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Featured Application

The proposed model can be integrated into an institutional dashboard to report dropout
risk by student, cohort, academic program, and campus, and to facilitate the prioritization
of mentoring, academic support, and early intervention strategies.

Abstract

Student dropout remains a persistent challenge in higher education, with significant aca-
demic, social and institutional implications. Although machine learning (ML) models for
dropout prediction have proliferated, most select input variables based on data availability
rather than theory and rarely report psychometric validation of the constructs used. This
study addresses both gaps by developing and validating an early warning system at a
Mexican university using exclusively pre-enrollment data from more than 46,000 student
records from 2014 to 2025. Following the CRISP-DM methodology, eight theoretically
grounded constructs, anchored in Tinto’s integration model, Bean’s attrition model, and
Cabrera et al.’s persistence model, were operationalized from institutional intake question-
naires and assessed for internal consistency using Cronbach’s alpha prior to model training.
Eight supervised ML algorithms were benchmarked across distance-based (Logistic Re-
gression, SVM, AdaBoost, ANN) and tree-based (Random Forest, XGBoost, LightGBM,
CatBoost) families. A tuned and isotonically calibrated Random Forest achieved the best
overall performance (recall = 0.743, F1 = 0.524, ROC-AUC = 0.734, PR-AUC = 0.478) on
a strictly held-out test set that was not used at any stage of model development. The
2023–2025 cohorts, whose dropout labels were not yet observable under the institutional
definition, were scored prospectively to generate operational risk profiles. SHAP analysis
identified high-school GPA, parental education, and household asset indices as dominant
predictors, which mapped directly onto the three theoretical frameworks. These findings
demonstrate that psychometrically grounded pre-enrollment data alone can support an
operationally deployable dropout detection system, enabling proactive, evidence-based
retention interventions from the first day of enrollment.

Keywords: student dropout; dropout prediction; early warning system; machine learning;
ensemble methods; pre-enrollment data; theoretical grounding; educational data mining
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1. Introduction
Student dropout remains one of the most persistent challenges in Higher Education

Institutions (HEIs) globally, as it affects both the individuals involved and the institu-
tions responsible for their education, as well as the efficiency of government and private
investment, and undermines national equity objectives (OECD, 2019; UNESCO, 2021).

In this context, the application of machine learning (ML) as a predictive tool holds
promise for addressing student retention, as classical statistical modeling methods are
limited in their ability to capture complex nonlinear relationships among predictor variables
and do not enable timely generation of predictive probability estimates. In such cases, ML
provides a potentially effective alternative (Delen, 2010; Sghir et al., 2023) because HEIs
collect a substantial amount of data through enrollment records, intake surveys, and online
learning platforms, and can apply this method to identify high-risk students early in their
academic careers (Baneres et al., 2019; Von Hippel & Hofflinger, 2021). Random Forest,
XGBoost, LightGBM, and CatBoost have been shown to be highly effective in identifying
students who are likely to drop out of their courses early. These tree-based ensemble
techniques were significantly better than traditional classification models previously used
to identify student dropouts in large student datasets (Villar & de Andrade, 2024).

Nevertheless, a structural gap remains in ML: models rarely base their variable selec-
tion on established educational theory, and psychometric validation of input constructs
is rarely reported. Reviews of predictive literature confirm that most ML dropout studies
select variables based on data availability rather than theory (Reina Marín et al., 2025).
Among those who engage with theoretical frameworks, none report criterion validity
or measurement invariance for their psychological constructs (Jud et al., 2025). When
reliability is reported, such as Cronbach’s alpha coefficients for scale-based inputs, it is
the exception rather than the rule (Musso et al., 2020). Furthermore, no study using
pre-enrolment constructs in Latin American higher education has achieved a sufficiently
large sample size to enable robust generalization, as a recently conducted research project
achieved: an AUC score of 0.69 and a sensitivity of 0.88 using the XGBoost method with
pre-enrolment data of more than 40,000 students (Carballo-Mendívil et al., 2025). This study
demonstrated the effective implementation of the model but also revealed an opportunity
to improve its accuracy and probabilistic calibration.

At a theoretical level, Tinto’s (1993) integration model remains the most cited con-
ceptual model for integrating students into college life; however, it appears to be defined
differently in practice across studies. While academic integration is usually assessed using
a scale or instrument with demonstrated psychometric properties, such as reliability and
validity, some research relies on a single administrative measure, such as a student’s cu-
mulative grade point average (CGPA), to assess academic integration. Additionally, social
integration is often not a significant predictor of retention in settings where students do
not live on campus or commute to classes (Shmeleva & Froumin, 2020). On the other hand,
while there are other models cited in the literature, such as Bean’s (1980) attrition model and
Cabrera et al.’s (1993) persistence model, they are rarely cited as the primary framework
of study. Bean’s model is usually used in combination with Tinto’s model rather than on
its own, and only one study uses Cabrera as the primary framework (Vilela Braga et al.,
2018). Furthermore, few studies have assessed the psychometric properties of instruments
developed to assess constructs within either model, and those reports are outside North
America and Western Europe. The only study outside this context that makes a formal
psychometric effort is Castro-Montoya et al. (2025) in Colombia, but it reports that the
validation is incomplete. Furthermore, studies that use dropout intentions as a proxy for
behavior face serious validity issues because prior research indicates that intentions account
for less than 10% of actual withdrawals (Lykkegaard & Qvortrup, 2024).
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This study aims to address these gaps. It used over 46,000 pre-enrollments from Mexi-
can university cohort groups from 2014 through 2025: (1) grounding all predictors in Tinto
(1993), Bean (1980), or Cabrera et al. (1993); (2) checking the internal reliability of Cron-
bach’s alpha scores on the training dataset before developing any models; (3) comparing
the performance of eight machine learning algorithms developed with hyperparameter tun-
ing, isotonic probability calibration, and threshold optimization; and (4) interpreting how
different models make decisions based on SHAP value output linked to eight theoretical
constructs. To the best of our knowledge, the combined use of psychometrically grounded
constructs, systematic model comparison with probability calibration, and SHAP-based
interpretability has not been previously reported at this scale in Latin American HEIs, and
each element of this claim is supported by recent evidence. A recent systematic review
of ML-based dropout prediction concluded that models rarely operationalize educational
theory and that psychosocial constructs remain underrepresented, with predictors typically
retained because of their availability and predictive power rather than their theoretical
meaning (Delen et al., 2020; Kemper et al., 2020; Lopez-Muñoz et al., 2026). Reliability and
validity evidence for input constructs are generally confined to instrument development
studies, whereas predictive ML studies report model performance metrics (Hernández-
Fernández et al., 2023; Vaarma & Li, 2024). Probability calibration likewise remains an
emerging rather than routine practice in dropout prediction, in which discrimination met-
rics still dominate (Kwon, 2026; Nagy & Molontay, 2024). Latin American studies follow
the same pattern, prioritizing predictive performance over construct measurement and
calibrated probability estimation (Gonzalez-Nucamendi et al., 2023; Gutierrez-Pachas et al.,
2023; Palacios et al., 2021).

In line with these frameworks, the descriptive objectives listed above were com-
plemented with directional statistical hypotheses that link each of the eight theoretical
constructs to dropout risk: (H1) a weaker prior academic trajectory (lower high school GPA)
is associated with a higher probability of dropout (Tinto, 1993); (H2) lower socioeconomic
status and cultural capital (e.g., lower parental educational attainment, fewer household
assets) are associated with a higher probability of dropout (Bourdieu, 1998; Cabrera et al.,
1993); (H3) health conditions and health-risk behaviors (e.g., an illness affecting academic
performance, more frequent alcohol consumption) are associated with a higher proba-
bility of dropout; (H4) employment at entry, especially when unrelated to institutional
engagement, is associated with a higher probability of dropout (Bean, 1980); (H5) longer
commute times and distances are associated with a higher probability of dropout (Cabrera
et al., 1993); (H6) greater family responsibilities and weaker family support are associated
with a higher probability of dropout (Bean, 1980); (H7) lower motivation and expectations
(e.g., lower career-choice satisfaction and weaker persistence dispositions) are associated
with a higher probability of dropout (Tinto, 1993); and (H8) demographic characteristics
associated with non-traditional student profiles (e.g., older age at first enrollment) are
associated with a higher probability of dropout (Bean, 1980).

