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As more higher education institutions participate in offering college-level courses to high school students
(often referred to as dual enrollment) it becomes increasingly important to evaluate the impact of
participation in these courses on subsequent higher education student success outcomes, such as first-year
retention and graduation rates. In recent years, there has been an increase in the body of literature devoted
to this topic, however, much of this literature is aimed at analyzing the impact of dual enrollment courses
on performance in community colleges. This study will examine the relationship between high school
students taking dual enrollment courses and their later performance at a public, R1 university. Additionally,
this study will employ Classification and Regression Trees (CART), a type of supervised statistical learning
for identifying the success factors for dually enrolled students based on academic, demographic, and socio-
economic features. This study intends to offer results that provide generalizable knowledge for institutional
decision-making pertaining to dual enrollment and success in higher education.
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INTRODUCTION

There is a present and urgent interest in understanding the impact of dual enrollment (DE) programs on
college student success across the country, driven principally by recent governance from the National
Center for Education Statistics (NCES) for higher education institutions to begin tracking additional
information regarding these types of students as they matriculate at college (Institute of Education Sciences
[IES], 2022). Institutional researchers are now challenged with offering analyses of complex higher
education datasets, which are interpretable by those who make decisions at the executive level. Further
emphasizing the current need to better understand the relationship between DE and student success, the
Integrated Postsecondary Education Data System (IPEDS) Technical Review Panel (TRP) met in August
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of the previous year to discuss how to better collect additional data on DE through their web-based data
collection system (IPEDS TRP, 2021).

Relatedly, in recent years, there has been significant scrutiny of the personal economic value of an
undergraduate college degree for prospective students. A consistent, noteworthy finding has been that time
to degree is one of the most impactful variables related to the economic value of an undergraduate college
degree (Lobo & Burke-Smalley, 2017; Wright & Ross, 2021; Heckman & Letkiewicz, 2020). These authors
have found that the longer it takes to obtain the intended undergraduate degree, the less economically sound
it becomes for a student to have earned that degree.

For this study, the definition of DE used was provided by the NCES that “[dual enrollment is] an
organized system with special guidelines that allows high school students to take college level courses”
(NCES, 2009). One purported benefit of taking DE courses is that obtaining these college credits in high
school can potentially expedite obtaining an undergraduate degree. Other benefits of DE include offering
exposure to the rigor of university-level courses, increasing the range of academic content for high school
students, and easing the transition from a high school to a university environment (Dare & Nowicki, 2015).

DE was initially devised in the 1950s at the University of Connecticut to keep talented high school
seniors motivated to continue excelling in education and avoid academic boredom (Grant, 2019). In the
following decades, DE would slowly expand to be offered in other areas in the United States but would
remain a decentralized practice, governed by individual universities in partnership with their resident states.
The first formal efforts to nationally standardize DE policy and practices occurred in 1997, which would
eventually lead to the establishment of the National Alliance of Concurrent Enrollment Partnerships
(NACEP) (NACEP History, n.d.).

Since that time, efforts to encourage high school student participation in DE programs across the United
States have exponentially increased with a reported growth rate in DE of over seven percent annually
(NACEP History, n.d.). There has also been considerable effort to expand access to these programs across
the country, with more recent reports showing 34% of all high school students participating in some form
of DE courses (NCES, 2019). Additionally, in 2017-18, 82% of all public high schools offered DE
opportunities for students (NCES, 2020).

In the state of South Carolina, high school students have had the option to participate in DE since the
early 90s. The Commission for Higher Education has stated that “the purpose [of dual enrollment courses]
is to provide an avenue through which highly talented high school youth can earn college credit while
simultaneously meeting high school graduation requirements...” (South Carolina Commission on Higher
Education [SC CHE], 2004). In this policy document, DE was also purported to aid participants in obtaining
their college degree in a timelier manner (SC CHE, 2004).

Much of the research related to DE at this time has been aimed at understanding its effectiveness in
preparing high school students for success in the context of a community college environment (Andrews,
2004; D-Amico et al., 2013; Hunter & Wilson, 2018; Ganzert, 2014; Lawrence & King, 2018; Jones, 2017).
This may be simply due to the comparative prevalence of community colleges to four-year institutions
throughout the United States, however, this is not directly stated in any of the aforementioned articles.
These studies consistently found that high school student participation in DE was positively associated with
numerous student success metrics such as degree attainment and first-year GPA. Methodologically, these
papers focused primarily on establishing the bivariate relationship between DE and various success metrics.

A consistent, albeit small, body of research has been devoted to better understanding the relationship
of DE with four-year institution student success over the past decade. These studies have found similarly
that participation in DE is positively correlated with student success metrics such as first-year GPA,
graduation rate, and persistence (Bowers & Foley, 2018; Myers & Myers, 2017; Jones, 2014; Phelps &
Chan, 2016). Among the literature, there remains a need to explore the nuance of this relationship as well
as provide interpretable results to improve institutional effectiveness.

