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IMBALANCED MULTI-CLASS 
PREDICTION OF STUDENT 
DROP-OUT AND GRADUATION: 
A SYSTEMATIC LITERATURE REVIEW
ABSTRACT
Student study status prediction, including drop-out and graduation, is a widely studied topic in 
higher education. Yet, evidence across studies remains difficult to compare due to differences in 
targets, imbalance treatment, metrics, and validation strategies. This systematic literature review 
synthesizes 70 peer reviewed articles published between 2017 and 2025 that apply machine 
learning or deep learning to predict study outcomes under class imbalance. Results reveal a strong 
dominance of binary targets, while multi class experiments are relatively rare, though they better 
reflect institutional categories and expose larger performance gaps across classes. Reported 
imbalance handling includes data level resampling, algorithm level class weighting, and ensemble 
or hybrid designs, but many studies lack sufficient procedural detail. Evaluation practices vary 
considerably; studies reporting per-class measures and imbalance-aware metrics, such as macro 
F1 and balanced accuracy, provide more decision-relevant evidence than those relying mainly 
on accuracy. Validation strategies range from hold out and stratified cross validation to nested 
validation, temporal splits, and external testing, shaping the credibility of reported performance 
for deployment. We propose an integrative taxonomy linking target formulation, imbalance degree, 
handling strategy, and evaluation design to enhance intervention efficiency through capacity 
aware prioritization, while strengthening responsibility through transparent reporting, defensible 
validation, and explicit attention to minority class performance.
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Highlights

•	 Synthesizes 70 open-access Scopus journal studies from 2017 to 2025 on predicting student drop-out and graduation 
using machine learning and deep learning.

•	 Finds strong dominance of binary targets, while multi-class targets remain rare yet better reflect institutional status 
categories and reveal larger per-class performance gaps.

•	 Shows imbalance handling is often under-reported; when reported, options include resampling, class weighting, cost-
sensitive learning, and ensemble or hybrid designs, with implications for transparent and accountable study design.

•	 Highlights that accuracy alone is insufficient under imbalance; per-class metrics and imbalance-aware summaries 
improve decision relevance for efficient interventions and improve responsibility through clearer minority class reporting 
and more defensible evidence.

INTRODUCTION

Student dropout and delayed graduation remain persistent 
challenges in higher education across different countries 
and institutional contexts. Their consequences extend 
beyond individual students and entail economic, social, and 
managerial implications for institutions and policymakers, 
particularly regarding service sustainability, academic quality, 

and accountability in higher education management (Csalódi 
and Abonyi, 2021; Véliz Palomino and Ortega, 2023; Quimiz-
Moreira et al., 2025). Early identification of students at risk is 
therefore a strategic necessity because it enables interventions 
to be delivered in a timelier, more targeted, and more evidence-
based manner (Setiawan et al., 2025). In this review, this practical 
need is closely linked to efficiency, understood as the extent 
to which predictive evidence can support the  prioritization 
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of interventions under constrained institutional resources. 
At the  same time, responsibility refers to the  defensibility, 
transparency, and fairness of the evidence used in educational 
decision support and scientific reporting. Accordingly, this 
review is positioned not merely as an inventory of modelling 
approaches, but as an examination of the study design decisions 
that shape whether research findings are useful for intervention 
prioritization and defensible for educational and scientific use.
In line with the growing availability of academic records and 
learning activity data, learning analytics and educational data 
mining are increasingly used to understand risk patterns and 
support data-driven decision-making. A systematic review by 
de Oliveira et al. (2021) showed that dropout risk is influenced 
by a  combination of academic and nonacademic factors, 
while Andrade-Girón et al. (2023) confirmed the  relevance 
of machine learning and deep learning for building pattern-
based predictions and early warning systems. However, 
interpretability and variation in evaluation practices remain 
important methodological concerns.
Several review studies have mapped predictive approaches 
in the education domain, including the use of artificial neural 
networks in educational data mining by Okewu et al. (2021), 
data mining practices for academic performance prediction 
by Daza et al. (2022), and a  review of graduation prediction 
that highlighted limitations in algorithm coverage, database 
selection, and the transparency of data collection procedures in 
earlier systematic literature reviews by Pelima et al. (2024). In 
the context of dropout prediction, Salinas-Chipana et al. (2024) 
reported a PRISMA-based review that showed the dominance 
of random forest models and confirmed the  importance 
of academic, demographic, economic, and health-related 
attributes as predictors. Although the  review literature has 
enriched the understanding of predictive methods and feature 
sets, class imbalance and evaluation consistency, especially in 
multiclass scenarios, have not yet been addressed as central 
issues in an integrated manner.
The distribution of labels in student retention data is commonly 
imbalanced. Cases of dropout are often substantially fewer 
than cases of persistence or graduation. As a  result, a model 
may appear strong on aggregate metrics while remaining weak 
at detecting minority groups, which are often the  primary 
targets of intervention. Budiman et al. (2022) and Villar 
and de Andrade (2024) emphasized that class imbalance is 
a recurring issue in educational data mining and requires both 
appropriate imbalance handling strategies and the use of more 
representative evaluation metrics. In this respect, Martins et al. 
(2021) noted that balance-sensitive metrics based on precision 
and recall, including the F1 score, are more informative than 
accuracy alone, particularly when the objective is to identify 
at-risk students in a fairer and more actionable way.
Beyond the  challenge of imbalance, the  complexity of 
academic status often requires richer target formulations than 
binary labels alone (Kurniadi et al., 2021). Categories such 
as still enrolled, graduated, delayed graduation, and dropout 
reflect different academic pathways and may call for different 
forms of intervention. Within this context, efficiency concerns 
whether predictive models can support the targeted allocation 
of mentoring and intervention resources so that unnecessary 

