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As many prior studies have pointed out, private shadow education, which includes
commercial coaching and one-on-one tutoring, has important implications for educational
opportunity and the process of social stratification. In this study, I analyze the
heterogeneous effects of private shadow education on SAT scores by individual likelihood of
participation using the Educational Longitudinal Study 2002. The key finding of this study
is that the effects of shadow education are substantively different across propensity strata
and that its effects increase as the propensity to participate in shadow education increases.
That is, those who are more likely to use shadow education, who are socioeconomically
advantaged and possess higher educational capital, benefit more from shadow education
than those who are less likely to use it. Moreover, use of public resources neither alleviates
the effects of shadow education nor changes the pattern of the heterogeneous effects of
shadow education based on likelihood of use.
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Introduction

This study aims to understand the impact of shadow education on
educational inequality by examining the heterogeneous effects of shadow
education on SAT scores. Stevenson and Baker defined shadow education as
a “set of educational activities outside formal schooling that are designed to
improve a student’s chances of successfully moving through the allocation
process” (1992, p. 2). The most prevalent forms of shadow education include
commercial coaching, cram schools, and one-on-one tutoring. Extensive use
of shadow education has been largely observed in a few countries, especially
in several East Asian countries. However, recent research has shown that
shadow education has become a worldwide phenomenon and is one of the
fastest growing industries in many countries (Baker and LeTendre 2005; Bray
2001; Buchmann, Condron and Roscigno 2010; Byun 2014).

The prodigious growth of shadow education has caused much concern
over educational quality and equality among policymakers (Bray 2009; Mori
and Baker 2010). This is because in most cases shadow education completely
relies upon private investment and is less accessible to families with limited
socioeconomic capital (Baker and LeTendre 2005; Dang and Rogers 2008;
Mori and Baker 2010; Stevenson and Baker 1992; Byun 2014). Given this, if
shadow education does make a difference in academic achievement, it then
carries important implications concerning educational opportunity and
social stratification. Depending on its impacts, shadow education could serve
as a mechanism for maintaining and increasing social stratification by
allowing educational advantages on students who are already advantaged in
terms of their economic, social, and cultural capital (Byun 2014). However, it
is more difficult to control for the pervasiveness and repercussions of shadow
education compared to other factors that affect educational consequences,
since it takes place outside of formal schooling (Barry 2001; Grodsky 2010).

Given the importance of shadow education, this paper examines the
effects of shadow education on SAT scores in the United States. This study
aims to not only to understand how advantaged families utilize their
economic resources to access the educational advantages that shadow
education can provide, but also suggests how policymakers might approach
the issue of shadow education to diminish educational stratification in the
United States.

I build on and augment prior research on shadow education and on
coaching effects on SAT scores in several important ways. First, using
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propensity score matching, I examine the causal relationship between shadow
education and SAT achievement by carefully attending to issues of
preexisting heterogeneity. Many prior studies have emphasized that selection
bias is a major concern when examining the causal effect of shadow
education on SAT scores, and only a few studies have tried to address this
issue in the U.SS. context by utilizing more advanced methods (Briggs 2001;
Byun and Park 2012; Domingue and Briggs 2009; Hansen 2004; Powers and
Rock 1999).

Second, in addition to examining the average effects of shadow
education, I analyze variation in the effects on SAT scores based on the
likelihood of receiving shadow education. Using semi- and non-parametric
methods based on propensity scores, I summarize the systematic trend of
heterogeneous effects across propensity scores. This approach could
potentially reveal effects that have previously been masked. For example,
although the average effects of shadow education are moderate, some part of
the population might benefit significantly more than others from shadow
education. If socioeconomically advantaged students who are also more likely
to engage in shadow education benefit most from it, then shadow education
is an important factor in widening the educational gap between social classes,
as it advances advantaged students’ educational achievement. However, if
students less likely to participate in shadow education benefit more from it,
the impact of shadow education on educational inequality is limited and it
could in fact serve as a tool to diminish the educational gap between
advantaged and disadvantaged students. In addition to socioeconomic
background, students’ propensity to engage in shadow education is an
effective measure of students’ educational environments. As I estimate
students’ likelihood of participating in shadow education according to
demographic characteristics, educational motivation/aspiration, prior
academic achievement, parents’ expectation/involvement, and institutional
characteristics, examining effect heterogeneity based on likelihood of
participating in shadow education could tell us how the effects of shadow
education vary by students” essential backgrounds that decide his or her
academic success.

