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Abstract: College enrollment has long been recognized as a critical pathway to better em-
ployment prospects and improved economic outcomes. However, the overall enrollment
rates have declined in recent years, and students with a lower socioeconomic status (SES)
or those from disadvantaged backgrounds remain significantly underrepresented in higher
education. To investigate the factors influencing college enrollment among low-SES high
school students, this study analyzed data from the High School Longitudinal Study of 2009
(HSLS:09) using five widely used machine learning algorithms. The sample included 5223
ninth-grade students from lower socioeconomic backgrounds (51% female; Mage = 14.59)
whose biological parents or stepparents completed a parental questionnaire. The results
showed that, among all five classifiers, the random forest algorithm achieved the highest
classification accuracy at 67.73%. Additionally, the top three predictors of enrollment in
2-year or 4-year colleges were students’ overall high school GPA, parental educational ex-
pectations, and the number of close friends planning to attend a 4-year college. Conversely,
the most important predictors of non-enrollment were high school GPA, parental educa-
tional expectations, and the number of close friends who had dropped out of high school.
These findings advance our understanding of the factors shaping college enrollment for
low-SES students and highlight two important factors for intervention: improving students’
academic performance and fostering future-oriented goals among their peers and parents.

Keywords: college enrollment; high school students; socioeconomic status; machine
learning techniques

1. Introduction

Educational attainment is strongly associated with improved employment outcomes,
higher income levels, and greater overall well-being. To better understand the factors
that influence college enrollment, prior research has examined a range of contributors,
including student characteristics (e.g., academic ability, school engagement, and moti-
vation [1-3]), parent and family factors (e.g., parental expectations, involvement, and
college savings [4-6]), peer influences (e.g., friends’ college plans and communication
about school [7,8]), and school-level characteristics (e.g., school environment and counselor
contact [9,10]). However, many of these studies were limited by computational constraints,
often examining only a small subset of factors rather than taking a comprehensive, theory-
driven approach. Moreover, relatively few studies have focused specifically on high school
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students from low-SES backgrounds, who are among the least likely to pursue higher
education [11]. To address these gaps, the present study aimed to identify the ten most
influential predictors of college enrollment among low-SES high school students, grounded
in ecological systems theory. Furthermore, this study applied explainable machine-learning
techniques to reveal how these factors shape enrollment outcomes. The findings from
this study could provide actionable insights for educational practitioners to enhance low-
SES high school students’ college enrollment, which would be beneficial for their future
employment and development.

2. Related Work

This section reviews the literature on the current state of college enrollment, the key
factors influencing college enrollment decisions, and the theoretical framework that can
be used to organize these factors, and it provides an introduction of explainable artificial
intelligence techniques. Building on this review, this section further identifies gaps in the
existing research and presents the research questions that this study aims to address.

2.1. College Enrollment

College enrollment has long been recognized as a critical determinant of economic
outcomes, consistently linked to better employment prospects and higher earnings [12].
Data from the U.S. Bureau of Labor Statistics highlighted profound educational disparities
in unemployment rates: workers without a high school diploma face unemployment rates
three to four times higher than those with a bachelor’s degree or higher. This disparity was
especially pronounced during the COVID-19 pandemic, when the average unemployment
rate for bachelor’s degree holders was approximately 8%, but 17% for high school grad-
uates who had not enrolled in any college [13,14]. Furthermore, the level of educational
attainment is strongly associated with income. In 2020, the median American household
income for those maintained by someone with at least a bachelor’s degree was USD 106,936,
compared to USD 63,653 for those with some college education and USD 47,405 for high
school graduates [15]. By 2023, these income gaps remained substantial: USD 126,800 for
bachelor’s degree holders, USD 73,610 for those with some college, USD 55,810 for high
school graduates, and USD 36,620 for individuals without a high school diploma [16].

Despite the well-documented benefits of college enrollment, enrollment rates have
steadily declined since 2010. According to the National Center for Education Statistics
(NCES), college enrollment increased by over 20% between 2000 and 2010, peaking in
the fall of 2010, but has consistently declined in the years since 2010 [17]. Undergraduate
enrollment dropped by 2.5% from fall 2019 to fall 2020, followed by another 2.7% decline
in fall 2021 [18]. By 2024, the decline had reached 5%, signaling a concerning downward
trend. Furthermore, from an educational equity standpoint, this declining trend has a
greater impact on low-SES students than on high-SES students. Based on the report from
the National Student Clearinghouse, the proportion of high school graduates at high-
poverty high schools that enrolled in college declined by 32.6% in 2020, compared with a
16.4% decline for those in low-poverty schools [18]. These patterns underscore the urgent
need to examine the factors influencing college enrollment among low-SES students, in
order to identify actionable interventions that can help mitigate these disparities.