alarms do not consume institutional capacity and missed risk 
cases are managed in line with policy priorities. In parallel, 
responsibility concerns the  adequacy of minority-class 
evaluation, methodological transparency, and the  avoidance 
of biased conclusions arising from inappropriate validation 
designs or performance metrics that obscure failures to 
detect students at risk. Thus, evaluation quality is not 
merely a  technical matter, but one with direct implications 
for the effectiveness of retention policies and the  fairness of 
institutional services.
This study addresses this gap by providing a  systematic 
literature review of the  application of machine learning and 
deep learning techniques to predict student academic status 
in higher education, with particular attention to dropout and 
graduation outcomes and to the methodological challenges of 
multiclass classification under class imbalance. It makes three 
specific contributions. First, it offers a systematic framework 
for examining how prior studies formulate prediction 
targets as binary or multiclass problems and for clarifying 
the methodological consequences of these choices for model 
evaluation in higher education contexts (de Oliveira et al., 2021; 
Pelima, Sukmana, and Rosmansyah, 2024; Salinas-Chipana 
et al., 2024). Second, it comparatively synthesizes the  class 
imbalance mitigation strategies reported in the  literature, 
at both the  data and algorithmic levels, and relates them to 
evaluation and validation practices that determine whether 
performance on minority classes can meaningfully support 
intervention prioritization and responsible educational 
decision support (Andrade-Girón et al., 2023; Martins et al., 
2023; Villar and de Andrade, 2024). Third, as an  integrative 
outcome, it proposes a  taxonomy of study design decisions 
that links target formulation, imbalance severity, mitigation 
strategies, and the  selection of performance metrics and 
validation schemes. This taxonomy is intended both as an audit 
framework for reviewing prior studies and as a  guide for 
designing future research that is more transparent, accountable, 
and methodologically aligned with the complementary aims of 
efficiency and responsibility in educational science (Page et al., 
2021; Rethlefsen et al., 2021).
The purpose of this manuscript is to systematically synthesize 
empirical evidence on predicting student dropout and 
graduation in higher education, with particular emphasis 
on the  relationships among binary and multiclass target 
formulations, class imbalance handling strategies, and 
evaluation and validation practices. This synthesis leads to 
a  taxonomy of study design decisions intended to support 
intervention efficiency and the  responsible use of predictive 
models. In line with this objective, the  review addresses six 
research questions: RQ1, what machine learning and deep 
learning algorithms have been used to predict student dropout 
and graduation; RQ2, how have targets been formulated as 
binary or multiclass classifications, and what implications do 
these choices have for modelling and reporting; RQ3, what class 
imbalance handling strategies have been reported at the data, 
algorithmic, and decision levels; RQ4, to what extent have 
ensemble and hybrid methods been used, and what application 
patterns emerge in this corpus; RQ5, which evaluation metrics 
and validation methods have been used, and how suitable are 
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they for imbalanced data; and RQ6, what methodological 
gaps and challenges remain, and what recommendations can 
strengthen future research. The systematic review procedure and 
the reporting of the study selection flow follow the principles 
of Systematic Literature Review (SLR) and PRISMA to ensure 
procedural traceability and replicability (Kitchenham, 2004; 
Page et al., 2021).
This manuscript is organized as follows. The  Materials and 
Methods section presents the  systematic review procedure, 
search strategy, selection criteria, and data extraction and 
synthesis processes. The  Results section presents the  main 
findings in response to the research questions. The Discussion 
section relates these findings to the broader literature, explains 
their implications for intervention efficiency and responsible 
model use, and discusses the limitations of the review. Finally, 

the Conclusion section summarizes the principal contributions 
and outlines directions for future research.

MATERIALS AND METHODS
This study employs a systematic literature review to synthesize 
empirical evidence on predicting student dropout and graduation 
in higher education, with an emphasis on multi-class formulations 
under class imbalance conditions (Kitchenham, 2004; Page et 
al., 2021). The scope of the study and research questions were 
determined using the PICOC framework to maintain consistency 
in selection and extraction decisions and to link the population, 
intervention, comparison, outcome, and context elements to 
the  research questions. The  operationalization of Population, 
Intervention, Comparison, Outcomes, and Context (PICOC) and 
its mapping to the research questions are presented in Table 1.

PICOC Element Operationalization RQ Motivation

Population
Student academic data in higher education 
institutions includes imbalanced binary and multi-
class scenarios.

RQ1; RQ2; RQ5
Mapping data characteristics and 
variations in the number of classes to 
identify multi-class research gaps.

Intervention
Machine learning and deep learning algorithms, 
including single, ensemble, and hybrid 
configurations.

RQ1; RQ3; RQ4 Inventorying modelling approaches and 
consistency in handling imbalanced data.

Comparison
Baseline without handling imbalance; resampling 
technique variations; cost sensitivity; ensemble; 
hybrid; and target formulation variations.

RQ1; RQ2; RQ3; RQ4
Mapping variations in experimental 
design without making it a single claim 
of superiority.

Outcome
Aggregate metrics and per-class metrics, 
the confusion matrix, and computational 
efficiency are reported.

RQ5
Assessing the representativeness 
of metrics for minority classes and 
potential evaluation bias.

Context

Formal higher education, public or institutional 
datasets, focusing on dropout rates, academic 
performance, graduation, and early warning 
systems.

RQ1; RQ2; RQ3; RQ4; 
RQ5; RQ6

Maintaining domain relevance and 
facilitating cross-institutional application 
mapping.

Table 1: PICOC framework, motivation, dan RQ

The process of identifying, screening, and reporting the study 
selection flow follows PRISMA. A summary of the selection 
process and reasons for exclusion are presented in Figure 1 
(Page et al., 2021; Rethlefsen et al., 2021).