Third, considering various forms of shadow education, I use a multiple
counter-factual approach to examine the impact of shadow education more
precisely. While there is an ongoing debate on the definition of shadow
education (Buchmann, Condron and Roscigno 2010; Grodsky 2010; Alon
2010), I conceptualize shadow education as taking two different forms:
private (commercial coaching and one-on-one tutoring) and public (school
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prep courses, books, videos, and computer materials). In this study, I examine
not only how private shadow education affects SAT scores differently
depending on the alternative SAT preparation activities, but also whether
public resources effectively allay the stratification effects of private shadow
education. By attending to the effect heterogeneity of private shadow
education with multiple counterfactual scenarios, this study mainly focuses
on examining how the effects of shadow education differ based on individual
social and educational position and how this phenomenon affects
educational stratification in the United States.

Contextual Background: Shadow education in the United States

Despite its important implications on social stratification, shadow education
in the United States has received far less attention than other factors that are
thought to contribute to educational inequality. This is due in part to the
nature of the U.S. educational system. In general, shadow education is
prevalent in countries that place heavy emphasis on formal examinations—
particularly centrally administered examinations—and have tight linkages
between educational achievement and later occupational and social status
(Baker and LeTendre 2005; Dang and Rogers 2008; Stevenson and Baker
1992). For example, shadow education is extremely prevalent in most East
Asian countries where great emphasis is placed on the importance of college
entrance exams (Baker and LeTendre 2005; Bray 2001). In contrast, in the
United States, in addition to formal exams, various non-cognitive factors
such as extracurricular activities are also important in the college admissions
process (Bray 2001; Buchmann, Condron and Roscigno 2010; Byun and Park
2012).

However, in accord with the recent expansion in secondary and post-
secondary education in the United States, the importance of standardized
tests has been growing (Alon 2009; Alon and Tienda 2007; Grodsky, Warren
and Felts 2008). The growing importance of standardized testing in the U.S.
admissions process is perhaps a major factor in pushing students to improve
their scores on high-stakes tests, which fosters the development of shadow
education (Buchmann, Condron and Roscigno 2010; Byun and Park 2012).
The increased profitability of commercial coaching companies in the United
States, such as the Princeton Review and Kaplan, is indicative of this growing
trend (Buchmann, Condron and Roscigno 2010; Davies and Aurini 2006).
For example, the Princeton Review earned $110.4 million in revenue for its
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test preparation services in 2009 (Princeton Review 2010) and is one of the
fastest growing industries in the United States.

Despite its low profile, there are U.S. scholars who have called attention
to the impact of shadow education on educational stratification (Buchmann,
Condron and Roscigno 2010; Byun and Park 2012; Domingue and Briggs
2009). For example, Buchmann et al. (2010) referred to the variety of SAT/
ACT test preparation services as American style shadow education. The most
common form of shadow education in the United States are those activities
that prepare students for SAT/ACT tests. In many other countries, preparing
for college entrance exams is the most extensive and important form of
shadow education (Bray 2001; Stevenson and Baker 1992). Therefore,
examining the effects of SAT test preparation activities could lead to a
thorough discussion of the implications of shadow education in the United
States.

Methodological Issues

Pretreatment heterogeneity issues in the study of shadow education

Even though the effects of shadow education on educational achievement
have been widely investigated in various countries, the empirical evidence is
somewhat mixed. Generally, there is thought to be some positive relationship
between shadow education and academic achievement; however, whereas
some studies have found strong positive effects (Jacob and Lefgren 2004;
Stevenson and Baker 1992; Buchman 2002; Dang 2007; Tansle and Bircan
2005), other studies have found modest positive or null effects (Domingue
and Briggs 2009; Ha and Harpham 2005; Suryadarma et al. 2006; Kuan 2011;
Cheo and Quah 2005; Kim 2010). One major factor contributing to these
varied findings is the issue of selection bias in estimating the causal
relationship between shadow education and its outcome (Byun 2014; Dang
and Rogers 2008). That is, most of the research on this topic is limited when
it comes to addressing pretreatment heterogeneity. Using OLS regression
with various control variables is the most common approach to address this
limitation; however, OLS regression cannot fully address the issue of
pretreatment heterogeneity (Brand and Xie 2010; Rosenbaum and Rubin
1983). In this study, I use propensity score matching to address pretreatment
heterogeneity in examining the causal effects of shadow education.
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Heterogeneous effects of shadow education

Although some prior studies have recognized pretreatment heterogeneity in
the relationship between shadow education and academic achievements,
most studies have not attended to effect heterogeneity in examining the
impact of shadow education on academic achievements. While most prior
studies have focused on homogeneous shadow education effects, which
assumes that the effects of shadow education are equal for each student, I
believe it is reasonable to suppose that individual responses to shadow
education can differ based on social background.

This study is particularly interested in examining treatment effect
heterogeneity. Treatment effect heterogeneity refers to an estimation of the
interaction between treatment and propensity for treatment (Brand and
Davis 2011; Brand and Xie 2010; Brand and Simon-Thomas 2013; Xie). This
approach addresses two sources of selection bias simultaneously; that is, by
using propensity score matching, this study effectively attends to the
pretreatment heterogeneity issue, and by examining how the effects of
shadow education differ based on the propensity to use shadow education,
the study can address systematic trends in the effect heterogeneity of shadow
education.

