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Abstract

Student retention analysis and prediction can support ear-
lier and more targeted intervention in higher education. This
study presents a retention analytics framework for first-year
undergraduate student retention prediction in the College of
Engineering at Tennessee Technological University. The sys-
tem integrates structured sociodemographic and academic
performance features with advisement-note features derived
from natural language processing. Tree-based machine-
learning models are used to support early-warning prediction,
while SHAP-based explainability are applied to identify the
factors most strongly influencing individual and population-
level retention risk.

Introduction
Student retention is a major concern in engineering educa-
tion because students face academic, institutional, and per-
sonal barriers during the transition to college. Early iden-
tification of at-risk students can support earlier interven-
tion. While many studies rely on demographic and academic
records, advisement notes may capture additional barriers
such as financial hardship, mental health concerns, family
responsibilities, commuting issues, and withdrawal inten-
tions.

This work addresses two questions: which features
most strongly influence individual retention predictions, and
which factors are most consistently associated with attrition
across the student population.

Related Work
Prior studies have used demographic, academic, and tempo-
ral data to predict student dropout, often achieving strong
predictive performance. Some work has also incorpo-
rated advising notes and deep learning methods such as
BERT, BiLSTMs, and LSTMs (Alam, 2021). Other stud-
ies focus more narrowly on socio-demographic or course-
performance data (Jayaraman, 2021; Trivedi, 2022; Niyo-
gisubizo et al., 2022; Glandorf et al., 2022). This study ex-
tends that line of work by combining structured first-year
features with advisement-note signals in an interpretable
framework.
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Methodology
The dataset included College of Engineering students en-
rolled from Fall 2021 and Spring 2025. After cleaning,
2,328 students remained, with a retention rate of 77.1% and
dropout rate of 22.9%. The 2024 cohort was reserved for
testing.

Structured Features
The structured pipeline included binary, categorical, and
continuous predictors from student background and first-
year academic records. Features included residency, Pell
eligibility, first-generation status, semester, major, gender,
term GPA, credit hours, course count, class standing, pass
rate, DFW rate, online course rate, minimum grade, high
school GPA, and ACT scores.

The analysis also included selected gateway STEM
courses with high DFW rates. Instead of modeling all
courses, binary indicators were created for whether a student
took a high-risk course and whether they earned a DFW in
that course. For longer-term patterns, features from the two
most recent semesters were used rather than a full sequence
model for simplicity and interpretability.

Advisement Note Modeling
Because labeled note data were limited, a lightweight multi-
label NLP framework was used. The note pipeline focused
on nine retention-relevant categories, including academic
struggle, mental health, financial crisis, physical illness, ex-
ternal obligations, commute or housing risk, family obliga-
tions, social isolation, and withdrawal risk.

Each category was modeled as an independent
binary SetFit classifier using manually specified
positives and routine advising negatives. Notes
were also assigned an overall sentiment score us-
ing cardiffnlp/twitter-roberta-base-
sentiment-latest. Outputs were aggregated to
the student-term level as interpretable tabular predictors,
including category flags, category counts, and sentiment
summaries.

Predictive Modeling
Multiple models were evaluated, including XGBoost, Light-
GBM, CatBoost, Random Forest, Extra Trees, and Logis-



Figure 1: Confusion matrix for the final XGBoost first-term
retention model with advisement-note features

tic Regression along with SMOTE if applicable. Since re-
tention prediction emphasizes identifying at-risk students,
dropout recall was treated as especially important alongside
AUC, precision, balanced accuracy, and Brier score.

Results
Model comparison showed that several methods remained
competitive after advisement-note features were added.
However, SMOTE did not consistently improve generaliza-
tion. In particular, LightGBM + SMOTE and XGBoost +
SMOTE achieved very high training AUC values of 0.9594
and 0.9541, respectively, but their test AUC values dropped
to 0.8705 and 0.8736, indicating overfitting. By contrast,
the stronger non-SMOTE models showed smaller train-to-
test gaps and more stable performance.

Among the non-SMOTE candidates, several models per-
formed similarly. Logistic Regression achieved a test AUC
of 0.8965 with a dropout recall of 0.7794, Random Forest
achieved a test AUC of 0.8936 with a recall of 0.7941, and
Extra Trees achieved a test AUC of 0.8940 with a recall of
0.7794. XGBoost remained highly competitive, with a test
AUC of 0.8957 and a dropout recall of 0.8088, offering a
stronger balance between discrimination and sensitivity to
at-risk students than many alternatives.

XGBoost was selected as the final model because it com-
bined strong discrimination, strong dropout detection, and
more stable generalization than the SMOTE-based boosted
models. Its confusion matrix is shown in Figure 1. On the
test set, the model achieved an AUC of 0.8957 and a dropout
recall of 0.8088, showing that it was able to distinguish re-
tained from withdrawn students well while still identifying
a large share of students who ultimately dropped out. Its test
precision was 59.6%, indicating a moderate false-positive
rate, although some of those flagged students may still ben-
efit from intervention.

Explainability

Figure 2: SHAP summary for the XGBoost model with
advisement-note features

SHAP results showed that early academic performance vari-
ables were the strongest drivers of first-term withdrawal
prediction. DFW rate, term GPA, pass rate, and mini-
mum grade were the most influential features, while high
school GPA, a pre-college variable, had a smaller effect.
Among note-derived variables, academic_feeling_-
sentiment_first_term was one of the more influen-
tial predictors, especially in the negative direction. These
results suggest that note features add useful context, but
structured academic measures remain the dominant predic-
tive signal.

Future Work
Longitudinal modeling components remain under develop-
ment. Additionally, while this study adopted several simpli-
fied design choices to maintain a practical and interpretable
framework, longer-term future work could address addi-
tional edge cases and expand the feature space, such as
double majors, age, non-traditional student flag, and stu-
dents enrolled in pre-engineering coursework, in meaningful
ways.

Conclusion
This work presents a retention prediction framework that
combines structured academic and demographic data with
advisement-note signals. Results indicate that first-year
academic performance, especially pass rate, DFW rate,
term GPA, and minimum grade, is more strongly associ-
ated with dropout than most demographic characteristics.
Advisement-note features added useful contextual informa-
tion, while XGBoost showed promising held-out perfor-
mance.
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