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Abstract

Today, dual enrollment programs are ubiquitous in the United States’ secondary
educational system. As a form of accelerated coursework, policy makers and school districts push
dual enrollment as a means to improve college readiness and attainment. This paper studies the
composition and characteristics of dual enrollment participants in the United States. Employing
the High School Longitudinal Study of 2009 restricted dataset, three discrete logistic models are
created to estimate the probability of a high school student participating in any dual enrollment
coursework across the United States. The results from these models suggest that gender, prior
academic achievement, and family socioeconomic status are the strongest predictors of dual
enrollment program participation. A discussion of the research and policy implications of these

findings follows.
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Chapter 1: Introduction

Dual credit and dual enrollment programs have grown significantly in the United States for
the past few decades. As a form of advanced coursework, Dual Enrollment! (Allen, 2010) has
become commonplace with all states offering some form of dual credit as an option for high school
students. While other alternatives such as Advanced Placement (AP) and International
Baccalaureate (IB) remain available, education stakeholders increasingly view dual credit or dual
enrollment programs as a means to improve college preparedness, attainment and address the high
school to college gap. Dual enrollment (DE) programs often require the coordination of
postsecondary institutions with secondary schools to facilitate the delivery of college coursework
as early as a student’s sophomore year of high school.

Advanced and accelerated coursework in the form of dual enrollment has become
ubiquitous in the U.S. educational system. Recent national surveys illustrate the prevalence of DE
in the U.S. In 2013, the National Center for Education Statistics (NCES) reported nationally
representative data from two surveys: “Dual Credit and Exam-Based Courses in U.S. Public High
Schools: 2010-11” (Thomas, Marken, Gray, & Lewis, 2013) and “Dual Enrollment Programs and
Courses for High School Students at Postsecondary Institutions: 2010-11” (Marken, Gray, &
Lewis, 2013). The previous survey reported about 1.4 million dual credit student enrollments and
3.5 million enrollments in AP or IB courses approximately. The latter indicated around 1.22
million high school students taking college credit courses at two and four-year degree granting
institutions. The numbers are hardly negligible. Broadly, these figures reveal the efforts of parents,
agencies, policymakers, and all other stakeholders, in creating an educated and increasingly
credentialed society. It is, therefore, pertinent to understand the mechanisms and consequences of

these programs.

I For this research endeavor, dual enrollment and dual credit will refer to coursework taken by students during high
school which simultaneously confers them college-level credit upon successful completion. Moreover, regardless of
the coursework delivery location —community college, online, neighboring high school campus, or others.
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There is extensive literature pointing to the importance of human capital accumulation
through schooling and its positive effects on lifetime earnings (Card, 1999; Heckman, Lochner, &
Todd, 2003; Katz & Murphy, 1992; Mincer, 1974). Higher education levels and earnings, lead to
higher economic and social ranks. It creates a virtuous circle in which educated parents make
private human capital investments in their children such as tutoring or moving to better
neighborhoods (Lareau, 2011). These children will, in turn, do the same for their offspring.
Contrariwise, lack of opportunity and access can deny low-income families educational attainment
with all its future benefits. Poverty traps and low educational attainment can become generational
thus contributing to inequality (Ceroni, 2001; Durlauf, 1996). Consequently, the creation and
development of programs which not only help underrepresented students achieve a post-secondary
degree but also procure access to all student populations have become a priority for school
agencies, districts, and administrators. Indeed, educational policy making has focused on making
advanced and accelerated programs available to as many students as possible, particularly,
disadvantaged students (Department of Education Press Office, 2016; No Child Left Behind
[NCLB], 2002).

Funding and support for advanced coursework exist in major federal education reform and
mandates. The No Child Left Behind Act created under the President George W. Bush’s
administration appropriated funding to cover AP test fees and set the goal of providing access to
underrepresented groups (No Child Left Behind [NCLB], 2002). Subsequently, President Barack
Obama’s administration went further in supporting advanced coursework by proposing that Pell
Grants be extended to cover DE courses (Department of Education Press Office, 2016).

Another essential theme in education policy and research is that of addressing and
attempting to understand the achievement gap. The achievement gap is the disparity observed in
the educational performance and attainment between dissimilar student groups. This phenomenon
is pronounced along racial, gender and socioeconomic status characteristics of students. The gaps
in education among the traits mentioned above have been the target of billions of dollars in

education investment through many policies, to raise those at the bottom. Dual enrollment has
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increasingly been touted by education policy makers as an effective tool to close the educational
gap. Empirical studies on the benefits of dual enrollment classes and programs have shown benefits
to low-income, racial minority and other underrepresented student populations (An, 2012; Haskell,
2016; Hugo, 2001). Nevertheless, while most studies on DE aim to measure its ‘treatment effects’
on traditionally disadvantaged groups; there are few studies, if any, exploring the ‘a priori’
characteristics and composition of dual enrollment participant populations.

