of college (some students delayed
entering college), the sample size from the second- to third- step esti-
mation sharply decreases due to nonresponses or missing values. To
examine the potential attrition bias, both T test and Kolmogorov-
Smirnov equality-of-distributions test are performed to compare the
students’ and their family characteristics between those who reported
and those who did not report their scores of college entrance

examination. We find no statistically differences of basic characteristics
in terms of gender, parental education, family income, and intact family
between these two groups.

The TYP provides rich information regarding students’ and their
parents’ characteristics as well as the history of youths’ education and
employment. For educational history, we use academic records from
both primary school and 9th grade as the proxy of academic ability. The
TYP started to collect individual employment information in the
summer right after graduation from junior secondary school at an
average age of 15 due to the Labor Standard Act. The detailed in-
formation on hours worked per week, however, is only available from
wave 3 for 11th graders.

4.2. Variables

For employment information during the senior secondary school
years, the upper panel of Table 2 presents the part-time work experi-
ence of 11th graders by educational track. It shows that students on the
vocational track engage in more part-time work than those in the
academic track. During the entire senior secondary years (grades
10–12), 34% of senior high school students worked part-time, whereas
60% of senior vocational school students did so. The percentage of
students working part-time drops between grade 10 and grade 11 for
students in both educational tracks due to college entrance examina-
tions. The GSAT and TVET examinations are held in grade 12. Since the
examinations cover mainly the materials taught in the 10th and 11th
grades, most senior secondary students decrease their labor supply
when the college entrance examination is approaching. The 11th grade
is critical for most senior secondary students. It is expected that stu-
dents will tend to work more during the summer or winter vacation
periods than during the school year. The part-time work variable in this
study is measured by hours worked per week during the semesters of
11th grade. Conditional on working, the students on the vocational
track also worked for a longer hours—the average is 31.25 hours per
week for vocational-track students and 19.96 hours per week for aca-
demic-track students.

The measurement of educational outcomes is based on the scores on
college entrance examinations. For admission into a four-year general
university, good scores on the GSAT are the main requirement.
Similarly, TVET scores are critical when applying to a two- or four-year
technical college/universities. These two college entrance examinations
are on different subjects and have different maximum scores. The GSAT
comprises five subjects: math, Chinese, English, natural science, and
social science. For each subject, a student can earn a maximum of 15
points; thus, the total points that can be earned is 75. The TVET covers
three general subjects (math, Chinese, and English) and special tech-
nical & science subjects. For each TVET subject, a student can earn a
maximum of 100 points. To enable a comparison of these two college
entrance examinations, we compare mainly the three general subjects,
math, Chinese, and English, summing them to obtain a range of 0–45

Table 1
College and employment choices for senior secondary graduates from academic and vocational tracks.

General University University of S&T Employment Delayed

Longitudinal Survey of Taiwan Youth Project:
Senior high school graduates 74.72% 9.80% 2.48% 13.01%
Senior vocational school graduates 4.73% 56.87% 21.53% 16.87%
National Data (2010):
Senior high school graduates 95.50% 0.37% 4.11%
Senior vocational school graduates 81.91% 12.17% 5.92%

Notes: 1. S&T stands for science and technology. 2. The numbers in the longitudinal survey of the Taiwan Youth Project are computed from the J1 and J3 samples. 3.
The national data are archived in Taiwan’s Ministry of Education.

7 Less than 5% of the students in the J3 sample of the TYP enrolled in five-
year junior colleges.
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points for the GSAT (referred to as the GSAT-3S hereafter) and 0–300
points for the TVET (denoted by TVET-3S).8 In the later empirical
analysis, we take the z-score of the GSAT-3S and TVET-3S to consider
the impact of school-year hours worked on the changes in college en-
trance examination scores.

Table 3 presents the basic statistics for the college entrance ex-
amination scores from the different tracks by their part-time work ex-
perience. The T tests are performed to examine the statistical mean
difference of the two groups (no part-time work versus part-time work)
for students from different tracks. If we compare senior secondary
students without part-time work to those with part-time work, we ob-
serve that the former tends to have higher college entrance examination
scores than the latter. The differences tend to be more substantial for
the academic-track students. Math scores, in particular, are sig-
nificantly lower for senior secondary students with part-time work ex-
perience. Regarding the total five-subject GSAT scores (denoted by
GSAT-5S), the bottom panel of Table 3 indicates that early employment
also substantially lowers the GSAT-5S scores for academic-track stu-
dents. Since very few vocational-track students take GSAT examination
for their college entrance, we ignored their GSAT-5S scores.

The mean statistics of family background for working and non-
working students on different educational tracks are presented in
Table 4. These statistics reveal that students on the academic track tend
to have better-educated parents and higher family income than students
on the vocational track. In addition, Table 4 indicates that students who
have part-time work experience are more likely to come from families
with lower levels of parental education, lower family income, and more
likely to live in nonintact families. The detailed definition of all the
variables used in this study and their basic statistics are presented in
Table 12.

4.3. Instrumental variables

In this study, we use a rich set of geographic measures as instru-
ments for endogenous tracking selection and endogenous part-time
work.

4.3.1. IV for endogenous tracking selection
The excluded instrument for endogenous tracking selection is the

density of senior high schools in a student’s residential area measured
by the number of senior high schools per square kilometer in a student’s
zip-code residential area, which is administrative data collected from
the Ministry of Education in Taiwan. As an exclusion restriction, the
density of senior high schools in a student’s residential area should be
correlated to the student’s tracking selection but exogenous to his/her
later college entrance scores.

On the one hand, the relevance of this excluded instrument for
endogenous educational tracking relies on the role-model argument. In
general, both students and parents in Taiwan prefer the academic track
to the vocational track.9 There may exist some potential role-model
effects of senior high school students on junior high school students.
When a junior high school student lives in an area with a higher density
of senior high schools, he/she is exposed to the environment with more
senior high school students and more activities associated with senior
high schools, which may inspire the student to form a higher preference
for the academic track versus the vocational track. This preference for
the academic track may further inspire students to study harder to enter
senior high school. Consistent with the role model effect discussed
above, Fig. 1 shows that the density of senior high schools is sig-
nificantly and positively correlated with students’ preference for the
academic track and also positively correlated with the subsequent
likelihood of admitting into senior high schools.

On the other hand, the exogeneity of the density of senior high
schools in our context can be justified by the following arguments. First,
the establishment of both public and private senior high schools in
Taiwan is regulated by educational authorities and is mainly de-
termined by exogenous forces such as education policy, economic de-
velopment, and demographic factors. To be more specific, the senior
secondary educational policy has evolved, experiencing several major
changes since 1968. Vocational education has been greatly expanded to
meet the increased demand for medium-skilled workers stemming from
Taiwan’s high economic development between the 1960s and 1980s.
Since the 1990s, however, the demand for tertiary education has sub-
stantially increased. The educational authorities accordingly reversed
the ratio of senior high school students to senior vocational school
students by expanding senior high schools and reducing senior

Table 2
Part-time work experience for secondary school students on different educa-
tional tracks.

Part-time work while enrolled in school Academic
track

Vocational
track

Work experience:
Ever worked during grades 10–12 (=1) 0.34 0.60
Ever worked in grade 10 (=1) 0.26 0.48
Ever worked in grade 11 (=1) 0.14 0.29
Hours worked per week in grade 11 when worked 20.76 34.37
Ever worked during school year (semester) in grade 11

(=1)
0.07 0.16

Hours worked per week during school year in grade 11
when worked

19.96 31.25

Distribution of part-time jobs by industry:
Food industry (restaurants, fast food, beverage stores) 0.15 0.34
Cram school (servitors) 0.31 0.07
Convenience stores 0.04 0.06
Flyers/leaflets services 0.13 0.03
Promote product sales 0.09 0.02
Day care centers 0.00 0.004
Others (including gasoline stations) 0.28 0.47
Number of observations 1076 1296

Table 3
Scores for college entrance examinations for different tracks.