2.2. Factors Affecting College Enrollment

Numerous studies have explored the predictors of high school students’ college en-
rollment from various perspectives. Students” personal characteristics have been one of
the most frequently examined factors. For example, using longitudinal data from the
Educational Longitudinal Study of 2002, Bates and Anderson [1] revealed that students’
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high school grade point average (GPA) and students” expectations for future educational
attainment significantly predict students’ probability of post-secondary enrollment. Stu-
dents’ school engagement [3], motivation [19], and sense of belonging [20] in their high
school were also important factors for predicting college enrollment. Another aspect that
drew researchers’ attention was the strong influence of peer networks on students’ college
destinations [21,22]. For example, previous studies have explored the role of the number of
the student’s friends planning on attending either 2- or 4-year colleges [10]. They found
that, as the number of one’s friends attending a 4-year college increased, students were
more likely to attend a 4-year institution. Friends’ college plans had a stronger impact on
low-income students’ 4-year college enrollment than they did for a comparison sample of
all U.S. high school graduates [8]. Parallel-process latent growth curve modeling revealed
that steep increases in school-related communication with friends independently predicted
college enrollment, consistently across racial/ethnic and parental education groups [7].
Furthermore, there has been some research examining the influence of parents and families
on college enrollment. High school students whose parents were more involved in their
lives and studies [23] and had greater educational expectations [5,6] were more likely to
enroll in college. These two factors were particularly crucial for low-SES students to enroll
in a 4-year college [24,25]. In addition, some studies have examined the role of school char-
acteristics (e.g., teachers, counselors, administrators, and school climate). Previous studies
have revealed that counselors and counseling programs [9,26], teacher expectations [27],
and a positive school climate [28] benefit college enrollment as well. The last important
factor was the policies of universities and governments on the provision of financial aid to
students [29], but its significance has been questioned by some studies [30].

Although there are many potential predictors, earlier research only included one or a
few due to computing constraints. However, with the increasing use of machine learning in
education, some studies have attempted to predict college enrolment by including various
factors simultaneously [31-34]. For example, Yang et al. [33] forecasted the number of
freshman enrollments in Guangzhou province (China) before their registration. Their
results showed that the backpropagation (BP) neural network outperformed the decision
tree and random forest, with a 62.07% accuracy. In addition, Slim et al. [32] projected
student enrolment at the University of New Mexico based on random forest and support
vector machine algorithms to aid colleges in identifying characteristics that could maximize
the prediction of students with a higher tendency to enroll at their institutions. They
considered both student and college characteristics as predictors, such as the students’
gender, ethnicity, SAT score, GPA, parents’” income, institutional money, and financial
aid offered by the school. The results indicated that support vector machines (SVMs)
were superior to logistic regression, with an accuracy of 91.25%, and the identified factors
included the amount of scholarships, the time of the admission decision, the GPA, and the
student’s residency status.

2.3. Ecological Systems Theory

As mentioned above, numerous factors could influence students’ college enrollment,
including students’ characteristics, parental and family characteristics, peers’ character-
istics, schools” characteristics, and the policies of universities and governments. All of
these potential factors can be framed in Bronfenbrenner’s ecological systems theory [35].
Ecological systems theory views individual development as a complex system of rela-
tionships affected by multiple levels of the surrounding environment, from immediate
settings of family and school to broad cultural values, laws, and customs. As shown in
Figure 1, it identifies six interrelated systems that influence individual development. At
the center is the individual and their personal characteristics, such as sex, age, health, and
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GPA (represented by the purple circle). Surrounding the individual is the microsystem
(yellow circle), which includes institutions and groups that have the most immediate and
direct impact on an individual’s development, such as family, school, and peers. The
third system is the mesosystem (blue circle), which captures the interconnections among
these microsystems, such as parent-teacher communication. The curved arrows within the
circle represent these interconnections, while the bidirectional colored arrows highlight
the reciprocal nature of influences across systems. The fourth system is the exosystem
(light blue circle), encompassing social settings that indirectly affect the individual, such as
parental workplace conditions. The fifth system is the macrosystem (dark blue circle), which
refers to broader cultural and societal contexts, including values, norms, and ideologies.
Finally, the chronosystem (green base) represents the dimension of time—encompassing
life transitions and sociohistorical events that shape development over time. The vertical
blue double-headed arrow between the chronosystem and time underscores the dynamic
interaction between an individual’s age and historical context, emphasizing that the timing
of life events can shape developmental outcomes: [36]. Among these systems, factors from
individuals, microsystems, and interactions between microsystems (e.g., parent-school
interactions) are often viewed as having the greatest impact on an individual’s develop-
ment [37]. Therefore, ecological systems theory provides a valuable theoretical foundation
for identifying factors that influence college enrollment, encompassing individual character-
istics as well as influences from parents, peers, teachers, school counselors, administrators,
and broader school contexts.
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Figure 1. Ecological systems theory.