The aim of this research endeavor is to analyze dual enrollment participation in the United
States. This study uses the High School Longitudinal Study of 2009 data set (HSLS:09), a
nationally representative sample, to examine the student characteristics influencing the probability
of a student participating in dual credit coursework. Currently, there is no other empirical study
which utilizes the HSLS:09 data set to investigate dual enrollment themes including dual credit
access and participation. Such an analysis can shed light on this form of advanced coursework in
a national context. It can also serve as a guide for the potential improvements as it refers to access
to dual enrollment coursework which could contribute to closing the achievement and high school
to college gap.

The models employed in this paper suggest that prior achievement as measured by Grade
Point Average (GPA) in the 9" grade and family socioeconomic status (SES) are primary and
strong predictors of student participation in dual enrollment coursework. Simultaneously, the
estimation results indicate that females participate in dual enrollment at higher rates than their male
counterparts. These results are consistent when controlling for race/ethnicity and unobserved state-
effects. Therefore, this paper could serve to gauge access to dual enrollment programs, and perhaps
more importantly; it raises the question about which student populations eventually benefit from

dual enrollment participation under the current design and delivery mechanisms of DE programs.



Chapter 2: Dual Enrollment Literature Review

HISTORICAL CONTEXT

Dual enrollment (DE) was first implemented in the United States in the 1980s as an option
for students wanting to take rigorous coursework that would allow them to obtain college-level
credit. States began putting policies in place facilitating high school students’ course-taking at
local community colleges. Minnesota is considered a pioneer in implementing the first statewide
dual enrollment policy and it continues to expand its programs. The state of Washington followed
in 1990. Moreover, gradually, DE programs and policies emerged in more states (Boswell, 2001).
According to the latest information available, forty-seven states and the nation’s capital have
statutory provisions and regulations ruling over one or more statewide dual enrollment programs
or policies. The remaining three states leave DE policies to the discretion of localities and their
pertinent postsecondary institutions or systems (Education Commission, 2016).

Growth in DE programs and policies has been remarkably aggressive in recent years.
Although it is difficult to know with precision the total amount of high schools offering dual credit
options across the United States, some statistics illustrate the ubiquity of these programs. For
example, the National Alliance of Concurrent Enrollment Partnerships (NACEP) states that DE
had an annual growth of seven percent from 2003-2011 and that four out of five high schools offer
college-level courses. Therefore, it is reasonable to believe that given the progressive adoption of
DE across the US, it is also becoming institutionalized.

Supporters propose that DE increases college readiness (Hoffman, Vargas, & Santos,
2009). When students take college-level courses during high school, it eases the transition into a
two or four-year institution. Participating in DE gives students a ‘head start’ in both content and
credits and therefore increases the likeliness of attaining a postsecondary degree (Karp, Calcagno,
Hughes, Jeong, & Bailey, 2007). Given the benefits of DE, inclusiveness, and access for
underrepresented students is fundamental to the design and implementation of DE programs
(Cassidy, Keating, & Young, 2010). Thus, research examining the equity in the distribution of dual

enrollment programs is necessary. Furthermore, research on equal access to DE programs should
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precede efforts assessing whether minorities, females or low socioeconomic background students

benefit from DE programs.

PREVIOUS RESEARCH

The number of empirical studies analyzing dual enrollment are varied in scale,
methodology, and focus. Some of the most relevant research on the subject comes from state-wide
and national longitudinal empirical studies. One of the first major papers in DE was from Columbia
University, and it estimated the outcomes of DE in Florida and New York (Karp et al., 2007). The
researchers employed a non-experimental design and applied ordinary least squares and logistic
methods. The authors found that in Florida, DE participation has a positive effect on the probability
of a student completing high school and enrolling in college. Karp et al. (2007) utilized a large
data set and controls for several key variables such as economic background, age, race, gender,
and GPA among others. The authors found positive relationships between DE and enrollment to
postsecondary schools after graduation. Additionally, Karp et al. comment that given their
findings, DE holds promise for students from all backgrounds including those from
underprivileged backgrounds. Speroni (2011), conducted a study utilizing longitudinal data from
Florida. Her paper researched the effects of DE on tertiary degree attainment. The author found
that students participating in such program were more likely to enroll in college than those students
that did not. Another significant finding by Speroni was concerning the effectiveness of DE on
minorities. The author found that minority students participating in DE were 6.1 percent more
likely to attain a bachelor degree and 6.5 percent more likely to enroll in a four-year college while
the numbers were 7.6 and 7.1 percent for non-minority students. Speroni found no significant
difference between minority and non-minority DE participants on enrollment to postsecondary
schools after high school.

