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Abstract

Student transfer is a consequential form of attrition in higher edu-
cation, affecting students, institutions, and local communities. Prior
work has shown that machine learning models can predict student
retention and transfer using institutional, behavioral, and social
engagement data. However, transfer prediction is an imbalanced
classification problem: transfer students represent the minority
class, yet they are the class of greatest practical interest for early
support. In this study, we revisit student transfer prediction using
a large multi-institutional dataset, focusing on evaluation metrics,
class-weighted modeling, and feature-importance analysis under
class imbalance. We show that accuracy alone can obscure weak
minority-class detection, and adopt recall and precision-recall area
under the curve as intervention-oriented evaluation metrics. We
further show that increasing the transfer-class weight improves
recall and reduces false negatives, at the cost of additional false
positives, providing institutions with a practical mechanism for
tuning models according to the relative costs of missed support
opportunities versus unnecessary outreach. Finally, we compare
feature-importance metrics using top-feature similarity and overall
correlation, showing that Spearman correlation is an effective pre-
training filter and that key behavioral and academic features are
consistently identified across metrics and models.
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1 Introduction

Student retention in postsecondary education remains a pressing
problem worldwide. Higher education institutions are increasingly
competing for smaller cohorts of students as enrollment at degree-
granting postsecondary institutions decreased by 15% from 2010 to
2021 [1]. This is occurring at the same time as high post-pandemic
inflation and economic uncertainty drive up operating costs for
many postsecondary education institutions, leading to program cuts
and even permanent closures [2]. This contraction in student supply
makes retention increasingly critical for institutional sustainability.

In total, 41% of people graduate on time and 60% of people grad-
uate within 6 years at a typical 4-year degree program within the
United States [3]. For a typical 2-year degree program, the grad-
uation rates within 3 years from the program are around 30% [3].
By not graduating, students incur both sunk costs, such as stu-
dent loans and tuition, and opportunity costs, including lost future
wages with a degree. Those with a bachelor’s degree earn approxi-
mately $800,000 more in lifetime earnings than those without [4],
underscoring the high opportunity cost of dropping out.

One major and often overlooked form of student attrition is
transfer. Studies show that 37.1% of students in a 2-year degree pro-
gram and 38.5% of students in a 4-year degree program will transfer
at some point while working toward their degree, with 94.4% of
two-year transfers doing so before earning any credential [5]. On
average, a student who transfers will lose 1 semester’s worth of
credits and incur an additional $13,081 to $26,396 in attendance
costs [4]. For postsecondary institutions, attrition, such as transfers,
can still entail sunk costs and lost revenue [6]. These facts under-
score the importance of postsecondary degree institutions having
early, reliable methods to identify at-risk students so they can in-
tervene with targeted programs and resources. This is especially
true, as approximately a quarter of all students leave within their
first year [7], and the number of transfers is increasing [8]. The
volume of research on early student performance prediction has
likewise grown in recent years, reflecting the widespread interest
in data-driven approaches to retention [9].

Prior research on student retention has long emphasized that
persistence is shaped by both individual academic preparation and
students’ integration into the institutional community. Founda-
tional theories of student departure highlight the importance of
academic and social integration in students’ decisions to remain
enrolled [10-13], while empirical studies have linked retention to
prior academic achievement, demographic and socioeconomic fac-
tors, peer relationships, sense of belonging, and students’ positions


https://orcid.org/0009-0005-5553-0249
https://orcid.org/0000-0002-1294-4581
https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX

KDD ’26, August 9-13, 2026, Jeju, Korea

in social networks [14; 15]. More recently, educational data mining
and learning analytics have shown that machine learning models
can support early identification of at-risk students using adminis-
trative, academic, behavioral, and LMS interaction data [16-18].

The two most relevant prior studies provide the foundation for
our work. Matz et al. [19] introduced a large multi-institutional
dataset that combines socio-demographic, academic, and app-based
engagement features from more than 50,000 students and demon-
strated that machine learning models can predict student retention
with strong performance when institutional and behavioral engage-
ment data are combined. Building on this dataset, Goka et al. [20]
further examined student transfer prediction across multiple uni-
versities, evaluated a broader set of machine learning models, and
identified important institutional, application engagement, com-
munity engagement, and social network features associated with
transfer behavior. Together, these studies show that student trans-
fer can be predicted from multidimensional student data and that
behavioral and social engagement features provide meaningful
information beyond traditional institutional records.