2.4. Explainable Artificial Intelligence Techniques

While prior studies have employed machine learning to identify influential factors in
college enrollment, few have focused on the explainability of their findings. However, in the
social sciences, understanding how and why certain factors influence outcomes is essential.
To bridge this gap, the field of computer science has developed explainable artificial
intelligence (XAI), a subfield focused on generating human-interpretable explanations for
Al systems’ decisions, behaviors, strengths, and limitations [38,39]. The rise of XAI stems
from the widespread adoption of advanced Al techniques such as deep learning that do not
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provide an explanation for their results [39-41]. While these models offer a high predictive
accuracy, their lack of transparency can lead to misleading interpretations, especially in
high-stakes domains like healthcare and education. Without explainability, practitioners
(e.g., policymakers or educators) may struggle to derive actionable insights from Al-driven
findings [42].

Various XAI approaches have been proposed in recent years. A recent systematic
review conducted by Minh et al. [43] categorized these approaches into three main types:
pre-modeling explainability, interpretable models, and post-modeling explainability. Specif-
ically, pre-modeling explainability focuses on data-centric techniques (e.g., exploratory
analysis, statistical summarization, and feature transformation) to enhance the understand-
ing of the dataset before model training. The interpretable models involve using inherently
transparent algorithms (e.g., linear models, decision trees, and rule-based systems) whose
internal logic and decision boundaries permit direct human examination. The most exten-
sively developed category, post-modeling explainability, addresses model opacity through
four types of techniques. First, textual justification generates natural language explanations
of model decisions. Second, visual explanation employs tools such as layer-wise relevance
propagation (LRP) heatmaps and local interpretable model-agnostic explanations (LIME) to
create graphical interpretations of model behavior. Advanced methods include activation
maximization for neural networks and decision path visualization for tree ensembles. Third,
model simplification develops surrogate systems through rule extraction and prototype
selection, preserving the predictive accuracy while enhancing the interpretability. Fourth,
a feature relevance analysis quantifies variable importance through game-theoretic and
statistical methods. SHAP (Shapley additive explanations) values provide theoretically-
grounded feature attributions, whereas permutation importance and partial dependence
plots reveal global relationships. Recent extensions enable temporal and interaction effect
analyses for dynamic educational datasets. Among these, visualization, simplification, and
feature relevance methods are three commonly used XAI methods, emphasizing their role
in rendering Al systems more transparent and understandable [43].

2.5. The Present Study

Previous studies have explored the predictors of college enrollment from a diverse
range of perspectives, and some of them have applied machine learning methods. How-
ever, there are still gaps in the current research. First, most of the previous studies have
forecasted college enrollment numbers or rates from a school administration perspective
to aid college admissions, which has led to a greater emphasis on the prediction accuracy
of the model rather than on the reasons or variables that contribute to this higher accu-
racy. Nevertheless, identifying characteristics is particularly useful for researchers and
practitioners, as they may determine which factors among a huge number are crucial for
enhancing college enrollment. Second, although several studies have attempted to iden-
tify significant predictors, most of those predictors are not easily modifiable by students,
teachers, administrators, or other stakeholders (i.e., non-actionable predictors), making it
difficult to tailor interventions or adjust the current situation, system, or organization to
promote college enrollment [44]. Finally, no study has used machine learning to system-
atically identify the predictors of low-SES students’ college enrollment. To address these
gaps, this study aimed to investigate the ten most influential factors predicting college
enrollment among low-SES high school students, grounded in ecological systems theory.
Furthermore, this study employed XAI techniques to reveal how these factors influence
enrollment outcomes. To our knowledge, this is the first study that used machine learning
approaches to systematically identify and interpret key determinants of college enrollment
specifically for low-SES high school student populations.
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3. Methodology

This section outlines the data sources used in this study, the measurement of predictors
and outcomes, the procedures for data pre-processing, and the methods for building and
testing machine learning models. Additionally, this section details the evaluation metrics
employed to assess the performance of the machine learning models and discusses the
rationale behind the selection of specific algorithms for this study.