Data source and search strategy
A  literature search was conducted using Scopus as the  sole 
database to ensure query repeatability and selection 
consistency across a single, cross-publisher, cross-disciplinary 
index. Scopus was selected because it provides standardized 
bibliographic metadata and DOI linkage across peer-reviewed 
journals, which supports protocol auditability and replicable 
retrieval under a  fixed query string. This choice improves 
procedural consistency, yet it is also a  limitation because 
reliance on a  single index may introduce coverage bias and 
may under represent relevant journal outlets that are more 
visible through other curated indexes or discipline specific 
libraries (Mongeon and Paul-Hus, 2016; Baas et al., 2020) To 
enhance independent verifiability, the  corpus was limited to 
open access journal articles with DOIs. This restriction enables 
readers to access full texts and verify data extraction, but it 
may exclude relevant evidence available outside open access 
or outside Scopus indexing. Future extensions of this review 

may integrate additional sources, such as Web of Science and 
discipline-focused libraries, to quantify overlap and assess 
whether distributional findings differ across indexes (Helbach 
et al., 2022).
The inquiries aim to encompass three dimensions: the modelling 
methodology, the higher education context, and outcomes on 
dropout or graduation rates. The inquiry was executed utilizing 
the  advanced search function within the  title, abstract, and 
keywords boxes, imposing a temporal constraint from 2015 to 
2025, specifying journal source type, English language, and 
final publication status. The search was conducted on August 
31, 2025, and updated on December 1, 2025. The Scopus query 
string used is listed in this section to ensure the reproducibility 
of the procedure.

TITLE-ABS-KEY ( ( “machine learning” OR “deep 
learning” OR “neural network*” OR “artificial 
intelligence” OR “predictive analytics” OR “educational 
data mining” ) AND ( “student dropout” OR “dropout 
prediction” OR “student retention” OR “graduation 
prediction” OR “student graduation” OR “academic 
performance” OR “student success” OR “student 
attrition” ) AND ( “university” OR “college” OR 
“higher education” ) ) AND ( LIMIT-TO ( SRCTYPE, 
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“j” ) ) AND ( LIMIT-TO ( OA, “all” ) ) AND ( LIMIT-
TO ( PUBSTAGE, “final” ) ) AND ( LIMIT-TO 
( LANGUAGE, “english” ) )

Inclusion and exclusion criteria
Inclusion and exclusion criteria are established before 
the  selection process begins to prevent ad hoc changes. In 
summary, studies were included if they were conducted in 
a  higher education context, used student academic data, 

had a  prediction target related to institutional study status, 
employed machine learning or deep learning as the  primary 
approach, and reported evaluations with clear metrics and 
procedures. Studies were excluded if they focused on a non-
institutional context, such as MOOCs, courses, training, or 
semester completion; were not aligned with the definition of 
study status outcome; did not use ML or DL; did not report 
evaluations; or were from discontinued journals. The criteria 
are presented in Table 2.

Type Criteria 

Inclusion

(1) the context of higher education and the use of student academic data. (2) the prediction or classification target relates 
to institutional study status, including dropout or study cessation, retention, graduation, timeliness, or other academic risk 
categories explicitly mapped to student study status. (3) Using ML or DL as the primary approach. (4) Providing sufficient 
information on the target formulation, features, or dataset for synthesis. (5) Reporting model performance with clear 
evaluation metrics or procedures.

Exclusion
(1) Focus on levels apart from student study status. (2) Focus on MOOCs, courses, training, or semester completion. (3) 
the study status outcomes are not aligned with the definition provided by the institution. (4) Does not use ML or DL. (5) 
Does not report evaluation. (6) the study was published in a journal that has since been discontinued.

Table 2: Inclusion and exclusion criteria

Study selection process and records management
The selection was conducted in stages: title and abstract 
screening, followed by full-text assessment. Out of 845 records 
screened at the title and abstract stage, 268 studies proceeded to 
full-text assessment. Subsequently, 198 studies were excluded 
for documented reasons, leaving 70 for inclusion in the final 
corpus. The  selection process and reasons for exclusion are 
summarized in Figure 1.
At the  record management stage, records exported from 
Scopus are checked for duplicate entries using a combination 

of DOI, title, and bibliographic metadata. Entries identified 
as duplicates are retained as the  most complete record to 
maintain consistency in corpus calculations at subsequent 
filtering stages. Screening and extraction were performed 
by one reviewer. Then decisions at critical points, especially 
exclusions at the  full-text stage and the  appropriateness of 
the exclusion reasons, were checked by a second reviewer. If 
there are differences in assessment at critical decision points, 
the  final decision is determined through discussion until 
consensus is reached.

Figure 1: PRISMA flow diagram of study identification
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Corpus Study Description and Data Characteristics
The final corpus consists of 70 journal articles that meet 
the  inclusion criteria. The publication range is from 2017 to 

2025. The  distribution of articles by year of publication is 
shown in Figure 2 to illustrate the  temporal distribution of 
research on predicting student study status within the corpus.

Figure 2: Distribution of articles by year of publication, 2017-2025

The distribution of articles by journal quartile is presented in 
Figure 3. This visualization describes the corpus, not the quality 

of each study, which is assessed through the primary studies’ 
methodological components.

Figure 3: Article distribution across journal quartiles 2017-2025

The characteristics of the  corpus are also reviewed based on 
the  dataset’s source, as this aspect affects the  traceability of 
the experiment and the possibility of replication. Across the 70 
studies, 62 (88.5%) relied on private institutional datasets, 
while 8 (11.5%) used public or open-access datasets. To support 
transparency in the reviewed corpus, a complete list of the 70 
included studies is provided in Table 4.
The eight studies utilizing public or open-access datasets are not 
widely distributed across many sources but rather concentrated 
on a  few reference datasets. Three studies used the  Instituto 
Politécnico de Portalegre, Portugal dataset published through 
the  UCI Machine Learning Repository by Realinho et al. 
(2021), namely the research by Goran et al. (2024), Martins et 
al. (2023), and Villar and de Andrade (2024). Two studies used 
the Tecnológico de Monterrey, Mexico dataset available through 
the open data repository by Alvarado-Uribe et al. (2022), namely 
Cañete-Sifuentes et al. (2023) and Gonzalez-Nucamendi et al. 
(2023). Additionally, Rovira et al. (2017) and Deleña et al. (2025) 
used datasets published alongside their articles, whereas Csalódi 
and Abonyi (2021) referenced the  dataset’s public location 
in the  sources they cited. The  implications of private dataset 

dominance for experiment reproducibility and generalization of 
findings are discussed in the Discussion section.