Given the predictive, non-experimental design of this study, these hypotheses were
formulated and evaluated in terms of predictive associations, rather than causal effects.
A hypothesis was considered empirically supported when the corresponding construct
exhibited a substantial SHAP contribution in the hypothesized direction (see Section 4.3).

2. Literature Review
2.1. Conceptual Frameworks for Student Dropout

Three theories were utilized in conjunction to establish the study’s theoretical foun-
dation. As posited by Tinto’s (1993) Academic and Social Integration Theory, students’
likelihood of withdrawing from their studies is contingent on the extent of their affiliation
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with the college community, as evidenced by academic pursuits and social endeavors.
Students are at risk of dropping out if they experience a sense of disconnection in either
area of their lives. Bean’s (1980) Nontraditional Student Theory builds upon Tinto’s theory
by incorporating additional external factors, including employment, familial obligations,
and financial pressures. In addition to internal forces, external factors must be considered
when examining the factors that contribute to students’ decisions to discontinue their
education, much like employees’ decisions to remain in their current roles or pursue further
education. In this context, employees must assess the potential costs and benefits associated
with continuing employment or pursuing academic studies in the field. Cabrera et al.’s
(1993) Persistence Theory builds upon the foundations laid by both earlier theories by
incorporating two components that must be considered when predicting whether a student
will persist in their academic journey: the financial support provided by the institution and
external organizations and the level of institutional support extended to the student. Ade-
quate resources for students have been shown to facilitate their connection to institutions,
regardless of their level of academic or social integration.

The decision to use all three models (Tinto, Bean, and Cabrera) rather than a single
model was based on theory. Many empirical studies have shown a significant overlap
between Tinto and Bean’s concepts. Cabrera et al. (1992) and Cabrera et al. (1993) had
suggested that combining these two models into a single conceptual framework helps
explain why students drop out of college. Recent research indicates that multi-model
approaches can include a wider variety of predictors of dropping out than single-model
approaches, including academic performance, behavioral factors, and external pressures
such as job requirements (Müller & Klein, 2023; Nikolaidis et al., 2022). Literature reviews
of dropout studies indicate that no single model includes all facets of student attrition.
Therefore, an additional or combined conceptual framework is needed for predictive
purposes and institutional applications (Pinheiro et al., 2023).

These theoretical models were also used to organize the eight categories in this study
that group clusters of variables: (1) previous academic success/tracking, (2) socioeco-
nomic status/cultural capital, (3) health/well-being, (4) employment linkages to academics,
(5) travel/logistics, (6) family obligations/social support, (7) motivation/expectations, and
(8) demographics.

Although these theoretical constructs are primarily based on the work of Tinto (1993),
Bean (1980), and Cabrera et al. (1993), other theories have also been used to provide a
comprehensive overview of the student experience, extending the operational definitions
of certain concepts. The health and well-being construct draws on Jessor and Jessor’s (1977)
Problem Behavior Theory, which frames alcohol consumption as one indicator within a
broader syndrome of risk behaviors that compromise adolescent development, a frame-
work extended here to academic persistence in early university years. The extracurricular
participation variable draws on Astin’s (1984) Student Involvement Theory, which posits
that the amount of physical and psychological energy a student devotes to the academic
experience, including extracurricular activities, is positively associated with persistence
and development. The motivation and vocational adjustment construct draws on Kerby’s
(2015) integrated retention model, which identifies students’ perceived fit with their chosen
program and vocational alignment as key predictors of persistence. Spady’s (1970) soci-
ological model, recognized as a foundational precursor to Tinto’s work, established that
students’ social origins and family backgrounds, including parental characteristics, shape
their capacity for academic and social integration. Building on this, parental education
is operationalized as an indicator of cultural capital, following Bourdieu’s (1998) frame-
work. Therefore, these additional theoretical frameworks did not replace the core models;
rather, they expanded the measurement of each core model to include aspects that Tinto
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(1993), Bean (1980), and Cabrera et al. (1993) recognized but could not fully define using
items alone.

2.2. Machine Learning Applications in Dropout Prediction

Recently, the use of machine learning (ML) to predict student dropouts in educational
institutions has significantly increased (Delen, 2010; Sghir et al., 2023). As previously men-
tioned, most existing research using supervised learning methods has focused on tree-based
ensemble methods, such as Random Forest, XGBoost, LightGBM, and CatBoost, as well as
distance-based classifiers, such as logistic regression, support vector machines, and neural
networks. Both families of algorithms have been applied to student dropout prediction, al-
though their relative performance varies considerably depending on dataset characteristics,
class imbalance, and the optimization criteria prioritized (Villar & de Andrade, 2024).

There is no consensus on the relative performance of each classifier type. Random
Forest is highly competitive, often performing among the best when demographic, socioe-
conomic, and academic variables are used as input variables (Kabathova & Drlik, 2021).
However, Random Forest models do not always outperform other classification models.
Other boosting models, such as XGBoost, LightGBM, and CatBoost, tend to outperform
Random Forest when optimized for imbalanced datasets or when the primary objective
is to maximize the early recall of at-risk students (Carballo-Mendívil et al., 2025; Villar
& de Andrade, 2024). Systematically comparing multiple models avoids the assumption
that one “best” model exists a priori. Within Latin America, Gutierrez-Pachas et al. (2023)
combined ML classifiers with survival analysis methods over 13 years of demographic,
socioeconomic, and academic records from a Peruvian university, modeling not only who
drops out but also when, and highlighting the value of long-run institutional datasets in
the region.

Recently, an XGBoost model was created using only pre-enrollment data, resulting
in an area under the curve (AUC) score of 0.69. The XGBoost model was selected because
it achieved higher recall rates for at-risk students than the Random Forest model, despite
their similar AUC scores (Carballo-Mendívil et al., 2025). Additionally, studies in Latin
American higher education report ROC-AUC values ranging from 0.78 to 0.96, with the
highest values associated with models that incorporate in-semester academic performance
data alongside administrative records (Arévalo-Cordovilla & Peña, 2025; Palacios et al.,
2021). Models relying exclusively on pre-enrollment data, as in the present study, tend to
have more moderate AUC values, reflecting the inherent constraint of predicting outcomes
before any university-level academic behavior is observed.

3. Materials and Methods
The present study adhered to the CRISP-DM process, as delineated by Chapman

et al. (2000). The preliminary step involved establishing a business understanding of
the issue, defining dropout as an institutional priority requiring probabilistic risk scoring,
and subsequently interpreting the data through an exploratory analysis of variable distri-
butions, missing values, and class imbalance. The second step was to address construct
operationalization, translate it into clusters of measurable variables, and evaluate their
internal consistency using Cronbach’s alpha (α). The next step in the data preparation
process involved cleaning, imputation, feature engineering, and encoding. The fifth step
in the process entailed constructing and comparing the performance of eight supervised
algorithms on the training sets, and then evaluating them using a range of metrics. The
final step involved generating risk scores and establishing a reproducible framework for
evaluating the subsequent cohorts.
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3.1. Study Context and Data Source

This study was conducted at the Sonora Institute of Technology (ITSON), Cd. Obregón,
Sonora, in northwestern Mexico. At this university, a student is considered a dropout if
they are enrolled in an academic program and fail to re-enroll for at least four consecutive
semesters after a break.

The study’s dataset included 47,000 records of new, first-time undergraduates who
began attending classes at ITSON between 2014 and 2025 across its four campuses: Guay-
mas, Empalme, Navojoa, and Ciudad Obregón (Figure 1). Due to two cohort anomalies
that occurred during this timeframe, the data decreased significantly: one occurred when
surveys were transitioned to remote delivery in 2021 due to the pandemic, and the other
resulted from a database failure in 2024. However, neither event was severe enough to
produce a sufficient distributional bias to exclude these observations from the study.

