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Abstract—This research full paper describes an investigation of
nontraditional undergraduate Computer Science (CS) students’
unique retention issues by using machine learning. It presents
new insight into the most critical factors impacting their retention
compared to traditional students. CS student retention is a press-
ing concern for many universities. Traditional students have been
well-studied, but the growing number of nontraditional students
have received less attention. These students often face unique
challenges due to their different backgrounds and experiences
compared to their traditional counterparts. For example, they
typically delay postsecondary enrollment, have dependents, and
attend school part time. Existing research has limited information
on how these varying characteristics influence their academic
success. Consequently, applying retention strategies based solely
on traditional student data might not be effective for nontra-
ditional students. This study aims to bridge the knowledge gap
regarding nontraditional undergraduate CS student retention.
We proposed two key questions: (1) What are the primary
factors influencing nontraditional undergraduate CS student
attrition? and (2) How can we predicate students at a higher
risk of dropping out at an earlier stage? We analyzed the
data of nontraditional undergraduate students enrolled in the
CS major at a university with a predominantly nontraditional
student population. The data span 13 years and encompass
demographic, academic, and behavioral features. We trained five
machine learning models (Logistic Regression, Support Vector
Machines, K-Nearest Neighbors, Random Forest, and Gradient
Boosting Trees) and an ensemble model. By considering both
accuracy and AUC (Area Under the Curve) of the optimized
models, we found that overall, the Gradient Boosting Trees model
performs the best. Using permutation importance in the Gradient
Boosting Trees model, we found nine most significant features
impacting student retention: (1) GPA. Students with higher GPA
(cumulative or in the last semester) are more likely to retain.
(2) Course load. Students taking more classes overall or in a
given semester tend to retain better. (3) Number of face-to-face
classes taken. Students taking fewer face-to-face classes and more
online classes are more likely to retain. (4) Age. Younger students
tend to retain better. (5) Whether students transferred through
a community college partnership. Students recruited through a
partnership with two-year institutions tend to retain better. (6)
Financial aid. Students with financial aid are less likely to drop
out than students without any financial aid. These innovative
findings deepen the knowledge of the specific retention challenges
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faced by nontraditional undergraduate CS students.

This study successfully addressed the proposed research ques-
tions, providing valuable insights into nontraditional undergrad-
uate CS student retention. Identifying key influential features
improves the interpretability of the predictive models, leading to
better compliance with regulations and reduced concerns about
bias. Additionally, the optimized model can inform interventions
and student services to enhance retention rates.

Index Terms—nontraditional students, retention,
learning, key features, model interpretability.

machine

I. INTRODUCTION

Retention is a major concern for many higher education
institutes around the world, especially in science, technology,
engineering, and mathematics (STEM) majors. In the United
States, there are persistent challenges in producing and retain-
ing STEM talent to meet the demands as the workforce shifts
to more technology-based jobs. According to the National
Center for Education Statistics, 48% of bachelor’s degree
students who entered STEM fields between 2003 and 2009
had left these fields by Spring 2009. Roughly half of these
students switched to a non-STEM major, and the rest of them
left college without earning any credentials [1].

Traditionally, a college student is envisioned as between the
ages of 18 and 24, matriculating immediately after high school,
living on campus, pursuing a full-time course load, attending
daytime in-person classes, and having no dependents. How-
ever, this stereotype no longer accurately represents the diverse
student body of modern days [2]. More students challenge
this norm by exhibiting one or more alternative characteristics:
they are more likely over the age of 24, delaying postsecondary
enrollment, not living on campus, being employed full time
and attending school part time, opting for online and evening
classes, having dependents other than a spouse, or being a
single parent. We refer to them as nontraditional students.

The population of nontraditional students in the United
States has been growing steadily for many years. They are
quickly becoming the largest segment of the student popula-
tion. About 74% of all 2011—12 undergraduate students had
at least one nontraditional characteristic [3].



Nontraditional students often face significant challenges bal-
ancing academic pursuits with work and family commitments,
which can hinder degree completion [4]. For example, eight
years after starting their undergraduate studies in 2013, part-
time students exhibited a higher transfer-out rate compared to
full-time students. Specifically, the transfer-out rate for non-
first-time part-time students was 29%, while it was 24% for
first-time part-time students. Among full-time students, the
transfer-out rate was 21% for first-time students and 18% for
non-first-time students [5].