Data extraction and synthesis procedures
Data were extracted using a  structured form to maintain 
traceability to the  primary source. Extraction includes 
bibliographic information, data context, target definition, and 
number of classes, indication of class imbalance if reported, 
algorithms used, strategies for handling imbalance at both 
the data and algorithm levels, the use of ensembles or hybrid 
approaches, evaluation metrics, and data validation and splitting 
schemes. If available, information regarding hyperparameter 
tuning and computational efficiency is also recorded. This 
summary of extraction variables is used as the  basis for 
descriptive and thematic synthesis.
The synthesis was conducted in two stages. The  first stage 
involved a descriptive summary to map the distribution of findings 
according to the  research questions. The second stage involved 
a cross-research question thematic synthesis to link study design 
decisions, including target formulation, degree of imbalance, 
mitigation strategies, and evaluation and validation plans.
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Quality of reporting assessment
Quality assessment is positioned as an evaluation of the quality 
of reporting relevant to the  auditability of the  methodology, 
rather than as an  absolute quality assessment. A  study is 
considered adequate if it includes at least five components: 
the modeling method, class balancing strategies or an explicit 
statement regarding imbalance, evaluation metrics, validation 
design or data splitting, and the use or absence of hybrid or 
ensemble approaches if claimed as a  contribution (Page et 
al., 2021). The  assessment was conducted using a  binary 
checklist for each component, and a  summary of the  results 
provided context for interpreting the findings in the results and 
discussion sections.

RESULTS
RQ1: What machine learning and deep learning 
algorithms are used to predict student dropout 
and graduation?
To answer RQ1, this review synthesizes the machine learning 
and deep learning algorithms used in the  study corpus to 
predict students’ academic status in higher education, including 
dropout, retention, and graduation. A  summary of algorithm 
usage distribution at the corpus level is presented in Table 5. 
One study can report more than one model, so the frequencies 
in the  table represent the  number of studies reporting that 
model and are not mutually exclusive.

No Reff Year No Reff Year
1. (Rabelo and Zárate, 2025) 2025 36. (Haerani et al., 2023) 2023
2. (Deleña et al., 2025) 2025 37. (Mouchantaf and Chamoun, 2023) 2023
3. (Oqaidi, Aouhassi, and Mansouri, 2025) 2025 38. (Hoyos Osorio and Daza Santacoloma, 2023) 2023
.4 (Hooper, Ragland, and Artemiou, 2025) 2025 39. (Niyogisubizo et al., 2022) 2022
5. (Roslan et al., 2024) 2024 40. (Vidal et al., 2022) 2022
6. (Delogu et al., 2024) 2024 41. (Segura, Mello and Hernández, 2022) 2022

7. (Nguyen Thi Cam, Sarlan and Arshad, 2024) 2024 42. (Barramuño, Meza-Narváez and Gálvez-García, 
2022) 2022

8. (Villar and de Andrade, 2024) 2024 43. (Moreira da Silva et al., 2022) 2022
9. (Vaarma and Li, 2024) 2024 44. (Cannistrà et al., 2022) 2022

10. (Goran et al., 2024) 2024 45. (Nuanmeesri et al., 2022) 2022
11. (Zanellati, Zingaro and Gabbrielli, 2024) 2024 46. (Hammoodi and Al-Azawei, 2022) 2022
12. (Okoye et al., 2024) 2024 47. (Vega et al., 2022) 2022
13. (Nagy and Molontay, 2024) 2024 48. (Canto, De Oliveira and De Mattos Veroneze, 2022) 2022
14. (Ndunagu et al., 2024) 2024 49. (Yaqin, Rahardi, and Abdulloh, 2022) 2022
15. (Setiadi et al., 2024) 2024 50. (Rose and Mary.T, 2022) 2022
16. (Herianto et al., 2024) 2024 51. (Fernandez-Garcia et al., 2021) 2021
17. (Darenoh, Bachtiar, and Perdana, 2024) 2024 52. (Opazo et al., 2021) 2021
18. (Sayed, 2024) 2024 53. (Csalódi and Abonyi, 2021) 2021
19. (Anagnostopoulos et al., 2024) 2024 54. (Uliyan et al., 2021) 2021

20. (Delen, Davazdahemami and Rasouli Dezfouli, 
2024) 2024 55. (Palacios et al., 2021) 2021

21. (Cho, Yu and Kim, 2023) 2023 56. (Fontana et al., 2021) 2021
22. (Phan, De Caigny and Coussement, 2023) 2023 57. (Nanglae et al., 2021) 2021
23. (Hammoudi Halat et al., 2023) 2023 58. (Cuizon, 2021) 2021
24. (Matz et al., 2023) 2023 59. (Yaqin, Laksito, and Fatonah, 2021) 2021
25. (Villegas-Ch, Govea, and Revelo-Tapia, 2023) 2023 60. (Tsai et al., 2020) 2020
26. (Cañete-Sifuentes et al., 2023) 2023 61. (Sandoval-Palis et al., 2020) 2020
27. (Kaensar and Wongnin, 2023) 2023 62. (Freitas et al., 2020) 2020
28. (Salam and Zeniarja, 2023) 2023 63. (Alvarez, Callejas and Griol, 2020) 2020
29. (Gutierrez-Pachas et al., 2023) 2023 64. (Sani et al., 2020) 2020
30. (Won et al., 2023) 2023 65. (Bedregal-Alpaca et al., 2020) 2020
31. (Kim et al., 2023) 2023 66. (Rodríguez-Muñiz et al., 2019) 2019
32. (Martins et al., 2023) 2023 67. (Ortigosa et al., 2019) 2019
33. (Anggrawan, Hairani, and Satria, 2023) 2023 68. (Febro, 2019) 2019
34. (Gonzalez-Nucamendi et al., 2023) 2023 69. (Arumugam, Vinodhini, and Chandrasekaran, 2018) 2018
35. (Song et al., 2023) 2023 70. (Rovira, Puertas and Igual, 2017) 2017