3.1. Participants and Procedure

This study sampled data from the High School Longitudinal Study of 2009 (HSLS:09),
which is a nationally representative longitudinal study conducted by the National Center
for Educational Statistics of the United States. The data are publicly available at the official
website https:/ /nces.ed.gov/surveys/hsls09/ (accessed on 10 April 2025). The HSLS:09
investigated 23,503 9th-graders from 944 schools in 2009, with the first follow-up in 2012
(12th grade), a 2013 update, and the second follow-up in 2016. In addition, data were also
collected from the students’ parents, math and science teachers, school administrators, and
school counselors. The current study focused exclusively on 7139 students from lower
socioeconomic backgrounds (i.e., students who ranked 1 or 2 on the SES quintile composite
score). After excluding students whose parental questionnaires were not from their bio-
logical parents or stepparents, the final sample size of this study was 5223 (51% female;
Mage = 14.59, range: 13-17).

3.2. Measures
3.2.1. Dependent Variable

The dependent (i.e., response or target) variable of this study was the post-secondary
enrollment level in 2016, with five response levels (0 = not enrolled, 1 = enrolled in a 4-year
institution, 2 = enrolled in a 2-year institution, 3 = enrolled in a less-than-2-year institution,
and 4 = enrolled, but institutional level unknown). This study re-coded students who
chose 4 as missing values, since it was unable to determine at which college level they were
enrolled. Moreover, in accordance with the common categories of college enrollment status
of the National Center for Education Statistics [45] and taking into account the small sample
size (n < 50) in category 3, we consolidated categories 2 and 3 and re-coded the response
category into three levels (0 = not enrolled, 1 = enrolled in a 2-year or less institution, and
2 = enrolled in a 4-year institution).

3.2.2. Predictors

According to the ecological systems theory, the original 100 predictors of the current
study were derived from four distinct sources, including student characteristics (e.g.,
overall high school GPA, expectations and aspirations for educational attainment, sense of
school belonging, school engagement, school motivation, talking with significant others
about going to college, and plans and preparations for the future), parental characteristics
(e.g., parental expectations and aspirations for the student’s future educational attainment,
parental involvement, and parental activities for helping the student’s preparation for life
after high school), peers’ characteristics (e.g., close friends’ plans to attend college, close
friends’ high school enrollment status, and their grades), and school characteristics (e.g.,
teachers’ expectations for students, school problems, school climate, school counseling
programs, and school policies and support for the student’s college enrollment).
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3.3. Data Preprocessing

The data preprocessing followed several steps. First, default missing values (such
as —4, -6, -7, -8, and —9) were re-coded as missing. Second, given that 12% of the entire
dataset was missing, a multiple imputation approach was used to address the missing
data. Third, the correlation coefficients between the predictors and the outcome variables
were computed using Spearman’s correlation because not all variables were normally
distributed. Variables with no significant correlation with high school students’ college
enrollment were eliminated, leaving 75 predictors. Fourth, feature selection was used to
further reduce the dimensionality of the data using the Lasso, a regression analysis method
that performs both feature selection and regularization to enhance the prediction accuracy
and interpretability of the resulting statistical model [46]. The Lasso can force the sum of
the absolute values of the regression coefficients (L1 norm) to be less than a fixed value,
which forces certain coefficients to zero to exclude them from impacting the prediction. This
largely reduces the number of non-powerful predictors. The results indicated that there
were 28 predictors whose standardized regression coefficients were not equal to 0, and they
were therefore included in the final analysis. Finally, the original outcome variable was
imbalanced, which could lead to biased results: 48.94% of the students were not enrolled
in college, 20.03% of the students were enrolled in a 2-year or less college, and 31.03%
of the students were enrolled in a 4-year college. Thus, a commonly used oversampling
technique, SMOTE (synthetic minority over-sampling technique), was applied to account
for imbalanced classes. SMOTE works by selecting examples that are close to the feature
space, drawing a line between the examples in the feature space, and drawing a new sample
at a point along that line [47]. As a result, the final dataset contained 7668 cases, with each
class of college enrollment status (i.e., not enrolled, enrolled in a 2-year or less college, or
enrolled in a 4-year college) accounting for 33.33%. All the data cleaning and preprocessing
steps were finished in R 4.4.0.