Academic track Vocational track

No part-time
work

Part-time
work

No part-time
work

Part-time
work

Three subjects GSAT-3S TVET-3S
Chinese 11.60 11.50 65.25 65.08

(502) (62) (325) (115)
English 9.72 8.80⁎⁎ 48.54 48.48

(511) (62) (326) (114)
Mathematics 7.54 6.25⁎⁎ 52.97 49.63⁎

(504) (66) (305) (107)
Total scores 28.79 26.63⁎⁎ 166.98 164.61

(496) (62) (303) (106)
Five subjects GSAT-5S
Total scores 49.28 47.26⁎ - -

(785) (100) - -

Notes: 1. Numbers of observations are in parentheses. 2. Part-time work refers
to worked in school year of grade 11. 3. *, **, and *** denote the statistical
mean difference of the two samples (no part-time work vs. part-time work) at
the 10%, 5%, and 1% levels of significance, respectively.

8 The entrance examination for a general university is typically more difficult
than that for a technical college. Comparing these two scores may overestimate
the achievement of students taking the TVET, who are usually vocational-track
students.

9 In our data set, 59% of 9th graders prefer to attend senior high schools, and
41% prefer to attend senior vocational schools.
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vocational schools (see Fig. 2). Meanwhile, a large expansion of four-
year universities was undertaken to meet the demand for tertiary
education for high school graduates.

One could argue that the exogeneity of the density of senior high
schools might be weakened by the potential competition effects that
could arise from a high density of senior high schools in an area; be-
cause such competition effects may raise teaching and educational
standards and ultimately students’ educational attainment. To examine
this possibility, we use the additional J1 sample in the TYP survey,
which collected complete HSEE scores and admitted high schools for
junior high school graduates.10 Using the students’ HSEE scores and
their corresponding admitted high schools, we construct the school
ranks of high schools in Northern Taiwan. In general, senior high
schools would compete with others with similar ranks based on the
HSEE scores of their admitted students. We expect that, if the compe-
tition effect exists within a zip-code area, the ranks of senior high
schools in the same area would be very similar (i.e., small variance of
school ranks). That said, the density of senior high schools must be
negatively associated with the dispersion of senior high school ranks inFig. 1. Students tracking preference, senior high school selection, and density

of senior high schools.

Fig. 2. The historical trend in the number of senior secondary schools in
Taiwan.

Table 4
Basic statistics of individual and family backgrounds.

Academic track Vocational track

Variables No part-time work Part-time work No part-time work Part-time work

Male (=1) 0.50 0.33⁎⁎⁎ 0.49 0.50
Academic scores in primary school 3.95 3.90 3.00 2.90⁎

Parents junior high graduates and below (=1) 0.19 0.25⁎ 0.46 0.50⁎

Parents college graduates and above (=1) 0.26 0.14⁎⁎⁎ 0.03 0.01⁎⁎

Characteristics in grade 9
Academic scores 3.68 3.42⁎⁎ 2.37 2.12⁎⁎⁎

Student’s educational expectation 16.48 16.43 14.06 13.88⁎

Parents’ educational expectation 18.55 17.86⁎⁎ 16.04 15.48⁎⁎⁎

Student's tracking preference (=1 if academic) 0.93 0.85⁎⁎⁎ 0.34 0.30
Parents' attending School Day (=1) 0.62 0.50⁎⁎⁎ 0.39 0.28⁎⁎⁎

Intact family (=1) 0.94 0.86⁎⁎ 0.90 0.80⁎⁎⁎

Family income (NT$ thousand) 71.78 58.63⁎ 52.70 51.33
Characteristics in grade 11
Intact family (=1) 0.89 0.79⁎⁎⁎ 0.85 0.73⁎⁎⁎

Family income (NT$ thousand) 73.76 56.85⁎⁎⁎ 51.64 48.70⁎

Number of observations 903 70 761 295

Notes: 1. Part-time work refers to work in school year of grade 11. 2. *, **, and *** denote the statistical mean difference of two samples (no part-time work vs. part-
time work) at the 10%, 5%, and 1% level of significance, respectively.

10 The J1 sample is another baseline sample in the TYP survey that consists of
students who were in the first year of junior high school (i.e., 7th graders with
an average age of 13 years old) in 2000.
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the same zip-code area for the competition effect to exist. To investigate
this condition based on our data set, we regress the standard deviation
of senior high school ranks on the density of senior high schools by zip-
code areas and find a significant and positive association between the
senior high school density and the rank dispersion. This evidence in-
dicates that the existence of competition among senior high schools
within the same zip-code area does not seem to be supported by our
data.

Second, even if competition effects exist, this should not affect our
results. In Taiwan, the score a student achieves on the HSEE is the main
criterion used to assign him/her to the academic or vocational tracks
and to elite or non-elite senior secondary schools. According to our
data, there is a high likelihood (79.9% in our data set) of a junior high
school graduate being allocated to a senior secondary school outside of
his/her residential zip-code area. This indicates that a student’s place of
residence, and hence the density of senior high schools in his/her re-
sidential area, should not exert much influence on his/her eventual
score on the college entrance examination.

4.3.2. IV for part-time work
To deal with the endogeneity problem of part-time work, previous

studies frequently used instrumental variable (IV) estimation and/or
fixed effects estimation to take into account the correlation between
individuals’ unobserved heterogeneity and part-time work, and to ob-
tain consistent estimates of school-year employment effects. It has been
argued that the following IVs are uncorrelated with the unobserved
heterogeneity in educational achievement but sufficiently correlated
with the high school labor supply: the child labor law (Lee & Orazem,
2010; Tyler, 2003), the job types (Stinebrickner & Stinebrickner, 2003),
and the local labor market conditions (Lee & Orazem, 2010; Oettinger,
1999; Rothstein, 2007; Ruhm, 1997).

In this study, we use the density of various local store types to
measure local labor market opportunities in various businesses relevant
to high-school students in students’ residential zip-code areas.
Specifically, the four main IVs of this type are the densities of con-
venience stores, food stores (including restaurants, beverage, and fast-
food stores), gasoline stations, and flyer/leaflet distribution services
located in a student’s residential zip-code area, which are adminis-
trative data obtained from the Ministry of Economic Affairs in Taiwan.
To reflect the heterogeneous size of the zip-code areas, the densities of
local youth employment opportunities are taken either per squared
kilometer or per 1000 population aged 15–19.

The rationale for using the densities of various store types in stu-
dents’ residential zip-code areas as appropriate IVs for part-time work is
as following. Most of the high school students are marginal workers
who do not have sufficient skills in the labor market and cannot commit
to full-time work. As a result, they can only match with certain busi-
nesses and industries (such as convenience stores, restaurants, beverage
stores, fast-food stores, gasoline stations, cram school tutors, and flyer/
leaflet services) that require limited skills, provide a flexible working
schedule, and pay the hourly minimum wage. The bottom panel of
Table 2 presents the relative frequency of these workplaces for high
school students by educational track. It shows that an academic-track
student is more likely to work as a servitor at a cram school if he/she
participates in part-time work, whereas a vocational-track student tends
to work in the food industry (such as restaurants, beverage stores, and
fast-food outlets) or at a gasoline station.