Our work extends this line of research by focusing on evalua-
tion and model design choices that are especially important when
student transfer prediction is used to support institutional inter-
vention in the presence of class imbalance. Instead of proposing a
new predictive model, this research presents a tunable framework
for deploying and evaluating transfer prediction models to help
universities identify at-risk students and intervene. First, we exam-
ine evaluation metrics for transfer prediction, emphasizing recall,
PR AUC (Precision-Recall Area Under the Curve), false negatives,
and false positives as complements to commonly reported metrics
such as accuracy and ROC AUC (Receiver Operating Characteristic
- Area Under the Curve). This framing reflects the intervention set-
ting: false negatives correspond to missed opportunities to provide
timely support to students who may transfer, while false positives
correspond to advising or outreach resources directed toward stu-
dents who would not ultimately transfer. Second, we study class-
weighted modeling as a practical mechanism for tuning this tradeoff
according to institutional priorities. Rather than treating the class-
ratio weight as automatically optimal, we evaluate how different
transfer-class weights affect recall and the balance between false
negatives and false positives. Third, we conduct feature-importance
analysis by comparing top-feature similarity and overall correlation
across importance metrics, and by testing whether compact feature
subsets selected by these metrics can preserve or improve recall.
Finally, we show that Spearman’s correlation is a computationally
inexpensive method for filtering unpromising features before train-
ing a model. Together, these analyses shift the focus from overall
predictive accuracy toward class-imbalance-aware, tunable models
aligned with institutional intervention priorities.

2 Dataset, Preprocessing, and Model Selection

The dataset used in this paper was introduced by Matz et al. [19]
and comprises data from 50,095 students collected via the READY
application across 4 universities. The data cover a broad range
of institutional characteristics, including demographics, financial
status, and student achievement, as well as descriptive statistics of
app engagement and usage, including mean, standard deviation,

Witt and Han

and skewness. The target variable is retention status, taking the
values Continued or Transferred. The dataset is publicly available
at https://osf.io/bhaqp [21].

Universities 1 through 3 are traditional university campuses;
University 4 is a single entity comprising 16 community colleges.
All universities have 462 features split into institution-reported and
app-derived behavioral features. We drop University 1 for having
a smaller comparable sample size (n = 476) and drop University 2
due to a lack of behavioral variation across models with different
parameters. University 2 proved to produce the same top features
and scores among metrics across a wide range of boosted tree
models. The remaining Universities 3 and 4 provide a solid basis for
testing model parameters. University 3 comprises 2,547 students
with an average GPA of 3.02 and a transfer rate of 15.8%; University
4 comprises 45,062 students with an average GPA of 2.74 and a
transfer rate of 10.2%.

For preprocessing, features with greater than 70% missing values
were removed, as were constant features with a single unique entry.
After preprocessing, 244 features remain for University 3 and 233
for University 4.

Prior work on this dataset by Goka et al. [20] found that logistic
regression and boosted tree models achieve the best performance.
Accordingly, we explored logistic regression, XGBoost [22], Light-
GBM [23], and CatBoost [24]. Logistic regression was subsequently
removed due to poor performance, and LightGBM was removed as
it exhibited behavior similar to XGBoost.

CatBoost was configured using two separate Pool objects to ex-
ploit its internal handling of categorical data. XGBoost was trained
on a one-hot encoded dataframe. Both models were trained using
LogLoss with a 5-fold stratified cross-validation split, retaining the
fold with the highest average precision score as the final model.
CatBoost was trained for up to 500 iterations with a learning rate of
0.05, a maximum tree depth of 8, and early stopping after 50 itera-
tions. XGBoost used 300 estimators with the same learning rate and
tree depth, but without early stopping. Baseline performance, eval-
uated on a 10% holdout, is reported in Table 1. As discussed in the
following section, these results reveal a pattern common to imbal-
anced classification: high overall accuracy alongside substantially
weaker minority-class detection.