Two noteworthy studies utilize nationally representative samples (An, 2012; Swanson,
2007). Both utilized the National Education Longitudinal Study of 1988 (NELS:88). Swanson

(2008) finds that DE positively affects the likelihood of attending college as well as persistence



leading to the completion of a four-year degree. The author controlled for age, gender, ethnicity,
SES among other relevant variables. Swanson developed a causal model to find the effects of dual
enrollment on persistence, time to degree, credit accumulation and degree attainment. Under this
causal model framework, the author created twenty-one logistic regression equations to estimate
the direct and total effects of DE on a broad range of variables. Swanson reported overall benefits
from DE participation such as a high percentage of students enrolling in college shortly after high
school. Furthermore, Swanson found positive effects on males and Hispanic DE participants in
terms of post-secondary enrollment after high school or persistence in college compared to female
and white students respectively. Lastly, Swanson proposed as important to further study the low
male participation in DE programs and enrollment to postsecondary education.

An (2012) estimated the effect of DE on a four-year degree attainment. He found that
overall, DE increased the student probability of attaining any postsecondary degree by 7 percent.
Another relevant finding by An is that those who participated in DE were 8 percent more likely to
earn a college degree compared to those who did not. The author found that parental education
exerts the largest influence on a student opting into DE coursework. The estimations by An reveal
that first generation students enrolled in DE coursework are more likely to attain a college degree
compared to those who did not. An (2012) found “partial support” that first generation students
gain more than students from higher parental education households. However, after supplemental
analyses, the author found that students from college-educated parents will likely enroll and attain
a postsecondary degree regardless of DE participation. Thus, An’s (2012) research asserts the
importance of creating DE policies that principally target low-income schools. Not less
importantly, An found that the benefits of dual credit course accumulation subside at six courses.

Two recent state-wide studies have emerged in the last five years (Allen & Dadgar, 2012;
Giani, Alexander, & Reyes, 2014). Both utilized comprehensive data sets which allowed the
researchers to build comprehensive empirical models. Allen and Dadgar (2012) used a quasi-
experimental approach to study the City University of New York dual enrollment program by the

name of College Now. The data set for this study allowed the researchers to control for what they
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describe as an “exceptionally rich set of demographic and academic achievement indicators”
(Allen & Dadgar, 2012). The researchers set out to find the impact of DE on college credit
accumulation, retention, and GPA. They concluded that DE might increase the time to attainment,
improve college GPA and increases accumulation of college credits positively. Giani, Alexander,
and Reyes (2014) estimated the impact of dual credit on first to second-year resilience, attainment
among other outcomes.

Any effective public policy should be constructed from and informed by contextual and
empirical research. The literature discussed above meets such criteria. Furthermore, it also seems
to form a consensus that DE is a policy worthy of pursuing, and that it has desirable consequences
for disadvantaged students. Therefore, DE programs can serve as an access and equity-enhancing
educational policy tool when implemented properly. From this point of view, it is no surprise why
DE has experienced such aggressive growth. Nevertheless, the funding, eligibility, delivery, and
rules of DE programs are heterogeneous throughout states around the country. Therefore, any
estimation of the effects of DE on different student populations must be examined in context.
Alternatively, knowledge of the demographic description of DE participants across the U.S. is
more reasonably generalizable and can assay access efficiency.

Literature concerning the student characteristics that increase the likeliness a student
participating in dual credit coursework is non-existing. There is, however, an analog to this paper
but with emphasis on AP Economics participation (Scafidi, Clark, & Swinton, 2015). Scafidi et al
found that minority students and those students from low socioeconomic family backgrounds as
half as likely to enroll in advanced coursework than their counterparts. Once they control for prior
achievement, the disparity in participation attenuates for low SES students. Another notable
finding from the authors is that once accounting for prior academic achievement; there is Hispanic
and Black student overrepresentation in AP Economics participation when compared to Whites.
The paper by Scafidi et al. on AP course taking and the research presented herein coincide at
several junctures. First, both AP and DE are forms of advanced coursework which aims to facilitate

the high school to college transition. Second, both Scafidi et al and this research found that prior
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academic achievement plays a strong role in the likeliness of participating in accelerated programs.
Most importantly perhaps is the fact that prior achievement seems to diffuse the effect of the ‘a
priori' characteristics of participants such as race/ethnicity and socioeconomic backgrounds. The
latter two have consistently been found important when understanding the achievement gap.
Lastly, a gap in the literature exists concerning the student-level determinants of DE participation.