In terms of shadow education, treatment effect heterogeneity can answer
such questions as is shadow education particularly beneficial for already
advantaged students who are also more likely participate in shadow
education, or do students from less privileged backgrounds benefit enough to
diminish the educational gap? If we understand these patterns of treatment
effect heterogeneity, we can grasp the more profound implications of shadow
education from a social stratification perspective. In so doing, we can also
provide suggestions for effective policymaking geared toward assisting
specific sub-populations.

Despite many prior studies on shadow education, only one study has
shown some evidence of treatment effect heterogeneity in the United States.
Domingue and Briggs (2009) estimated the effects of coaching on SAT scores
using propensity score matching with the Educational Longitudinal Survey of
2002. They utilized one independent variable (commercial coaching) among
various variables related to shadow education. In this analysis, they estimated
propensity score stratum-specific coaching effects on SAT. While they did
not explicitly summarize the trend in the variation of effects by propensity
score strata, they found some evidence of effect heterogeneity and argued
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that effects are highest in higher subclasses (Domingue and Briggs 2009:19).
In my analysis, I build on their research and expand on it by using more
complex counterfactuals and by testing for systematic trends in the treatment
effect heterogeneity using stratification-multilevel (SM) and smoothing-
differencing (SD) models. I discuss these two methods in more detail in the
analytical strategy section. Outside of the U.S. educational context, Choi and
Park (2016) examined treatment effect heterogeneity in South Korea. They
found that while the effects of shadow education do not differ by individual
propensity to use shadow education when not controlling for hours per week
spent on shadow education, intense shadow education (more than four hours
per week) showed negative selection trends, which means that students less
likely to participate in shadow education benefit most from it. In this study, I
employ the same analytic strategy to examine the heterogeneous effects of
shadow education in the U.S. context, which is greatly different from that of
South Korea, and I further extend their study by differentiating between
private and publish shadow education in this paper.

What is shadow education?

Along with methodological considerations, how one defines shadow
education is a key factor in analyzing its effects. The operational definitions
of shadow education are diverse and controversial. Buchmann et al. (2010)
constructed a test preparation indicator, which includes four kinds of test
preparation activities: (1) books, computer software, and/or videos; (2) high
school prep courses; (3) private courses; and (4) private tutors. They included
all four activities as forms of shadow education and did not distinguish
between public and private resources. Grodsky (2010) criticized existing
operational definitions of shadow education and emphasized that the
distinction between public and private resources is particularly important in
understanding the implications of shadow education. Thus, resources such as
private courses and private tutoring should be seen as the only form of
shadow education in the United States. Alon (2010) similarly emphasized the
importance of the distinguishing between private and public resources in her
comments and supplementary analysis to Buchman et al’s work. Although
she considered both private and public sources to be aspects of shadow
education, she argued that distinguishing between the two was analytically
important for understanding its economic aspects and effectiveness.

In this study, I distinguish between public test preparation resources—
which includes books, computer software, videos, and high school
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preparatory courses—and private resources, such as private courses and
private tutors. Since private resources represent an apparent economic barrier
for those with limited economic capital (Buchmann, Condron & Roscigno
2010; Byun & Park 2012), its implications for stratification are substantially
different from those of other resources. Therefore, the dichotomous
definition of shadow education between private and public aims to
understand the degree to which shadow education contributes to educational
inequality and to examine whether public resources are a comparable
alternative to private resources.

Hypothesis

The key interest of this study is understanding how the effects of shadow
education differ according to likelihood of engaging in shadow education.
There are two competing theoretical models for interpreting the patterns of
treatment effect heterogeneity of shadow education. The first is the positive
selection model, in which individuals who are most likely to participate in
shadow education also benefit most from it. This is explained by the rational-
behavioral model, an economic model that posits that individuals who think
that they will have the highest returns from shadow education are most likely
to participate in shadow education. Their utilization of shadow education is
thus rational behavior based on a utility-maximizing strategy. Another
possible explanation for the positive selection model is that since the quantity
and quality of shadow education varies by cost, there is the possibility that
those who are most likely to engage in shadow education do so for longer and
that their shadow education is of higher quality than others based on their
advantaged socioeconomic backgrounds (Choi and Park 2016).