3 Evaluation under Class Imbalance

Student transfer prediction is an imbalanced binary classification
problem. In the two universities analyzed in this study, transfer
students represent the minority class: 15.8% in University 3 and
10.2% in University 4. As a result, accuracy alone can be mislead-
ing: a model may obtain high accuracy by primarily predicting
the majority class, continued enrollment, while still missing many
students who eventually transfer.

This pattern is visible in Table 1. Despite accuracy scores of 0.85
and 0.93 for Universities 3 and 4 respectively, CatBoost and XGBoost
achieve recall values below 0.40 across all configurations, meaning
more than 60% of students who ultimately transfer are missed
entirely. The gap is especially stark for CatBoost on University 3,
where a recall of 0.16 means the model correctly identifies fewer
than one in six transfer students. High specificity values (above
0.96 in all cases) confirm that both models are effectively optimized
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Table 1: Performance of Unweighted Models

CatBoost XGBoost

Univ.3 Univ.4 Univ.3 Univ. 4

Metric

Accuracy  0.8471 0.9268  0.8471  0.9277
Precision  0.7000  0.8045 0.6000  0.8382
Recall 0.1628  0.3815 0.2791  0.3685
Specificity  0.9858  0.9894  0.9623  0.9918
F1 0.2642 05175 0.3810  0.5120
ROC AUC 0.7922 0.7912 0.7952  0.7762
PR AUC 0.5036  0.5314  0.5030  0.5239

for the majority class. These results illustrate why accuracy and
specificity are insufficient as primary evaluation metrics in this
setting, and motivate the use of recall-based measures to more
directly align with the goal of identifying at-risk students before
they leave.

Prior work using this dataset has reported strong performance
using ROC AUC and accuracy as primary metrics [19; 20], which
is well-suited to evaluating overall classification performance. The
ROC curve plots the true positive rate against the false positive rate
across classification thresholds, evaluating performance across both
classes. The precision-recall curve, by contrast, plots positive pre-
dictive value against true positive rate and focuses on the positive
class, making it more sensitive to how well a model identifies the
minority class [25-27]. PR AUC summarizes this curve as a single
score: a higher value indicates that the model maintains both high
precision and high recall across thresholds. PR AUC was estimated
using the average precision score during our model evaluation. This
issue is not fully settled, however: Richardson et al. argue that ROC
AUC is robust to class imbalance, whereas PR AUC is itself sensitive
to positive-class prevalence [28].

In the intervention setting that motivates this work, we adopt re-
call and PR AUC as our primary evaluation metrics. False negatives
correspond to missed opportunities to support students who may
transfer, while false positives correspond to outreach directed at
students who would not. Recall and PR AUC directly reflect perfor-
mance on this minority class and are therefore most aligned with
the practical goal of early identification.

4 Class-Weighted Modeling

Class-weighted training penalizes the misclassification of the mi-
nority class more heavily during optimization, providing a direct
and interpretable mechanism for improving recall without modi-
fying the data distribution. Critically, the weight assigned to the
positive class need not be fixed at the class-ratio value; it can be
tuned to reflect institutional priorities regarding the relative costs
of false negatives and false positives.

To address class imbalance, we increased the weight of the posi-
tive class, which represents transfer students. Figure 1 shows how
varying the positive class weight changes the number of false nega-
tives and false positives for CatBoost and XGBoost in Universities 3
and 4. The conventional class-balancing weights, based on the ratio
of non-transfer to transfer students, are 5.32 for University 3 and
8.81 for University 4. However, our results indicate that these values
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need not be treated as optimal. Increasing the positive class weight
beyond the class-ratio value can further reduce false negatives and
improve recall, although at the cost of more false positives.
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Figure 1: False negative and false positive counts by model
across varying positive class weights.