The primary goal of this study was to examine the relationship between student demographic
characteristics of DE and non-DE participants and subsequent student success at a large, R1 four-year
institution. It was theorized that there would be a statistically significant difference in first-year retention
and six-year graduation rate between students who enrolled with DE participation, and those that did not.
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The study offers methodological sophistication over traditional regression modeling by employing
classification and regression trees (CART), an application of supervised machine learning, to increase the
validity and interpretability of the findings (Brieman et al., 1984). More specifically, CART offers the
advantage of visualization to accompany the analysis which can improve understanding and therefore,
actionability of the results (Hastie et al., 2009). The results of the CART model development are intended
to be employed by advisors as early as the beginning of the spring term of a student’s first year of
enrollment. The models developed for this study can help inform advisors of students who are both at risk
of not returning in the fall and as those who are not on track to graduate within six years. Although CART
has been used extensively across multiple fields since its initial development in the early 80s, it has seen
little use in the field of higher education and institutional research. At the time of writing this paper, a quick
search of the Education Resource Information Center (ERIC) using the following search criteria yields no
pertinent results related to CART decision trees and DE:

(“Classification and Regression Trees” OR “CART”) AND (“Dual Enrollment” OR
“Concurrent Enrollment”)

Decision trees, as they were used in this study, specifically refer to those of a statistical classification
and regression nature. While the practical and organizational nature of displaying information in a tree
fashion may date much further back in time, Wei-Yin (2014) explains that the first of these trees used for
statistical analysis was in 1963 (Morgan & Sonquist) and was employed to inform conclusions regarding
survey data on income and level of education. Wei-Yin (2014) goes on to explain that several statistical
sophistications occurred, namely due to increases in computing power, from that time until the seminal
work “Classification and Regression Trees” by Breiman et al. in 1984. While there have been continuous
refinements of CART, as well as the development of other algorithms, CART remains a highly utilized
methodology for developing decision trees that can handle mixed, dynamic datasets.

Although CART is a simplistic concept where the intent is to partition explanatory spaces into optimal
rectangular sections, it offers several advantages over traditional regression methods (Hastie et al., 2009).
It is flexible enough to handle a mixture of categorical and continuous data, both for explanatory and
response variables. CART is also not affected by outliers, collinearities, or heteroscedasticity (Mubayi,
2017; Pittendrigh, 2016). It does not vary due to any monotone transformation of the explanatory variables
in the tree, and, due to the growing and pruning process, can handle many explanatory variables while still
producing interpretable results. In classification decision tree development, several algorithms work
together to aid in the growing and pruning of a tree. That is, recursive algorithms that measure the
complexity of the tree, the rate at which the tree misclassifies the data, and minimize the impurity of the
tree’s root nodes.

In classification decision tree development, several algorithms work together to prune a tree with a
small misclassification error rate while also determining a level of complexity that can describe the pattern
and nature of the data being presented. The idea of minimizing the misclassification error rate is analogous
to the traditional confusion matrix used to measure the accuracy of a traditional simple or multiple logistics
regression model. That is the number of observations misclassified within each of the tree’s partition
regions is divided by all observations presented to the decision tree. In conjunction with this effort, a method
known as cost-complexity growing and pruning is an algorithmic process of cross-validating the
observations within the explanatory space to determine what will optimally describe the data in a complex
way while also reducing it in size for optimal interpretability. To grow the tree to optimal complexity,
weakest link pruning is conducted to minimize the cost of how complex can the tree be to be able to describe
the explanatory space that yields an outcome response.
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METHODOLOGY

Data

This study used institutional-level, student academic data collected for the Fall 2013, Fall 2014, and
Fall 2015 cohorts at the University of South Carolina Columbia Campus. A cohort was defined here in
alignment with the Integrated Postsecondary Education Data System (IPEDS) as full-time, first-time,
degree-seeking students (IPEDS, 2021). Additionally, the final dataset was trimmed to only include
students who were considered residents of South Carolina. This ensured the integrity of the final dataset as
complete DE academic records could only be reliably obtained for resident students. A student was
considered full-time if they were reported as being enrolled in at least 12 hours of credits during the given
term. Additionally, a student was considered first-time degree-seeking if they reported as having never
attended another university or college and declared the intent to seek a degree upon admission. These
cohorts were selected to ensure the ability to examine the six-year graduation rate, while still being
reflective of current pedagogical practices. The resulting population included 7,420 students across the
three cohorts.

Explanatory Variables

The primary explanatory variable of interest for this study was whether a student had ever participated
in DE. Where possible, this was determined using the institutional data available for the University of South
Carolina system. Within the University of South Carolina system, all eight campuses offer DE to local
populations throughout the state. It is important to note that for a student to have participated in DE in the
state of South Carolina, they must have met state-mandated requirements (SC CHE, 2004).

Additional variables considered included Gender, Race/Ethnicity Group, First-Generation Student, Pell
Grant Recipient, High School Core GPA, and University GPA after the first term. Gender was defined in
line with the IPEDS Glossary (Broyles, 1995) and was collected at the time of first enroliment.
Race/Ethnicity Group was defined in alignment with recent institutionally adopted higher-education racial
groupings piloted by the University of California (Lee, 2008). Following Lee’s (2008) example, Asian
students were excluded from the underrepresented minority grouping and instead constituted their
demographic group in the study population. First-Generation Student was collected during student
admissions and defined in alignment with the Federal TRIO Programs as a student whose parents did not
complete a baccalaureate degree (Program authority; authorization of appropriations, 2011). Pell Grant
Recipient referred to any students who received the undergraduate need-based Federal Pell Grant during
their first academic year at the University of South Carolina (Federal Pell Grants: amount and
determinations; applications, 2011). High School Core GPA was defined as the cumulative grade point
average (GPA) calculated exclusively from courses required for high school graduation. University GPA
was defined as the GPA calculated from courses taken at the enrolled institution during the starting fall
term. All aforementioned variables acted as explanatory variables for subsequent statistical significance
testing and CART modeling.