The second theoretical model is negative selection, in which individuals
who are less likely to use shadow education benefit more from shadow
education. One of the possible explanations for negative selection is that
students with lower socioeconomic status (SES) (and therefore less likely to
participate in shadow education) who actually do participate in shadow
education may be more strongly motivated than higher SES students, given
that they would have had to overcome more barriers to participation. This
indicates that the use of shadow education might be more culturally and
socially driven, rather than by solely rational economic concerns (the
aforementioned utility maximizing strategy). That is, it is possible that
students from advantaged backgrounds might be engaged in shadow
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education because of their parents and are not strongly motivated. Also, we
should consider the different counterfactuals between high propensity and
low propensity participants. If shadow education is an effective tool to
increase SAT scores, then extremely poor achievements by low propensity
non-participants will reflect a larger difference than high-propensity
participants. Since high propensity non-participants have diverse social and
cultural capital and thus potentially alternative means for securing high test
scores, they can diminish the outcomes gap between themselves and high
propensity shadow education participants (Choi and Park 2016).

The implications of these two competing hypotheses for educational
stratification are quite different. If the data indicate that positive selection is
occurring, this means that shadow education plays an important role in
widening the educational gap between advantaged and disadvantaged
students and worsening educational inequality. In contrast, if the data
support the negative selection hypothesis, then shadow education could serve
as an effective tool to mitigate educational inequality between social classes,
as those most disadvantaged students would benefit more from shadow
education than do advantaged students. Therefore, in addition to providing a
more accurate picture of the role of shadow education in educational
stratification, examining treatment effect heterogeneity will also inform
policymakers as to which populations benefit from shadow education and
which populations require more support.

Analytical Strategy: Methods, Data, and Measurement

Methods

To estimate both the average and heterogeneous effects of shadow education,
I first estimate individuals’ propensity scores for receiving shadow education
using probit regression as follows:

P=p(d,=1]X)

A propensity score is the conditional probability of treatment given the
observed covariates X. In this form, P is the propensity score, d; indicates
whether student i uses shadow education or not, and X is a vector of
observed covariates. I estimate the propensity scores for three counter factual
model separately (all models are described in greater detail in the
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measurement section below). Then, I invoke an ignorability assumption. The
ignorability assumption means that after controlling for a given set of
pretreatment covariates, there are no additional confounders between treated
and untreated cases. The plausibility of the ignorability assumption depends
on the richness of the observed covariates (Brand and Xie 2010). Therefore, I
carefully include various covariates to predict the use of shadow education
based on prior studies. However, it is important to note that there is always
the possibility of unobserved causal factors.

Based on the estimated propensity scores, I examine the average
treatment effect on the treated (ATT). ATT represents the average gain from
shadow education for those who actually were treated:

Tutt:E(del —deo | d=1)

I use nearest neighbor and kernel matching to estimate the ATT for each
counterfactual model; unmatched differences are also calculated for
comparison.

While the estimated results of ATT indicate the average effects of
shadow education, I use SM and SD to estimate treatment effect heterogeneity.
Both methods are based on propensity score matching approaches. Based on
the estimated propensity scores for participating in shadow education, SM
constructs a balanced propensity score strata, which means that those who
do and those who do not participate in shadow education are not statistically
different in terms of the mean value of every covariate and propensity score.
Therefore, the only difference of those within the same balanced propensity
score stratum is the treatment condition (i.e., whether or not the individual
takes shadow education). Then, I estimate propensity score stratum-specific
effects using OLS regression, and finally I summarize the systematic pattern
of heterogeneous treatment effects in response to shadow education across
propensity strata using a variance-weighted least squares regression (Brand,
Pfeffer and Goldrick-Rab 2012). I repeat this analysis for three counterfactual
scenarios (described in the next section).

In addition to the SM method, I conduct a sensitivity test using the SD
method. The SM method has two key assumptions: everyone in each stratum
has the same effects and it examines linear trend of heterogeneous effects
across the strata. By using the SD method, I can test for sensitivity to the
linearity and strata-specific homogeneity assumptions imposed in the SM
method (Brand, Pfeffer and Goldrick-Rab 2012). Based on the estimated
propensity scores, the SD method fits a separate nonparametric regress of the
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SAT scores on the propensity scores and then takes the difference in the
nonparametric curves between shadow education participants and non-
participants (Brand, Pfeffer and Goldrick-Rab 2012:14). Therefore, the SD
method capture curvilinear patterns of effect heterogeneity of shadow
education

Data

In this analysis, I use the Educational Longitudinal Survey of 2002 (ELS),
which contains extensive information about respondents’ social and
economic backgrounds and educational information such as grades,
educational activities, and aspirations. ELS 2002 followed a nationally
representative sample of U.S. high school sophomores in 2002 through their
senior years in 2004 and beyond in 2006. I restrict my sample to those who
have valid SAT or ACT scores to determine the effect of shadow education on
SAT scores. I further restrict my sample to those who answered both the base
and first follow-up surveys since only those samples have valid answers to
questions about use of shadow education. Since I use only a portion of the
total sample, it is difficult to generalize my findings to high school students in
general. However, because my sample includes the majority of students in the
sample who prepared for SATs in school and actually took the SAT, it has still
important implications for understanding the role of shadow education in the
college preparation process. The final sample consists of 6,900" high school
seniors in the United States, but the actual sample varies according to each
counterfactual model.