Table 2 confirms this tradeoff. Increasing the positive class weight
consistently improves recall, especially for CatBoost. For University
3, CatBoost recall increases from 0.3721 at weight 2.00 to 0.6047 at
weight 10.00; for University 4, it increases from 0.4267 to 0.6078.
XGBoost follows the same trend, though with smaller changes. This
recall improvement comes at a cost: PR AUC tends to decrease as the
positive class weight increases, reflecting the additional false posi-
tives introduced as more students are classified as likely transfers,
though this trend is not strictly monotonic across all configura-
tions. These results suggest that class weighting is an effective
and interpretable approach to tune the aggressiveness with which
a model identifies transfer-risk students. The appropriate weight
should therefore depend on institutional priorities: higher weights
may be appropriate when missed transfer students are especially
costly, while lower weights may be preferable when interventions
are expensive or potentially stigmatizing.
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Table 2: Performance of Weighted Models

Model Recall PR AUC
CatBoost  0.3721 0.5425

University Pos. Weight

2.00 XGBoost  0.2791 0.4898

Univ. 3 5.32 CatBoost  0.5116 0.4976
: XGBoost  0.3488 0.5050

10.0 CatBoost  0.6047 0.4960

’ XGBoost  0.3953 0.5160

2.00 CatBoost  0.4267 0.5286

’ XGBoost  0.3793 0.5239

Univ. 4 8.81 CatBoost  0.5819 0.5298
: XGBoost  0.4310 0.5055

10.0 CatBoost  0.6078 0.5247

XGBoost  0.4440 0.5048

Figure 1 further shows that CatBoost and XGBoost respond
differently to class weighting. In both universities, CatBoost is
more sensitive to changes in the positive class weight than XGBoost,
producing larger changes in false-negative and false-positive counts
as the weight increases. XGBoost changes more gradually, with false
positives increasing and false negatives decreasing at a slower rate.
This pattern is especially clear for University 4, where CatBoost
more consistently reduces false negatives while increasing false
positives. For University 3, CatBoost shows less monotonic behavior,
although the overall trend is similar. This instability may be partly
due to the much smaller holdout set for University 3 (N = 255)
compared with University 4 (N = 4,507).

5 Feature Importance Analysis

Feature-importance analysis serves two related purposes in this
study. First, it helps assess whether different importance metrics
point to similar predictors of student transfer, which is important
because individual importance measures can reflect the assump-
tions of a particular model or scoring method. Second, it provides
a basis for evaluating whether smaller feature subsets can retain
useful predictive performance, especially recall for the minority
transfer class. We therefore examine both the consistency of feature-
importance results across metrics and the predictive usefulness of
selected features.

5.1 Top-Feature Similarity and Overall
Correlation Across Importance Metrics

We compare feature-importance metrics with two complementary
measures: Jaccard similarity among the top-ranked features of each
metric and Spearman correlation across the full feature orderings
produced by each metric. The Jaccard analysis assesses whether
different metrics identify the same important features, whereas the
Spearman analysis captures broader similarity in how metrics order
the full feature set. More specifically, Jaccard similarity between
two sets is defined as the size of their intersection divided by the size
of their union, ranging from 0 (no overlap) to 1 (identical sets) [29].
Spearman rank correlation measures the monotonic relationship
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between two rankings, ranging from —1 (perfectly inverse) to +1
(perfectly concordant), with 0 indicating no monotonic association.

We consider three categories of importance metrics. The first
comprises traditional correlation measures: Pearson’s p, which
applies to interval variables only; Spearman’s p, which applies
to interval and ordinal variables; and PhiK [30], which applies to
interval, ordinal, and categorical variables. Because the dataset
contains categorical features, not all variables can be ranked using
Pearson’s or Spearman’s p.

The second category comprises model-based importance metrics.
For XGBoost, we use gain, defined as the average improvement in
model performance from using a feature in a split, and the weight,
the number of times a feature is used in a decision node across
all trees [31]. For CatBoost, we use the prediction value change,
the average change in predicted probability when a feature value
changes, and loss function change, the difference in the model’s loss
with and without the feature [32]. The third category comprises
SHapley Additive exPlanations (SHAP) values, which quantify in-
dividual feature contributions to model predictions [33], computed
separately for both XGBoost and CatBoost.

To assess agreement between metrics, Jaccard’s similarity index
was calculated pairwise between the top 5 features for each metric
(Figure 2), and Spearman’s rank correlation was calculated pairwise
between full feature rankings (Figure 3).