Response Variables

The response variables used in this study were First-Year Retention and Six-Year Graduation. First-
Year Retention was defined in alignment with IPEDS as a student enrolled in a fall term cohort who then
enrolled in the following fall term at the same university (IPEDS, 2021). Six-Year Graduation was also
defined in alignment with IPEDS as to whether a student started and completed a bachelor’s or equivalent
at the same institution within six years (IPEDS, 2021). Within the data, successful re-enrollment or
graduation was denoted as a 1, and unsuccessful re-enrollment or graduation was denoted as a 0,
respectively; the average of these class values produced the rate of each success outcome and acted as
response variables for significance testing and CART modeling.
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Statistical Analysis

To help justify supervised machine learning model development, the DE and non-DE groups were first
independently explored to ensure appropriate comparisons could be made between each cohort and the
response variables in this study. This involved ensuring that the relative proportions of each demographic
characteristic were consistent between DE and non-DE groups, due to the large difference in sample sizes
between groups (Table 1).

The first primary goal of this study was to determine if there was a statistically significant difference
in student success metrics at a public, R1 university between students who had participated in DE and those
who did not. The proposed hypothesis was that the student sample across two populations, dual enrolled
within the University of South Carolina System and with no record of DE, would have different success
rates. That is,

Hy: tpy = Urt
Hg: pipw # Upt

where, un,, represents population success rate of Columbia campus new freshmen cohort who participated
in DE in prior terms within University of South Carolina System; u. represents population success rate of
new freshmen cohort who had no record of participation in DE in prior terms within University of South
Carolina System before attending the University of South Carolina Columbia campus; p represents
population success rate which will consist of First-Year Retention, and Six-Year Graduation.

Welch-Satterthwaite T-Test

To test these hypotheses and account for possible unequal variance among the sample groups, statistical
inference tests were performed using SAS software version 9.4 on DE participation and each of the two-
success metrics. The first step in this process was to determine if the sample variances were equal.
Homogeneity of variance testing was conducted using the folded form F-test. If the variances between
groups were equal, the Student’s T-Test was employed to test the hypotheses. If sample variances were
unequal, the Welch-Satterthwaite T-Test was employed to test the hypotheses while accounting for the
unequal variance. The results of these tests were used to determine if there was a significant relationship
between DE participation and each success metric. Once statistically significant differences were
demonstrated between DE and non-DE groups for each of the two response variables, it was then
appropriate to move to multivariate analysis. As such, the secondary goal of this study was to employ
supervised machine learning to support the primary hypothesis and aid in the explanation of dually enrolled
student success outcomes (Hastie et al., 2009).

Machine Learning — Decision Trees

As Hastie et al. (2009) suggest, the primary reasons why machine learning methods are advantageous
are their predictive accuracy and interpretability. Machine learning methods attempt to decrease bias and
variance over their traditional counterparts that may offer low bias but produce a large variance.
Additionally, traditional regression models that incorporate many explanatory variables result in clunky,
multi-dimensional equations as their output. These results can be difficult to interpret and are, consequently,
less actionable in nature. The output of machine learning models provides highly interpretable visuals that
allow for ease of use in decision making. Due to the highly statistically significant differences observed
between DE and non-DE groups for the two response variables, the overall population of 7,420 was divided
into 901 DE participants and 6,519 non-DE participants for supervised machine learning. A set of tree-
based models were developed for each group independently. The intention of independently developing
these models for each group was to compare the tree structure, splits, and terminal nodes (leaves) between
the DE and non-DE group.
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CART

CART is a binary recursive partitioning method for processing continuous and/or categorical data
(Hastie et al., 2009). It was used in this study to identify the explanatory variables that most contributed to
the variance observed for the two response variables, First-Year Retention and Six-Year Graduation. In
practice, this involved the independent, sequential development of classification trees for each success
metric, First-Year Retention followed by Six-Year Graduation. This process was conducted for both DE
and non-DE subpopulations, which resulted in two sets of two classification trees (four trees total).

The following analyses were conducted on both DE and non-DE subpopulations. First, a CART model
was developed incorporating all explanatory variables for each subpopulation; these models were built to
learn the patterns of response variable First-Year Retention. A second CART model was then developed
for each subpopulation on the same explanatory variables and response variable Six-Year Graduation. In
the results section, these CART models were referred to as retention and graduation learners, respectively.

This study utilized the HPSPLIT procedure in SAS software 9.4 to produce CART decision trees for
each response variable. Missing data for any cohort observation resulted in the deletion of that cohort
observation, as per the default specification in the HPSPLIT procedure. This resulted in the deletion of 25
observations, due to an unknown High School Core GPA. A primary reason for the utility of HPSPLIT was
its robustness in tree model diagnostic features. More specifically, these algorithms provide diagnostic
results to determine whether the decision tree needs to grow in complexity or be pruned for optimal
interpretability, and to avoid overfitting the data.