Despite these findings, our understanding of the specific
factors impacting nontraditional student retention remains
limited. It is unknown whether the knowledge of traditional
student retention and mitigation measures can be applied to
nontraditional students to achieve comparable outcomes.

To address this knowledge gap, higher education institutions
require more robust data, analytical tools, and insights to
support nontraditional students. Retention is critical not only
for financial reasons but also as a key indicator of student
success and well-being [6]. By gaining a deeper understanding
of the challenges faced by nontraditional students, institutions
can develop targeted interventions to improve retention rates
and explain the decision-making process. This study aims to
fill this knowledge gap by examining the factors influencing
retention among nontraditional undergraduate students in a
representative STEM major and building a predictive model
to enable early interventions.

II. RELATED WORK

Retention in undergraduate Computer Science (CS) pro-
grams in the United States is an incredibly complex issue.
Empirical data to examine retention are both limited and
messy [7]. The Computer Science program is considered to
be one of the most difficult programs because it requires
a full comprehensive understanding and improved ability in
order to fulfil academic requirements [8]. This may be why
students seem to struggle to complete a CS degree. There
are many works aiming to investigate student retention in CS
education, including identifying variables related to gains of
studying CS, the learning environment, degree’s usefulness,
and barriers as important predictors of students’ intention to
stay and complete their studies in CS [9].

There have been some conceptual research dedicated to
nontraditional student retention, such as Bean’s model of non-
traditional undergraduate student attrition proposed in the mid-
1980s [10]. The model highlights the importance of consid-
ering interactions between various factors (such as academic,
background, psychological, and environmental variables) that
can influence a student’s decision to leave. Bean’s model
provided a valuable framework for understanding the complex
factors influencing nontraditional student attrition. While the
model itself might not be directly applicable today due to
evolving educational landscapes, it laid the foundation for de-
veloping more nuanced retention strategies for nontraditional
students.

More recently, some researchers found that nontraditional
students persisted significantly more than their traditional
counterparts in single courses and related assignments, but less
in degree programs, creating a conundrum [11]. A follow-
up study demonstrated that nontraditional students are more
participatory than traditional students in a single course and
are more engaged at deeper levels. Active learning activities
increase the performance of nontraditional students, potentially
increasing engagement and persistence. Moving toward higher
levels of learning and engagement and lower levels of attrition
can potentially resolve the conundrum [12].

In recent years, e-learning (online learning) has become very
popular, especially during the COVID-19 pandemic. Com-
pared to traditional classroom learning, e-learning has many
benefits, such as higher flexibility, development of technical
skills, continuous evaluation, and individual and collaborative
activities [13]. Generally, education is made more accessible
and affordable by e-learning, which is more desirable for non-
traditional students. However, e-learning courses also result in
higher dropout rates because distance education may create a
sense of isolation in students who can feel disconnected from
the other students, the instructors, and the university [14].

Educational research is advancing rapidly due to the vast
amount of student data that can be used to create insight-
ful patterns related to student learning. Educational Data
Mining (EDM) uses the various amounts of data obtained
from institutions to understand students’ behaviors in edu-
cational institutions and to improve the teaching and learn-
ing environment [15]. A growing exploration area in EDM
is predicting student academic performance [16]-[18]. For
example, a recent study used algorithms such as Random
Forests, Neural Network, Support Vector Machines, Logistic
Regression, Naive Bayes, and K-Nearest Neighbors to predict
undergraduate student final exam grades [19]. They achieved
a classification accuracy of 70-75%.

While many of these studies prioritize building models with
high predictive accuracy, they often overlook the crucial aspect
of interpretability. This lack of transparency makes it difficult
to understand what factors the models actually use to make
predictions, how the model arrives at a specific prediction,
what additional information the model can potentially reveal,
and the justifications behind its predictions. This lack of
transparency is a growing concern in the age of explainable
Al regulations, like the European Union’s new regulations re-
quiring that individuals affected by algorithmic decisions have
a right to an explanation [20]. To ensure fairness and trust, we
need models that are not just accurate, but also interpretable,
allowing users to understand the reasoning behind the results.

III. PROBLEM STATEMENT

In this study, we investigate the nontraditional students who
started as undergraduate Computer Science majors at a private,
non-profit, teaching-intensive university in the Midwestern
United States over a 13-year period. This open admission
university specializes in nontraditional student education pri-
marily delivered online. It offers five undergraduate majors in



computing technology: Computer Science, Cybersecurity, In-
formation Systems, Information Technology, and Web Devel-
opment. Computer Science has the largest enrollment. While
the aggregated enrollment of these majors has been growing,
our preliminary analytical observations [21] found that many
students did not complete their programs, especially Computer
Science.