When analyzing agreement among feature importance metrics,
patterns emerge across metric types and models. Across most uni-
versities and agreement metrics, Spearman’s p and Pearson’s p are
highly consistent. Interestingly, this pattern is absent for Jaccard’s
index at University 3. Model-specific metrics also tend to agree
with one another. For example, CatBoost’s SHAP, prediction value
change, and loss function change are all in close agreement between
measurements and universities. The same pattern holds for XG-
Boost SHAP and, to a lesser extent, for XGBoost weights, but is not
observed for XGBoost gain. CatBoost-based metrics also agree well
with XGBoost SHAP value importance, but the reverse is not true.
For University 4, Jaccard’s index demonstrates agreement among all
top correlation-based importance metrics. The most important find-
ing is that Spearman’s p is a moderate predictor of the top CatBoost
features, as indicated by Jaccard’s index for both universities. This
can be used to identify a subset of predictors for CatBoost models
before training, thereby filtering out poor-performing features.

5.2 Prediction with Selected Features

To further evaluate the feature-importance metrics, we trained XG-
Boost and CatBoost models on the top 25, 50, and 100 features se-
lected by each metric and assessed recall at both universities. Model
performance was also evaluated using a majority vote among the
nine importance metrics, where a feature was included if selected
by the majority. Because the majority vote aggregates across all
metrics, the resulting feature pool may be larger than those from
any individual metric at higher selection thresholds. All models
were trained with a positive class weight of 2. Results are reported
in Table 3, with PhiK excluded due to poor performance. Bold values
indicate improved recall over the weighted baseline in Table 2.
Table 3 shows that feature-subset models do not consistently
outperform the weighted baseline, but targeted selection can yield
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Figure 2: Pairwise Jaccard similarity index between impor-
tance metrics based on their top 5 most important features
for University 3 (top) and University 4 (bottom) (Visualiza-
tion approach partially adapted from [34])

meaningful gains. The highest recall value in the table is achieved
with the top 50 features from Spearman correlation in a CatBoost
model on University 3, reaching 0.4651, a 25% increase over the
weighted baseline. This result is consistent with the Jaccard sim-
ilarity findings in Figure 2, which showed moderate agreement
between Spearman correlation and CatBoost-based importance
metrics. Together, these results support Spearman correlation as
a computationally efficient pre-training filter for CatBoost mod-
els. However, this strategy may be less effective for datasets with
a larger proportion of categorical variables, for which Spearman
correlation cannot be estimated.

XGBoost improved recall more often when trained on features
selected across all metrics, but its recall scores were generally lower
than CatBoost’s. Training either model on features identified by
SHAP values led to similar performance regardless of which model
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Figure 3: Spearman rank correlation between importance
metric feature rankings for University 3 (top) and Univer-
sity 4 (bottom) (Visualization approach partially adapted
from [34])

generated the SHAP rankings. Majority voting achieved compet-
itive recall but typically did not surpass the top individual met-
rics, except for XGBoost on University 3 with the top 25 features.
Pearson-selected features improved recall on University 3 for both
models, but not on University 4, likely because University 4 re-
lies more heavily on ordinal and categorical features that Pearson
cannot rank.

The only feature ranking in the top 25 across all importance
metrics and universities is cumulative GPA, which is by far the
strongest predictor of transfer: lower GPAs are consistently associ-
ated with higher transfer likelihood, a pattern confirmed by SHAP
values across all models and universities. Features ranking in the
top 50 across all metrics and universities are:

e High School GPA
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Table 3: Recall by Feature-Importance Metric and Subset Size