Table 4: List of studies included in the SLR 2017-2025
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Based on Table 5, tree-based and tree ensemble models are 
the  most frequently reported, particularly Random Forest 
and Decision Tree. Baseline models are also reported in 
a  significant proportion, including logistic regression and 
SVM. Within the  boosting group, XGBoost is reported in 
several studies, along with other boosting variations such as 
Gradient Boosting, LightGBM, CatBoost, and AdaBoost. In 
the deep learning group, MLPs or deep neural networks are 
reported in a portion of the studies, while CNNs, LSTMs, or 

RNNs are reported in smaller proportions. Additionally, some 
studies report the use of explicit ensembles such as stacking 
as a model combination configuration.
To provide context for reporting at the  study level, 
representative study examples, classification scenarios, 
main models, and reported metrics are presented in Table 6. 
The examples in Table 6 are used to illustrate the variations 
in modeling scenarios and selected metrics, not to compare 
performance across studies.

Algorithm / Family Number of Studies Percentage
Random Forest 34 48.6%
Decision Tree (C4.5/CART) 28 40.0%
Logistic Regression 27 38.6%
Support Vector Machine (SVM) 27 38.6%
KNearest Neighbors (KNN) 16 22.9%
Naïve Bayes 10 14.3%
MLP / Deep Neural Network 10 14.3%
XGBoost 15 21.4%
LightGBM 6 8.6%
CatBoost 5 7.1%
Gradient Boosting lain 9 12.9%
AdaBoost 6 8.6%
CNN 4 5.7%
LSTM / RNN 4 5.7%
Ensemble eksplisit (stacking, dsb) 6 8.6%

Table 5: Distribution of model usage in the study corpus

Main Scenarios and Models Summary of study metrics and context notes

Binary, Random Forest Accuracy: 95.93 percent; F1 score: approximately 0.88. Dropout prediction in 
the B40 context (Sani et al., 2020).

Binary, XGBoost AUC is approximately 0.97; accuracy is approximately 94.1 percent (Canto, De 
Oliveira, and De Mattos Veroneze, 2022; Haerani et al., 2023; Kim et al., 2023)

Binary, Decision Tree C4.5 Accuracy is approximately 89 percent. Predicting dropout in the Malaysian context 
(Roslan et al., 2024).

Binary, Stacking SMLOS with SMOTE 
and Optuna

Accuracy is 95.5 percent. Configuration using resampling and hyperparameter tuning 
(Herianto et al., 2024).

Binary, Voting ensemble LR, DT, and 
ANN

Recall dropout is about 98 percent. Reporting emphasizes dropout metrics (Rabelo 
and Zárate, 2025).

Multiclass: 3 classes; XGBoost-tuned 
AGbSCHO.

Accuracy 88.00 percent; Cohen’s kappa 0.666. Metaheuristic tuning in multi-class 
scenarios (Goran et al., 2024).

Multiclass for three classes, LightGBM 
and CatBoost tuned with Optuna

F1 dropout 0.88; F1 graduate 0.86; F1 enrolled 0.83. Reporting metrics per class 
(Villar and de Andrade, 2024).

Multiclass for three classes, Random 
Forest with SVMSMOTE 

Balanced accuracy: 74.8 percent; global F1: 0.745. Reporting balanced accuracy and 
global F1 in multi-class scenarios (Martins et al., 2023).

Multiclass for three classes, C4.5
F-measure continues at 99.6 percent; dropout at 72.0 percent; change at 44.4 
percent. The F-measure is reported for each class, including the change class 
(Rodríguez-Muñiz et al., 2019).

Table 6: Representative studies, classification scenarios, main models, and metrics reported on predicting student academic status, 2017 to 2025

In line with Table 6, in the binary scenario, the corpus includes 
Random Forest and XGBoost reporting with metrics such as 
accuracy, F1, and AUC, as well as Decision Tree C4.5 with 
the accuracy metric. The corpus also includes studies that report 
ensemble configurations through stacking and voting, with metric 
reporting emphasizing dropout classes such as recall. In a three-

class multiclass scenario, the corpus includes studies reporting 
XGBoost with Cohen’s kappa, studies reporting LightGBM 
and CatBoost with F1 per-class, and studies reporting Random 
Forest with SVMSMOTE using balanced accuracy and global 
F1. In C4.5-based multiclass studies, F-measure reporting varies 
across classes and lists values for each status.
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RQ2: How are targets formulated as binary or 
multiclass classification in predicting student 
study status, and what implications follow for 
modelling and reporting?
To answer RQ2, this review synthesizes how studies in the SLR 
corpus frame the target of predicting student study status as binary 
or multiclass classification, including those that test both scenarios 
within a  single experimental design. A  summary of the  target 

formulation distribution at the study level is presented in Table 
7. Quantitatively, 64 out of 70 studies only conducted binary 
experiments, 3 studies only conducted multi-class experiments, and 
3 studies ran hybrid binary and multi-class scenarios (Rodríguez-
Muñiz et al., 2019; Alvarez, Callejas, and Griol, 2020; Uliyan 
et al., 2021; Martins et al., 2023; Goran et al., 2024; Villar and 
de Andrade, 2024). Of the experiments conducted, 67 evaluated 
binary scenarios, while 6 evaluated multi-class scenarios.