To ensure optimal pruning was reached, ten-fold cross-validation was employed. Ten-fold cross-
validation is an algorithmic process that creates ten data sets with equally distributed random samples from
the entire observation dataset and independent decision trees. Additional information on this optimization
method can be found in the originally proposed theory by Breiman et al. in 1984. During tree growth, the
impurities of each branch created on the tree were minimized. That is, splitting the data by an explanatory
variable into a binary split that maximizes the number of observations that match the outcome response on
the left or right side of the split. CART models were trained to predict unsuccessful re-enrollment or
graduation (EVENT=0). High specificity, the reduction in instances of false negatives, was a primary
diagnostic in assessing model validity. For each CART model, it was desired to achieve high specificity as
this minimized the potential for advisors to erroneously intervene with a student who has intentions of
returning the next fall terms. The method used for impurity reduction in this study was information gain,
also known as cross-entropy (Hastie et al., 2009). Through these decision tree model diagnostics, this study
produced a set of retention and graduation learners that describe which factors contribute to the success of
DE and non-DE freshmen cohorts at the University of South Carolina.

RESULTS

Across the three cohorts, 12.14% participated in some form of DE before their first year enrolled at the
university. The overall first-year retention rate for this group was 88.11%. The overall six-year graduation
rate for the cohorts used in this study was 75.82%.

Descriptive statistics for explanatory and response variables, within the DE group and non-DE group,
can be found in Tables 1 and 2. All proportions of the demographic variables were relatively similar
between the groups of DE participants and non-DE participants. A simple visual comparison of the first-
year retention rate and six-year graduation rate across DE and non-DE groups immediately provides some
evidence for a noticeable difference (Figure 1). The results of subsequent Welch’s T-Tests aided in
providing significant evidence to support the alternative hypothesis. As mentioned in the methods, it was
necessary to account for sample size differences between the DE and non-DE groups for the two response
variables. The result of Welch’s t-test for First-Year Retention indicated there was significant evidence to
support the alternative hypothesis that retention rates between DE cohorts and non-DE cohorts are different
(df=1303.90, t = 4.62, p <.0001). From exploratory observation, the first-year retention rate of DE cohorts
being studied had a combined rate of approximately 92% while non-DE cohorts had a combined first-year
retention rate of approximately 88%. The result of Welch’s t-test of Six-Year Graduation indicated there
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was significant evidence to support the alternative hypothesis that graduation rates between DE cohorts and
non-DE cohorts are different (df=1233.3, t = 4.78, p <.0001). From exploratory observation, the six-year
graduation rates of DE cohorts being studied had a combined rate of approximately 82%, while non-DE
cohorts had a combined first-year retention rate of approximately 75%. The significant results of Welch-
Satterthwaite T-Tests on both response variables, seen in Table 3, justified to move to a more complex
analysis of the data.

The CART retention and graduation learner development process occurred in two sequential stages for
both DE and non-DE cohort groups: the retention learner stage, followed by the graduation learner stage.
By way of the HPSPLIT function in SAS, the results of the DE and non-DE retention learners were
determined first, followed by those of the graduation learners.

Through the aforementioned methods of growing and pruning, the optimal DE retention learner, seen
in Figure 2 and Table 4, produced a misclassification rate of 0.0699, with a tree structure having three
terminal nodes from a total of two levels of splits into the data. By observing the cost-complexity plot, seen
in Figure 3, the misclassification rate was minimized at three leaves while also yielding the lowest cost-
complexity value. A tree of this size also produced a specificity rate of 99.76%. As a result, the DE retention
learner determined that a DE cohort’s University GPA was the most important and the only variable that
explained the cause for them to return or not return in the following fall term (Table 5). It is important to
note the root node split was based on the criteria of the cohort University GPA being less than 2.428 (left
split), or greater than or equal to 2.428 (right split). This right split was the first terminal node. By
observation, approximately 94% of the DE cohorts in this right split returned the next fall term.

For the next group, the optimal non-DE retention learner produced a misclassification rate of 0.0909
with a tree structure having seven terminal nodes from a total of six levels of splits into the data (Figure 4
and Table 6). Through cost-complexity plot analysis, two additional, pruned trees with five and six leaves
were observed to see whether optimal complexity and interpretability could be achieved (Figure 5). As a
result, a tree of seven leaves was determined to be the most adequate. The final non-DE retention learner
derived produced a specificity rate of 99.00%. The non-DE retention learner determined that a non-DE
cohort’s University GPA was the most important followed by their associated Race/Ethnicity Group, First-
Generation Student, and High School Core GPA (Table 7). It is important to note the root node split was
based on the criteria of the cohort University GPA being less than 2.12 (left split), or greater than or equal
to 2.12 (right split). This right split was the first terminal node. By observation, approximately 92% of the
non-DE cohorts in this right split returned the next fall term.

Through methods of growing and pruning previously mentioned, the optimal DE graduation learner
produced a misclassification rate of 0.1698, with a tree structure having three terminal leaves from a total
of two levels of splits into the data (Figure 6, 7, and Table 8). A tree of this size also produced a specificity
rate of 99.86%. As a result, the DE graduation learner determined that a DE cohort’s University GPA was
the most important and the only variable that explained the cause for them to achieve graduation within six
years (Table 9). It is important to note the root node split was based on the criteria of the cohort University
GPA being less than 3.18 (left split), or greater than or equal to 3.18 (right split). This right split was the
first terminal node. By observation, approximately 90% of the DE cohorts in this right split graduated within
six years.