Measurements

First, in terms of the treatment variable, I generate three categories for the
shadow education variables: (1) those who did not participate in any form of
shadow education, (2) those who did so using only public resources, and (3)
those who either used only private resources or used private resources in
addition to public resources.? Since I use these three categories for the
shadow education variable, I generate multiple contrasts. The effect of private

! Following the Institute of Education Sciences’ restricted-use data security procedures, I rounded
the unweighted Ns to the nearest 10.

? T do this because many private shadow education users also utilize public resources. I also
conduct additional analysis with those who used only private resources as a key treatment variable
and the results do not greatly differ from this study’s findings.
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test preparation is my key interest and thus I examine the following three
counterfactuals: (1) the effect of private shadow education vs. anything else
(including both public and no test preparation), (2) private shadow education
vs. public shadow education, and (3) private shadow education vs. no test
preparation.

Second, I utilize various independent variables to estimate a student’s
propensity to participate in private shadow education compared to the three
counterfactuals. These include demographic characteristics, family
background, prior educational achievement, educational motivation/
aspiration, parents’ expectation/involvement, and high school characteristics.
All measures of the independent variables are from base year data (2002).
Most variables have only a small amount of missing data; however, five
variables do have a relatively greater amount of missing data (remedial course
enrollment, PSAT plan, college info-seeking activities, discussing SAT prep
with parents, and discussing school courses with parents). Instead of
removing those missing cases, I create an additional level that denotes
missing for each of the five variables, following prior studies on shadow
education (Byun and Park 2012; Domingue and Briggs 2009; Hansen 2004). I
also conduct the same analyses with a non-missing sample (listwise deletion),
which yields similar results.

1) Demographic characteristics: Gender is a dummy variable (male = 1)
and race/ethnicity includes white [reference category], Black, Asian,
Hispanic, and other races (Native Hawaiian, Pacific Islander,
American Indian, and Alaska native)

2) Family background: I use a dichotomous variable for family
composition such as whether or not a student lives with both parents
(both parents = 1). The SES index is provided by ELS and is a
standardized composite score based on five variables, including
father/mother’s education, family income, and father/mother’s
occupation.

3) Prior educational achievement: I utilize four variables to measure
prior educational achievement. Tenth grade GPA, math and reading
composite test scores provided by ELS, and number of AP and
remedial courses. Except for the remedial course variable, the other
three variables are continuous. The remedial course variable consists
of three categories (yes, no [reference category], and missing).

4) Educational motivation/aspiration: Educational motivation includes
five variables. These are students’ educational expectations (1-8),
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importance of good grades (1-4), homework hours per week (more
than 10 hours = 1, less than 10 hours = 0), plans to take the PSAT
(yes, no [reference category], and missing), and seeking college
information (yes, no [reference category], and missing).

5) Parents’ expectations and involvement: Three variables are used for
measuring parental characteristics. These are parent’s educational
expectations (1-7), discussing SAT preparations with parents (never
[reference category], sometimes, often, and missing), and discussing
school courses with parents (never [reference category], sometimes,
often, and missing).

6) High school characteristics: Students’ school features include three
variables, which are private school (yes = 1), school region (south
[reference category], northeast, midwest, and west), and urbanity
(urban [reference category], suburban, and rural)

Finally, the SAT score is my outcome variable. For those with only ACT
scores, ELS 2002 converted the ACT scores to the SAT scale, which ranges
from 400-1600.

Results

Descriptive statistics

Table 1 shows the results of descriptive statistics by shadow education use.
My key interest group, those who used private shadow education, is quite
different from both the group that used only public shadow education and
the group that did not use any shadow education.

First, it is evident that private shadow education participants have much
better economic backgrounds than non-participants, which confirms our
prior assertion that participation in private shadow education greatly
depends on individual economic background. High school characteristics
also shows a clear distinction between private shadow education participants
and others. A greater percentage of private shadow education participants
attend private schools and schools in urban areas.

In terms of demographic characteristics, there are more women who
participate in private shadow education, and Black and Asian students are
more likely to engage in private shadow education than White students.