The high number of nontraditional students at this university
presents a unique opportunity to investigate their retention
challenges. By addressing the following research questions,
we aim to provide comprehensive answers that can inform
effective strategies to improve their success:

1) Research Question 1: What are the primary factors
influencing nontraditional undergraduate Computer Sci-
ence student retention?

2) Research Question 2: How can we identify nontra-
ditional undergraduate Computer Science students at a
higher risk of dropping out at an earlier stage?

These research questions hold the key to unlocking bet-
ter understanding of nontraditional undergraduate Computer
Science student retention. Our research advancements will
lead to more transparent machine learning models, enabling
easier compliance with regulations and mitigating concerns
about bias. Additionally, the models we build will provide
academic leadership with powerful predictive capabilities. This
will allow them to take targeted actions, such as enhancing stu-
dent services and implementing early intervention programs,
ultimately boosting student retention.

IV. RESEARCH METHODOLOGY

Our research leverages the CRISP-DM (Cross-Industry
Standard Process for Data Mining) framework, a widely
adopted methodology for data mining, analytics, and data
science projects [22]. This robust and systematic framework
ensures a comprehensive approach by guiding us through six
key phases (Fig. 1). Each phase is clearly defined, preventing
crucial steps from being overlooked.

A. Business Understanding

This is the first phase in the CRISP-DM framework. It
focuses on understanding the objectives and requirements of
the project. We have completed this phase in Section III
by identifying the knowledge gap in nontraditional student
retention and formulating the research questions for this study.

B. Data Understanding

The second phase involves identifying, gathering and ex-
ploring the preliminary data needed for our analysis. They
include anonymized student information from undergraduate
Computer Science majors enrolled at the university described
in Section III. The data cover a period from Spring 2011 to
Fall 2023, encompassing a total of 1,170 students.

The collected data contain information in the following
categories:

o Demographic: Age, gender, and race

o Academic: GPA (including transfer, if applicable)
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Fig. 1. Research Workflow

o Behavioral: Course load, course enrolled, course format
(online/face-to-face), and prior college enrollment expe-
rience

o Financial: Financial aid information (awarded or not)

o Other: Mailing address, recruitment source

The field of Computer Science has undergone a substantial
transformation in the past decade. The curriculum has adapted
to keep pace with these advancements, incorporating new text-
books, instructional tools, assessment methods, and learning
platforms. However, the core concepts and learning outcomes
within the program have remained largely stable. Graduation
and admission requirements have also seen minimal change.
As a result, the longitudinal data collected for this study retain
their validity.

C. Data Preparation

In this phase, we converted the raw data into the desired data
format that can be analyzed in the modeling phase through data
selecting, cleaning, constructing, integrating, and formatting.

The collected data do not contain all the features relevant
to the definition of traditional and nontraditional students
as described in Section I, such as dependents and status of
employment. Therefore, we consider a student traditional if
he or she satisfies the following two conditions:

o under the age of 25 in the first term of enrollment
« does not have any record of attending any other postsec-
ondary institution after high school



Out of the total of 1,170 students, only 43 are traditional. Their
data are discarded. The other 1,127 students are considered
nontraditional. Unlike many other research works relying on
data from traditional schools, which may include a limited
number of nontraditional students, our study focuses exclu-
sively on nontraditional students.

From a retention standpoint, students who switch majors are
still considered retained by the university. In a separate study,
we found a curricular factor impacting major switching [21].
Therefore, for the purpose of this research, we only count
students whose claimed major is Computer Science in their
last active term.

Measuring student retention can be challenging due to
the lack of a universal definition and inconsistencies across
institutions. This is particularly true for nontraditional students
who may have unique enrollment patterns. In an earlier study,
we observed that over 90% of students returned to their
studies after a break of one to six terms [21]. Given the
rarity of students returning after a longer absence, we can
reasonably assume that students who have not enrolled for
seven consecutive terms or more are unlikely to pursue their
degrees at this university. Based on this rationale, we define a
student’s attrition label as True if they had not yet graduated
and met one of the following two conditions:

o The student had officially reported withdrawal from the

university.

o The gap between the student’s last term of enrollment
and Fall 2023 is more than six terms (equivalent to two
years).