Figure 1. Number of incoming undergraduate students per enrollment cohort at ITSON (2014–2025).

These data were obtained from two sources: the institutional record of the dropout
and data collected through a questionnaire administered during the admission process.
This database provided access to demographic information on each student, including their
socioeconomic status, academic performance, and personal traits of interest. Although the
questionnaire collected broad information about the admitted class, the data generated
by the questionnaire had only been used for descriptive purposes, with no utilization
in predictive models or decision support tools, until the previous study was conducted
(Carballo-Mendívil et al., 2025), which established a proof of concept, but fell short of
achieving adequate precision and calibrated probabilities.

3.2. Variable Framework and Construct Operationalization

Eight theoretically grounded constructs were operationalized using the institutional
intake questionnaire (Table 1). Each construct is tied to at least one of the three theoretical
frameworks that guide this study: the Academic/Social Integration Model (Tinto, 1993),
the Non-Traditional Student Model (Bean, 1980), and the Persistence Model (Cabrera
et al., 1993). Therefore, each predictor was entered into the model based on a theory and
was not simply included for convenience. The constructs developed by Tinto represent
students’ academic preparedness and fit upon entering their institution. Those developed
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by Bean illustrate extrinsic factors, such as work and family responsibilities, that can
interfere with students’ ability to engage academically. The constructs developed by
Cabrera et al. (1993) expanded the model to include financial and institutional support,
which may influence the connection between students and institutions, regardless of the
level of student–institution integration. Where multiple frameworks converge on the same
construct, all theoretical bases are retained in Table 1, as this overlap is itself theoretically
meaningful, as Cabrera et al. (1992) demonstrated by merging Tinto’s and Bean’s models
into a single predictive framework.

Table 1. Theoretical constructs, variable operationalization, and internal consistency of composite
indices.

Construct Theoretical Basis Key Variables Internal Consistency

Prior academic
trajectory Tinto (1993) GPA, failed subjects, years in

high school Extracurricular Index: α = 0.895

Socioeconomic status
& cultural capital

Cabrera et al. (1993); Spady
(1970); Bourdieu (1998)

Parental education,
household assets, travel

Basic Assets Index: α = 0.845;
Secondary Assets Index: α = 0.711;
Travel Index: α = 0.529 (items
retained individually)

Health and well-being Tinto (1993); Jessor and
Jessor (1977); Astin (1984)

Illness, special needs,
alcohol consumption

Special Needs Index: α = 0.011
(items retained individually)

Employment &
academic linkage Bean (1980); Kerby (2015) Employment status,

job–field relatedness Single items

Transportation &
logistics Cabrera et al. (1993)

Distance to campus,
commute mode, commute
time

Single items

Family
responsibilities &
social support

Tinto (1993); Bean (1980)

Dependents, marital status,
parental support;
career-choice conversations
(family, friends, teachers)

Single items & Family Factor Index:
α = 0.564 (items retained
individually)

Motivation &
expectations Tinto (1993); Kerby (2015) Career satisfaction, choice

factors, persistence factors

Career Satisfaction Index: α = 0.779;
Choice Index: α = 0.572 (items
retained individually);
Persistence Factor: α = 0.291 (items
retained individually)

Demographic
characteristics Tinto (1993); Spady (1970) Age, gender Single items

Note: Indices with α < 0.70 were not created; constituent items were retained individually in the feature set.

Most questionnaire items served as single predictors, such as high school GPA, age,
and commute time, and were maintained individually. However, nine indices were created
from multiple items conceptualized to measure related constructs. In these cases, Cron-
bach’s alpha was used to assess the internal consistency computed exclusively from the
training partition. An alpha value of 0.70 was selected based on the guidelines for assessing
the quality of scales and tests described by George and Mallery (2019). Indices that met
the criterion of α ≥ 0.70 were combined into composite indices via row means, and the
individual items comprising each index were deleted to reduce the dimensionality. In
contrast, indices that failed to meet this criterion were not created, and all items contained
within them remained part of the original feature set. This process ensured that dimen-
sionality reductions would only be made when it could be demonstrated that aggregating
items at the scale level was statistically valid and reliable. In addition, selecting 0.70 as the
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cutoff point occurred before training the models, so there was no risk of overfitting due to
data leakage.

3.3. Data Preparation Pipeline

The data preparation steps were as follows: first, the temporal split strategy was
applied, obtaining (1) 30,398 records for training (2014–2022), (2) 7600 records for internal
validation (20% of the training set was randomly selected and stratified for division), and
(3) 9002 entries for testing (2023–2025).

Second, the missing-value imputation process entailed replacing missing values in
the numeric variables with values derived from the training set. For categorical variables,
missing values were either imputed from the training set, designated as ‘Unknown,’ or
intentionally left blank and retained, then encoded as binary flag features for tree-based
modeling. However, in the case of institutional variables (such as program and campus),
the “unknown” treatment was replaced by the training mode.

Third, as previously mentioned, several items were grouped to create nine indices, but
only four exceeded Cronbach’s alpha (>0.7): The Extracurricular Index (α = 0.895), Basic
Assets Index (α = 0.845), Career Satisfaction Index (α = 0.779), and Secondary Assets Index
(α = 0.711). Columns with records of individual items were removed. The dataset included
76 columns.

The nine candidate indices were constructed from a total of 49 item-level variables.
Several questions on the instrument were multi-option, so each response option was scored
as a separate dichotomous item. The indices were the Extracurricular Index (five items),
Basic Assets Index (four items), Secondary Assets Index (nine items), Career Satisfaction
Index (five items), Choice Index (nine items), Special Needs Index (five items), Family
Factor Index (four items), Travel Index (two items), and Persistence Factor (six items). The
full wording of each item, translated from the original Spanish instrument, together with
its mean, standard deviation, and standardized factor loading estimated on the training
partition, is reported in Appendix A (Table A1). This allows the operationalization and
measurement of each construct to be reproduced and verified.

At this point, the preparation pipeline for the tree model was complete, and the dataset
for training was saved for further analysis. However, for distance-based models, three
additional steps were applied: (1) Z-score normalization with Winsorization (1st–99th per-
centile), (2) One-Hot Encoding with VIF-based Collinearity Removal, and (3) SMOTE class
balancing (the scale_pos_weight or class_weight = ‘balanced’ parameter was applicable to
tree-based models).

3.4. Training Models and Evaluation

Two families of algorithms were tested separately for each family: (1) tree-based
models, including Random Forest (RF), XGBoost (XGB), LightGBM (LGBM), and CatBoost
(CatB). And (2) Distance-based models included Logistic Regression (LR), Support Vector
Machine (SVM), AdaBoost (AdaB), and Artificial Neural Network (ANN).

Each model received the appropriately pre-processed data, as specified above. An
initial evaluation of the default 0.50 threshold was performed for each model separately.
A subsequent evaluation was conducted in which the decision thresholds were adjusted
to optimize the F1 score for each model over the grid [0.10, 0.90]. For the model that
demonstrated the highest level of performance (Random Forest), the following additional
evaluations were conducted: (1) hyperparameter tuning via a randomized search with
cross-validation (25 iterations, 3-fold stratified); (2) isotonic probability calibration using
CalibratedClassifierCV; and (3) the decision threshold was re-optimized on the internal
validation set.
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The model performance was assessed using Accuracy, Precision, Recall (sensitivity),
F1-Score, ROC-AUC, and PR-AUC. The Brier Score was additionally reported as a measure
of probabilistic calibration quality, alongside the reliability diagram. The reliability diagram,
also known as the calibration curve, was used to evaluate the accuracy of the probability
calibration by demonstrating the relationship between the predicted and actual values.
In addition, the Variable Importance was analyzed using the Mean Decrease in Impurity
(MDI) and SHAP summary plots.

In addition, to assess whether the observed differences between the best-performing
models could be attributed to sampling variability, 95% confidence intervals (CIs) for the
ROC-AUC, F1-score, and recall were estimated using a stratified bootstrap procedure
(B = 1000 resamples) on the internal validation set. Pairwise differences between Random
Forest and the other tree-based ensembles were evaluated through the bootstrap distribu-
tion of each metric difference; a difference was considered statistically meaningful only
when the 95% CI of the difference excluded zero.