Study Category Number of Studies Percentage
Binary only (experiment with only 2 classes) 64 91.4%
Multiclass only (experiments with more than 2 classes) 3 4.3%
Hybrid (runs binary and multi-class) 3 4.3%
Total number of studies conducting binary experiments 67 95.7%
Total number of studies conducting multi-class experiments 6 8.6%

Table 7: Distribution of target class formulations in the SLR corpus

Based on Table 7, the  majority of studies conducted binary 
experiments, either as the sole scenario or as part of a hybrid 
scenario. In binary formulations, the  target is typically 
expressed as dropout versus non-dropout, or graduation versus 
non-graduation, within a  specific time horizon. Examples 
of the  dropout-versus-non-dropout binary formulation are 
reported in the studies by Roslan et al. (2024) and Sani et al. 
(2020), which model dropout as the primary output. Examples 
of binary formulations for graduation or dropout output are 
also found in the  studies by Canto et al. (2022), Haerani et 
al. (2023), and Kim et al. (2023), which report graduation or 
dropout predictions using metrics such as AUC and accuracy.
In contrast, multi-class formulations represent the  target as 
multiple states, each corresponding to the  student’s study 
path in greater detail. In the  corpus, a  frequently occurring 
example is three study status classes, such as Graduate, 
Enrolled, and Dropout, which are evaluated by reporting 
metrics per-class (Villar and de Andrade, 2024), as well as 
three classes of Dropout, Enrolled, and Graduate in another 

multi-class configuration (Goran et al., 2024). Variations 
in the  definition of multi-class labels are also found in 
other contexts, such as Continue, Dropout, and Change 
(Rodríguez-Muñiz et al., 2019); Promotion, Repetition, and 
Dropout (Alvarez, Callejas, and Griol, 2020); and learning 
progress-based labels such as Ongoing or Normal, At Risk, 
and Unsurpassed (Uliyan et al., 2021).

RQ3: What class imbalance handling strategies 
are reported, and what application patterns 
emerge?
To answer RQ3, this review examines the  class imbalance 
handling strategies reported in studies predicting student 
study status, including interventions at the  data, algorithm, 
and decision levels. The  distribution of strategies reported 
at the corpus level is presented in Table 8. In this synthesis, 
the  category “not reported” refers to studies that do not 
explicitly address class imbalance, making it impossible to 
trace mitigation strategies from the primary studies.

Reported strategies Number of Studies Percentage
Not reported 33 47.1%
Oversampling 16 22.9%
Undersampling 6 8.6%
Combined sampling and cost-sensitive sampling 5 7.1%
Cost-sensitive or class-weighted sampling 3 4.3%
Hybrid resampling and cleaning 2 2.9%
Decision threshold adjustment 2 2.9%
Balanced or stated design 2 2.9%
Ensemble-based sampling 1 1.4%

Table 8: Distribution of class imbalance handling strategies reported in the SLR corpus, 2017-2025

Based on Table 8, almost half of the studies did not explicitly 
report on the treatment of class imbalance. Among the studies 
reporting strategies, resampling at the  data-level is the  most 
frequently mentioned approach, particularly oversampling 
and undersampling. Additionally, the  corpus also includes 
strategies at the  algorithm and decision level, such as cost-

sensitive learning or class weighting, decision threshold 
adjustment, and sampling-based ensembles.
At the  data level, the  studies by Song et al. (2023) and 
Yaqin et al. (2021, 2022) reported the  use of family-
based oversampling techniques such as SMOTE and its 
variations. In the  study by Villar and de Andrade (2024) 
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on imbalanced multiclass data, the  corpus also included 
comparisons of oversampling techniques like SMOTE and 
ADASYN. Undersampling was reported in several studies 
to reduce the dominance of the majority class or to explore 
class ratios in rare dropout conditions (Opazo et al., 2021; 
Cañete-Sifuentes et al., 2023).
At the  algorithm and decision level, the  corpus includes 
approaches such as class weighting or cost-sensitive 
learning, probability threshold adjustment, and sampling-
based ensembles (Barramuño, Meza-Narváez, and Gálvez-
García, 2022; Gonzalez-Nucamendi et al., 2023; Villegas-Ch, 
Govea, and Revelo-Tapia, 2023; Delen, Davazdahemami, 
and Rasouli Dezfouli, 2024). Additionally, studies by 
Alvarez et al. (2020) and Martins et al. (2023) report 
problem transformation through class merging to reduce 
label imbalance in extreme minority conditions. In certain 
configurations, the  corpus also includes hybrid techniques 
that combine resampling and cleaning (Kim et al., 2023).

RQ4: To what extent are ensemble and hybrid 
methods used, and what application patterns 
emerge in this corpus?
To answer RQ4, this review examines how studies in the corpus 
apply ensemble and hybrid approaches to predicting student 
study status and identifies the application patterns that emerge 
across study designs. In this RQ, the term “ensemble” refers to 
the strategy of combining multiple models to produce a final 
prediction, such as stacking, voting, bagging, or boosting 
(Cuizon, 2021). The  term “hybrid” refers to designs that 
combine different methods within a single workflow, such as 
combining deep learning and machine learning, or building 
a staged pipeline based on clustering or feature selection (Phan, 
De Caigny, and Coussement, 2023).
A summary of the ensemble and hybrid approach categorizations 
identified in the  corpus is presented in Table 9 to illustrate 
the variety of configurations and examples of studies within 
each category.