This study attempts to fill this gap and discusses the research and policy implications of it.



Chapter 3: Data and Methodology
THE HIGH SCHOOL LONGITUDINAL STUDY OF 2009

Background

The High School Longitudinal Study of 2009 (HSLS:09) is the most recent of five studies
stemming from the Secondary Longitudinal Studies (SLS) program instituted by the National
Center for Education Statistics (NCES)2. These studies seek to observe students at different stages
of their educational career with emphasis on their secondary and postsecondary experiences.
NCES (2015) states that once completed; the five longitudinal studies will describe student cohorts
spanning from 1972 to 2025. Thus, providing useful data for “understanding the correlates of
educational success in the United States” (p.2). These longitudinal studies have been utilized
extensively for a broad range of education research questions, and their results can be generalized
and inform public policy.

The HSLS:09 follows a cohort of more than 23,000 9" graders from 944 high schools. One
focus of the HSLS:09 is to learn about the educational career trajectories undertaken by students
—from their early high school years to their post-secondary years, to them entering the workforce,
and beyond. The results from the HSLS:09 are planned to be published first with a base year results
report followed by a series of consecutive questionnaire results and transcript collection waves.
To date, the base year and two waves of data have been published. The base year contains
information of the student while being a ninth grader. The results from the first follow-up
questionnaire were released in the spring of 2012 and contained data from the same cohort when
they should have been 11™"grade students as well as data from their attending high schools. The
most recent published wave as of this writing is the 2013 Update and High School Transcript. The
latter was administered between June and December of 2013, at which point most students had
completed high school and unless they had not dropped out. Furthermore, the 2013 update data

collection focused on high school completion, dual credit course taking, college enrollment, and

2 Four of these study series have been completed: National Longitudinal Study of 1972, High School and Beyond
(1980), National Education Longitudinal Study of 1988, and Education Longitudinal Study of 2002.
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employment among other outcomes (Dalton, Ingels, Fritch, & Christopher, 2016). NCES currently
has no predetermined timeline for future follow-ups but plans to follow the sample cohort students

to age 30 at a minimum (Ingels & Dalton, 2013).

Sample Design

The HSLS:09 base year sample was selected utilizing a two-stage process. In the first stage
of sampling, stratified random sampling identified 1,889 eligible schools. From these schools, 944
participated in the study resulting in a 56 percent unweighted response rate. In the second stage, a
random selection of ninth grade students resulted in 25,206 eligible units or students from which
a little more than 21,000 participated. The unweighted response rate of eligible student participants
is 86 percent (Ingels et al., 2011). The sample population includes public, private and charter
schools from across the 50 United States and the District of Columbia.

This study utilizes the restricted data set from the HSLS:09 thus allowing for the use of
variables considered as “high risk” by the NCES and not publicly available (Ingels et al., 2011).
These variables include but are not limited to race/ethnic subgroup, geographic location, transcript
data, among other data excluded from the public data set. The variables utilized from this study
are from data collected in the base year survey through the 2013 follow-up. All the analysis
presented in this paper is weighted employing analytic weights contained in the HSLS:09 data set.
The use of the analytic weights with the aid of statistical software helps to account for the study's

complex survey design. Lastly, all estimations in this research paper employ robust standard errors.

Descriptive Statistics

All the analyses presented in this paper have been weighted utilizing the Student
Longitudinal Analytic Weight (W3W1W2STU) computed by the NCES for analyses related to
changes across the base year, first follow-up, and the 2013 update (Dalton, Ingels, & Fritch, 2015).

The use of the longitudinal weight allows for generalization of the findings at a national level for
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all high school students (Ingels et al., 2011). Table 1 presents selected student-level summary
statistics from the dataset. The information is presented for two groups of students; students who
did not take any dual enrollment courses and students who took any dual enrollment courses during
high school. The data shown in Table 1 reveals some interesting information on DE participation
by race/ethnicity. Overrepresentation of white students in DE programs is observed in the sample.
Noticeably, while Black and Hispanic students are underrepresented in DE programs, Asian
students are not. This finding is consistent with the fact that Asian students have higher
participation rates in advanced coursework programs such as AP and IB than any other
racial/ethnic group (Musu-Gillette et al., 2016).

Regarding DE participation by gender, females make up most of the students. This finding
is consistent with the observed trend of higher college and advanced coursework participation rates
by females compared to males (Handwerk, Tognatta, Coley, & Gitomer, 2008; Kena et al., 2016).