Prior educational achievement shows somewhat mixed results. For
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TABLE 1
DESCRIPTIVE STATISTICS BY SHADOW EDUCATION USE: EDUCATIONAL
LONGITUDINAL STUDY 2002 (N=6,900)

Full  Private shadow Public shadow No shadow
sample education education  education

De mographic Characteristics

Male .46(.007) .42(.016) 41(.010) .57(.014)
Race
White 72(.007)  .63(.015) 73(.009)  .79(.011)
Black .11(.005) .17(.012) .11(.006) .07(.007)
Asian .05(.003) .08(.006) .05(.004) .03(.004)
Hispanic .09(.004) .09(.009) .09(.006) .09(.008)
Other race .03(.003) .04(.007) .03(.004) .03(.004)
Family backgrounds
Parents’ SES .23(.011) 42(.023) .20(.014) .14(.020)
Both parents(0/1) .67(.007) .67(.015) .67(.010) .67(.014)
Educational Achievements
10™ grade GPA 3.06(.010) 3.05(.022) 3.11(.013) 2.99(.020)
AP courses 1.09(.025) 1.35(.058) 1.07(.034) .921(.049)
Remedial class(0/1)
Yes .08(.004) .09(.011) .08(.005) .08(.008)
No 87(.005)  .85(.011) 87(.007)  .87(.010)
Missing .06(.003) .06(.008) .05(.005) .05(.007)
Test score(10™) 54.74(.13)  54.17(.30) 54.71(.166)  55.20(.278)

Educational Motivation/Aspiration

Educational expectation 6.43(.016)  6.68(.033) 6.47(.022) 6.18(.033)
(1-8)
HW hours per week (10h)  .29(.007) .37(.016) .29(.010) .22(.012)
(0/1)

Importance of good grades 3.55(.009)  3.64(.018) 3.59(.013) 3.40(.021)
(1/4)
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TABLE 1
(CONTINUED)

Full Private shadow Public shadow No shadow

sample education education  education

Plans to take the PSAT
Yes .75(.007) .81(.013) .76(.009) .68(.014)
No .20(.006) .13(.011) .19(.008) .26(.013)
Missing .06(.003) .06(.008) .05(.004) .06(.007)

Seeking college info

Yes 82(.006)  .87(.011) 84(.007)  .75(.013)
No .10(.005) .06(.007) .09(.006) .16(.011)
Missing 08(.004)  .08(.009) 07(.005)  .09(.008)

Parents’ Expectation /Involvement

Educational expectation 5.61(.016)  5.82(.032) 5.62(.021) 5.46(.032)
(1-7)

Discuss SAT prep with
parents
Never .30(.007) .18(.012) .28(.009) A41(.014)
Sometimes 41(.007) 41(.016) .44(.010) .35(.014)
Often .17(.006) .28(.014) .16(.007) .12(.010)
Missing .12(.005) .13(.011) .12(.006) .12(.009)

Discuss courses with
parents(1-3)

Never .10(.004) .07(.008) .09(.006) .15(.010)
Sometimes .47(.007) 43(.016) .48(.010) 49(.015)
Often .31(.007) .37(.016) .32(.010) .25(.013)
Missing .12(.005) .13(.010) .11(.006) .11(.009)
High school Characteristics
Private (0/1) .11(.003) .18(.009) .11(.004) .08(.005)
Region
Northeast .19(.006) .23(.014) .19(.008) .18(.012)

Midwest .28(.007) 21(.013) .28(.009) .34(.014)




TABLE 1
(CONTINUED)

Full Private shadow Public shadow No shadow

sample education education  education
West .17(.006) .19(.014) .17(.009) .17(.013)
South .35(.007) .38(.015) .37(.010) .31(.013)
Urbanity
Urban .26(.007) .33(.015) .25(.009) .24(.012)
Suburban .53(.007) .53(.016) .54(.010) .54(.015)
Rural .20(.006) .14(.011) .22(.009) .23(.012)
Outcome
SAT scores 1011.171 1020.52 1006.68 1012.79
(2.99) (6.82) (3.92) (6.15)
N 6,900 1610 3530 1770

Note: Descriptive statistics are weighted, with unweighted sample sizes reported in the last
row. Standard deviations in parentheses.

example, average 10™ grade test scores are highest in non-participants and
lowest for private shadow education participants, though the gap is very
small. However, 10" grade GPA is highest for public shadow education
participants and lowest for the non-participant group. In terms of number of
AP courses taken, private shadow education participants took a greater
number of AP courses than other groups. These results suggest that shadow
education in the United States seems to be used for both remediation and
enrichment.

In terms of educational motivation and aspiration, the gap between
private shadow education participants and public shadow education
participants is relatively small, but there is a substantive difference between
non-shadow education participants and others. This result indicates that
motivation/aspiration is an important factor in determining participation in
any SAT preparation activities, but that this does not seem to be a critical
factor in distinguishing between private and public resources. The results
show that private education participants’ parents have higher educational
expectations and are more involved in their children’s education than other
groups. In particular, they are much more likely to discuss SAT preparation
with their children, which indicates that the use of private shadow education
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seems to be strongly determined by parents’ expectations or level of
involvement.