3.4. Machine Learning Model Building and Testing

This study applied five widely used machine learning classifiers, including logistic
regression (LR), k-nearest neighbors (KNN), support vector machines (SVMs), decision
trees (DTs), and random forests (RFs), to identify the optimal predictive model. These algo-
rithms were selected because they represent distinct statistical approaches to classification.
Specifically, LR is a linear classifier that models the probability of class membership using a
logistic function. KNN is an instance-based learning method that classifies samples based
on the majority vote of their k-nearest neighbors. An SVM is a margin-based classifier
that identifies the optimal hyperplane to maximize the separation between classes. A
DT is a non-linear, rule-based model that recursively splits data into branches to form a
decision tree. RF is an ensemble method that improves the prediction accuracy by aggre-
gating multiple decision trees. These models are well established in social science research
due to their interpretability and robust performance, making them particularly suitable
for analyzing enrollment decisions. Unlike more complex models (e.g., deep learning or
transformer-based architectures), these classifiers offer a balance between predictive power
and the ease of interpretation. Among them, LR served as the baseline model due to its
simplicity, low variance, and widespread use in educational research. Its transparency and
stable performance make it a reliable benchmark for evaluating the effectiveness of more
sophisticated classifiers.

Model evaluation was conducted using nested cross-validation, an advanced general-
ization of the traditional train—validation—test split, designed to mitigate overfitting and
reduce bias [48,49]. As illustrated in Figure 2, the inner loop employed repeated stratified
5-fold cross-validation (5 folds repeated 5 times) to tune the hyperparameters for each
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algorithm. Specifically, LR was implemented within a pipeline that first standardized the
data and then applied multinomial logistic regression with an L2 penalty; its regularization
parameter (C) was tuned over an exponential range from 104 to 10°. The KNN classifier,
also preceded by standard scaling, was optimized by varying the number of neighbors
from 1 to 9 and testing the distance metric parameter (p) for both the Manhattan (p = 1)
and Euclidean (p = 2) distances. The DT classifier was configured to explore different tree
complexities by tuning the maximum depth with values from 1 to 9, as well as allowing for
an unlimited depth (none) and comparing the splitting criteria of ‘gini” versus ‘entropy’.
For the SVM, a pipeline with standard scaling was used with the classifier set to provide
probability estimates. Hyperparameter tuning was carried out for two kernel scenarios: for
the RBF kernel, both the regularization parameter C (ranging from 10~ to 10%) and the ker-
nel coefficient gamma (ranging from 10> to 10~!) were evaluated, whereas for the linear
kernel, only the C parameter was tuned over the same range. The RF classifier was tuned
by varying the number of trees (n_estimators) with candidate values of 10, 100, 500, 1000,
and 10,000. For each classifier, a grid search was performed using the inner cross-validation
to exhaustively explore the hyperparameter grid, and the optimal hyperparameters were
selected based on the average performance metrics.

The outer cross-validation, which also used repeated stratified 5-fold splits (5 folds
repeated 5 times), involved executing a grid search on each training split and then evalu-
ating the best model on the held-out outer test fold. This process provided an unbiased
estimate of the model’s generalization performance and generated confusion matrices that
were averaged and reported with their standard deviations. Finally, the model selected
from the nested cross-validation was evaluated on a separate held-out test set, with the
training and test accuracies compared to confirm that the model generalized well to unseen
data. For each algorithm, the performance metrics, including the accuracy, macro precision,
macro recall, macro F1-score, and ROC-AUC [50], were reported as the mean =+ standard
deviation for both the inner and outer loops. In total, the overall nested cross-validation
procedure involved 5 x 5 (inner) x 5 x 5 (outer) = 625 fits, along with the grid search,
providing a stable and accurate estimation of the model performance.

Finally, given that the machine learning algorithms employed in the present study
varied in terms of their result interpretability (e.g., linear models are more interpretable
than ensemble methods), the XAI method [51] was used to gain a better understanding
of feature importance. The open-source Python package (version 3.13.1), SHAP (Shapley
additive explanations; version 0.45.0), was used for the XAI analysis. The core concept of
the SHAP package is the SHAP (i.e., Shapley) values, which are derived from cooperative
game theory and indicate the contribution or importance of each feature to the prediction of
the model, rather than the quality of the prediction itself [52]. The current study used two
main plots from the SHAP package: the SHAP summary plot and the SHAP-dependent plot.
The SHAP summary plot displays the absolute value of feature importance for predicting
the outcome variable and each of its classes, but it does not indicate the direction of the
effect. The SHAP dependence plots were employed to obtain a deeper understanding of
the direction of the effect. In a dependence plot, each participant is represented as a single
point. The points are presented as a scatterplot of a variable’s SHAP values versus the
variable’s underlying raw values. The shapes of the distributions of points provide insights
into the relationship between a variable’s values and its SHAP values. Positive SHAP
values lead to predictions of the corresponding enrollment status. All the machine learning
model building and testing procedures were conducted in Python.
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Figure 2. Illustration of nested cross-validation. The black segment represents the original dataset.