The socioeconomic status variable (SES) and the poverty level indicator in Table 1 serve
as a tool for comparing DE participation by the student family background. Table 1 below indicates
that the probability of observing a student living on or below the federal poverty line in the full
sample is 19.6 percent compared to 13.7 percent in the sub-sample including DE participants only.
The SES variable indicates a higher value for students who took dual credit compared to those
who did not. The difference in the SES value 1s .23 standard deviations above the mean compared
to DE participants.

As a measure of achievement, Table 1 includes ninth-grade (GPAO09) and twelfth-grade
(GPA12) grade point average variables. Prior achievement as measured by GPA(09 shows that DE
participants have on average a higher overall grade point by about half a point. The previous
statistic is further corroborated when comparing the twelfth-grade GPA of both groups of students
in Table 1. The achievement indicators presented show that students participating in DE
coursework are, on average, high achieving with a GPA above three or its equivalent, a letter grade

CCA”

11



In 2013, 9.6 percent of students in the HSLS:09 sample had earned dual-enrollment credit
with 3.1 percent earned in math and 1.9 percent in science (Dalton et al., 2015). These numbers
suggest that at least half of DE coursework undertaken in the U.S. is in STEM-related subjects,

which is encouraging.

Table 1: Descriptive Statistics

DE Variable
All Students Participants Value Range
Std. Std.
Mean Dev Mean Dev Min Max

White 0.516 0.635 0 1
Black 0.137 0.088 0 1
Hispanic 0.221 0.163 0 1
Asian 0.036 0.040 0 1
Other Race 0.090 0.070 0 1
Female 0.500 0.576 0.494 0 1
9th Grade GPA 2.550 0.941 3.082 0.747 0 4
12th Grade GPA 2746 0.815 3.112 0.674 0 4
Socio-Economic Status  0.073  0.757 0.161 0.748 1.930 2.881
Poverty Level 0.196 0.137 0 1
City 0.319 0.272 0 1
Suburb 0.333 0.315 0 1
Town 0.118 0.134 0 1
Rural 0.230 0.279 0 1

N= 16,040 N= 2980
Source: U.S Department of Education, Institute of Education Sciences, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS:09), First Follow-up and 2013 Update Restricted-Use File.

METHODOLOGY

Empirical Approach

To estimate the probability of a student enrolling in DE during high school a logistic

modeling approach is employed. The logit model is an appropriate statistical tool when the
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dependent variable is discrete. Logistic regression recurs to a cumulative logistic distribution thus
constraining the predictors to values between one and zero (Pindyck & Rubinfeld, 1998). The
dependent variable utilized herein is S3DUAL?, a dichotomous variable equal to 1 if a student has
taken any DE course work and equal to 0 if the student has not. The estimation coefficients are

presented as odds ratios.

Naive Logit Regression Model

Three models are presented in this paper to ascertain what student characteristics prevail
among DE participants. The first model is a naive regression* of DE participation which does not
include a prior academic achievement control. The dependent variable is regressed by
race/ethnicity, gender, and socioeconomic status adjusted by location.

( P[DE]

T[DE]) = pBo + f1Female + f,Black + f3Hispanic + [, Asian + (1)

PsOtherRace + BcSESy + €

The reference or omitted groups are white and male students for race/ethnicity and gender
characteristics. The naive model provides a baseline for the two subsequent models and serves for

comparability of the alternative specifications.

Prior Achievement Logit Model

The second model estimated is an improvement from the first by accounting for prior

academic achievement:

o ( P[DE]

1_P[DE]) = Yo + y1Female + y,Black + ysHispanic + y,Asian + )

ysOtherRace + y¢SESy + y,GPAQ09 + v

3 Name recoded to "DE."
4 This model specification partially mimics the empirical approach by Scafidi (2015) and by extension, from the
findings by Conger et al. (2009).
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State Effects Logit Model

The last model adds a factor variable accounting serving as a control for each state in the

United States:

P[DE . . _
log (1—53[1)}5]) = §y + 6;Female + §,Black + 63Hispanic + §,Asian + 3)

ds0therRace + 6¢SESy + 6,GPAQ09 + ¢; +v

The variable ¢; is a vector of dichotomous variables with values of zero and one for all 50
states not including the nation’s capital. The rationale behind the state variable is that there are
unobserved phenomena affecting the access and distribution of DE courses among states. These

unobserved effects could be funding, program requirements, and legislation, among others.