Finally, the optimized model was evaluated using the held-out test partition
(7600 records from the 2014–2022 cohorts), which was not used at any stage of train-
ing, tuning, calibration, or threshold selection, to approximate real-world applicabil-
ity. The 2023–2025 cohorts (9002 records) were reserved for prospective risk scoring only
(Section 4.5), because under the institutional definition, a student must remain unenrolled
for four consecutive semesters to be classified as a dropout, so their outcome labels were
not yet observable at the time of this study.

4. Results
4.1. Comparative Model Performance

A comprehensive overview of the outcomes of the eight models is presented in Table 2.
The Random Forest model demonstrated an optimal F1-Score of 0.531 and a nearly equiv-
alent ROC-AUC Score of 0.743. In contrast, the CatBoost and XGBoost models exhibited
F1-Scores of 0.503 and 0.496, respectively. In general, distance-based models demonstrated
substandard performance compared with the remaining seven models on both the F1-
score and ROC-AUC. However, the AdaBoost model achieved higher PR-AUC scores,
indicating greater sensitivity compared to the other models. Brier Scores followed the same
pattern as ROC-AUC, with tree-based models achieving lower values (RF = 0.169; Cat-
Boost = 0.206) than distance-based classifiers (ANN = 0.298; AdaBoost = 0.239), indicating
better probability calibration in ensemble methods even before the isotonic calibration step.

Table 2. Optimized performance metrics for all evaluated models (internal validation set).

Model F1 Precision Recall Accuracy ROC-AUC PR-AUC Brier

Random Forest 0.531 0.425 0.708 0.665 0.743 0.520 0.169
CatBoost 0.503 0.391 0.706 0.627 0.704 0.473 0.206
XGBoost 0.496 0.414 0.619 0.664 0.703 0.472 0.195

LightGBM 0.493 0.383 0.691 0.664 0.693 0.460 0.197
AdaBoost 0.481 0.351 0.763 0.560 0.678 0.684 0.239

SVM 0.468 0.336 0.771 0.531 0.661 0.656 0.203
Logistic Regression 0.458 0.332 0.739 0.532 0.645 0.644 0.228

ANN 0.404 0.383 0.506 0.650 0.604 0.624 0.298
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Bootstrap analysis indicated that Random Forest achieved an ROC-AUC of 0.743
(95% CI [0.730–0.756]), compared with 0.704 (95% CI [0.689–0.718]) for CatBoost and
0.703 (95% CI [0.688–0.718]) for XGBoost. The 95% CIs of the pairwise differences be-
tween the Random Forest and gradient-boosting ensembles excluded zero for ROC-AUC
(∆RF–CatBoost = 0.039, 95% CI [0.031–0.046]; ∆RF–XGBoost = 0.040, 95% CI [0.031–0.050])
and F1-score (∆RF–CatBoost, 95% CI [0.017–0.039]; ∆RF–XGBoost, 95% CI [0.021–0.048]).
For recall, the difference excluded zero with respect to XGBoost (95% CI [0.068–0.109])
but included zero with respect to CatBoost (95% CI [−0.014–0.019]), indicating that both
models had comparable sensitivity. Consequently, the advantages of Random Forest in
discrimination (ROC-AUC) and precision–recall balance (F1) are statistically supported,
whereas its recall is statistically indistinguishable from that of CatBoost.

4.2. Random Forest Optimization and Probability Calibration

Table 3 presents a comparison between the base Random Forest and the tuned-and-
calibrated version. The primary outcome of hyperparameter tuning and isotonic calibration
was a shift in the optimal threshold from 0.31 to 0.25, with a concomitant prioritization
of recall (0.709 vs. 0.736) at a modest-precision cost (0.425 vs. 0.413). F1 demonstrated
negligible change (0.531 vs. 0.529), whereas the ROC-AUC showed stability (0.743 vs. 0.738).
The calibration curve demonstrated that the estimated probabilities of the tuned model
exhibited a substantial improvement in alignment with the observed event rates compared
with the base model, which exhibited a systematic overestimation of the dropout risk.

Table 3. Performance comparison between the base and tuned-and-calibrated Random Forest (internal
validation set).

Model Threshold F1 Precision Recall Accuracy ROC-AUC PR-AUC Brier

RF (Base) 0.31 0.531 0.425 0.709 0.665 0.743 0.520 0.1694
RF (Tuned + Calibrated) 0.25 0.529 0.413 0.736 0.649 0.738 0.490 0.1676

Aggregate metrics showed a notable improvement in recall (0.709 to 0.736), with only
slight decreases in precision, F1 score, and ROC-AUC. This trade-off was intentional, based
on the institution’s desire to minimize false negatives. Additionally, although there was a
marginal improvement in the Brier score, it confirms that the isotonic calibration process
reduced the probabilistic error. This is evident from the improved reliability diagram
alignment while maintaining stability in the discrimination metrics.

The impact of using an isotonic calibration approach for probability estimates is
illustrated in Figure 2. The base model tended to consistently overestimate the likelihood
of dropouts at all points along the probability scale; thus, it was far from the ideal diagonal
line that would represent perfect accuracy, especially in the middle range (0.20–0.50) of
the probability scale, which contains the bulk of students. Calibration clearly aligned the
actual estimated probabilities with observed dropout rates, indicating that the calibrated
model could be used to estimate true dropout probabilities versus simply providing relative
rankings. The institutional use of this type of model requires the capability to identify and
act upon differences, such as a student who is estimated to have a 30% chance of dropping
out versus a student who is estimated to have a 70% chance of dropping out.
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Figure 2. Reliability curves comparing the base Random Forest and the tuned-and-calibrated Random
Forest. The calibrated model showed a substantially closer alignment with the ideal diagonal,
indicating improved probability calibration accuracy.

4.3. SHAP-Based Variable Importance

To transition from the prediction of dropouts as a group to the comprehension of
the student characteristics most strongly associated with each student’s individualized
dropout risk prediction, two different methodologies were utilized to assess the relative
importance of each predictor (student characteristic): (1) Mean Decrease in Impurity (MDI),
shown in Figure 3, quantified the contribution of each feature to the decision regarding the
allocation of data during model training, and (2) Shapley Additive Explanations (SHAP)
values ascertained the extent to which each feature contributed to an individual student’s
predicted probability of dropping out and the direction of the effect, whether positive or
negative (Figure 4).

Figure 3. Top 20 Variable Importances—Tuned Random Forest Model.
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Figure 4. SHAP summary plot for the tuned Random Forest model. Each dot represents an individual
student. The color indicates the feature value (red = high, blue = low), and the horizontal position
indicates the direction and magnitude of the impact on the dropout probability.

Both the MDI ranking (Figure 3) and SHAP summary plot (Figure 4) converged on
the same top-ranking predictors. High School GPA was the most important predictor of
student dropout; students with low GPAs were assigned large positive SHAP Values, which
increased their predicted probability of dropping out, whereas students with a higher GPA
were assigned larger negative SHAP values, which contributed to a lower predicted dropout
probability. Parental Education Level ranked second, providing additional associative
evidence consistent with Bourdieu’s (1998) theory of Cultural Capital. Next in line were
the Permanence Factor (a single questionnaire item asking which factor could hinder the
student’s permanence at the university), how often students consumed alcohol, how many
subjects a student failed in high school, how old they were when they first enrolled in
college, and how long it took them to commute to class. These findings are coherent with
Tinto’s (1993) integration model and Bean’s (1980) external-pressures framework.

Viewed against the directional hypotheses formulated in the Introduction, these
results provided associative support, in the hypothesized direction, for H1 (prior academic
trajectory), H2 (socioeconomic status and cultural capital), H3 (health and well-being), H5
(transportation and logistics), H7 (motivation and expectations), and H8 (demographic
characteristics). In contrast, the constructs linked to H4 (employment and academic linkage)
and H6 (family responsibilities and social support) did not rank among the top predictors,
indicating weaker predictive associations with dropout in the pre-enrollment context. It
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should be stressed that these results reflect the predictive associations learned by the model
and do not constitute causal tests of the underlying theories.