We note here that although the cram school accounts for the largest
share of part-time jobs for academic-track students, we do not in-
corporate the density of cram schools as an instrument for part-time
work. This is because not only are the cram schools the most common
workplace for academic-track students but they could also serve as an
important source of assistance for students’ academic outcome, thus
invalidating the instrumental exogeneity.

With regard to the exogeneity of the IVs for part-time work, we note
that the establishment of food stores, gasoline stations, flyer/leaflet

services, and convenience stores typically depends on the local popu-
lation size and business conditions, and thus should be independent of
underlying factors that also affect an individual’s score on a college
entrance examination. The variation in the density of various store
types, which are taken either per squared kilometer or per 1000 po-
pulation aged 15–19, is largely out of the individualâs control and
should not affect academic performance, except through work beha-
vior.

The county-level unemployment rates for youth aged 15–19 are
included as an additional IV for endogenous part-time work. The youth
unemployment rates of the student's resident county are commonly
used to satisfy exclusion restrictions (e.g., Darolia, 2014; Lee & Orazem,
2010; Oettinger, 1999; Rothstein, 2007; Ruhm, 1997; Triventi, 2014).
The justification of its relevance, as argued by Triventi (2014), is that
the local youth unemployment rates can serve as a proxy of local labor
demand for young people.

One could argue that to pursue a better occupational outcome upon
graduation from high school, high local unemployment rates may
provide an “incentive” for high school students to work hard on their
academic studies in order to achieve higher educational attainment
outcomes, thus invalidating our identification strategy. This argument
seems plausible, but it should not be the case in our context. First, the
goal of high school students in Taiwan is to enroll in university instead
of to turn to the labor market. In fact, based on the national data in
Taiwan, the net enrollment rate of youth aged 15–18 is 96%, and upon
graduation only 0.37% (12.17%) of senior high school (senior voca-
tional school) graduates enter the labor market (Table 1). Further, as
noted by Triventi (2014), there are no strong theoretical reasons that
can justify the influence of unemployment rates on academic achieve-
ment.

Before closing this section, we would like to stress that the exo-
geneity of our IVs can be further strengthened by a robustness check,
which will be discussed in Section 5.5, where we find no evidence of
significant effects of part-time work during summer/winter vocations,
lending credibility to the main results based on our estimation strategy
and the IVs used.

5. Empirical results

5.1. Specification and normality tests

To check the appropriateness of the specifications of our first-stage
probit and second-stage Tobit models, we perform a number of speci-
fication and normality tests. For the first-stage probit model for tracking
selection behavior, we employ the probit specification test proposed by
Hosmer and Lemesbow (1980) (hereafter, the HL test) for both the
linear index ZTi and the normality of the error term, and the Lagrange-
multiplier (LM) type normality tests (denoted by LMn

p) proposed by
Bera, Jarque, and Lee (1984) for probit models. The upper panel of
Table 5 shows that, based on the standard probit model, both the HL
test on the linearity and normality specifications and the LMn

p test on
the normality specification are rejected at the 1% significance level.
However, using the series probit that includes the squared and cross-
product terms of the covariates, we do not reject the series probit
specification (with the HL test statistic being 5.196) and the normality
assumption (with =LM 0.936n

P ).11

In the second-stage Tobit model for part-time hours worked, we
perform the LM type normality tests for Tobit models (denoted by LMn

T),
as proposed by Bera et al. (1984). For comparison purposes, we also
compute the LM normality test (LM *n

T ), as suggested by Jarque and
Bera (1980), based on the OLS linear regression that ignores the non-
negative nature of hours worked. In addition, we consider several series

11 We use polynomials as the series functions to allow for more flexible
functional forms while maintaining the index as linear in parameters.
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Tobit specifications that allow for nonlinear effects of demographic
factors and/or instrumental variables on hours worked as follows.
Specification A1 includes all demographic, instrumental, and IMR
variables in a linear manner, corresponding to the standard Tobit
model. Specifications A2 and A3 additionally add squared terms of the
demographic variables and of the demographic and instrumental vari-
ables, respectively. Specifications V1, V2, and V3 are defined analo-
gously. The lower panel of Table 5 reveals that for the LM normality
tests (LM *n

T ), normality based on an OLS linear regression for hours
worked is clearly rejected in all cases when ignoring the non-negative
nature of working hours. This suggests that OLS is an inadequate esti-
mation method for hours worked in the second stage and thus justifies
the use of the Tobit-type models. When it comes to the standard Tobit
models (i.e., with a linear index) in the second stage, we respectively do
not reject and do reject the Tobit normality assumptions for the aca-
demic ( =LM 0.466n

T ) and vocational ( = > =LM 14.816 (0.99) 9.21n
T

2
2 )

tracks. By further relaxing the linearity restriction imposed on the Tobit
models, similar to the findings from the first-stage standard probit
versus series probit estimation, we do not reject Tobit normality when
series estimation for Tobit models is used for both educational tracks.

Last, the series Tobit specifications are then chosen based on the
leave-one-out cross validation (LOOCV) criterion. As reported in
Table 5, the preferred specifications that minimize the corresponding
LOOCV criteria are A1 (with a CV value of 525.83) for the academic
track and V2 (with the CV value of 3747.05) for the vocational track.
These two CV-determined specifications pass the Tobit normality tests

Table 5
Specification and normality test results in the first-stage (series) probit and
second-stage Tobit models.

LM normality tests HL specification
tests

Models LMn
P (BJL1984) HLn (HL(1980))

First-stage probit 41.900⁎⁎⁎ 37.158⁎⁎⁎

First-stage series probit 0.936 5.196
Number of observations 2372 2372

LM normality tests LOOCV

Models LMn
T

(BJL1984)
LM *nT (JB1980) values

Second-stage (series) Tobit
1. Academic track

Specification A1 0.466 87194.8⁎⁎⁎ 525.83
Specification A2 0.021 87198.9⁎⁎⁎ 525.91
Specification A3 0.631 86791.2⁎⁎⁎ 527.13
Number of
observations

973 973 973

2. Vocational track
Specification V1 14.816⁎⁎⁎ 1036.3⁎⁎⁎ 3754.36
Specification V2 2.840 1034.2⁎⁎⁎ 3747.05
Specification V3 2.821 1035.2⁎⁎⁎ 3749.08
Number of
observations

1056 1056 1056

Notes: 1. We employ the probit specification test proposed by Hosmer and
Lemesbow (1980) (HL(1980)) (the HL test for short), which is based on a di-
agnostic measure assessing the match between observed binary outcomes and
predicted probabilities. 2. LMn

P and LMn
T represent the LM normality test sta-

tistics for the probit and Tobit models, respectively, which are suggested by
Bera et al. (1984) (BJL(1984)). LM *n

T represents the LM normality test statistic
suggested by Jarque and Bera (1980) (JB(1980)) based on OLS regression
models. The LM *n

T normality test is included for comparison purposes to point
out the appropriateness of the second-stage Tobit model for part-time hours
worked. 3. The critical values for the probit specification test are

=(0.90) 15.99,10
2 =(0.95) 18.31,10

2 and =(0.99) 23.2110
2 . The critical values

for both the probit and the Tobit LM normality tests are =(0.90) 4.61,2
2

=(0.95) 5.99,2
2 and =(0.99) 9.212

2 . 4. Specification A1 includes all demo-
graphic and instrumental variables in a linear manner, corresponding to stan-
dard Tobit models. Specifications A2 and A3 additionally enter squared terms of
demographic variables and squared terms of demographic and instrumental
variables, respectively. Specifications V1, V2, and V3 are defined analogously.
5. LOOCV stands for the leave-one-out cross validation. 6. *, **, and *** denote
a significance level of 10%, 5%, and 1%, respectively.