Independent Variables

The final three models presented in the main body of this paper strives for parsimony in its
models and overall approach. Sensitivity analysis performed in corroboration of the final models
can be found in the Appendix portion of this paper. All independent variables were re-coded from
composite variables included in the dataset. The NCES employs robust imputation methods across

all its composite variables thus maintaining sample size and integrity?.
Gender and Race

The models in this paper control for gender with a binary variable and the omitted group
are males. Any estimated coefficient is interpreted with male students as the reference group in all
three logistical models. A set of dichotomous variables is included in the data set controlling for
six main racial/ethnic groups: White, African American, Hispanic, Asian, Pacific Islander and
Native American. Given their small number and for the purposes of the estimations in Chapter 4,

the latter two groups of races were combined into the single variable OtherRace.

5 The imputation methods used in the HSLS:09 can be found in the data set’s documentation file which is publicly
available at http://nces.ed.gov/pubsearch.
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Socioeconomic Status

Socioeconomic status (SES) is a measurement which primarily combines the income,
education, and occupation of a family, household or individual (Scott & Marshall, 2009).
Therefore, SES is a descriptor of social rank. The effects student-level and school-level SES on
education attainment and academic achievement have been widely studied in the last sixty years
(Chubb & Moe, 1991; Coleman & Department of Health USA, 1966; Palardy, 2008; Reardon,
2011; Sirin, 2005). Notably, Reardon (2011) asserts that the link between socioeconomic status
and academic achievement has become stronger in recent decades; suggesting that the income
achievement gap in the United States has widened, perhaps, in concert with income inequality. A
student’s SES could be logically viewed as part of the initial economic endowment provided to
her. More affluent families often invest more intensively in their child’s education. Activities such
as exam preparation or tutoring are more accessible to certain income ranges. Furthermore, parents
with higher SES are more likely to value education and may have larger expectations for their
children. Thus, the use of an SES index is appropriate when exploring which student characteristics
increase the likelihood of a student participating in DE.

NCES has included an SES index since the NLS:72 and has continuously improved the
building method related to its construction in each consequent study for the SLS program®. These
improvements in the SES variable account for social changes in household composition and
dynamics such as parental roles and female labor participation (Ingels et al.,2015). The HSLS:09
includes two SES composite variables built upon three fundamental measures —family income,
parent or guardian level of education, and parent or guardian occupation prestige. The first SES
index (X1SES) was designed to be comparable to previous studies by the NCES. The second SES
index (X1SES_U) is only different in that it contains a school location component’. The models

and results presented in this paper will employ the X1SES U variable as its SES control.

¢ The SES index variable design and methodologies are complex. Comprehensive information can be found in the
Base Year Data File Documentation Appendix J.

7 The location categories incorporated to the X1SES_U variable are: City, Suburb, Town, and Rural.
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Academic Achievement

In the investigation of achievement gaps®, controls for academic achievement are
necessary. Particularly, when attempting to elucidate differences in outcomes among racial/ethnic
and social groups. It is then pertinent for researchers to utilize the best available proxy for academic
performance. In the context of advanced coursework, there is some evidence that accounting for
prior academic achievement dissipates differences among racial groups (Conger, Long, & Iatarola,
2009; Scafidi et al., 2015).

The HSLS:09 contains a diverse selection of academic achievement variables. These
variables include math scores, GPA?, standardized test scores!?, and others. In selecting the
appropriate achievement variable for this study, it was important to utilize a measure of
achievement prior to the student’s decision to participate in DE coursework. As mentioned at the
beginning of this paper, DE enrollment can occur as early as the student’s sophomore year but
typically occurs during the Junior and Senior years of high school. Therefore, controlling for
achievement before program participation is essential. Having access to the restricted data set
made this task possible. The HSLS:09 includes a composite GPA variable for grades nine, eleven
and twelve. The overall ninth grade student GPA is utilized to control for prior achievement in

the estimations of the models developed in this paper.

State Effects

A state factor variable is employed in the third model presented to account for state
heterogeneity. Each state has distinct requisites, policies, laws, and formats in the delivery of DE
programs. For this reason, a state factor variable which creates binary variables for each state

accounts for unobservable variation affecting the outcome variable DE.

8 Although implicitly, this paper functions under the assumption that there is an achievement gap along
race/ethnicity, gender, and socioeconomic characteristics.