For the next group, the optimal non-DE graduation learner, seen in Figure 8, produced a
misclassification rate of 0.1910 with a tree structure having 10 leaves from a total of nine levels of splits
into the data. A tree of this size produced a specificity rate of 95.94%. As a result, the non-DE graduation
learner determined that a non-DE cohort’s University GPA was the most important followed by impactful
importance from their associated High School Core GPA, First-Generation Student, and Gender (Table 11).
It is important to note the root node split was based on the criteria of the cohort University GPA being less
than 2.80 (left split), or greater than or equal to 2.80 (right split). This right split was the first terminal node.
By observation, approximately 83% of the DE cohorts in this right split graduated within six years.
Interestingly, by methods of cross-validation and cross-entropy seen in Figure 9, without human-supervised
diagnostics the model yielded a non-DE graduation learner with 23 terminal leaves (22 splits). As discussed
in the methods section, the primary goal of decision tree-based learning models is to achieve high
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complexity and optimal interpretability. It was determined through cost-complexity plot observation that a
graduation learner describing the data with 10-15 leaves achieved almost near identical probabilities,
misclassification rates and fit statistics as a graduation learner with 23 leaves. In a series of terminal node
size comparison analyses, the reduction of leaves yielded similar results in graduation learner diagnostics.
Based on these observations, 10 leaves appeared to be the most suitable for providing high complexity and
optimal interpretability.

CONCLUSION

The mission of DE programs throughout the country has evolved to better suit the current needs of the
education system. These programs began as individual, disjointed efforts to stifle boredom during senior
year in groups of exceptional high school students, however many have now shifted focus to providing high
school students the opportunity to begin earning college credit at a statewide level (Grant, 2019). Likely
due to the increase in prevalence and use of these programs across the country, the NCES has started
requesting additional information regarding this subpopulation of students (IES, 2022).

In South Carolina, dual enrollment has been offered for several years but little analysis of its impact on
future student success metrics has been completed (SC CHE, 2004; D’ Amico, 2013). While there have been
a few somewhat analogous studies in neighboring states, it is critically important to better understand the
specific successes and challenges that students face in the context of their learning environment (Partridge
et al., 2021; Ganzert, 2014). This study has demonstrated that there is a significant relationship between
DE participation during high school in South Carolina and subsequent success metrics at the state’s flagship
institution. Furthermore, implementing CART modeling as a sophistication of traditional regression
techniques has provided new, highly interpretable insights into demographic and academic characteristics
that impact a student’s odds of returning after their first year in college, as well as their odds of earning an
undergraduate degree within six years. When considering the primary classification variables that drive the
node splits for each supervised decision tree between DE and non-DE students the most notable comparison
occurs in the absence of any other demographic explanatory variables for the DE subpopulation of students.
The DE retention learner tree showed that only University GPA was important for the development of the
optimally pruned tree. The non-DE retention learner on the other hand included Race/Ethnicity Group,
First-Generation Student, and High School Core GPA as important explanatory variables in the tree. One
theoretical interpretation of the differences seen between these models is that DE acts as a “protective
measure” against not re-enrolling after a student’s first year. Previous studies have identified certain “risk
factors” that can negatively influence a student’s likelihood of being retained or graduating (An, 2012).
This study would suggest that participation in DE before college helped to mitigate the influence of some
of these risk factors causing students to not return after their first year. Similarly, the DE graduation learner
found that, of the explanatory variables used, University GPA was the only variable of importance. For the
non-DE graduation learner, the explanatory variables of High School Core GPA, First Generation Status,
and Gender appear as variables of importance (Table 11). Once again, DE seems to guard against
unfavorable results such as failure to return after the first year or failure to graduate within six years, in
comparison to those without DE participation.

The CART models also serve the purpose of identifying at-risk students in future freshmen cohorts,
during the beginning of the spring term. These predicted results would intend to help guide advisory efforts
at the university and to ensure that no potentially at-risk students were omitted from academic advisor
consideration. This methodology would ideally be replicated annually in the early spring to further refine
the predictive capabilities of the CART models and provide information to academic advisors. The CART
model procedure includes inherently advantageous outputs over traditional linear or logistic regression
models. Unlike traditional regression method coefficients, the accompanying visuals from the CART
procedure (Figures 2, 4, 6, and 8) aid in the explanation of the model’s purpose and findings. Additionally,
the rule sets generated (Tables 12-15) are more easily understandable to target audiences, such as executive-
level leadership and academic advisors.
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LIMITATIONS

The nature of any studies involving the comparison of DE and non-DE subpopulations will inherently
lead to differing-sized datasets, oftentimes with differing variances of response value distribution.
Additionally, the study was limited to resident students who participated in DE through the university
system. Future studies would benefit from including data on DE participation for non-residents as well as
resident students who participated in DE through other means outside of the university system. Several of
the explanatory variables relied on self-reported data such as First-Generation Student, Race/Ethnicity
Group, and Gender. It is also important to note that the individual student’s experience cannot be fully
explained by inferential statistics. It can only be used as guide to infer success of DE and non-DE students.