The gray segments indicate the training folds used in the outer and inner loops. The blue segments
denote the test folds in the outer loop, while the orange segments represent the validation folds in
the inner loop. The dashed lines indicate the selected training folds from the outer loop that are used
to conduct the inner loop. The arrows illustrate the nested structure between the original dataset, the
outer loop and the inner loop.

4. Results

This section presents the results of the analysis, including the performance metrics of
the five algorithms evaluated. These metrics encompass the confusion matrix, accuracy,
precision, recall, F1-score, and ROC-AUC score. Additionally, this section highlights the
feature importance of the top ten predictors and examines the patterns through which the
top five features influence each level of college enrollment.

4.1. Model Performance

The fine-tuned hyperparameters for each algorithm were as follows: for LR, the
optimal values were a cost parameter (C) of 0.01 and an L2 penalty; for KNN, the optimal
settings were 1 neighbor (n_neighbors = 1) with a Manhattan distance (p = 1); for the SVM,
the optimal parameters were a cost (C) of 10, a gamma of 0.1, and an RBF kernel; for the
DT, the optimal maximum depth was 7; and for RF, the optimal number of estimators
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was 10,000. Table 1 presents the model performance metrics obtained during the inner-
loop cross-validation for each algorithm. Based on these fine-tuned hyperparameters,
the outer loop was then used to select the most optimal classifier, with its performance
metrics also summarized in Table 1. The confusion matrices for the five classifiers from the
outer loop are shown in Figure 3, while the category-specific classification performance is
illustrated by the ROC-AUC plots in Figure 4. Overall, the results indicate that random
forests outperformed the other classifiers across all five evaluation metrics, the confusion
matrix, and the ROC-AUC class-specific prediction. Finally, the optimal random forest
classifier was applied to the held-out test dataset, yielding an accuracy of 67.73%, which
was slightly lower than, but comparable to, the training set accuracy of 69.93%. These
findings suggest that the random forest model does not suffer from overfitting.

Table 1. Results of the classification performance evaluation in the inner and outer loops.

Accuracy Precision Recall F1-Score ROC-AUC
Inner loop LR 56.27 £ 0.79% 56.20 + 0.80% 56.27 £ 0.79% 56.12 + 0.79% 74.08 £ 0.81%
KNN 66.70 & 0.87% 67.22 + 1.11% 66.70 £ 0.87% 65.11 + 0.91% 75.02 £ 0.66%
SR 67.43 £ 1.00% 68.29 £ 0.92% 67.43 £ 1.00% 67.53 £ 0.99% 83.46 £+ 0.81%
DT 56.24 + 1.40% 57.48 + 1.74% 56.23 + 1.40% 55.21 + 1.34% 72.82 £+ 1.09%
RF 69.93 £ 0.96% 70.55 £ 0.99% 69.93 £ 0.96% 69.99 £ 0.97% 85.56 £ 0.75%
Outer loop LR 56.22 £ 0.75% 56.15 £ 0.75% 56.22 £ 0.75% 56.08 £ 0.74% 74.08 £ 0.82%
KNN 66.70 £ 0.87% 67.22 + 1.11% 66.70 £ 0.87% 65.11 + 0.91% 75.02 £ 0.66%
SR 67.43 £+ 0.99% 68.28 + 0.92% 67.43 £+ 0.99% 67.53 + 0.98% 83.45 £+ 0.81%
DT 56.34 £ 1.08% 58.15 £+ 1.82% 56.34 £ 1.40% 55.21 £ 1.08% 73.24 £ 0.93%
RF 69.93 £ 0.96% 70.56 + 0.99% 69.93 £ 0.96% 69.99 £ 0.97% 85.56 £+ 0.75%
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Figure 3. The confusion matrices of the five classifiers.
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Figure 4. The class-specific ROC-AUC curves of five classifiers.