The attrition rate of students in the dataset is calculated as
57.3%.

Understanding the financial circumstances of students is
important for analyzing retention. However, our initial data
lack individual student income information. To address this
limitation, we leveraged publicly available data on the latest
median household income by zip code from the United States
Census American Community Survey [23]. By incorporating
these zip code-based estimates, we aim to gain insights into
the potential influence of students’ socioeconomic background
on retention rates.

Through data preparation, we created 16 features for further
analysis:

o Seven categorical features: Race, gender, financial aid
information, student type (sources that they are recruited
from), prior GPA (applicable to transfer students), online
course enrollment history, and first-time college enroll-
ment status

o Nine numerical features: Age in the first term, age in
the last term, cumulative GPA, last term GPA, total
credits taken, average credits per term, transfer credits
(if applicable), percentage of credits taken face-to-face,
and median household income

D. Modeling

In this phase, we evaluated five machine learning algo-
rithms to predict student attrition: Logistic Regression, Support

Vector Machines, K-Nearest Neighbors, Random Forest, and
Gradient Boosting Trees. These models were chosen due to
their strengths:

o Logistic Regression (LR): Offers interpretability, allow-
ing us to understand the impact of different factors on
retention.

¢ Support Vector Machines (SVM): Captures non-linear re-
lationships between variables, potentially revealing com-
plex patterns.

o K-Nearest Neighbors (KNN): Effective in identifying lo-
cal patterns in the data, useful for understanding specific
student subgroups.

e« Random Forest (RF): Provides robustness and handles
intricate interactions between features, leading to more
accurate models.

o Gradient Boosting Trees (GBT): Improves prediction
accuracy by sequentially refining the model based on
previous errors.

To leverage the combined strengths of these approaches,
we also created an ensemble model that incorporates all five
algorithms. The models are trained and optimized by using
scikit-learn [24].

E. Evaluation

In this phase, we compared the predictive performance of
our trained and optimized models to identify the model that
most accurately predicts student attrition. To ensure a fair
comparison and avoid overfitting, we employed a technique
called nested cross-validation [25].

Nested cross-validation works by first dividing the dataset
into two sets: outer folds and inner folds. Within each outer
fold, we further split the data to create inner folds. Using these
inner folds, we fine-tuned the hyperparameters of each model
to optimize its performance on unseen data within that fold.
After this tuning stage, we fit the model on the entire training
data within the outer fold and tested it on the remaining unseen
data (left-out data) from that fold. This process of inner fold
tuning, model fitting, and testing on unseen data is repeated
for all outer folds. To estimate the model’s generalization
error, which represents its performance on unseen data, we
calculated the average test set score across all outer folds.

By separating data for hyperparameter tuning and perfor-
mance evaluation, nested cross-validation offers several advan-
tages. First, it minimizes data leakage. This means information
from the tuning stage does not influence the evaluation stage,
leading to a more accurate assessment of the model’s ability
to perform well on new data. Second, nested cross-validation
helps reduce overfitting. This ensures the model generalizes
well to unseen data, especially important when dealing with
limited datasets. As a result of using nested cross-validation,
our model evaluation is more robust and unbiased. This
approach ultimately improves the model’s ability to predict
student attrition on new, unseen data.

To assess the effectiveness of our five optimized models
in predicting student attrition, we employed two key metrics:
accuracy and Area Under the ROC Curve (AUC).
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Fig. 2. Model performance of Logistic Regression (LR), Random Forest (RF), Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Gradient

Boosting Trees (GBT). Error bars represent the standard deviation.

Accuracy, a commonly used metric, represents the propor-
tion of correct predictions made by the model. We calculated
accuracy using a probability threshold of 0.5. In simpler terms,
the model assigned a probability between 0 and 1 to each
student indicating their likelihood of attrition. A threshold of
0.5 essentially divides these probabilities into two categories:
above 0.5 suggests the student is “likely to leave” and below
0.5 suggests they are “likely to stay.” Accuracy tells us how
often this classification by the model matched the actual
outcome (whether the student left or stayed enrolled).

AUC, or Area Under the ROC Curve, provides a more com-
prehensive picture. The ROC Curve itself plots the model’s
ability to correctly identify students who will leave (true posi-
tive rate) against the number of students incorrectly classified
as leaving (false positive rate). This is calculated across various
probability thresholds, meaning the model is not limited to the
single 0.5 threshold used for accuracy. AUC summarizes the
model’s performance across all these thresholds into a single
value between 0 and 1. A higher AUC indicates better overall
performance in distinguishing between leaving and staying
students.