FUTURE ENDEAVORS

As this is the first paper to employ CART modeling to examine the relationship between DE and student
success, further studies and collaborations can provide additional information integral to supporting
students at institutions. It will be crucial to engage with constituents when making use of these supervised
machine learners within the university’s data warehouse. This step could allow for advisors and executives
to track, predict, and report student success independently of institutional researchers. Additionally,
expanding the explanatory variables to include the National Survey of Student Engagement (NSSE) or
extracurricular data may also improve the learner’s understanding of factors contributing to student success.
Lastly, comparative analysis of different machine learning models, such as the Patient Rule Induction
Method (PRIM), Random Forest, or Hierarchical Mixture of Experts (HME) can be conducted to determine
which is most accurate in predicting student success.
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APPENDIX
TABLE 1
EXPLORATORY VARIABLE DISTRIBUTION
Dual Enrollment No Dual Enrollment
Exploratory Variables Participation (%) Participation (%)
Gender
Female 56.6 53.37
Male 43.40 46.63
Race/Ethnicity Group
Asian 2.77 4.97
Non-resident alien 0.33 0.09
Two or more 4.00 4.65
Unknown 0.00 0.57
Underrepresented minority 12.65 14.83
White 80.24 74.89
First Generation Student
First generation 29.41 29.77
Non-first generation 70.59 70.23
Pell Grant Recipient
Non-Pell Grant recipient 75.58 71.53
Pell Grant recipient 24.42 28.47
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TABLE 2

STUDENT GROUP SUCCESS RATES

Dual Enrollment

No Dual Enrollment Participation

Response Variables Participation (%) (%)
First-Year Retention
Retained 92.12 87.56
Not retained 7.88 12.44
Six-Year Graduation
Graduated in six years 81.69 75.01
Did not graduate in six years 18.31 24.99
TABLE 3
T-TEST ANALYSIS SUMMARY
Response Folded F-Test vVariances T-Test t DE T-Test
Variables Significance Method Value Significance
First-Year Welch-
Retention <.0001 Unequal Satterthwaite 4.62 1303.9 | <.0001
Six-Year Welch-
Graduation <.0001 Unequal Satterthwaite 4.78 1233.3 | <.0001
TABLE 4
NODE INFORMATION FOR DE RETENTION LEARNER
Not Retained
Node | Path Observations | (%) Retained (%) | Classification
0 Root Node 901 7.88 92.12 Retained
1 Root Node 901 7.88 92.12
University GPA <249 |55 40.00 60.00 Retained
2 Root Node 901 7.88 92.12
University GPA >=2.49| 846 5.79 94.21 Retained
3 Root Node 901 7.88 92.12
University GPA <2.49 | 55 40.00 60.00
University GPA <140 |12 83.33 16.67 Not Retained
4 Root Node 901 7.88 92.12
University GPA<2.49 |55 40.00 60.00
University GPA >=1.40| 43 27.91 72.09 Retained
TABLE 5

VARIABLE IMPORTANCE FOR DE RETENTION LEARNER

Variable

Frequency of Splits

University GPA

2

124 Journal of Higher Education Theory and Practice Vol. 23(9) 2023




TABLE 6
NODE INFORMATION FOR NON-DE RETENTION LEARNER

Not Retained Retained
Node |Path Observations | (%) (%) Classification
0 Root Node 6492 12.4 97.6 Retained
1 Root Node 6492 12.4 97.6
University GPA < 2.12 466 69.53 30.47 Not Retained
2 Root Node 6492 12.4 97.6
University GPA >=2.12 | 6026 7.98 92.02 Retained
3 Root Node 6492 124 97.6
University GPA < 2.12 466 69.53 30.47
University GPA <1.44 246 85.37 14.63 Not Retained
4 Root Node 6492 12.4 97.6
University GPA < 2.12 466 69.53 30.47
University GPA>=1.44 | 220 51.82 48.18 Not Retained
5 Root Node 6492 12.4 97.6
University GPA <2.12 466 69.53 30.47
University GPA>=1.44 | 220 51.82 48.18
University GPA <1.72 60 66.67 33.33 Not Retained
6 Root Node 6492 12.4 97.6
University GPA < 2.12 466 69.53 30.47
University GPA >=1.44 | 220 51.82 48.18
University GPA>=1.72 | 160 46.25 53.75 Retained
7 Root Node 6492 12.4 97.6
University GPA < 2.12 466 69.53 30.47
University GPA>=1.44 | 220 51.82 48.18
University GPA <1.72 60 66.67 33.33
High School Core GPA
<274 12 33.33 66.67 Retained
8 Root Node 6492 124 97.6
University GPA < 2.12 466 69.53 30.47
University GPA>=1.44 | 220 51.82 48.18
University GPA < 1.72 60 66.67 33.33
High School Core GPA
>=2.74 40 75.00 25.00 Not Retained
9 Root Node 6492 12.40 97.6
University GPA < 2.12 466 69.53 30.47
University GPA >=1.44 | 220 51.82 48.18
University GPA>=1.72 | 160 46.25 53.75
Race Group = Asian, Non-
resident Alien, White 113 53.98 46.02 Not Retained
A Root Node 6492 12.40 97.6
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University GPA < 2.12 466 69.53 30.47
University GPA >=1.44 | 220 51.82 48.18
University GPA>=1.72 | 160 46.25 53.75
Race Group = Two or
More, Underrepresented
Minority, Unknown 47 27.66 72.34 Retained
B Root Node 6492 12.40 97.6
University GPA < 2.12 466 69.53 30.47
University GPA >=1.44 | 220 51.82 48.18
University GPA>=1.72 | 160 46.25 53.75
Race Group = Asian, Non-
resident Alien, White 113 53.98 46.02
First Generation Student =
Non-First Generation 78 44.87 55.13 Retained
C Root Node 6492 12.40 97.6
University GPA < 2.12 466 69.53 30.47
University GPA>=1.44 | 220 51.82 48.18
University GPA>=1.72 | 160 46.25 53.75
Race Group = Asian, Non-
resident Alien, White 113 53.98 46.02
First Generation Student =
First Generation 78 44.87 55.13 Retained
TABLE 7
VARIABLE IMPORTANCE FOR NON-DE RETENTION LEARNER
Variable Frequency of Splits
University GPA 3
Race Group 1
First Generation Student 1
High School Core GPA 1
TABLE 8
NODE INFORMATION FOR DE GRADUATION LEARNER
Not Graduated | Graduated
Node | Path Observations | (%) (%) Classification
0 Root Node 901 18.31 81.69 Graduated
1 Root Node 901 18.31 81.69
University GPA <3.18 | 217 45.16 54.84 Graduated
2 Root Node 901 18.31 81.69
University GPA >=3.18 | 684 9.80 90.20 Graduated
3 Root Node 901 18.31 81.69
University GPA <3.18 | 217 45,16 54.84
University GPA<1.64 | 14 92.86 7.14 Not Graduated
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4 Root Node 901 7.88 92.12