4.2. Feature Importance

As shown in Figure 5, the top 10 important features for predicting college enrollment
status were the high school GPA, parental educational expectations, the number of close
friends who plan to attend a 4-year college, the students’ school motivation, the students’
school engagement, the number of close friends who dropped out of high school, the
students’ educational expectations, the number of close friends who plan to attend a 2-year
college, the students’” sense of school belonging, and the administrators” assessment of
school problems. Moreover, this plot displays the relative importance of the ten variables
for predicting each college enrollment status (i.e., not enrolled, enrolled in a 2-year or less
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Parental educational expectations
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Students' educational expectations
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Students' school belonging

Administrator's assessment of school's problems

college, and enrolled in a 4-year college). The three most important factors for predicting
student enrollment in 2-year and 4-year colleges were the high school GPA, parental
educational expectations, and the number of close friends who plan to attend a 4-year
college. In addition, the high school GPA, parental educational expectations, and the
number of close friends who dropped out of high school were the top three predictors of
students not enrolling in college.

2
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I 4-year colige
I 2-year college
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mean(|SHAP valug|) (average impact on model output magnitude)

Figure 5. SHAP summary plot for the multi-class classification.

The SHAP-dependent plot shows the relationship between each variable and its SHAP
value for each enrollment status (see Figure 6). There was a negative, quadratic, and
positive correlation between the high school GPA and the SHAP values for each enrollment
status, with the highest SHAP values occurring for a GPA = 0.5 for those who were not
enrolled in any institutions, GPA = 2.8 for those who were enrolled at a 2-year institution,
and GPA = 3.5 for those who were enrolled at a 4-year institution. Similarly, there was still
a negative, quadratic, and positive correlation between parental educational expectations
and the SHAP values for each enrollment status. The highest SHAP values corresponded
with expectations = 2 (i.e., expectation of obtaining a high school diploma or GED) for
those who were not enrolled in any institutions, with expectations =5 (i.e., expectation of
starting a bachelor’s degree) for those who were enrolled in a 2-year institution, and with
expectations = 10 (i.e., expectation of earning a Ph.D./M.D./law degree/other professional
degree) for those who were enrolled in a 4-year institution. The number of close friends who
plan to attend a 4-year college (0 = none of them, 1 = less than half, 2 = about half, 3 = more
than half, 4 = all of them) had a negative relationship with the SHAP value for not enrolling
in college and enrollment in a 2-year college, but a positive relationship with enrollment
in a 4-year college. Finally, the relationship between student school motivation, school
engagement, and their SHAP values were similar, with a negative association for those not
enrolled in college, positive association values for those enrolled in a 4-year college, and an
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5. Discussion

The current study identified the top ten actionable predictors of high school stu-
dents’ college enrollment using the best-performing machine learning algorithm, random
forest, out of all the classifiers compared and contrasted in this study. Of these ten pre-
dictors, five were student characteristics (i.e., high school GPA, school motivation, school
engagement, educational expectation, and a sense of school belonging); three were peer
characteristics (i.e., number of close friends who plan to attend a 4-year college, number of
close friends who plan to attend a 2-year college, and number of close friends who dropped
out of high school), which could be viewed as two main categories (i.e., close friends’
college plan and high school enrollment status); one was parental characteristics (i.e.,
parental educational expectations); and one was school characteristics (i.e., administrator’s
assessment of school problems).

These results align with both the existing literature and the ecological system the-
ory emphasizing that individual characteristics (e.g., ability, motivation, attitudes) exert
a greater influence on college enrollment than microsystem factors like family, peers, or
school environments in the ecological system theory [37]. These findings suggest that
practitioners should prioritize developing students” own competencies, expectations, moti-
vation, and engagement through targeted interventions. Moreover, in terms of the relative
importance of parents and peers on students’ college enrollment, although three variables
were related to peers, parental educational expectations were more influential than all three
peer characteristics. This result supports the claim that peers (friends) tend to have a some-
what greater influence on the broader range of developmental choices and short-term (or
lifestyle) developmental choices, whereas parents tend to have a stronger overall influence
on choices with longer-term developmental consequences [53].

In addition, this study indicated that students” overall high school GPA is the most
influential factor affecting their college enrollment. The relationship between GPA and
its importance for the three enrollment statuses varied, with a negative pattern for no
enrollment, a quadratic pattern for 2-year or less college enrollment, and a positive pattern
for 4-year college enrollment. Although these patterns appear confusing at first glance, they
make sense because students with a lower GPA may not be admitted to college, whereas
those with a higher GPA are more likely to attend a 4-year college than a 2-year or less
institution. More specifically, students with a GPA of 3.5 or above were more likely to be
enrolled in a 4-year college, while those with a GPA between 2.5 and 3 were more likely to
be enrolled in a 2-year or less college program, and those with a GPA of less than 0.5 were
more likely to not be enrolled in any college program. This result is also consistent with
that of Slim et al. [32]. Using support vector machines, they observed that applicants with
a high school GPA between 3.0 and 3.50 were more likely to enroll at the University of New
Mexico, a 4-year institution, than other applicants. It would be interesting if future research
utilized machine learning algorithms to investigate more fine-grained research issues, such
as comparing the difference in GPA scores across schools, regions, and countries.