By using both accuracy and AUC, we gain a balanced
perspective on the models’ performance. Accuracy offers a
clear and direct measure, while AUC helps us understand the
trade-off between correctly identifying leaving students and
avoiding false alarms (classifying students who will stay as
likely to leave). This combined approach leads to a more
robust and nuanced evaluation of the models’ effectiveness
in predicting student attrition.

The model performance is compared in Fig. 2. The mean
and standard deviation for both accuracy and AUC were
obtained from the five iterations within the outer loop of the
nested cross-validation process. Among the models, KNN has
the worst performance, followed by LR. The improved results
in nonlinear-kernel (SVM) hint at the presence of non-linear
patterns in the data. SVM has good AUC measure, but its mean
accuracy is worse than GBT. Tree-based models (GBT and RF)

have better performance, indicating that the data may contain
complex relationships between features and student attrition.
These models are adept at handling feature interactions and
are generally more resistant to overfitting.

Of all models, GBT stands out with the highest accuracy
and an AUC very close to the highest. Its sequential building
of trees allows for refined adjustments, possibly making it
more attuned to the subtle factors influencing student reten-
tion. Therefore, we choose GBT as the preferred model for
predicting students with higher risk of attrition.

As machine learning models become increasingly complex,
the need for interpretability grows to ensure trust, account-
ability, and fairness. There are many approaches to model
interpretability, such as global interpretability, local inter-
pretability, model-specific interpretability, and model-agnostic
interpretability [26]. We adopt feature importance to identify
which data features contribute the most to predictions. This
approach can help make sense of our model’s predictions and
improve the understanding of the model’s overall behavior.

Several techniques exist to assess feature importance, and
we opted for permutation importance [27]. This approach
measures the decline in model performance when a single
feature’s values are randomly shuffled. A larger drop signifies
the model’s greater reliance on that feature for accurate predic-
tions. Permutation importance holds several advantages: it is
swift to calculate, widely used and understood, and aligns well
with desirable properties for a feature importance metric [28].
Using permutation importance within our GBT model, we
identified the top nine most impactful features (including six
numerical and three categorical features) that exhibited an
accuracy drop exceeding 0.9%. These features in Table I are
considered to have the strongest influence on student retention.

V. KEY FEATURES

By delving deeper into these top features (Table I) through
exploratory data analysis, we can glean further insights into
their influence on student retention and elucidate the mech-



TABLE I
THE TOP NINE FEATURES ORDERED BY PERMUTATION IMPORTANCE IN GRADIENT BOOSTING TREES

Accuracy Drop by

Rank  Feature Description Shuffled Feature
1 LastTermGPA Student’s Grade Point Average in the last term 5.2%
2 AvgCreditByTerm Average number of credits a student takes per term 4.3%
3 FFCredPercent Percentage of credits taken in face-to-face classes 4.1%
4 CreditsTaken Total number of credits a student has taken 3.0%
5  CumulativeGPA Student’s overall Grade Point Average 1.9%
6  LastTermAge Student’s age in the last term 1.9%
7  StudentType_Community  Indicator for transfer student recruited through community college partnerships 1.7%
8  Online Indicator for fully online student 1.0%
9  FinancialAid Indicator for student receiving financial aid 0.9%

anisms behind these impacts. These key features can be
used to establish a framework in which new knowledge can
be discovered to enrich the comprehension of nontraditional
undergraduate Computer Science student retention in its own
context.

A. Academic Performance

Our dataset includes three features capturing student aca-
demic performance at different stages: LastTermGPA re-
flects a student’s most recent academic performance, while
CumulativeGPA captures their overall academic standing.
PriorGPA is a unique feature of nontraditional students be-
cause they often (90% of the students in our dataset) transfer
from another postsecondary institution. This is much less
frequently observed in traditional students.

Consistent with prior research on traditional students [29],
[30], our analysis reveals a strong positive correlation between
academic performance and retention. Students with higher
GPAs exhibit a lower probability of attrition. In both Fig. 3a
and Fig. 3e, the True group includes students who dropped
out of the university, while the False group includes students
who did not drop out. We use the same notion in other
numerical feature figures.