4.4. Validation on the Held-Out Test Set

Table 4 summarizes the results for the held-out test dataset (7600 records, 2014–2022).
The optimized and calibrated Random Forest yielded a recall of 0.743, an F1 score of 0.524,
an ROC-AUC of 0.734, a PR-AUC of 0.478, and a Brier Score of 0.167. A minor decline was
observed in each metric relative to the internal validation values, as expected when transi-
tioning from optimized conditions to fully unseen data, which represented an acceptable
generalization gap. The confusion matrix revealed that the model correctly identified most
students who would eventually drop out, while producing a moderate number of false
positives, a justifiable trade-off in retention contexts, where failing to flag a true at-risk
student carries substantially higher institutional costs than unnecessary outreach.

Table 4. Performance metrics for the held-out test set (2014–2022 cohorts).

Model Accuracy Precision Recall F1 ROC-AUC PR-AUC Brier

RF (Tuned + Calibrated) 0.639 0.404 0.743 0.524 0.734 0.478 0.167

The ROC Curve for the held-out test dataset (see Figure 5) illustrates the model’s
continued ability to distinguish between students at risk and those who are not at risk
on new, unseen data, with an Area Under the Curve (AUC) of 0.734. The orange dashed
diagonal line represents the performance of a random classifier and serves as the baseline
for comparison, corresponding to an AUC of 0.50. This AUC was slightly lower than that
obtained in the internal validation (0.738); however, it demonstrated consistent separation
across all thresholds tested and far exceeded the expected value.

Figure 5. ROC curve for the tuned and calibrated Random Forest on the held-out test set.
AUC = 0.734.

The precision-recall curve (Figure 6) provides an alternative view of the model and
is particularly useful for problems with an extreme class imbalance. As shown, Model
PR-AUC = 0.478 is significantly better than the Baseline AUC = 0.268 (red dashed line).
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This demonstrates that the model can provide a signal value when probabilities are used
to detect the minority class. The model maintained a reasonable level of precision across
the range of possible recall values. However, it eventually began degrading. This shows
that the model focuses on correctly detecting true dropouts and does not collapse at
higher-recall levels.

Figure 6. Precision–recall curve for the tuned and calibrated Random Forest on the held-out test set.
PR-AUC = 0.478; baseline = 0.268.

The results from the reliability curve constructed using the validation dataset (Figure 7)
also show that the model maintains a calibrated probability estimation for new, or unseen,
data. The model’s estimated probabilities tend to follow the diagonal line across most of the
range of possible values (0.00–1.00). However, there was some evidence of slightly higher
estimated probabilities above 0.60, with observed dropout rates of approximately 0.58 and
estimated probabilities of approximately 0.63. While this represents a minor deviation from
ideal calibration, it has no negative impact on the functional use of the risk scores; they can
be interpreted as true probability estimates and therefore retain their operational value as
measures of the relative risk.

Finally, Figure 8 presents the confusion matrix for the held-out test data, which
shows that the classifier had 3343 true negatives (non-dropouts) and 1510 true positives
(dropouts). In addition, the classifier produced 2224 false positives and 523 false negatives.
More importantly, the number of false negatives was significantly lower than that of
false positives, which reflects the prior optimization approach of selecting a recall-based
threshold. Thus, from an institutional perspective, the most important output of the system
is the 1510 students whose risk of dropping out was correctly identified.

https://doi.org/10.3390/educsci16081216

https://doi.org/10.3390/educsci16081216


Educ. Sci. 2026, 16, 1216 15 of 27

Figure 7. Reliability curve for the tuned and calibrated Random Forest on the held-out test set. The
estimated probabilities were closely aligned with the observed dropout rates, confirming that the
calibration generalizes beyond the training partition.

Figure 8. Confusion matrix for the tuned and calibrated Random Forest on the held-out test set. True
negatives: 3343; false positives: 2224; false negatives: 523; true positives: 1510.
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4.5. Operational Risk Profiling

The final model was applied to the 2023–2025 cohorts, resulting in the identification of
several students with an elevated probability of dropping out. For illustrative purposes, the
20 students with the highest predicted risk are listed in Table A2 (Appendix B), with dropout
probabilities ranging from 59.5% to 73.7%. In addition to being male, most cohort members
in the highest-risk category were between 20 and 32 years old. Several of these students
were also confirmed to have not been enrolled for the term spanning August to December
2025. Because the institutional definition of a dropout requires four consecutive semesters
without enrollment, outcome labels for the 2023–2025 cohorts were not observable at the
time of writing. Therefore, these cohorts are used exclusively for prospective risk scoring,
and the enrollment-status column in Table A2 reflects a preliminary manual verification for
the 20 highest-risk students rather than a formal outcome label.

At the program level (Figure 9; restricted to programs with at least 30 incoming
students in the 2023–2025 cohorts, with conditional-admission codes merged into their
parent programs), the Bachelor’s in Physical Activity and Sport Management (LDCFD;
mean predicted probability = 0.346, n = 75), Manufacturing Engineering (IMAN; 0.291,
n = 81), and Bachelor’s in Exercise and Physical Sciences (LCIEF; 0.278, n = 252) exhib-
ited the highest average dropout probabilities, suggesting structural curricular or contex-
tual factors shared across student populations. Notably, Biosystems Engineering (IBIOS)
also ranked among the high-risk engineering programs, likely reflecting its demanding
quantitative curriculum.

Figure 9. Top 15 Academic Programs by average predicted dropout risk (2023–2025 cohorts; programs
with at least 30 incoming students; calibrated probabilities from the model trained exclusively on the
labeled 2014–2022 cohorts).

5. Discussion
5.1. Model Performance and Benchmarking

As mentioned before, The Random Forest model trained achieved an area under the
curve (AUC) of 0.734 and a recall of 0.743 on the held-out test set (2014–2022 cohorts). These
values are considerably better than the previous benchmark (Carballo-Mendívil et al., 2025),
where an XGBoost model with an AUC of 0.69 was obtained using a subset of features
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available during the pre-enrollment period. This performance improvement is consistent
with evidence indicating that strengthening the theoretical foundation and technical im-
plementation of pre-enrollment features, probability calibrations, and thresholds yields
quantifiable gains without requiring new data sources (Baneres et al., 2019; Von Hippel &
Hofflinger, 2021).

However, this performance must be considered relative to the type of data used
for training the model. Machine learning models that rely solely on pre-enrollment or
admission data, as in the current study, generally yield lower AUCs than those that use first-
semester academic performance records. Some of these models produced AUCs greater
than 0.90.

The improved AUC over that of the previous study can be attributed to three specific
design decisions made during the development of this model. First, the feature engineering
process was theory-driven rather than data-driven. Each feature cluster was based on a
theoretical construct (Bean, 1980; Cabrera et al., 1993; Tinto, 1993), and internal reliabil-
ity was assessed using Cronbach’s alpha before developing any models to ensure that
the composite scores reflected reliable, sound theoretical constructs rather than random
grouping of survey items (George & Mallery, 2019). Second, isotonic probability calibration
was performed after hyperparameter optimization. This calibration greatly improved the
alignment between the predicted probabilities and the actual dropout rates. Most similar
studies did not perform post-hyperparameter optimization calibrations. Third, the optimal
classification threshold was determined to optimize recall rather than accuracy, as the
institution’s goal was to minimize false negatives in a retention setting.

Among the eight algorithms evaluated, tree-based ensemble models consistently
outperformed their distance-based counterparts, consistent with prior comparative evalua-
tions (Kabathova & Drlik, 2021; Villar & de Andrade, 2024). The Artificial Neural Network
achieved the lowest F1 score (0.404), likely because the high proportion of categorical and
binary questionnaire items in the dataset does not lend itself well to neural architectures
without embedding layers, a structural limitation that tree-based models do not share.
CatBoost and XGBoost ranked second and third, respectively, reinforcing the idea that
gradient boosting models are a competitive alternative to Random Forest when maximizing
recall is the primary optimization criterion. However, Random Forest achieved the highest
F1 score after threshold optimization and was therefore selected as the final model.