Table 6
The marginal effects in the first- and second-stage estimation: educational
tracking and school-year hours worked.

Educational
tracking

School-year hours worked/10

Academic
track

Vocational
track

Characteristics in grade 9:
Academic scores in 0.031⁎⁎⁎ 0.210 −0.071
primary school (0.009) (0.353) (0.277)
Academic scores 0.056⁎⁎⁎ −0.410 −0.426⁎⁎

(0.007) (0.333) (0.201)
Parents' junior high −0.078 −0.157 0.349
graduates and below (0.136) (0.708) (0.396)
Parents' college 0.068⁎ −0.269 −2.641
graduates and above (0.041) (0.982) (3.179)
Student’s educational 0.018⁎⁎⁎ 0.172 0.010
expectation (0.004) (0.134) (0.103)
Parents' educational 0.010⁎⁎⁎ −0.064 −0.219⁎⁎

expectation (0.003) (0.097) (0.087)
Student’s tracking 0.361⁎⁎⁎

preference (0.028)
Parents attending School 0.025⁎

Day (0.014)
Intact family 0.040

(0.026)
Family income 0.001⁎

(0.000)
Characteristics in grade 11:
Intact family −1.209 −1.488⁎⁎⁎

(0.822) (0.427)
Family income −0.017⁎⁎ −0.010

(0.008) (0.008)
Instrumental variables (IVs): geographic variables in residential areas
Density of senior high 0.325⁎⁎⁎

schools (0.056)
Density of convenience 0.477⁎⁎⁎

stores (0.180)
Density of gasoline 2.006⁎⁎

stations (per km2) (1.002)
Density of flyers/leaflets −0.191⁎⁎⁎

services (0.064)
Density of food stores/10 0.014⁎⁎⁎

(0.005)
Density of gasoline 0.575⁎⁎

stations (per 1000 population) (0.255)
Youth unemployment −0.496 −0.133
rate (0.483) (0.279)
IMRs (λ1 or λ2) −0.396 0.283

(0.601) (0.292)
Variance of ε1 (ε2) 17.664⁎⁎⁎ 19.208⁎⁎⁎

(3.543) (1.401)
Demographic factors yes yes yes
Squared all regressors (series) yes no yes
Interacted all regressors (series) yes no no

LR χ2 tests
1. H0: Joint nonsignificance of IVs 49.720⁎⁎⁎ 11.557⁎⁎ 12.106⁎⁎⁎

[p-values] [0.000] [0.021] [0.002]
2. H0: Joint nonsignificance of

covariates and IVs
1702.31⁎⁎⁎ 45.43⁎⁎⁎ 53.43⁎⁎⁎

[p-values] [0.000] [0.000] [0.000]
Pseudo R-squared 0.521 0.061 0.022
Correctly classified 86.05%
Number of observations 2372 973 1056

Notes: 1. Bootstrap standard errors are in parentheses. 2. Constants are in-
cluded. 3. Demographic factors include gender and race. 4. *, **, and *** de-
note a significance level of 10%, 5%, and 1%, respectively.
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(with =LM 0.466n
T and =LM 2.840n

T for the academic and vocational
tracks, respectively) and fail the OLS normality checks (with respective

=LM * 87194.8n
T and =LM * 1034.2n

T for the academic and vocational
tracks).

5.2. Educational tracking and early employment behaviors

Using the chosen specifications, Table 6 presents the marginal ef-
fects on educational tracking and part-time work from the first- and
second-stage estimation. The first column in Table 6 reports the first-
stage estimation results from a series probit model for tracking selec-
tion. The characteristics of both individuals and families during the
junior high school years are controlled for. As mentioned in the pre-
vious subsection, the series probit model for tracking selection includes
the linear form, squared form, and the interaction of all the regressors.
The marginal effects shown in Table 6 depict that academic records in
the primary school years and junior high school years that serve as the
proxy variables for academic ability play an important role in de-
termining educational tracking. The significant and positive effects of
academic records reveal that a student with higher academic ability is
more likely to be selected into the academic-track system. Parental
education and parents’ educational expectations for their junior high
school child and a student’s own educational expectations promote a
higher probability of entering the academic track. A student’s pre-
ference for the academic track significantly and strongly raises his/her
probability of entering that track. Demographic factors (such as gender
and race), however, play no role in tracking selection. Last, the good-
ness of fit of the tracking selection model reveals that the prediction
achieves correct classification of 86% of the cases. The LR χ2 test in-
dicates strong instrumental relevance of the density of senior high
schools at the 1% level of significance.

The second-step estimation results are presented in the second and
third columns in Table 6, where the standard Tobit (Specification A1)
and series Tobit (Specification V2) models for the school-year hours
worked are estimated for academic- and vocational-track students, se-
parately. Given that the track is selected, academic record and parental
education play a nonsignificant role in determining early employment.
As expected, family characteristics during the senior high school years
affect students’ part-time work. In particular, living in an intact family
significantly decreases school-year hours worked, and higher family
income discourages a student’s part-time work, especially for the aca-
demic-track students.

We next turn to the estimation results for the five IVs that are used
to address the endogeneity of school-year hours worked. First, the re-
sults of the LR tests (Table 6) show that these IVs jointly and sig-
nificantly affect the part-time hours worked for academic- and voca-
tional-track students at the 5% and 1% levels of significance,
respectively. In particular, since convenience stores and gasoline sta-
tions provide flexible working hours and are particularly attractive for
youth, the local densities of these employment opportunities are sig-
nificantly and positively associated with part-time work for academic-
track students. However, the density of flyer stores in a student’s re-
sidential neighborhood plays a negative role in influencing his/her
part-time work. The unexpected sign of this IV may be due to its high
correlation with the density of convenience stores and gasoline stations.

Moreover, vocational school students are more likely to undertake a
part-time job in restaurants, fast food, or beverage stores. The density of
these food stores in a student’s residential zip-code neighborhood is
positively and significantly associated with early employment at the 1%
level of significance. The density of gasoline stations significantly and
positively influences the early employment of vocational school stu-
dents, reflecting the fact that part-time work in gasoline stations at-
tracts vocational-track students. As expected, local economic conditions
(measured by the youth unemployment rates of the population aged
15–19) are negatively and nonsignificantly associated with early em-
ployment.

As mentioned earlier in Section 2.2, in addition to imposing dis-
tributional assumptions, the Tobit models also restrict the sign of the
regressor coefficients to be the same for the effects on part-time hours
worked and on the probability of undertaking part-time work (i.e., the
probability of hours being positive). To investigate this sign restriction
inherent in the Tobit model in our application, we employ a two-step
Heckman type estimation procedure to allow the level and probability
effects to be distinct. We find that among significant control variables, 8
out of 10 (5 out of 7) coefficients for the academic- (vocational-) track
share the same signs for the level and probability effects. This evidence
indicates that the violation of the sign restrictions does not seem to be a
serious problem in our application.12

5.3. Main results: the effects of early employment on scores on college
entrance examinations

To investigate the role played by endogeneity from educational
tracking, from part-time work, or from both in estimating the re-
lationship between school-year hours worked and the scores on college
entrance examinations, we consider four scenarios for endogeneity
correction: (1) no endogeneity correction; (2) endogenous switching
correction; (3) employment endogeneity correction; and (4) correction
for both endogenous employment and endogenous educational
tracking. These four scenarios correspond to the OLS, Switching,
Censored IV, and Censored IV Switching estimators.