Among the three academic performance measures, we
find that LastTermGPA holds the strongest influence (ranked
first), followed by CumulativeGPA (ranked fifth). Interestingly,
PriorGPA shows a weaker impact on retention and does
not rank within the top nine features. This suggests that,
for nontraditional students, recent academic performance may
be a more sensitive indicator of their continuation decisions
compared to their overall performance and performance at
a previous institution. Overall, our findings reinforce the
established notion that college grades serve as a key predictor
of student persistence and degree completion.

B. Course Load

Research suggests a positive correlation between course
load and student success. Studies have shown that students
enrolling in more credits tend to achieve higher GPAs and
experience greater retention rates [31], [32]. Our analysis
aligns with these findings, revealing a strong impact of course
load on student persistence. The features AvgCreditByTerm
(ranked second) and CreditsTaken (ranked fourth) highlight
this connection. As Fig. 3b and Fig. 3d illustrate, students

taking more credits per term or cumulatively exhibited a lower
probability of attrition (the False group).

It is important to note that course load selection can be
influenced by academic ability and prior academic achieve-
ments. Students who choose to take on a heavier course load
might demonstrate a stronger focus on their studies, which
could contribute to improved retention.

C. Class Format

While some research suggests higher attrition rates for
online students [33], [34], our analysis reveals a contrasting
trend. Fig. 3h demonstrates that the majority of students (872,
or 77.4% of the total number) who took classes entirely online
(the True group) exhibited a significantly lower probability
of attrition (0.5) compared to those who took one or more
face-to-face (FF) classes (0.82).

To further explore this, Fig. 3c examines the distribution of
students based on the percentage of FF classes taken. Since
most students did not take any FF classes, the figure focuses
on students with a positive FF percentage. It is evident that
students taking a higher proportion of FF classes have a greater
chance of dropping out (the True group). This observation
aligns with the strong impact of the FFCreditPercent feature,
ranked third in Table I.

In essence, Fig. 3c and 3h highlight a key characteristic of
our nontraditional student population: they tend to thrive in
online learning environments compared to traditional students
who may benefit more from face-to-face interaction.

D. Age

Age serves as a proxy for the heterogeneous nature of the
nontraditional student population. While traditional student
demographics at private, non-profit four-year institutions skew
younger, with 87% of full-time undergraduates under 25 in Fall
2021 [35], our study reveals a significantly older population.
In our dataset, 50% of students are 29 years or older in their
last active term, with an average age of 30.8. Unsurprisingly,
Fig. 3f demonstrates a correlation between student’s age in
the last term (the LastTermAge feature) and attrition, with
older students exhibiting a higher probability of dropping out
(the True group). This can be attributed to the additional
challenges faced by adult learners, particularly those juggling
family, work, and other life commitments alongside academic
pursuits.
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Interestingly, the age distribution in both retained (False)
and unretained (True) groups leans towards older demograph-
ics. The median last term age of the unretained group is 30,
slightly older than the retained group (28). There are very few
students under 25 in both groups, a stark contrast to the typical
profile of a traditional student.

E. Recruitment Source

Nontraditional students are more likely to transfer between
institutions of various types. Research suggests two main
groups of transfer students: those with a pre-defined transfer
goal (e.g., medical school) and those whose plans change or
lack a clear direction [36], [37]. In our study, most students fell
into the latter category. 1,010 out of the total 1,127 students
transferred credits from another school. That is 90% of the
population. This university also boasts a diverse recruitment
strategy, attracting students beyond direct applications. Collab-

orations with the military, corporations, and especially com-
munity colleges are key recruitment channels. A designated
StudentType feature tracks these sources.

There are 314 students (27.9% of the entire population)
recruited through community college partnerships. They are
the Community student type in Fig. 3g. Interestingly, these
students have the lowest attrition probability (0.43). This
suggests a stronger effect from the partnership compared to
simply transferring from a community college.

The university’s strong relationship with community college
partners likely contributes to this success. Initiatives like a 3+1
transfer program (three years at a community college, plus
one year at the university), a user-friendly online transfer tool,
and reduced tuition for eligible students further support this
collaboration. Additionally, curricular articulation agreements,
particularly within the state, ensure smooth course transfer
while maintaining academic rigor.



Our findings highlight the crucial role of two-year in-
stitutions in preparing nontraditional students for bachelor’s
degrees. Fostering closer relationships between four-year and
two-year institutions through strategic partnerships and curric-
ular alignment can significantly improve student retention.