The precision of 0.404 in the held-out test set indicates that six out of ten students
identified by the RF model as potentially at risk of dropping out would not experience
adverse outcomes. The literature demonstrates that this trade-off exists across multiple
domains in educational research. While it is true that the overly broad application of these
types of models could result in high levels of alert fatigue among counseling professionals
and stigmatizing labeling of students as at-risk, there appears to be no reason why insti-
tutions should not be willing to incur the relatively low costs associated with contacting
students incorrectly designated as at-risk if doing so would prevent them from dropping
out of school.

Finally, two methodological caveats deserve consideration. First, the modeling strategy
adopted in this study is one of several defensible alternatives. Survival analysis techniques
can model the timing of attrition rather than only its occurrence, as illustrated in the Latin
American context by Gutierrez-Pachas et al. (2023). Simpler interpretable baselines, such as
logistic regression, although outperformed in this study, remain valuable for institutional
transparency. Second, the SHAP values quantify predictive associations conditional on
the trained model and available data; they do not estimate causal effects. Accordingly, the
variable-importance results reported in this study should be used to prioritize outreach and
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motivate subsequent (quasi-)experimental evaluation of interventions, rather than being
read as causal levers whose direct manipulation would necessarily reduce dropout.

5.2. Theoretical Implications

SHAP analysis provided an empirical assessment of the predictive relevance of the
three theoretical frameworks on which the variable selection was based. The identification
of High School GPA as the strongest predictor was consistent with Tinto’s (1993) Academic
Integration Theory. This supports the idea that students with weaker prior qualifications
may struggle to adapt to higher-level studies. Consequently, they are more likely to drop out
because of the gap between their existing skills and the demands of university courses, even
before any semester data are collected. The results of this study were clear-cut: a low high
school GPA was associated with a high likelihood of dropping out of college; conversely,
high GPA levels were associated with strong negative values and a lower predicted risk.
These findings are consistent with evidence from Latin American higher education showing
that pre-admission academic trajectory is among the strongest institutional predictors of
dropout, independent of other socioeconomic factors (Tapasco Alzate et al., 2019). These
results can be used to counsel prospective students on admissions and the potential need
for early tutoring to improve their performance in the future.

Parent education, in terms of both fathers’ and mothers’ educational attainment,
ranked second and third in importance in the SHAP summary plot, respectively. This
supports both Bourdieu’s (1998) cultural capital theory and the socioeconomic dimension
of Cabrera et al.’s (1993) persistence model. University students from families in which
neither parent had a high level of education had limited cultural capital to help them
navigate their university life. They may also have fewer role models and less knowledge
of university operations. They may also have needed to rely on others to help them seek
assistance within institutions of higher learning. These findings are supported by research
indicating that first-generation college students face a higher risk of dropping out of college
or university in various educational settings (Cabrera et al., 1993; Vilela Braga et al., 2018).

Both the MDI and SHAP importance ranks placed the secondary asset indices, com-
mute distance, and commute time in middle tiers. These rankings reflect the structural
barriers anticipated by Bean’s (1980) non-traditional student model. Students who commute
long distances spend considerable time and money, which competes with their academic
engagement. This is particularly pertinent for ITSON students, given the campus locations,
which attract students from several cities throughout Sonora.

The Career Satisfaction Index, the Permanence Factor item, and the Extracurricular
Index, all of which were developed using questions about motivation and belonging,
appeared in both importance measures, supporting Tinto’s (1993) Social Integration Theory
and Kerby’s (2015) Vocational Adjustment Theory during the pre-enrolment period.

Overall, these results indicate that the theoretical frameworks not only provided
conceptual justification for selecting variables but also anticipated the empirical hierarchy
of their predictive importance. Additionally, the top three predictors (High School GPA,
Parent Education, and Household Assets) corresponded exactly to the top three theoretical
frameworks (Tinto, Cabrera/Bourdieu, and Bean), suggesting that the Integrated Multi-
Model Approach captured a more complete and accurate representation of dropout risk
than would have been possible using each framework individually (Cabrera et al., 1992;
Müller & Klein, 2023). The correspondence between predictions based on theoretical
frameworks and empirical hierarchies of importance is particularly important in Latin
America, where it is relatively uncommon to validate theoretically based constructs in ML
models using psychometrics (Castro-Montoya et al., 2025).
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5.3. Practical Implications for Institutions

The model provides three outputs at the individual level. The first output allows
tutoring offices, scholarship units, and academic counselors to identify which students
to contact for outreach, based on their individual calibrated dropout probability scores.
Ideally, this should be done immediately after the first day of the attendance. As these
dropout probability scores are calibrated, a student estimated to have a 70% chance of
dropping out is considered to be in substantially greater need of early intervention than
one estimated to have a 30% chance of dropping out. Therefore, resources can be allocated
according to risk intensity rather than being flagged with binary code. However, this
significant benefit of interpretability was possible only by including an isotonic calibration
step in the model.

The second output (program) relates to the aggregate risk profile of each program.
It has been demonstrated that dropout risk is not uniformly distributed among ITSON’s
various academic programs. For instance, the dropout risk appears to be notably higher
for programs such as the LDCFD, IMAN, and LCIEF. This suggests that structural ele-
ments, such as curricular intensity, vocational alignment between student expectations
and program realities, and the availability of student support resources, interact with
individual-level risk in ways that cannot be fully counteracted by a single university-wide
strategy. Therefore, the program-level data provided by the model are useful for examining
whether curriculum design, instructional methods, and/or student support service delivery
systems need to be redesigned.

Finally, the high recall value (0.743) obtained by the model during testing indicates
that approximately seven out of every ten students who would ultimately drop out were
correctly identified at the time of enrolment. Consequently, 1510 of the 2033 dropouts in the
held-out test partition were correctly identified. Students with comparable risk profiles in
incoming cohorts can now receive targeted support from their first day at university, such as
mentoring programs, emergency financial assistance, academic skills training workshops,
and transport vouchers.

5.4. Ethical Considerations

The use of predictive models in schools raises ethical issues that must be acknowledged
explicitly. Using demographic and socioeconomic indicators (e.g., parental education and
household possessions) alongside geographic distance to campus to identify students who
may need additional support is risky. If these predictions are used to deny students access
to the services they need, rather than providing them access, the model can exacerbate
existing educational inequalities. Therefore, the model’s outputs can only trigger proactive
interventions that are optional for both students and institutions. The outputs cannot
determine whether a student is admitted to a course or program or whether any form of
academic sanction is justified. In other words, the difference between identifying at-risk
students and labelling them as such is not merely procedural. Rather, this is the ethical
condition under which warning systems can be fairly implemented.

Additionally, algorithmic fairness requires ongoing evaluations to monitor potential
differential errors based on gender, program type and campus. Although this study did
not audit the model for differential error rates across the aforementioned subgroups, future
implementations of this model should undergo systematic subgroup-performance analyses.
As previously stated, false positives for certain demographic groups could lead to additional
burdensome interventions for disadvantaged students, thereby creating a situation in direct
opposition to the equitable goals that retention programmes were developed to achieve.
Finally, students must be made aware that their institutions utilize predictive analytics in
institutional retention programs. Furthermore, institutions must provide students with the
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option to opt out of predictive analytics for retention purposes and clearly communicate
how these analytics are utilized in their efforts. A human-in-the-loop governance structure
would be beneficial for maintaining the human element in the decision-making process
regarding retention strategies. Specifically, a well-trained counselor should review the risk
flags generated by predictive modeling systems and make contact-related decisions using
this information.

5.5. Limitations

This study has several limitations. First, the model was developed using data from
a single university with a specific demographic, geographic, and curricular profile of the
students. Therefore, it is difficult to ascertain whether the model’s external validity extends
to all Mexican universities or to other South American countries.