9 To include subject-specific, overall, and overall honors weighted GPA.

10 PSAT, SAT, and ACT.
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Chapter 5: Results

The three models’ estimation results are shown in Table 2. The naive model presents the
finding that when not controlling for academic achievement, minority groups —apart from Asian
students— are at a disadvantage or do not have sufficient access to DE coursework or programs. In
the naive model estimations, Black and Hispanic students are 44 and 30 percent less likely to be
observed taking DE courses at a highly statistically significant level (p<.001). Furthermore, and in
consonance with the descriptive statistics provided in the previous chapter, females are 53 percent
more likely to take any dual credit class than their male counterparts. Socioeconomic status is also
a highly statistically significant predictor of a student enrolling in DE coursework in the first model

in Table 2.
Table 2: Models 1-3

Naive Model Prior Achievement State Effects
Independent Variable Odds Ratio SE Odds Ratio SE Odds Ratio SE

Female 1.539 *** 0.060 1.255 *** 0.067 1.213 **  0.069
xblack 0.560 *** 0.138 0.837 0.148 0.885 0.155
xhisp 0.703 *** 0.100 0.909 0.112 0.861 0.109
xasian 0.846 0.148 0.646 **  0.155 0.790 0.161
xotherrace 0.672 *** 0.103 0.786 * 0.110 0.838 0.116
x1lses u 1.482 *** 0.038 1.124 **  0.044 1.175 *** 0.045
x3gpal9 2.233 *** 0,048 2.380 *** 0.051

Note: Reference groups are White and Male.

*p<.05 **p<.01 ***p<.001

The second or “Prior Achievement” model, produce noteworthy results as it relates to DE
participation by race/ethnicity. Once controlling for prior achievement, the statistical significance
of the race/ethnic control variables is lost at the p<.05 level. The prior achievement variable as
accounted for by ninth grade GPA has a large odds ratio and is significant at the p<.001 level in

the second model. Holding all other control variables constant, a student is over twice as likely to
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take any college-level coursework for each unit increase in her grade point average. The findings
from the second model illuminate the crucial importance of prior academic achievement in the
context of DE enrollment. Moreover, the SES estimated coefficient becomes smaller once the
previous ability of students is accounted for in the model. This probability decreases from 48
percent to 12 percent more likely to enroll in DE for an increase each standard deviation increase
in SES. The gender variable is consistent in the previous model both in the magnitude of its
coefficient and the robust standard errors.

The third model included a dichotomous variable for each state in the sample. As
mentioned previously, this is to control for unobservable effects due to the heterogeneity of state
programs across the country. After its estimation, the third model affirms the statistical
significance found in the second model’s SES and academic achievement coefficients. The strong
influence that prior achievement and SES exert on the probability of participation may point out
to a lack of access for low SES students as well as the average academic performing student. While
it is expected to assume that a certain level of academic competency is needed for accelerated
courses, the results indicate that even after holding academic ability constant, SES will play a
major role in predicting DE participation. Furthermore, the third model’s estimates suggest that
being from a minority race/ethnic group is not a statistically significant predictor of DE enrollment.
Although the race/ethnic point estimates may imply that DE may be a ‘color blind’ program, they
should be interpreted with caution. Lastly, the finding that females are more likely to participate

than males remains in the third model.
Model Diagnostics

Multicollinearity

The independent variables selected for the construction of the models in this paper have
the potential to suffer from multicollinearity. As mentioned previously, the achievement gap is
observed along certain student characteristics. For instance, a student with higher parental family

social status will tend to perform better than a financially challenged student. Alternately, racial
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minorities tend to have lower SES when compared to whites. Low family SES is in turn related to
lower education attainment outcomes. The three models presented in this research control for these
characteristics mentioned above. For this reason, multicollinearity is suspect. A Pearson

correlation coefficient matrix is presented for all seven independent variables in Table 2.

Table 3: Correlation Coefficient Matrix

Correlation Coefficients

Variable 1 2 3 4 5 6 7
1 Female
2 Black -0.0064
3 Hispanic 0.0003 -0.148
4 Asian -0.0032 -0.1003 -0.1321
5 OtherRace -0.0026 -0.1123 -0.1479 -0.1002
6 SES 0.0013 -0.0904 -0.2559  0.1035 -0.016
7 GPA 0.1854 -0.1543 -0.1429  0.1647 -0.0464  0.3919
N=19,580

The information presented in Table 3 indicate that the highest correlation among the
independent variables is between ninth grade GPA and the socioeconomic status variable.
Although not fatal, the correlation coefficient is positive. However, because the race/ethnicity
variables are binary and the SES and GPA variables are continuous, the Pearson correlation
coefficients may not be a valid test for collinearity. Thus, any correlation coefficients presented in
Table 3 between a continuous variable and a dichotomous variable must not be relied upon. To
test for multicollinearity, the STATA software program collin was executed on all independent
variables excluding the state binary variables before the estimation of the models!!. The results
from this collinearity test are presented in Table 3. The Variance Inflation Factor (VIF) serves as

a gauge of the inflation of the standard error due to collinearity. In fact, a VIF of 1 would indicate

11 Although VIF calculations are usually obtained post-estimation, it is not a necessity given that collinearity is a
characteristic of the predictor variables.
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that all the variables tested are orthogonal to each other. A common benchmark is that any VIF of

10 or greater would be a cause of concern for collinearity.