Average effects of shadow education

As a first step, I estimate the propensity score for each individual who
participated in private shadow education using a probit regression model.
Appendix table A shows the results of the probit regression model according
to three counterfactual scenarios. The three models show very similar results
and confirm the patterns observed in the descriptive statistics that suggest
that socioeconomic resources and both parents’ and children’s educational
motivation and aspirations positively affect the likelihood of participating in
shadow education. Also, the mixed findings for prior academic achievements
seem to point to the dual function of private shadow education in the United
States as both remediation and enrichment.

Based on the estimated propensity scores, I estimate the average
treatment effect on the treated of private shadow education under the three
counterfactual models. Table 2 shows the results of the matching estimates
and unmatched differences of private shadow education. First of all, private
shadow education has a statistically significant effect on SAT scores in every
model and with every matching method. For example, private shadow
education participants scored about 18 points higher on the SAT than those
who did not use private shadow education (private shadow education vs.
anything else). Although the estimates of the second model (private shadow

TABLE 2
MATCHING ESTIMATES OF PRIVATE SHADOW EDUCATION ON SAT SCORES

Private shadow education vs.

Anything else  Public resources None
Unmatched Differences 29.480* 30.170*** 28.105***
(5.743)° (6.075) (7.166)
Nearest Neighbor Matching 17.431* 19.868** 22.294*
(k=5) (6.968) (7.285) (10.370)
Kernel Matching 18.667** 19.299** 21.358*
(6.433) (6.705) (9.713)
N 6900 5130 3380

Note: a. )p<.10 *p<.05 **p<.01 **p<.001,°Standard errors in parentheses;
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education vs. public shadow education) are slightly lower than those of the
third model (private shadow education vs. none), the differences are
relatively small. For example, the effect of private shadow education
compared to public shadow education is about 19 points higher and the
effects of private shadow education compared to none is about 22 points
higher. This result suggests that public shadow education does not effectively
substitute for private shadow education. In short, under the assumption of
effect homogeneity, private shadow education had clearly positive effects on
SAT scores regardless of the counterfactual and increased SAT scores by
about 17 to 22 points.

Heterogeneous effects of shadow education

Next, to estimate treatment effect heterogeneity, I construct balanced
propensity score strata based on estimated propensity scores of using private
shadow education under the three counterfactual models. The mean values
of every covariate and propensity score between treated and untreated
students in the same propensity strata are not statistically different. Appendix
table B shows the mean value of every covariate and treatment variable for
the “private vs. anything else” model. It presents a very clear pattern of
students” family backgrounds, educational motivation/aspirations, parents’
educational expectations/involvement, and the percentage of private and

Private shadow education vs. Anything else
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0
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T T T T T T T
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Propensity Score Strata

‘0 Level 1 slopes Level 2 slope = 14.539**

FiG. 1.—Stratification Multilevel (SM) Method for Heterogeneous Treatment
Effects
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urban schools increasing as propensity score strata increases. This indicates
that individuals in higher propensity strata tend to come from more
advantaged social and educational positions than those in lower propensity
strata.

Next, based on propensity score strata, I estimate stratum-specific
treatment effects (level-1) and then I examine the systematic pattern of
heterogeneous treatment effects across propensity score strata with variance
weighted least squares regression (level-2). Figure 1 shows the linear trend of
treatment effects across the strata for the “private vs. anything else” model
(Appendix C presents every coefficient and significance for the level-1 and
level-2 slopes for all three counterfactual models). The level-2 slope is 14.539
and is statistically significant at the 0.01 alpha level. This means that as one
strata increases, the effect of private shadow education on SAT scores
increases by 14.539 points. This pattern clearly supports the positive selection
hypothesis, which indicates that those who are most likely to participate in
shadow education benefit most from it. This positive selection hypothesis is
particularly important in terms of educational stratification in the United
States. This is because, as seen in Appendix Table B, high propensity
participants are already advantaged in terms of their social and educational
backgrounds and thus, positive selection could further exacerbate
educational inequality between advantaged and disadvantaged students. In
sum, although the average effects of shadow education seem to be moderate,
the effect of private shadow education is substantially large for the more
advantaged, high-propensity students.

Next, I examine the pattern of effect heterogeneity of private shadow
education based on alternative counterfactuals. I repeat the SM method for

(a) Private shadow education vs. Public shadow education (b) Private shadow eudcation vs. None
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F1G. 2.—Stratification Multilevel (SM) Method for Heterogeneous Treatment
Effects
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the “private vs. public” and “private vs. none” models. Since public shadow
education is a more accessible resource for the majority of students,
understanding the effectiveness of public shadow education is particularly
important when seeking to alleviate educational inequality.

Figures 2-a and 2-b show the results of two alternative counterfactual
models. Both counterfactuals also show similar upward linear slopes for
“private vs. anything else” The level-2 slope for “private vs. public” is 17.278
and it is statistically significant (P-value = .008) and the level-2 slope for
“private vs. none” is 13.075, which is also statistically significant (P-value =
.013). Both counterfactuals clearly indicate a positive selection pattern. These
results suggest that use of public shadow education does not change the
pattern of positive selection for private shadow education.