While the ITSON intake questionnaire (the source of the data) has been administered
to every incoming cohort at ITSON since 2014, providing a substantial longitudinal sample
size, there is no guarantee that other universities will collect similar data in the future.
Therefore, cross-institutional validation, possibly through federated modeling, where
individual university data remain private to their respective institutions, should be a high
priority for demonstrating the generalizability of the findings.

Second, the model exclusively uses pre-enrolment data. This makes the current study
unique but also limits its potential applicability. Consequently, factors that arise after
enrolment, such as first exam failure, personal or financial crises, and family disruptions,
are essentially invisible to the model at the time of the initial prediction. Implementing a
longitudinal update mechanism, whereby the model can be continuously retrained with
data becoming available as the semester progresses, would greatly increase predictive
accuracy while maintaining the primary goal of providing timely dropout warnings to the
university. Improvements in predictive accuracy have been demonstrated in studies that
include first-semester data (for example: Baneres et al., 2019; Von Hippel & Hofflinger,
2021), suggesting that this is probably the best way to increase the accuracy of future
versions of the model.

Third, the dropout outcome was defined. The model predicts two outcomes: per-
sistence versus abandonment. However, dropping out can have several consequences
depending on the timing and circumstances. For instance, a student may voluntarily
withdraw, be academically dismissed, transfer programs, or temporarily discontinue their
studies. Each of these outcomes presumably has a different risk profile and responds differ-
ently to various interventions. Defining dropout as a multi-class problem could produce
more actionable institutional intelligence than the current model, and this approach is
recommended for consideration when developing subsequent models.

Fourth, the model only considers quantitative factors that influence decision-making.
Although many non-quantitative influences exist (e.g., motivations and relationships),
these do not appear in the quantitative model. Therefore, combining predictive modelling
with qualitative data from student experiences (i.e., a mixed-methods approach) could
provide a better explanation of why students identified as being at risk leave school and/or
determine which intervention might be most effective for each risk profile.

Fifth, because dropout labels for the 2023–2025 cohorts will become observable
only once those students accumulate four consecutive semesters without enrollment, the
model’s temporal generalization to genuinely future cohorts could not be evaluated. The
held-out test performance reported here reflects within-period generalization across the
2014–2022 cohorts. A prospective evaluation of the 2023 cohort, whose labels will mature
first, is an immediate next step and will provide a true out-of-time assessment of the early
warning system.
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5.6. Directions for Future Research and Institutional Implementation

While improving the predictive model’s ability to accurately predict dropouts is
crucial, it is not sufficient to lower dropout rates alone. While improving the model’s
accuracy in predicting dropouts can improve retention rates in real-world decision-making
settings, research has repeatedly shown that this does not necessarily happen. This is
because translating model-predicted risk scores into meaningful actions in an academic
setting requires significant additional work from academic administrators.

A key next step for ITSON, as well as for other universities planning to adopt similar
frameworks, is to integrate model-based risk scores into the regular management practices
of academic programs. This would avoid relying solely on the potential benefits of using
predictive models in centralized institutional initiatives, which often become less specific
and less urgent once they are sent from administrative offices to students who require the
most support.

More specifically, we suggest developing an interactive Business Intelligence Dash-
board to present program-level and student-level risk profiles to the Academic Coordinator
of each program. Such a dashboard could utilize platform tools such as Microsoft Power
BI or Tableau to display the data produced by the dropout prediction pipeline. This type
of visualization tool would enable program coordinators to view the risk distribution of
their incoming cohort from day one, identify which students have been contacted, docu-
ment the results of any interventions undertaken, and continue to do so throughout their
degree progress.

Importantly, presenting the model’s outputs at the program level, rather than directing
all alerts through a central student services office, reduces the gap between the prediction
and action. It places risk information in the hands of those responsible for supporting
students in their academic pursuits.

Additionally, an approach based on a program-level dashboard addresses an impor-
tant structural limitation associated with institution-wide alert systems. In these systems,
the intensity of follow-up decreases as alerts move up the institutional hierarchy (from de-
partment to college) because of the diffusion effect. Therefore, by placing the responsibility
for managing risk-identified students at the program level (i.e., where those students are
likely to receive support) and making accountability explicit and local, a predictive model
becomes a continuous management tool rather than simply a classification exercise.

6. Conclusions
In this study, we developed and demonstrated the validity of an operational early

warning system for student dropout at one of Mexico’s largest public universities. This
system utilizes only data collected at the time of enrollment, that is, all the data available
to any institution about students when they enroll before any academic performance is
observed at the university level. It was used Tinto’s (1993) integration model, Bean’s (1980)
framework for nontraditional college students, and Cabrera et al.’s (1993) persistence model
to anchor each of our predictors. We also ran Cronbach’s alpha internally on our predictors
before training the models. Finally, we selected the best machine learning algorithm from
eight supervised algorithms in two categories, applied isotonic probability calibration to
optimize the thresholds, and trained a tuned Random Forest. Our tuned Random Forest
achieved a test set recall of 74.3% and a test set ROC-AUC of 73.4% on a held-out test set
drawn from the labeled 2014–2022 cohorts. This represents a meaningful improvement over
the previous standard for dropout prediction established by ITSON. This is also consistent
with the upper bound demonstrated for the predictive power of pre-enrollment data in
Latin American higher education contexts.
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This study uniquely integrates psychological measurements with statistical modeling.
Thus, it addresses an important methodological gap in the literature. Most machine
learning (ML)-based student dropout predictions do little, if anything, to confirm whether
the input variables used to train them reflect the intended constructs. Conversely, virtually
all theory-based student retention studies rarely build such models.

In addition to addressing this methodological gap, this study achieved a distinctive
methodological integration by using a single institutional database of over 46,000 records
covering nearly a decade of admissions. This study also includes theoretical foundations
and the predictive models. To the best of our knowledge, no such study has been conducted
in the context of Mexican higher education.

SHAP analysis revealed that the theoretical frameworks provided a justification for
selecting the input variables and explained why some were statistically more important
than others. Specifically, high school grades, parental education levels, and family wealth
levels, corresponding to Tinto, Bourdieu/Cabrera, and Bean, respectively, were the top
three predictors. These findings demonstrate that a theoretically informed subset of features
yields understandable and empirically valid results. Additionally, the output probabilities
produced by the final model can be clearly differentiated at multiple risk levels, enabling
resource allocation based on risk intensity rather than simply producing a yes/no flag.

This study has four avenues for future research. First, incorporating the semester
one academic performance into a longitudinal update would increase the model precision
without compromising the ability to identify potential dropouts. Second, the impact of
interventions guided by this model on actual dropout rates should be evaluated in a
quasi-experimental manner. The current lack of causal evidence in this area of research is
well-documented. Third, the transferability of the model to other institutions should be
tested using federated modeling techniques that protect the student data. Finally, fairness-
aware modeling should be employed to audit the error rates per demographic subgroup
and ensure that the system reduces, rather than exacerbates, socioeconomic inequalities.

The above-mentioned represent clear avenues for future studies. However, the sim-
plest way to translate predictive accuracy into actual institutional retention impacts is
to translate model outputs into business intelligence dashboards accessible to academic
department coordinators at the program level, rather than having to go through central
administrative offices.
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IMAN Manufacturing Engineering
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LDER Bachelor’s in Law
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LENF Bachelor’s in Nursing
LG Bachelor’s in Gastronomy
LPSIC Bachelor’s in Psychology

Appendix A
Table A1 reports, for each composite index described in Sections 3.2 and 3.3, the con-

stituent item-level variables of the institutional intake instrument, their wordings translated
from the original Spanish, their descriptive statistics, and their standardized factor loadings
computed exclusively on the training partition (2014–2022). Because several questions of
the instrument are multi-option, each response option was scored as a separate dichoto-
mous item; the source question of each item is indicated in parentheses. This information
is provided so that readers and future researchers can see exactly how each construct
was operationalized and measured and can reproduce and verify the data collection and
index-construction process.

Table A1. Constituent item-level variables, item wordings, descriptive statistics, and standardized
factor loadings for the nine candidate indices (training partition, 2014–2022).