Since math, Chinese, and English are three general subjects that are
required in both GSAT and TVET examinations, we mainly compare the
scores of each of these three general subjects and the total score of these
three (denoted by GSAT-3S and TVET-3S). We standardize the scores to
allow us to compare the impacts of school-year hours worked on the z-
score change in scores. Previous academic records, educational ex-
pectations, demographic factors, and family characteristics during the
senior high school years are commonly controlled in each of the four
scenarios for endogeneity correction.

Table 7 presents the main results for the effects of early employment
on scores on college entrance examinations by Chinese, English, math,
and the 3 subjects combined under four scenarios for endogeneity
correction. Several important findings emerge in the third-stage esti-
mation results. First of all, the estimation results for three subjects
under the four specifications consistently reveal that school-year hours
worked have negative impacts on the college entrance examination
scores for students in both the academic and the vocational tracks after
controlling for observed academic ability, demographic factors, and
family characteristics. To be more specific, when no endogeneity (the
OLS estimator) or only endogenous tracking (the Switching estimator)
is corrected, the estimated effects of hours worked are not statistically
significant, except for the Switching estimate for academic-track stu-
dents. Yet, after correcting for the endogeneity of part-time work, the
negative impacts of part-time work on the scores for college entrance
examinations are largely strengthened. We find a significant and ne-
gative impact for students in both the academic-track and the voca-
tional-track regimes. Furthermore, when compared to the Censored IV
estimate that controls for only censored endogenous employment, the
OLS estimates tend to understate the negative effect of school-year
work on academic performance. A quantitatively similar pattern can
also be found when one moves from Switching to Censored IV
Switching estimates of the impact of part-time hours worked. These
results clearly suggest that instrumenting early employment appears to
be important in our specifications.

There are two possible explanations that are consistent with the
aforementioned under-biasedness of the OLS and Switching estimates.
First, the decision of how many hours to work appears to be positively
related to unobserved characteristics (e.g., academic-related shocks or

12 These results are available upon request from the authors.
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private information such as responsibility and maturity that also affect
academic performance), making the OLS estimated effect of early em-
ployment biased toward zero. The implication is that students experi-
encing stronger academic-related shocks or private information likely
work more while in school and perform better academically. Second,
the understatement of the negative impact of school-year hours worked
is consistent with what is known as attenuation bias, which arises from
the problem of measurement error and is likely to appear for self-re-
ported hours of work. We note that this finding is also consistent with
previous studies (e.g., Stinebrickner & Stinebrickner, 2003; Tyler,
2003) focusing on Western youth.

Secondly, our main contribution to the existing literature lies in the
finding that endogeneity from educational tracking plays an important
role in estimating the causal effects of early employment on educational
achievement. We demonstrate the importance of educational tracking
from two aspects. First, after correcting for the endogeneity from edu-
cational tracking, the negative impact of school-year work on college
entrance examination scores becomes weaker but remains statistically
significant. The results from the third and fourth columns of Table 7
imply that after controlling for the endogeneity from educational
tracking, on average, exogenously increasing school-year hours worked
by 10 hours per week lowers GSAT-3S scores for academic-track
graduates from a −0.139 standard deviation to a −0.117 standard
deviation. In other words, the negative impact of part-time work on
academic achievement tends to be overestimated, with the bias growing
as large as 16% for academic-track students if the endogeneity arising
from educational tracking is not acknowledged. The implication is that
the selection into educational tracking induces a positive correlation
between part-time work and academic-related unobservables, thus
offsetting the negative impact of early employment. These findings also
apply to vocational-track students—the analogous effects of part-time
work for vocational-track students are −0.118 versus −0.083 standard
deviations, with the upward bias being 30% when only endogenous
part-time work is controlled for. Second, the tracking correction terms

(IMRs) are statistically significantly associated with the scores on col-
lege entrance examinations. It indicates that the selection into educa-
tional tracks in Taiwan is likely nonrandom, and thus the correlation
between tracking behavior and academic performance on college en-
trance examinations cannot be ignored when estimating the effect of
early employment on academic achievement. Furthermore, the coeffi-
cient estimates of selection correction terms are positive for both aca-
demic- and vocational-track students. Along with the fact that the se-
lection correction term λ2i for vocational-track students is negative,
(i.e., = = <( ) ( ) ( )E Z Z Z| / 0i i i T T T2 3 3 i i i ) this shows that
students who choose the academic track are positively selected relative
to those who choose the vocational track.

Thirdly, working while in academic school has a larger negative
marginal impact on academic achievement than working while in vo-
cational school, except for the nonsignificant effects on the Chinese
subject. For example, the estimated effects on the math subject for the
academic and vocational tracks are −0.136 versus −0.106 standard
deviation, respectively. To examine whether part-time hours worked
plays a significantly different role for academic- versus vocational-track
students, the third-stage Censored IV Switching regression is further
performed by pooling samples of both tracks and additionally inter-
acting the tracking dummy variable with all regressors and the selection
term. The last column of Table 7 presents the results on the differences
in the coefficient estimates of hours worked and those of IMRs between
the academic and the vocational tracks. The results show that part-time
hours worked has significantly larger negative marginal effects on the
scores of college entrance examinations for academic-track students
than for vocational-track students, especially for the subjects of English,
math, and the 3 subjects combined. In addition, the results for the IMR
coefficients also reveal significantly distinctive effects between aca-
demic- and vocational-track students. These results again highlight the
importance of the interaction between students’ labor market work and
educational tracking and the need for a separate treatment of academic
and vocational tracks when examining the effects of part-time work.

Table 7
The third-stage estimation results: linear specifications for the z-scores of college entrance examinations by subject.

Academic track Vocational track Difference between tracks

OLS Switching Censored IV Censored IV OLS Switching Censored IV Censored IV Censored IV
Switching Switching Switching

Total 3 subjects
Observed or predicted −0.084 −0.063⁎⁎⁎ −0.139⁎⁎ −0.117⁎⁎ −0.020 −0.016 −0.118⁎⁎ −0.083⁎ −0.039⁎⁎⁎

hours worked/10 (0.054) (0.025) (0.055) (0.046) (0.033) (0.018) (0.049) (0.049) (0.013)
IMRs – 0.197⁎⁎⁎ – 0.181⁎⁎⁎ – 0.089⁎ – 0.092⁎ 0.065⁎⁎⁎

– (0.028) – (0.127) – (0.050) – (0.050) (0.011)
Number of observations 526 526 558 558 370 370 409 409 967
Chinese
Observed or predicted −0.020 −0.012 −0.027 −0.012 −0.006 −0.008 −0.057 −0.030 −0.023
hours worked/10 (0.057) (0.024) (0.046) (0.040) (0.034) (0.021) (0.044) (0.045) (0.038)
IMRs – 0.113⁎⁎⁎ – 0.112⁎⁎⁎ – 0.081 – 0.078⁎ 0.025⁎⁎

– (0.022) – (0.023) – (0.050) – (0.046) (0.011)
Number of observations 532 532 564 564 399 399 440 440 1004
English
Observed or predicted −0.068 −0.048 −0.113⁎⁎ −0.095⁎⁎ −0.001 −0.004 −0.076 −0.059 −0.050
hours worked/10 (0.058) (0.030) (0.044) (0.045) (0.034) (0.017) (0.050) (0.048) (0.035)
IMRs – 0.173⁎⁎⁎ – 0.157⁎⁎⁎ – 0.035 – 0.037 0.061⁎⁎⁎