Table 4: Collinearity Diagnostics

Variable VIF Tolerance
Female 1.02 0.9582
Black 1.05 0.9058
Hispanic 1.08 0.8507
Asian 1.03 0.9346
OtherRace 1.04 0.9328
SES 1.12 0.7954
GPAO9 1.13 0.7796
Mean VIF 1.14

N=19,580

The VIF values presented in Table 4 do not include any value higher than 10, and the mean

VIF is 1.14. Therefore, collinearity is not an issue for the independent variables selected.

20



Chapter 6: Conclusion

The three models presented in this paper aim to provide a snapshot of the student
characteristics observed for DE coursework participants in the United States. It is important to note
that the information collected by the HSLS:09 as it relates to DE is limited to identifying
participation. Furthermore, the HSLS:09 DE variables do not offer any specific insights about the
content, quality, or other relevant aspects of DE coursework delivery. Research about such insights
are beyond the scope of this paper. Nevertheless, investigating the composition and the factors
influencing DE participation provides policy makers a measure of their efforts in making DE
available for any particular group or set of groups. As previously discussed, a concerted effort to
provide access to DE to disadvantaged students is underway across the country. Because public
funding and school districts are the main financiers of DE programs, it is then pertinent to
understand if the equality of access goal is being achieved. The estimations presented in this paper
leave three things clear: females participate in DE at higher rates than males; socioeconomic status
is a strong predictor of DE participation; and that DE may predominantly be for high achieving
students.

As mentioned above female students are overrepresented in DE coursework. This finding
is parallel to that of Handwerk et al. (2008), which found consistently higher female student
participation in a national cluster analysis of AP participation. The gender disparity in advanced
coursework participation such as DE and AP should be of concern to policy makers as it suggests
that the gender college gap is also present among high achieving students. Moreover, research
about why female students tend to enroll more often in DE and AP programs could follow. Lastly,
as already noted, STEM-related coursework comprises a substantive portion of DE programs.
Therefore, the gender gap in STEM is potentially positively addressed by higher female DE
participation.

A notable finding in the model estimations is the role of SES in DE participation. There is

a dissonance between DE as a tool to close the achievement gap and what the models in this paper
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indicate. If high SES families and students are mainly participating in DE coursework and
programs, then there is the potential for unequal access. Furthermore, if it is the case that high
income families are mainly taking advantage of DE coursework, it may be the case that low income
schools and neighborhoods do not have equitable access to such coursework. Therefore, research
controlling for school level characteristics could shed light about access to DE coursework in
challenged schools. Because SES is closely related to achievement (Caldas & Bankston, 1997;
Sewell and Sha, 1968), it is important for stakeholders to ensure access to low SES students and
their schools. Additionally, considering that funding for these programs is predominantly public,
there is a risk of subsidizing college education to those families and students that would otherwise
attain a college degree. An efficient distribution of DE programs is one that benefits students
regardless of their SES background. If distribution of DE coursework is not equitable, policy
makers and stakeholders will be in contradiction of their own equity and access goals.

Detaching the relationship between race and SES is a Gordian Knot. The estimations
presented in this paper suggest that, generally, and at a national and state level; race/ethnic
background does not seem to hinder DE participation. However, the estimations in this paper
suggest there is the possibility that more affluent schools and students will have higher DE
participation rates. Therefore, it would be imprudent to assume total equity of access along racial
lines knowing that race/ethnicity is closely related to SES. Consequently, the current state of DE
program delivery and participation may not be effectively addressing the income achievement gap.

The descriptive statistics and model estimations suggest that high achieving students are
predominantly participating in DE. Although the GPA requirements can be as low as 2.0 in some
states, the participants’ ninth grade GPA is on average a low A. The sample employed herein
shows that GPA averages increase more over the high school years for non-participants than for
DE students. In other words, GPA does not seem to change much during the high school years.
Therefore, high achieving students will have a clear path to advanced coursework if they decide
to take it. Investigating the effects of DE on GPA outcomes is another a research implication from
this paper.
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This paper set out to examine the characteristics of student populations participating in DE.
It finds that higher social classes and high achievement students have the highest probability of
taking part in these programs. This finding implies that equity of access to these programs may not
be at an optimal level. As investment in DE programs continues to grow, policymakers should

engage in cost-benefit analysis and contemplate the opportunity costs involved.
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Figure 4: Alternative Naive Model Specification
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Figure 6: Alternative State Effects Model
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