University GPA <3.18 | 217 45.16 54.84
University GPA >=1.64 | 203 41.87 58.13 Graduated
TABLE 9
VARIABLE IMPORTANCE FOR DE GRADUATION LEARNER
Variable Frequency of Splits
University GPA 2
TABLE 10

NODE INFORMATION FOR NON-DE GRADUATION LEARNER

Not Graduated | Graduated
Node | Path Observations | (%) (%) Graduated
0 Root Node 6492 24.89 75.11 Graduated
1 Root Node 6492 24.89 75.11
Not
University GPA < 2.8 1124 63.26 36.74 Graduated
2 Root Node 6492 24.89 75.11
University GPA>=2.8 | 5368 16.86 83.14 Graduated
3 Root Node 6492 24.89 75.11
University GPA < 2.8 1124 63.26 36.74
Not
University GPA < 1.8 334 90.42 9.58 Graduated
4 Root Node 6492 24.89 75.11
University GPA < 2.8 1124 63.26 36.74
Not
University GPA>=1.8 | 790 51.77 48.23 Graduated
5 Root Node 6492 24.89 75.11
University GPA < 2.8 1124 63.26 36.74
University GPA>=18 | 790 51.77 48.23
Not
University GPA <2.28 | 236 67.37 32.63 Graduated
6 Root Node 6492 24.89 75.11
University GPA < 2.8 1124 63.26 36.74
University GPA >= 790 51.77 48.23
University GPA >=2.28 | 554 45.13 54.87 Graduated
7 Root Node 6492 24.89 75.11
University GPA < 2.8 1124 63.26 36.74
University GPA>=1.8 | 790 51.77 48.23
University GPA >=2.28 | 554 45.13 54.87
Gender = Male 327 48.62 51.38 Graduated
8 Root Node 6492 24.89 75.11
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University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >= 2,28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91 Graduated
9 Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >= 2,28 | 554 45.13 54.87

Gender = Male 327 48.62 51.38

University GPA<2.32 | 20 30.00 70.00 Graduated
A Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >= 2,28 | 554 45.13 54.87

Gender = Male 327 48.62 51.38

University GPA >=2.32 | 307 49.84 50.16 Graduated
B Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >= 2,28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= Non-First Generation | 127 33.86 66.14 Graduated
C Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= First Generation 100 48.00 52.00 Graduated
D Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Male 327 48.62 51.38

University GPA >=2.32 | 307 49.84 50.16

High School Core GPA Not

<3.08 166 54.22 45.78 Graduated
E Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87
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Gender=M 327 48.62 51.38

University GPA >=2.32 | 307 49.84 50.16

High School Core GPA

>=3.08 141 44.68 55.32 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= Non-First Generation | 127 33.86 66.14

High School Core GPA

<3.20 71 23.94 76.06 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >= 2,28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= Non-First Generation | 127 33.86 66.14

High School Core GPA

>=3.20 56 46.43 53.57 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA >=1.8 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= Non-First Generation | 127 33.86 66.14

High School Core GPA

>=3.20 56 46.43 53.57

High School Core GPA Not

< 3.45 36 63.89 36.11 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 4513 54.87

Gender = Female 227 40.09 59.91

First Generation Student

= Non-First Generation 127 33.86 66.14

High School Core GPA

>=3.20 56 46.43 53.57

High School Core GPA

>=3.45 20 15.00 85.00 Graduated
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TABLE 11
VARIABLE IMPORTANCE FOR NON-DE GRADUATION LEARNER

Variable Frequency of Splits
University GPA 4
High School Core GPA 3
First Generation Student 1
Gender 1

TABLE 12
TERMINAL NODE INFORMATION FOR DE RETENTION LEARNER

Not Retained

Node |Path Observations | (%) Retained (%) | Classification
2 Root Node 901 7.88 92.12

University GPA

>=2.49 846 5.79 94.21 Retained
3 Root Node 901 7.88 92.12

University GPA <249 | 55 40.00 60.00

University GPA<1.40 | 12 83.33 16.67 Not Retained
4 Root Node 901 7.88 92.12

University GPA <249 | 55 40.00 60.00

University GPA

>=1.40 43 27.91 72.09 Retained

TABLE 13
TERMINAL NODE INFORMATION FOR NON-DE RETENTION LEARNER
Not Retained Retained