– (0.027) – (0.026) – (0.042) – (0.043) (0.011)
Number of observations 541 541 573 573 399 399 440 440 1013
Mathematics
Observed or predicted −0.093 −0.075⁎⁎ −0.151⁎⁎⁎ −0.136⁎⁎⁎ −0.034 −0.024 −0.138⁎⁎⁎ −0.106⁎⁎ −0.097⁎⁎

hours worked/10 (0.060) (0.036) (0.052) (0.049) (0.035) (0.024) (0.050) (0.053) (0.040)
IMRs – 0.144⁎⁎⁎ – 0.127⁎⁎⁎ – 0.090⁎⁎ – 0.095⁎ 0.039⁎⁎⁎

– (0.026) – (0.026) – (0.045) – (0.050) (0.012)
Number of observations 536 536 570 570 373 373 412 412 982

Notes: 1. Bootstrap standard errors are in parentheses. 2. Control variables include prior academic scores, gender, races, parental education, family income and intact
family in grade 11, educational expectations, and a constant. 3. The last column reports the coefficient estimates of the interacted predicted hours (IMRs) with the
track dummy. We note that these numbers are not exactly the same as the coefficient differences between the academic and vocational tracks because the ridge
regression is used in the third stage to address the multicollinearity problem. 4. *, **, and *** denote a significance level of 10%, 5%, and 1%, respectively.
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Fourthly, labor supply during high school years has substantially
heterogeneous effects on the scores of Chinese, English, and math
subjects. To uncover important heterogeneities in student performance
across the three different subjects, we further investigate the impact of
part-time work on the scores of each subject under the same four sce-
narios for endogeneity correction. The results presented from Chinese
to math in Table 7 show that the effects of part-time work on student
performance are consistently negative across the four scenarios for
endogeneity correction and across the Chinese, English, and math
subjects. The magnitudes and significance, however, provide sub-
stantial heterogeneities in the effects of part-time work on student
performance across these three subjects. For the Chinese subject, small
and nonsignificant labor supply effects were found for students in both
the academic and the vocational tracks. The panel for the English
subject in Table 7 shows significant negative impacts of part-time work
for academic-track students, but nonsignificant effects for vocational-
track students. Quantitatively, for academic-track students, increasing
work by 10 hours per week during school year lowers English scores by
0.095 standard deviation in the college entrance examination. Tradi-
tionally, vocational-track education has paid less attention to the Eng-
lish subject, which may explain why there is a nonsignificant difference
in the English scores between employed and nonemployed students.
Among subjects, math experiences the largest negative impact from
working during high school—increasing the hours worked per week by
10 hours in school year lowers math scores in the college entrance
examination by 0.136 (0.106) standard deviation for academic-track
(vocational-track) students, respectively. Although school-year hours
worked has a larger marginal effect on the math score for academic-
track students than for vocational-track students, the total effects,
however, may be reversed. Considering that, on average, academic- and
vocational-track students spent 19.96 and 31.25 hours working per
week, respectively, we find that conditional on being employed, un-
dertaking part-time jobs leads to a 0.271 (0.303) standard deviation
decrease in GSAT (TVET) math scores for academic-track (vocational-
track) students.

Lastly, the impacts of individual and family characteristics on the
scores on college entrance examinations are consistent with various
endogeneity controls. Table 8 further presents more detailed estimation
results along with other control variables. Previous academic scores
substantially and positively affect scores on college entrance examina-
tions. In particular, academic scores in the primary school years have a
very long-lasting impact on college entrance examinations. Males per-
form worse in college entrance examinations than females. Parents’
education and family income play a positive role for students in both
the academic and the vocational track. Educational expectations from
both students and parents significantly increase students’ educational
achievements, especially for students in the vocational track.

5.4. Linear or nonlinear effects of early employment?

This subsection further investigates if early employment affects
students’ educational achievement in a linear or a nonlinear way.
Previous findings regarding the way in which early employment line-
arly or nonlinearly affects educational outcomes are rather mixed.
Some studies find linear and negative effects of youth working while
enrolled in school on academic outcomes (e.g., Eckstein & Wolpin,
1999; Marsh, 1991; Tyler, 2003). Evidence is also found that high
school students who work a moderate number of hours per week tend to
perform better academically than students who do not work or who
maintain heavy work schedules (e.g., D’Amico, 1984; Greenberger &
Steinberg, 1986; Lillydahl, 1990; Oettinger, 1999; Stern, 1995).

To capture the potential nonlinear effect of early employment, we
employ the cubic B-spline approximating function,13 which are one
popular choice for splines in practice, of hours worked. We set 5 in-
ternal knots to the minimum, 0.25th quantile, 0.50th quantile, 0.75th
quantile, and maximum of predicted hours. For the purpose of com-
parison with the linear effects, we normalize by equalizing the

Table 8
The third-stage estimation results: linear specifications for the z-scores of three subjects of college entrance examinations.

Academic track: z(GSAT-3S) Vocational track: z(TVET-3S)

OLS Switching Censored IV Censored IV OLS Switching Censored IV Censored IV
Switching Switching

Observed or predicted hours worked/10 −0.084 −0.063⁎⁎⁎ −0.139⁎⁎ −0.117⁎⁎ −0.020 −0.016 −0.118⁎⁎ −0.083⁎

(0.054) (0.025) (0.055) (0.046) (0.033) (0.018) (0.049) (0.049)
Academic scores in primary school 0.146⁎⁎⁎ 0.104⁎⁎⁎ 0.127⁎⁎⁎ 0.098⁎⁎⁎ 0.120⁎⁎ 0.100⁎⁎⁎ 0.103⁎⁎⁎ 0.089⁎⁎

(0.044) (0.029) (0.025) (0.025) (0.059) (0.035) (0.032) (0.033)
Academic scores in grade 9 0.305⁎⁎⁎ 0.157⁎⁎⁎ 0.195⁎⁎⁎ 0.151⁎⁎⁎ 0.286⁎⁎⁎ 0.177⁎⁎⁎ 0.184⁎⁎⁎ 0.176⁎⁎⁎

(0.037) (0.020) (0.020) (0.020) (0.046) (0.028) (0.028) (0.029)
Male −0.051 −0.040 −0.091⁎ −0.089⁎ −0.055 −0.044 −0.047 −0.051

(0.072) (0.049) (0.047) (0.053) (0.090) (0.058) (0.057) (0.053)
Parents' junior high graduates 0.064 0.091⁎ 0.029 0.090 0.030 0.020 −0.004 0.007
and below (0.098) (0.052) (0.055) (0.058) (0.094) (0.064) (0.057) (0.060)
Parents' college graduates 0.235⁎⁎ 0.077 0.170⁎⁎⁎ 0.073 0.589⁎⁎ 0.354⁎⁎ 0.264⁎ 0.282⁎⁎

and above (0.092) (0.060) (0.056) (0.060) (0.275) (0.158) (0.139) (0.137)
Intact family in grade 11 0.200 0.143⁎⁎ 0.105 0.105 −0.123 −0.040 −0.110 −0.096

(0.124) (0.070) (0.070) (0.072) (0.131) (0.078) (0.073) (0.075)
Family income in grade 11 0.003⁎⁎⁎ 0.001⁎⁎ 0.001⁎⁎ 0.001 0.003⁎ 0.002⁎ 0.001⁎ 0.001⁎