Auxiliary analysis

Lastly, using an SD method, I conduct a sensitivity test for the linearity
assumption imposed by the SM method. Figure 3 presents the results of the
“private vs. anything else” model. The x-axis represents the continuous
propensity score and the y-axis represents the differences in nonparametric
regressions between the treated and un-treated groups. The effects of private

Private shadow education vs. Anything else
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Note: Solid line indicates local polynomial fit. Dashed lines indicate 95 percent confidence
interval

F1G. 3.—Smoothing-Differencing (SD) Method for Heterogeneous Treatment
Effects
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(a) Private shadow education vs. Public shadow education (b) Private shadow education vs. None
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F1G. 4.—Smoothing-Differencing (SD) Method for Heterogeneous Treatment
Effects

shadow education increase as propensity score increases; however, after a .6
propensity score, the effects of private shadow education decrease until the
highest propensity score. Thus, the effects of shadow education are strongest
around a propensity score of .6 and weakest in the lowest propensity
distribution.

Figure 4 presents the results of the SD method for two alternative
counterfactuals. In both figures, the effects of private shadow education
increase as propensity score increases, which clearly indicates positive
selection. While the effects of private shadow education compared to public
resources in Figure 4-a slightly decrease after the .7 propensity score, the
effect of private shadow education to none in Figure 4-b continuously
increases across the propensity scores. In conclusion, the overall trend found
using the SD method for three counterfactual scenarios also support the
positive selection hypotheses. Although the effects of shadow education
slightly decrease at the highest propensity scores in some models, the key
implications of this remain unchanged. That is, advantaged students tend to
benefit more from private shadow education and the most disadvantaged
students benefit least from it.

Conclusion

The overall goal of this study was to examine the effects of shadow education
on SAT scores and thus to investigate the impact of shadow education on



472 DEVELOPMENT AND SOCIETY, Vol.47 No. 3, September 2018

educational inequality in the United States. The key questions that asked in
this study are as follows: (1) What is the average effect of private shadow
education on SAT scores? (2) How do the effects of private shadow education
differ based on individual likelihood of participating in shadow education?
and (3) How do the average and heterogeneous effects of private shadow
education differ according to multiple counterfactual scenarios? By
examining variation in SAT scores by likelihood of participating in private
shadow education, this study challenges the effect homogeneity assumption
and sheds light on the exact role of shadow education in educational
stratification. Moreover, by considering multiple counterfactual conditions, I
investigated the possibility that public resources could serve as a substitute for
private shadow education.

Using rich data from the Educational Longitudinal Study of 2002, we
found significant variation in SAT scores by likelihood of participation in
private shadow education. Those who were most likely to use private shadow
education benefitted the most from it. Since higher propensity participants
are already socioeconomically advantaged, this pattern suggests that private
shadow education widens the education gap between social classes. That is,
although the average effects of private shadow education are moderate, which
limits the relevance of private shadow education to educational inequality, the
positive selection pattern suggests that the most advantaged students benefit
considerably more from private shadow education and thus it functions as a
strong mechanism of educational stratification in the United States.
Moreover, I find that using public resources in lieu of private shadow
education neither ameliorates the impact of private shadow education on
academic outcomes nor changes the positive selection pattern.

This study broadens our understanding of how private shadow
education is a critical factor in exacerbating educational stratification in the
United States. However, the policy implications of this study are quite
complex. Intervening in shadow education would be extremely difficult due
to the fact that shadow education operates in the private sector. Some
countries such as South Korea, Uganda, and Mauritius have tried to ban
shadow education, but these bans have been ineffective (Bray 2006). If direct
intervention in shadow education is difficult, then, this study raises questions
for public education in terms of its system and quality in the United States. In
this sense, it would be useful to examine what current educational
environments boost the prevalence and impact of shadow education. If the
impact of shadow education centers on SAT preparation activities and the
college entrance process, what kind of alternative systems could be put in
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place? And more specifically, given that public shadow education does not
help to mitigate the disproportionate impact of private shadow education,
what differences exist between those two educational activities? What kind of
additional learning opportunities within formal schooling could be provided
to disadvantaged students, and how can these activities be made effective
compared to private shadow education? These questions are only part of
what policymakers and education scholars need to examine in order to
ameliorate the educational inequality that is caused by private shadow
education.

In conclusion, given the increasing prevalence of private shadow
education in the United States, this study emphasizes that the acquisition of
educational advantages greatly depends on private investment and that the
pathway to social mobility through education appears to cross the border of
public education. Therefore, extensive efforts to enhance educational equality
is necessary, taking into account both public and private educational
contexts.
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