Node | Path Observations | (%) (%) Classification
2 Root Node 6492 12.4 97.6

University GPA >=2.12 | 6026 7.98 92.02 Retained
3 Root Node 6492 124 97.6

University GPA < 2.12 466 69.53 30.47

University GPA <1.44 246 85.37 14.63 Not Retained
7 Root Node 6492 12.4 97.6

University GPA <2.12 466 69.53 30.47

University GPA >=1.44 | 220 51.82 48.18

University GPA < 1.72 60 66.67 33.33

High School Core GPA

<274 12 33.33 66.67 Retained
8 Root Node 6492 12.4 97.6

University GPA <2.12 466 69.53 30.47

University GPA >=1.44 | 220 51.82 48.18

University GPA < 1.72 60 66.67 33.33
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High School Core GPA

>=2.74 40 75.00 25.00 Not Retained
A Root Node 6492 12.40 97.6

University GPA < 2.12 466 69.53 30.47

University GPA >=1.44 | 220 51.82 48.18

University GPA>=1.72 | 160 46.25 53.75

Race Group = Two or
More, Underrepresented

Minority, Unknown 47 27.66 72.34 Retained
B Root Node 6492 12.40 97.6

University GPA <2.12 466 69.53 30.47

University GPA >=1.44 | 220 51.82 48.18

University GPA>=1.72 | 160 46.25 53.75

Race Group = Asian,
Non-resident Alien,

White 113 53.98 46.02

First Generation Student

= Non-First Generation 78 44.87 55.13 Retained
C Root Node 6492 12.40 97.6

University GPA < 2.12 466 69.53 30.47

University GPA >=1.44 | 220 51.82 48.18

University GPA>=1.72 | 160 46.25 53.75

Race Group = Asian,
Non-resident Alien,

White 113 53.98 46.02

First Generation Student

= First Generation 78 44 .87 55.13 Not Retained
TABLE 14

TERMINAL NODE INFORMATION FOR DE GRADUATION LEARNER

Not Graduated Graduated

Node | Path Observations | (%0) (%) Classification
2 Root Node 901 18.31 81.69

University GPA

>=3.18 684 9.80 90.20 Graduated
3 Root Node 901 18.31 81.69

University GPA <

3.18 217 45.16 54.84

University GPA <

1.64 14 92.86 7.14 Not Graduated
4 Root Node 901 7.88 92.12

University GPA <

3.18 217 45.16 54.84

University GPA

>=1.64 203 41.87 58.13 Graduated
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TABLE 15
NODE INFORMATION FOR NON-DE GRADUATION LEARNER

Not Graduated | Graduated

Node | Path Observations | (%) (%) Graduated
2 Root Node 6492 24.89 75.11

University GPA >=2.8 | 5368 16.86 83.14 Graduated
3 Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA < 1.8 334 90.42 9.58 Not Graduated
5 Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA >=1.8 | 790 51.77 48.23

University GPA < 2.28 | 236 67.37 32.63 Not Graduated
9 Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Male 327 48.62 51.38

University GPA <2.32 | 20 30.00 70.00 Graduated
C Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA >=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation

Student = First

Generation 100 48.00 52.00 Graduated
D Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA >=1.8 | 790 51.77 48.23

University GPA >=

2.28 554 45.13 54.87

Gender = Male 327 48.62 51.38

University GPA >=2.32 | 307 49.84 50.16

High School Core GPA

<3.08 166 54.22 45.78 Not Graduated
E Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender=M 327 48.62 51.38

University GPA >=2.32 | 307 49.84 50.16
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High School Core GPA

>=3.08 141 44.68 55.32 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA >=1.8 | 790 51.77 48.23

University GPA >=

2.28 554 45,13 54.87

Gender = Female 227 40.09 59.91

First Generation
Student = Non-First

Generation 127 33.86 66.14

High School Core GPA

<3.20 71 23.94 76.06 Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45.13 54.87

Gender = Female 227 40.09 59.91

First Generation
Student = Non-First

Generation 127 33.86 66.14

High School Core GPA

>=3.20 56 46.43 53.57

High School Core GPA

<3.45 36 63.89 36.11 Not Graduated
Root Node 6492 24.89 75.11

University GPA < 2.8 1124 63.26 36.74

University GPA>=1.8 | 790 51.77 48.23

University GPA >=2.28 | 554 45,13 54.87

Gender = Female 227 40.09 59.91

First Generation
Student = Non-First

Generation 127 33.86 66.14

High School Core GPA

>=3.20 56 46.43 53.57

High School Core GPA

>=3.45 20 15.00 85.00 Graduated
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FIGURE 1
VISUAL REPRESENTATION OF STUDENT SUCCESS RATES
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FIGURE 3
COST-COMPLEXITY ANALYSIS FOR DE RETENTION LEARNER
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FIGURE 5
COST-COMPLEXITY ANALYSIS FOR NON-DE RETENTION LEARNER
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FIGURE 6
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FIGURE 7
COST-COMPLEXITY ANALYSIS FOR DE GRADUATION LEARNER
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FIGURE 8
NON-DE GRADUATION LEARNER
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FIGURE 9
COST-COMPLEXITY ANALYSIS FOR NON-DE GRADUATION LEARNER

Number of Leaves

a
™
o
=
=
It
£ 015
w
W
m
O
wn
= pqp
a
on
m
2
<L
0.05
1-5E
® Min Avg Misclass Rate  0.1588
M Leaves 22
000 Parameter 0.0002
45903 0.0138 o.oov7 00058 00023 6.7E-5 18E-12

Cost-Complexity Parameter

138 Journal of Higher Education Theory and Practice Vol. 23(9) 2023