Construct/Index Item Code Item Wording (English Translation) M SD λ

Extracurricular
Index
(α = 0.895;
index created)

Group_ArtCultural (Q41) During high school, participated in
artistic–cultural groups 0.51 0.50 0.68

Group_Sports (Q41) During high school, participated in sports
groups 0.61 0.49 0.55

Group_Religious (Q41) During high school, participated in religious
groups 0.33 0.47 0.95

Group_Political (Q41) During high school, participated in political
groups 0.32 0.47 0.96

Group_StudentRep (Q41) During high school, participated in
student-representation groups 0.38 0.49 0.86
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Table A1. Cont.

Construct/Index Item Code Item Wording (English Translation) M SD λ

Basic Assets Index
(α = 0.845;
index created)

Asset_Sewer (Q27) Assets available at home: drainage 0.86 0.35 0.65

Asset_Electricity (Q27) Assets available at home: electricity 0.93 0.25 0.88

sset_GasStove (Q27) Assets available at home: gas stove 0.90 0.30 0.76

Asset_Water (Q27) Assets available at home: drinking water 0.90 0.30 0.79

Secondary Assets
Index
(α = 0.711;
index created)

Asset_TvOpen (Q27) Assets available at home: open-air television 0.51 0.50 0.00

Asset_TvCable (Q27) Assets available at home: cable television 0.47 0.50 0.59

Asset_DomesticHelp (Q27) Assets available at home: domestic staff 0.07 0.25 0.22

Asset_WaterHeater (Q27) Assets available at home: water heater 0.33 0.47 0.59

Asset_WashingMachine
(Q27) Assets available at home: washing machine 0.71 0.45 0.66

Asset_Landline (Q27) Assets available at home: landline telephone 0.35 0.48 0.47

Asset_Microwave (Q27) Assets available at home: microwave oven 0.51 0.50 0.64

Asset_AC (Q27) Assets available at home: air conditioning 0.81 0.39 0.57

Asset_Internet (Q27) Assets available at home: internet connection 0.54 0.50 0.50

Career Satisfaction
Index
(α = 0.779;
index created)

Sat_WantedToStudy (Q51) The chosen program is the one you want to
study 0.95 0.25 0.00

Sat_FirstChoice (Q51) The chosen program was your first-choice option 0.84 0.40 0.15

Sat_MajorChange (Q51) You are planning to change programs
(reverse-keyed) 0.32 0.66 0.94

Sat_UniversityChange
(Q51)

You are planning to change universities
(reverse-keyed) 0.26 0.65 0.94

Sat_MajorConfusion (Q51) You feel confused about this program
(reverse-keyed) 0.34 0.65 0.90

Choice Index
(α = 0.572;
items retained
individually)

Reason_Academic (Q56) Reason for choosing ITSON: academic prestige 0.79 0.40 0.02

Reason_Teachers (Q56) Reason for choosing ITSON: high-level
professors 0.52 0.50 0.41

Reason_BestInstitution
(Q56)

Reason for choosing ITSON: better than other
institutions 0.40 0.49 0.49

Reason_KnowAlumni
(Q56)

Reason for choosing ITSON: knowing ITSON
graduates 0.34 0.47 0.38

Reason_MajorLevel (Q56) Reason for choosing ITSON: high level of the
chosen program 0.43 0.50 0.40

Reason_FriendsEnrolled
(Q56)

Reason for choosing ITSON: friends enrolled at
ITSON 0.18 0.39 0.16

Reason_EasyAdmission
(Q56) Reason for choosing ITSON: ease of admission 0.26 0.44 0.28

Reason_StudentVibe (Q56) Reason for choosing ITSON: student atmosphere 0.44 0.50 0.49

Reason_Facilities (Q56) Reason for choosing ITSON: adequate facilities 0.70 0.46 0.54
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Table A1. Cont.

Construct/Index Item Code Item Wording (English Translation) M SD λ

Special Needs Index
(α = 0.011;
items retained
individually)

SpecialNeed_Motor (Q6) Special educational need: motor problems 0.79 0.40 0.02

SpecialNeed_Hearing (Q6) Special educational need: hearing impairment
with hearing aids 0.52 0.50 0.41

SpecialNeed_HearingCom
(Q6)

Special educational need: complete or
near-complete hearing impairment 0.40 0.49 0.49

SpecialNeed_Visual (Q6) Special educational need: visual impairment
corrected with glasses 0.34 0.47 0.38

SpecialNeed_VisualCom
(Q6)

Special educational need: complete or
near-complete visual impairment 0.43 0.50 0.40

Family Factor Index
(α = 0.564;
items retained
individually)

Factor_Friends (Q50) Career choice influenced by conversations with
friends 0.33 0.47 0.47

Factor_Parents (Q50) Career choice influenced by conversations with
parents or guardians 0.53 0.50 0.56

Factor_Relatives (Q50) Career choice influenced by conversations with
other relatives 0.28 0.45 0.54

Factor_Teachers (Q50) Career choice influenced by conversations with
high school teachers 0.27 0.44 0.41

Travel Index
(α = 0.529;
items retained
individually)

Travel_Domestic (Q42) Trips taken within the country 0.69 0.46 0.60

Travel_International (Q43) Trips taken outside the country 0.29 0.45 0.60

Persistence Factor
(α = 0.291;
items retained
individually)

Factor_Vocational (Q50) Career choice influenced by vocational guidance
in high school 0.42 0.49 0.23

Factor_MajorInfo (Q50) Career choice influenced by program
information obtained at ITSON 0.61 0.49 0.54

Factor_JobOpportunity
(Q50)

Career choice influenced by future employment
opportunities 0.53 0.50 0.34

Factor_PersonalTaste (Q50) Career choice influenced by personal vocation or
liking 0.54 0.50 0.18

Factor_Alumni (Q50) Career choice influenced by knowing an ITSON
graduate 0.09 0.29 0.20

Factor_ExamScore (Q50) Career choice influenced by admission-exam
results leaving no other option 0.02 0.14 −0.05

Note: M = mean; SD = standard deviation; λ = standardized factor loading from a one-factor solution estimated
exclusively for the training partition (2014–2022). The variable names correspond to the recoded analysis dataset;
the original questionnaire item (QXX) is given in parentheses. Items marked “reverse-keyed” are worded in the
direction opposite to the construct and require reverse scoring prior to aggregation.

Appendix B
Table A2 presents an individual-level illustration of the model output referenced in

Section 4.5. It is provided in this appendix because its purpose is illustrative; the substantive
analyses in the main text are conducted at the aggregate (program) level.
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Table A2. The 20 students with the highest predicted dropout risks (2023–2025 cohorts).

N Year Gender Age Program % Dropout
Prob

Enroll AD25
(Manual Check)

1 2023 M 24 ICIVI 73.7 No
3 2023 M 20 IISIS 73.7 Yes
4 2023 M 20 LCIEF 73.7 Yes
2 2025 M 20 LADMI 73.7 Yes
5 2025 M 21 IELME 72.3 No
6 2023 M 21 IMECA 67.6 No
7 2023 M 29 LDCFD 67.6 No
8 2023 M 26 LG 67.6 No
9 2023 M 24 IISIS 67.6 No

10 2023 M 21 LDIGR 67.6 No
11 2025 M 32 LDCFD 67.6 Yes
12 2025 M 25 LCP 67.6 Yes
13 2025 M 24 IISIS 67.6 Yes
14 2025 M 25 LARQ 67.6 Yes
15 2023 M 23 LCIEF 66.7 No
16 2025 M 24 IBIOS 66.7 Yes
17 2025 F 21 LENF 66.7 Yes
18 2025 M 21 LPSIC 59.5 Yes
19 2023 M 28 IISIS 59.5 No
20 2023 F 23 LPSIC 59.5 No

Note: Probabilities were generated with the tuned and isotonically calibrated Random Forest trained exclusively
on the labeled 2014–2022 cohorts. “Enrolled AD25” reflects the preliminary manual verification of enrollment in
the August–December 2025 term.
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