Approach Categories in RQ4 Number of Studies Recorded Studies
Ensemble Stacking 2 (Niyogisubizo et al., 2022; Herianto et al., 2024)

Ensemble Voting 4 (Cuizon, 2021; Cañete-Sifuentes et al., 2023; Okoye et al., 
2024; Rabelo and Zárate, 2025)

Weighted and Cascading Voting 1 (Fernandez-Garcia et al., 2021)

Random Forest-Based Ensemble Bagging 4 (Sani et al., 2020; Palacios et al., 2021; Kaensar and 
Wongnin, 2023; Matz et al., 2023)

Boosting as an Ensemble 1 (Hammoudi Halat et al., 2023)
Ensembles for Imbalanced Data 1 (Martins et al., 2023)

Hybrids of Deep Learning and Machine Learning or 
Model Combination 3

(Kim et al., 2023; Delen, Davazdahemami, and Rasouli 
Dezfouli, 2024; Nguyen Thi Cam, Sarlan, and Arshad, 
2024)

Hybrid Stepwise Clustering or Feature Selection-Based 
Hybrids 2 (Nanglae et al., 2021; Nuanmeesri et al., 2022)

Hybrids Across Analytical Paradigms 1 (Csalódi and Abonyi, 2021)
Dual Classification and Survival Modeling 1 (Gutierrez-Pachas et al., 2023)

Table 9: Summary of ensemble and hybrid approach categories in the study corpus, 2017 To 2025

Based on Table 9, the  most frequently occurring categories 
are voting ensembles and random forest-based bagging, 
each appearing in 4 studies. The corpus also includes hybrid 
configurations that combine modeling paradigms or stages, 
such as integrating deep learning and machine learning, as well 
as cluster-based or feature-selection-based staged pipelines. To 
provide context for reporting at the study level, the following 
description summarizes the  configuration, comparators, and 
performance findings as reported in the primary studies.
Herianto et al. (2024) reported hybrid stacking via SMLOS, 
which combines multiple base models with a  meta model 
and compares it to individually optimized base models, with 
the  highest reported accuracy in the  tested configuration. 
Cañete-Sifuentes et al. (2023) reported on a voting ensemble 
based on machine learning automation, where VotingEnsemble 
combines multiple tree-based models and is compared to 
single models and models specifically designed to handle class 
imbalance, reporting the combination of true positive rate and 
false positive rate at a specific ratio.
Fernandez-Garcia et al. (2021) reported a proportional weighted 
ensemble combining gradient boosting, random forests, and 

support vector machines, with individual model comparisons. 
They observed changes in recall and precision in the first semester. 
Martins et al. (2023) reported on ensembles for imbalanced data 
by comparing Balanced Random Forest and Easy Ensemble with 
resampling pipelines and standard models, namely SMOTE with 
Random Forest and SVMSMOTE with Random Forest. They 
reported F1 scores and balanced accuracy for the minority class in 
a multi-class scenario. Rabelo and Zárate (2025) reported a classic 
voting ensemble that combines CART, logistic regression, and 
artificial neural networks, with individual model comparisons, 
and found higher prediction stability in the  study context. 
Hammoudi Halat et al. (2023) reported boosting as an ensemble 
with the comparators used in the study and reported performance 
results on the tested configurations.

RQ5: Which evaluation metrics and validation 
methods are used, and how suitable are they for 
imbalanced data?
To answer RQ5, the corpus shows that evaluating the prediction 
of student study status becomes less representative when relying 
solely on accuracy, especially when class distributions are 
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imbalanced. Several studies improve accuracy using confusion 
matrix-based metrics, including precision, recall, and F1 score, 
as well as metrics that are more sensitive to imbalance, such as 
balanced accuracy and G-mean (Yaqin, Rahardi, and Abdulloh, 
2022; Kim et al., 2023; Martins et al., 2023).
To complement the  tabular synthesis, Figure 4 presents two 
representative confusion matrices from a  primary study to 

illustrate class-wise error patterns in a  multi-class setting. 
This visualization supports the  argument that per-class 
reporting and confusion matrix reading are essential under 
class imbalance, particularly when minority class detection 
is central to intervention decisions. The figure is provided as 
a  representative example and does not imply an  aggregated 
benchmark across heterogeneous studies.

Figure 4: Representative confusion matrices for multi-class study status prediction illustrating class-wise error patterns. (A) Example from 
dataset S0. (B) Example from dataset S2. Reproduced from (Martins et al., 2023)

Some studies report correlation and agreement metrics, 
such as the  Matthews correlation coefficient and Cohen’s 
kappa, as performance summaries that account for all parts 
of the confusion matrix (de la Cruz Huayanay, Bazán, and 
Russo, 2024). In the corpus, this metric appears as a summary 
alternative when studies want to present a  performance 
measure that does not rely on simple aggregation.
In area-based metrics, the corpus includes reporting of AUC-
ROC and precision-recall-based metrics, including AUC-
PRPR (Luque et al., 2019; Palacios et al., 2021; Martins et 
al., 2023; Delogu et al., 2024; Vaarma and Li, 2024). Several 
studies highlight the  precision-recall curve and AUC PR 
as important complements when the  evaluation focus is 
directed toward rare positive classes, while AUC ROC is 
still reported to maintain comparability with more common 
reporting in the literature (Luque et al., 2019; Palacios et al., 
2021; Delogu et al., 2024).
The corpus also includes error metric reporting, such as 
false-positive and false-negative rates, to describe more 
specific error patterns within the  institution’s classes of 
interest. In this context, some studies emphasize the  false 
negative rate when the  evaluation focus is on the  risk of 
failing to detect at-risk students (Cañete-Sifuentes et al., 
2023; Okoye et al., 2024).
Beyond the  metrics, the  validation designs used in 
the primary studies varied. The corpus reports the use of hold-
out, stratified k-fold cross-validation, cross-validation with 
external validation, nested cross-validation, and temporal 
validation (Moreira da Silva et al., 2022; Niyogisubizo et 
al., 2022; Kim et al., 2023; Martins et al., 2023; Phan, De 
Caigny, and Coussement, 2023). Stratified k-fold is said to 
keep the  representation of minority classes in each fold, 

while nested cross-validation is used in studies that combine 
evaluation with more systematic hyperparameter tuning 
(Martins et al., 2023; Phan, De Caigny, and Coussement, 
2023). Temporal validation is also reported when studies 
test the  consistency of models across cohorts or academic 
periods (Moreira da Silva et al., 2022; Kim et al., 2023).
In some studies, the  class balancing technique is also 
described as part of the  evaluation pipeline. The  corpus 
includes reports indicating that resampling techniques, 
such as SMOTE, were applied to the  training data within 
cross-validation schemes by implementing them in each 
training fold, which allows the evaluation procedure to be 
traced without merging the  training and test data during 
the balancing stage (Kim et al., 2023; Martins et al., 2023; 
Song et al., 2023).