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Student’s educational expectation in 0.034⁎⁎ 0.015 0.032⁎⁎⁎ 0.017 0.058⁎⁎ 0.043⁎⁎⁎ 0.051⁎⁎⁎ 0.046⁎⁎⁎

grade 9 (0.016) (0.011) (0.010) (0.011) (0.024) (0.015) (0.014) (0.014)
Parents' educational expectation in 0.027⁎⁎ 0.012 0.020⁎⁎ 0.012 0.038⁎⁎ 0.029⁎⁎ 0.027⁎⁎ 0.025⁎⁎

grade 9 (0.013) (0.009) (0.009) (0.009) (0.018) (0.012) (0.011) (0.011)
IMRs (λ1 or λ2) 0.197⁎⁎⁎ 0.181⁎⁎⁎ 0.089⁎ 0.092⁎

(0.028) (0.027) (0.050) (0.050)

Adjusted R-squared 0.275 0.296 0.265 0.294 0.209 0.207 0.200 0.208
Number of observations 526 526 558 558 370 370 409 409

Notes: 1. z( · ) denotes z-scores. 2. GSAT-3S (TVET-3S) refers to the sum of the scores of the Chinese, English, and math subjects on the GSAT (TVET). 3. Bootstrap
standard errors are in parentheses. 4. Constants and race variables are included. 5. *, **, and *** denote a significance level of 10%, 5%, and 1%, respectively.

13 We thank an anonymous referee for suggesting this to us.
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estimated cubic B-spline function and the estimated linear function
when evaluated at =h 24 hours worked. The results of the estimated
cubic spline and linear mean functions, along with bootstrapped 95%
confidence intervals for the former, are presented in Fig. 3. Fig. 3 re-
veals that while the cubic B-spline is nonlinear in nature, the estimated
cubic B-spline mean functions of the educational attainment outcomes
with respect to hours worked are essentially linear. Moreover, Fig. 3
also reveals that the estimated linear functions are entirely covered by
the bootstrapped 95% confidence intervals based on the cubic B-spline
estimation. These findings are robust across the two educational tracks
and the three subjects.

5.5. Further results and robustness checks

The impacts of part-time work on performance in college entrance
examinations may vary with academic ability. Table 9 presents the
estimation results for the specification where part-time work is ad-
ditionally interacted with academic record in grade 9. The results reveal
that the linear negative impacts of early employment on GSAT-3S
scores become slightly larger for academic-track students, while the
interaction term has similar coefficient estimates across the three gen-
eral subjects and is significant at the 5% level only for the English
subject. In contrast, different patterns emerge for students in vocational

Fig. 3. Linear versus nonlinear effects of hours worked while in school on GSAT and TVET scores by subject.
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schools. The higher a vocational school student’s academic ability, the
smaller is the negative impact of early employment on him/her. Our
explanation is that it is well known that, in general, the GSAT ex-
amination is more difficult and more competitive than the TVET ex-
amination. As a consequence, to prepare for the GSAT, students on the
academic track are more likely to attend a cram school after their

regular school schedules than students on the vocational track. The
time constraints likely outweigh the benefit of participating in the labor
market for students with a higher academic record. The interaction of
part-time work with academic ability plays a nonsignificant role.
However, the vocational-track students with higher academic ability
may benefit more from participating in the labor market when their
time constraints are relatively light.

To check the robustness of our results, we use a total five-subject
GSAT score (GSAT-5S) to investigate the role of endogeneity in edu-
cational tracking and part-time work for academic-track students.
Table 10 presents the estimated effects of part-time work on the z-scores
of the GSAT-5S under four specifications as noted earlier. The results
are quantitatively similar to those for the three-subject GSAT-3S scores
reported in Table 7—the marginal effect of part-time work on college
entrance examination scores is −0.105, which is slightly lower than the
−0.117 reported in Table 7 using GSAT-3S as an educational outcome.

More essentially, to examine for “placebo” effects, we further in-
vestigate the impacts of part-time work for those students who worked
only during summer or winter vacations during high school year, which
is expected to have smaller effects on academic performance. The re-
sults presented in Table 11 clearly reveal that in contrast to the esti-
mated effects presented in Table 7, working part time only during
summer and/or winter vacations has a nonsignificant and positive
impact on college entrance examinations for both academic-track and
vocational-track students. The estimated “placebo” effects are 0.050
(with a standard error of 0.106) and 0.059 (with a standard error of
0.057) standard deviations for academic- and vocational-track students,

Table 9
The third-stage estimation results: interacting predicted hours worked with academic scores in grade 9 by subject.

Academic track Vocational track

Dependent variables z(GSAT-3S) z(GSAT-C) z(GSAT-E) z(GSAT-M) z(TVET-3S) z(TVET-C) z(TVET-E) z(TVET-M)

Predicted hours worked/10 −0.135⁎⁎⁎ −0.024 −0.111⁎⁎⁎ −0.147⁎⁎⁎ −0.079⁎ −0.027 −0.056 −0.103⁎⁎

(0.043) (0.039) (0.040) (0.047) (0.045) (0.046) (0.047) (0.048)
Predicted hours worked/10 0.013⁎⁎ 0.009⁎ 0.011⁎⁎ 0.008 0.019⁎⁎⁎ 0.014⁎⁎⁎ 0.014⁎⁎⁎ 0.015⁎⁎⁎

× academic scores in grade 9 (0.006) (0.005) (0.005) (0.006) (0.004) (0.003) (0.004) (0.004)
IMRs (λ1 or λ2) 0.175⁎⁎⁎ 0.108⁎⁎⁎ 0.152⁎⁎⁎ 0.124⁎⁎⁎ 0.083⁎ 0.071⁎ 0.030 0.088⁎

(0.026) (0.024) (0.025) (0.024) (0.050) (0.043) (0.041) (0.045)
Control variables yes yes yes yes yes yes yes yes

Adjusted R-squared 0.292 0.154 0.225 0.204 0.213 0.174 0.120 0.142
Number of observations 558 564 573 570 409 440 440 412

Notes: 1. z( · ) denotes z-scores. 2. GSAT-C, GSAT-E, GSAT-M, and GSAT-3S refer to the score of the subjects of Chinese, English, math, and the sum of the scores of
these three subjects on the GSAT. The notations for TVET are defined analogously. 3. Bootstrap standard errors are in parentheses. 4. Control variables include prior
academic scores, gender, races, parental education, family income and intact family in grade 11, and educational expectations. 5. *, **, and *** denote a significance
level of 10%, 5%, and 1%, respectively.

Table 10
The third-stage estimation results: z-scores of total five-subject GSAT scores for
academic-track students.

Academic track: z(GSAT-5S)

OLS Switching Censored IV Censored IV
Switching

Observed or predicted −0.076⁎ −0.057⁎⁎⁎ −0.125⁎⁎⁎ −0.105⁎⁎⁎

hours worked (0.045) (0.020) (0.043) (0.039)
IMRs (λ1 or λ2) 0.177⁎⁎⁎ 0.162⁎⁎⁎

(0.024) (0.022)
Control variables yes yes yes yes

Adjusted R-squared 0.358 0.391 0.357 0.385
Number of observations 830 830 885 885

Notes: 1. z( · ) denotes z-scores. 2. Bootstrap standard errors are in parentheses.
3. GSAT-5S refers to the sum of the scores of the Chinese, English, math, natural
science, and social science subjects on GSAT. 4. Control variables include prior
academic scores, gender, races, parental education, family income and intact
family in grade 11, and educational expectations. 5. *, **, and *** denote a
significance level of 10%, 5%, and 1%, respectively.

Table 11
The third-stage estimation results: the impact of part-time work during summer and/or winter vacations while in high school.