University 3 University 4
Metric Top CatBoost XGBoost CatBoost XGBoost
CB Prediction 25 0.4186 0.3721 0.4289 0.4095
50 0.4186 0.3256 0.4267 0.3966
Value Change 199 0.3953 0.2791 0.4246 0.4030
CB Loss Func. 25 0.4186 0.3953 0.4289 0.4030
50 0.3721 0.2791 0.4224 0.4030
Change 100 0.4186 0.3256 0.4224 0.4030
25 0.4186 0.3256 0.4246 0.4073
XGBoost Weight 50 0.3953 0.3256 0.4267 0.3987
100 0.3721 0.3023 0.4289 0.4009
25 0.3721 0.3721 0.4289 0.4138
XGBoost Gain 50 0.3721 0.2326 0.4289 0.3987
100 0.3721 0.3488 0.4267 0.3966
25 0.4419 0.3953 0.4289 0.4095
CatBoost SHAP 50 0.3721 0.3023 0.4289 0.4030
100 0.3721 0.2791 0.4267 0.4030
25 0.3953 0.3256 0.4289 0.4052
XGBoost SHAP 50 0.4419 0.3256 0.4267 0.4009
100 0.3023 0.3023 0.4267 0.3987
25 0.4419 0.3023 0.3707 0.3384
Pearson 50 0.4419 0.3023 0.3685 0.3319
100 0.3721 0.3488 0.3642 0.3168
25 0.4186 0.3023 0.4246 0.4159
Spearman 50 0.4651 0.2791 0.4289 0.3987
100 0.3488 0.3488 0.4267 0.3987
25 0.4186 0.4419 0.4267 0.4052
Majority Vote 50 0.3256 0.3256 0.4289 0.4009
100 0.3488 0.3256 0.4289 0.4009

o Total number of clicks on the READY education app home-
page

e Maximum time between two app sessions

e Average app session duration

o Total number of active days on the app

e Total number of active weekdays on the app

e Maximum time between two app actions on weekdays

o IQR of the time between two app actions

e Entropy of different senders in the app chat

Previous studies using the same dataset have identified cumu-
lative GPA, high school GPA, and total homepage clicks as strong
predictors of student transfer [19; 20]. Matz et al. [19] further found
that total active days and total active weekdays are highly corre-
lated, and Goka et al. identified sender entropy as an important
predictor. While the remaining top features identified here differ
from those in prior work, they often represent alternative statistical
aggregations of the same underlying signals. For example, whereas
a previous study used the standard deviation of time between ses-
sions, we find that the maximum time between sessions is more
predictive. This convergence on the same underlying behavioral sig-
nals, even across different aggregations, suggests that these features
capture genuinely robust patterns in student behavior.

6 Model Framework in Action

For a university deploying a model for student transfer prediction
in action, there are a few considerations and implementations to
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make. First, model performance and validation should be done with
recall and PR AUC as primary metrics, with accuracy serving as a
validation metric to ensure models are not overly focused on the
positive class. This allows for optimal detection of minority-class
performance, as discussed throughout the paper. Secondly, a pos-
itive class weight should be applied when transfer students are a
minority, with the positive class weight serving as an adjustable
point rather than a fixed value that depends on shifting university
priorities. The aim should be to increase true positives while man-
aging the number of false positives, depending on the university’s
changing cost of missing a student transfer. Finally, universities can
use Spearman’s correlation as a pre-training filter when training
a CatBoost model on their internal administrative and app data
to reduce feature dimensionality before training. This is particu-
larly useful for institutions with limited computing resources or a
large number of candidate features from their student information
systems.

7 Conclusion and Future Work

This paper examined evaluation metrics, class-weighted modeling,
and feature-importance analysis for student transfer prediction in
machine learning models. On evaluation, we showed that accuracy
and specificity alone are insufficient for transfer prediction, as
models achieve high overall accuracy while missing students who
ultimately transfer since recall and PR AUC more directly reflect
performance on the minority transfer class. Increasing the positive
class weight improved recall and correctly identified more transfer
students, at the cost of more false positives. This tradeoff means that
universities should select personalized class-weight ratios based
on institutional priorities and economic capabilities. Spearman
correlation effective pre-training filter for CatBoost models, with
cumulative GPA and other resulting top features being consistent
with previous work.

This work opens several directions for future research. Further
investigation into SHAP-based feature contributions and model
explainability would help clarify how top features interact within
the models. The choice of evaluation metrics under class imbalance
also warrants continued study, as the relative merits of ROC AUC
and PR AUC remain context-dependent and unsettled across vary-
ing class ratios and intervention settings. Identifying thresholds
for key features such as cumulative GPA across a broader pool
of universities would benefit institutions that lack the resources
to train personalized models. As a longer-term direction, quanti-
fying the economic value of a transferring student would better
inform decisions about the acceptable level of resources to devote to
false positives, requiring additional institutional data and economic
modeling beyond the scope of this work.
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