F. Financial Aid

Unlike traditional students who often rely on parental
support, nontraditional students are typically financially in-
dependent. While this independence fosters self-reliance, it
can also create financial burdens that threaten their academic
journey. Our study reinforces the positive impact of financial
aid on nontraditional student retention as evidenced by the
FinancialAid feature, which is shown in Fig. 3i. Students with
some form of financial aid (617 in the True group) exhibited
a significantly lower attrition probability (0.49) compared to
those solely relying on personal finances (510 students in the
False group with a 0.67 attrition probability).

The benefit of financial aid for nontraditional students
extends beyond simply bridging the financial gap. The specific
types of aid available can significantly impact their ability to
persist. Unlike traditional students who may primarily rely on
federal grants and loans, nontraditional students benefit from
a wider range of financial aid options. These include federal
and state grants, scholarships, and employer tuition assistance.
For many employed nontraditional students, programs offered
by their employers for tuition reimbursement can be a game-
changer. This financial support fosters a win-win situation, as
it promotes employee retention and skill development.

To summarize, our analysis identified nine key features
influencing nontraditional undergraduate Computer Science
student retention using a GBT model’s feature permutation
importance. These features can be grouped into categories like
academic performance, course load, class format (online/face-
to-face), demographics (age), recruitment source, and financial
aid. By analyzing these categories, we discovered unique
retention patterns specific to nontraditional students compared
to traditional students.

While some factors, like academic performance, age, and
finances, affect both student groups similarly, the strength of
their influence might differ. Further research is necessary to
fully understand these nuances.

VI. CONCLUSIONS AND FUTURE WORK

Nontraditional students comprise the majority of the under-
graduate population in the United States today. While facing
more challenges to complete college, especially in STEM
fields like Computer Science, their unique retention factors
remain largely unexplored. The evolving student demographic
demands innovative strategies for student success. To effec-
tively support nontraditional students, a deeper understanding
of their specific needs, particularly regarding retention, is
crucial. This research employs the CRISP-DM framework
to investigate nontraditional undergraduate Computer Science

student retention at a university specializing in this population.
We aim to answer two key research questions:

1. Identifying the key features impacting nontraditional
undergraduate Computer Science student retention. Our
analysis suggests that academic performance, class format,
course load, age, recruitment source, and financial aid avail-
ability are the major key features impacting retention. Un-
veiling these key features and how they impact retention
not only aids retention efforts but also enhances the inter-
pretability of machine learning models, promoting ethical
considerations and mitigating potential bias. This knowledge
foundation allows for further exploration and a more nuanced
understanding of the specific context influencing nontraditional
student retention.

2. Developing predictive models to identify students who
have high risk of attrition. Among the five machine learning
models we trained and evaluated, Gradient Boosting Trees
(GBT) emerged as the most effective in predicting student
attrition. This success is attributed to our nested approach
to model training and optimization, which helps to minimize
data leakage and overfitting. This results in a more robust and
unbiased model, ensuring its generalizability to new, unseen
data. This is a crucial advantage when dealing with datasets
of limited size. Our GBT model demonstrates strong accuracy
in identifying students at high risk of attrition, which can
empower academic leadership to make proactive decisions
regarding intervention strategies.

The final stage of the CRISP-DM framework, Deployment,
focuses on translating our findings into actionable strategies.
We plan to collaborate with the university’s student service
department to develop targeted interventions, including lever-
aging the GBT model’s predictions to identify students at
risk of attrition and design personalized support programs to
address their specific needs.

This research provides a roadmap for targeted interventions
that can potentially benefit many other colleges with similar
nontraditional student demographics. Student support services
may be tailored according to the identified impacting features.
For instance, early academic interventions for students with
lower GPAs, strong partnership with community colleges,
enhanced online instruction, and expanded financial aid op-
portunities could be implemented. Additionally, the machine
learning model’s predictive capabilities can be used to proac-
tively identify students at risk of dropping out, allowing for
timely interventions such as academic advising, tutoring, or
mentorship programs. Ultimately, by understanding the unique
challenges faced by nontraditional CS students, institutions can
develop tailored support services to enhance their academic
success and persistence.

Building on the success of this work, we plan to extend our
research in two key ways:

o Include more academic disciplines: By analyzing data
from additional majors, we can gain a broader under-
standing of factors affecting nontraditional student reten-
tion across different programs.
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Focus on first-to-second-term retention: This deeper dive
will provide valuable insights into the critical transition
period between the first and second semesters, a crucial
stage for student retention.
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