Academic track: z(GSAT-3S) Vocational track: z(TVET-3S)

OLS Switching Censored IV Censored IV OLS Switching Censored IV Censored IV
Switching Switching

Observed hours worked/10 −0.036 −0.032 0.010 0.016
(0.033) (0.022) (0.030) (0.019)

Predicted hours worked/10 −0.061 0.050 0.037 0.059
(0.121) (0.106) (0.054) (0.057)

IMRs (λ1 or λ2) 0.202⁎⁎⁎ 0.192⁎⁎⁎ 0.093⁎⁎ 0.202⁎⁎⁎

(0.029) (0.029) (0.047) (0.029)
Control variables yes yes yes yes yes yes yes yes

Adjusted R-squared 0.277 0.300 0.257 0.290 0.204 0.200 0.198 0.207
Number of observations 516 516 558 558 334 334 409 409

Notes: 1. z( · ) denotes z-scores. 2. GSAT-3S (TVET-3S) refers to the sum of the scores of the Chinese, English, and math subjects on GSAT (TVET). 3. Bootstrap
standard errors are in parentheses. 4. Control variables include prior academic scores, gender, races, parental education, family income and intact family in grade 11,
and educational expectations. 5. *, **, and *** denote a significance level of 10%, 5%, and 1%, respectively.
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respectively, whereas their counterparts reported in Table 7 are
−0.117 (with a standard error of 0.046) and −0.083 (with a standard
error of 0.049) standard deviations. These statistically nonsignificant
effects are consistently present across the four specifications we con-
sider. These results provide further evidence that our estimation
strategy has effectively addressed the selection and endogeneity pro-
blems.

6. Conclusions

This study has examined the association between educational
tracking and school-year hours worked for 11th graders and their
subsequent scores on college entrance examinations. Our results reveal
that school-year work has significantly and substantially adverse effects

on later educational achievement for both academic- and vocational-
track students, and endogeneity from both part-time work and educa-
tional tracking can not be ignored. After accounting for the endogeneity
of part-time work, the negative impacts of school-year work are largely
strengthened. Such negative impacts of part-time work, however, tend
to be overestimated, with the bias reaching as high as 16% and 30% for
academic- and vocational-track students, respectively, if the en-
dogeneity arising from educational tracking is not acknowledged.
Among subjects, math scores suffer most from working during high
school.

The policy implications that emerge from our empirical analysis are
worth highlighting. First, early employment during the senior sec-
ondary school years will adversely impact college entrance. Reducing
hours worked or prohibiting employment during the high school stage

Table 12
Variable definitions and descriptive statistics.

Variable Definition Mean SD N

Dependent variables
Educational Tracking 1 = senior high school, 0 = senior vocational school 0.45 0.50 2372
Hours worked Hours worked per week in school year of grade 11 5.21 13.57 2030
GSAT-3S Total scores in three subjects (Chinese, English, and math) of 28.14 6.93 589

General Scholastic Ability Test (GSAT), ranging from 0 to 45,
with each subject having a maximum of 15 scale points.

GSAT-C Score in Chinese subject on GSAT, ranging from 0 to 15 11.37 2.20 597
GSAT-E Score in English subject on GSAT, ranging from 0 to 15 9.50 3.33 605
GSAT-M Score in math subject on GSAT, ranging from 0 to 15 7.32 3.54 602
GSAT-5S Total scores in five subjects (Chinese, English, math, natural 47.45 10.74 1002

science, and social science) on GSAT, ranging from 0 to 75
TVET-3S Total scores in three subjects (Chinese, English, and math) of 170.44 44.37 447

Technological & Vocational Education Test (TVET), ranging
from 0 to 300, with each subject having a maximum of 100 points

TVET-C Score in Chinese subject on TVET, ranging from 0 to 100 66.30 14.03 481
TVET-E Score in English subject on TVET, ranging from 0 to 100 50.06 19.78 482
TVET-M Score in math subject on TVET, ranging from 0 to 100 53.81 21.76 450
Independent variables
Demographic factors and parental education
Male 1 = male, 0 = female 0.49 0.50 2372
Minnan 1 = Minnan, 0 = other 0.77 0.42 2372
Hakka 1 = Hakka, 0 = other 0.07 0.26 2372
Mainlander 1 = Mainlander, 0 = other 0.13 0.34 2372
Native 1 = Native, 0 = other 0.01 0.09 2372
Parents junior high graduates 1 = Both parents have education levels equal to or below junior 0.35 0.48 2372
and below high school, 0 = other

Parents college graduates and 1 = Both parents have education levels equal to or above college, 0.12 0.33 2372
above 0 = other

Characteristics during junior high school years
Academic score in primary The average academic score in primary school years 3.39 1.03 2372
school

Academic score in grade 9 Academic score in grade 9 2.88 1.31 2372
Student’s tracking preference 1 = academic track, 0 = vocational track 0.59 0.49 2372
Parents attending School Day 1 = parents attending School Day in grade 9, 0 = otherwise 0.47 0.50 2372
Student’s educational expectation Years of schooling, student’s own educational expectation 15.04 2.64 2372
Parents’ educational expectation Years of schooling, parents’ expectation for their child 16.98 3.04 2372
Intact family in grade 9 1 = living in an intact family in grade 9, 0 = otherwise 0.88 0.32 2372
Family income in grade 9 Family income in grade 9 in thousand NT$ 60.65 38.62 2372
Characteristics during senior high school years
Intact family in grade 11 1 = living in an intact family in grade 11, 0 = otherwise 0.84 0.39 2372
Family income in grade 11 Family income in grade 11, in thousand NT$ 60.31 38.96 2372
Instrumental Variables (IVs)
Density of senior high schools Number of senior high schools per square kilometer in 0.18 0.15 2372
in residential area students’ zip-code residing neighborhood

Density of food stores in residential area Number of restaurants, fast-food, and beverage stores per square 31.67 42.09 2372
kilometers in students’ zip-code residing neighborhood

Density of gasoline stations (per km2) Number of gasoline stations per square kilometer 0.40 0.28 2372
in residential area in students’ zip-code residing neighborhood

Density of gasoline stations (per 1000 Number of gasoline stations per thousand population age 15–19 0.42 0.61 2372
population) in residential area in students’ zip-code residing neighborhood

Density of convenience stores Number of convenience stores per thousand population aged 15–19 7.88 6.68 2372
in residential area in students’ zip-code residing neighborhood

Density of flyer/leaflet services Number of flyer/leaflet services per thousand population aged 15–19 19.70 20.87 2372
in residential area in students’ zip-code residing neighborhood

Youth unemployment rate Unemployment rate of young population aged 15–19 14.07 0.70 2372
in residential area in students’ zip-code residing neighborhood
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may preserve students’ long-term educational achievement, especially
for those who are interested in math-related fields. Second, working
may be an undesirable necessity for low-income students, in the sense
that their part-time work serves as the main financial source for their
tuition and other expenses. For such low-income students, our results
suggest that working during summer/winter vacation may be a better
choice, and government tuition subsidies can provide additional sup-
port.

Our econometric strategy can also be applied to other interesting
empirical settings. For example, an important topic in labor economics
that is similar in concept to this study is to estimate the impacts of labor
supply during college years when the choice between two- and four-
year college is taken into account (e.g., Kane & Rouse, 1995; Light,
1999). Another potential application is in health economics and the
investigation of the effects of the breastfeeding duration on later child
health outcomes while accounting for the self-selection of delivery in
baby-friendly hospitals (e.g., Howe-Heyman & Lutenbacher, 2016;
Pérez-Escamilla, Martinez, & Segura-Pérez, 2016 for reviews of the
literature).
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