Furthermore, among the top ten predictors, four of them were future-oriented goals
(i.e., parental educational expectations, students” educational expectations, close friends’
plans to attend 2-year college, and close friends’ plans to attend 4-year college). According
to the model of future-oriented motivation and self-regulation proposed by Miller and
Brickman [54], future-oriented goals are self-relevant, self-defining long-term goals that
provide incentive for action. These goals include, but are not limited to, important per-
sonal aspirations such as obtaining an education, striving for a career or job, developing
intimate personal relationships, and making a contribution to society. The good news for
educational practitioners is that the emergence of future goals is typically viewed as part of
the developmental process that occurs in an individual’s sociocultural context, including
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the home, peers, school, and media, which are known to shape individual values. In other
words, this implies that we could encourage students to commit themselves to meaningful
long-term educational goals and seek to benefit from their educational experiences, which
would lead them to monitor their progress toward their goals, make necessary adjustments
to their efforts, and establish new, more demanding goals as they accomplish earlier ones.
To the best of our knowledge, the current study is the first to use machine learning
to identify the contributory factors of low-SES students’ college enrollment. Under the
guidance of ecological system theory, we identified the ten most important actionable pre-
dictors out of a hundred and revealed their distinct patterns of prediction for three college
enrollment statuses. These findings suggest some practical implications for educational
practitioners. Specifically, educational practitioners could focus more on students” high
school GPAs to increase their overall college enrollment rate. In addition, parents could ac-
tively foster college expectations through regular participation in school activities, explicit
discussions about post-secondary plans, and the consistent reinforcement of high academic
standards. Moreover, educators and administrators can strengthen student motivation and
engagement by implementing evidence-based strategies such as growth mindset training,
college-focused mentoring programs, and classroom interventions that connect coursework
to career pathways. A coordinated approach addressing both individual development and
environmental supports will be most effective in promoting college enrollment.

6. Limitations and Future Work

This study has several limitations. First, because the original HSLS dataset contained
more than a thousand variables, the features of interest were manually selected based on
ecological system theory, the results of past studies, and the researchers’ prior expertise.
This means that other important predictors of college enrollment might have been over-
looked. This limited variable selection could be a potential reason for the modest model
performance across all five algorithms. Future studies could explore more predictors based
on the literature and theories. Second, this study utilized data from a nationally repre-
sentative longitudinal study in the United States. Considering that the results of machine
learning algorithms are subject to the input dataset, future studies could include data from
other projects or nations to validate the results. In addition, due to the underrepresentation
of low-SES students in college, the present study only focused on identifying predictors for
increasing low-SES individuals’ college enrollment, posting a challenge for generalizing
the results to the whole population. Future research might examine the predictors for
high-SES students and compare and contrast the predictors for low- and high-SES students.
Third, in terms of the interpretability of the model, the feature importance was obtained
using the SHAP package. However, the SHAP value was used to evaluate the contribution
or importance of each feature to the prediction of the model, rather than the quality of
the prediction itself. Future studies may explore alternative ways to improve the model’s
interpretability. Finally, while this study identified the key predictors of college enrollment
among low-SES students, it did not examine intervention strategies based on these factors.
Future research could employ experimental or quasi-experimental designs to both validate
these findings and test the efficacy of interventions targeting these predictive factors.

7. Conclusions

This study identified the key predictors for low-SES high school students” college
enrollment based on the machine learning approach. The random forest algorithm outper-
formed the other four classifiers in predicting low-SES students’ college enrollment status,
with an accuracy of 70% and an Fl-score of 0.7. Furthermore, the student’s high school
GPA as well as the students’, parents’, and friends’ future-oriented goals were revealed
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to be powerful factors in their college enrollment status. To the best of our knowledge,
the current study is the first to systematically examine the contributing factors of low-SES
students’ college enrollment using machine learning. The findings from the current study
imply two practical implications for educational practitioners: (1) they may focus more
on students” high school GPA to enhance the overall college enrollment rate and (2) they
could attempt to raise the educational attainment expectations of students, their friends,
and their families.
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