RQ6: What methodological gaps and challenges 
remain, and what recommendations strengthen 
future research?
To answer RQ6, the  corpus synthesis shows that research 
on predicting student study status is developing rapidly, but 
still leaves methodological gaps that can affect the validity 
of conclusions, especially when the problem is formulated 
as multiclass classification with imbalanced label 
distributions. In the  corpus, binary formulations remain 
dominant, while studies explicitly testing multi-class 
classification are relatively limited. In available multi-class 
studies, the prominent challenges are not only the decline in 
aggregate performance but also the  performance disparity 
between classes, especially when one class becomes 
an extreme minority or when classes are conceptually close 
and easily confused. Therefore, reporting metrics by class and 
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analyzing error patterns emerged as a crucial methodological 
need for understanding performance readability at relevant 
study statuses for intervention. Confusion matrix analysis 
should be used to identify systematic confusions between 
conceptually adjacent statuses and to quantify minority-
class errors that aggregate summaries may hide. Figure 4 
is included as a  representative example to illustrate how 
such confusions can be inspected in multi-class settings 
(Rodríguez-Muñiz et al., 2019; Uliyan et al., 2021; Martins 
et al., 2023; Goran et al., 2024; Villar and de Andrade, 
2024).
The next gap concerns the  traceability of methodological 
decisions for handling class imbalance. Several studies have 
reported data-level strategies, including resampling (e.g., 
SMOTE and its derivatives), hybrid approaches that combine 
oversampling and cleaning, and undersampling. Other 
studies have reported algorithm-level strategies such as class 
weighting and cost-sensitive learning. However, the  corpus 
also shows that reporting on the  treatment of imbalance 
is not always explicit, making it difficult for readers to 
assess whether improvements in minority classes stem 
from balancing strategies, model selection, or procedural 
consequences of the  evaluation. The  key concern at this 
juncture is the placement of resampling within the assessment 
pipeline, as implementing it before data partitioning may 
yield excessively optimistic performance estimates due to 
information leakage. Therefore, this review recommends that 
resampling techniques such as SMOTE be applied strictly to 

the  training folds within the  cross-validation scheme, after 
the split is created. The validation fold and any held-out test 
set must remain untouched to prevent information leakage 
and overly optimistic estimates (Cañete-Sifuentes et al., 
2023; Kim et al., 2023; Song et al., 2023).
To improve auditability and to avoid overly optimistic 
estimates caused by information leakage, Figure 5 
summarizes a  leakage-free evaluation workflow for 
imbalanced multi-class classification. The  workflow 
emphasizes that preprocessing and resampling must be 
performed only within each training fold after splitting, 
while the  validation fold remains untouched until 
evaluation. Procedural guidance for leakage-free evaluation 
under class imbalance is as follows. First, define the target 
mapping rules and report the  class distribution. Second, 
select a  validation design that matches the  intended 
deployment scenario, such as stratified cross-validation, 
temporal validation, or external validation. Third, 
within each training fold only, fit preprocessing steps, 
apply resampling, and then fit the  model, while keeping 
the validation fold untouched. Fourth, when hyperparameter 
tuning is performed, use a nested cross-validation design 
or an  inner loop to prevent information leakage into 
the evaluation. Fifth, evaluate on the untouched validation 
fold using per-class precision, recall, and F1, together 
with imbalance-sensitive summaries such as macro F1 and 
balanced accuracy, and interpret results through confusion 
matrix diagnostics.

Figure 5: Workflow for leakage-free evaluation under multi-class class imbalance, emphasizing preprocessing and resampling only within 
training folds, while validation folds remain untouched until evaluation
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In answering RQ5, the corpus indicates that research closely 
linked to the traits of imbalanced data typically improves 
accuracy by using measures derived from confusion 
matrices, imbalance-sensitive metrics, and area-based and 
error-based metrics. This variation is closely associated 
with the model’s intended application, particularly when its 
output informs risk rating and intervention prioritization. 
The corpus presents a variety of validation methodologies, 
including hold-out, stratified k-fold cross-validation, 
external validation, nested cross-validation, and temporal 
validation. This design variation demonstrates that 
the  reliability of performance estimates is significantly 
affected by the  data partitioning, the  management of 
hyperparameter tuning, and the  inclusion of cross-cohort 
or cross-temporal assessments (Moreira da Silva et al., 
2022; Niyogisubizo et al., 2022; Kim et al., 2023; Martins 
et al., 2023; Phan, De Caigny, and Coussement, 2023).
Another recurring challenge in the  corpus concerns 
the  repeatability of experiments and opportunities for 
cross-institutional replication. The  corpus demonstrates 
a dominance of internal private institutional datasets over 
public or open-access datasets. This condition enriches 
the  institutional context but, at the  same time, limits 
the  exact replication of experiments by other researchers 
due to data access, the  definition of study status labels, 
and feature structures that are often tied to local academic 
policies. In the corpus, the distribution of dataset sources 
shows a  very high proportion of private datasets relative 
to public or open-access datasets, making replication and 
generalizability issues important contexts for interpreting 
cross-study findings.
To promote a  more open future research agenda despite 
private data constraints, this review recommends 
standardizing feature structures and reporting artifacts 
so that models developed on internal datasets can still be 
tested for cross-institutional generalizability. Concretely, 
studies should publish a  feature schema listing feature 
names, definitions, types, allowable ranges, missing-value 
handling, and encoding rules, along with a mapping from 
local variables to the  shared schema. In addition, studies 
should document target mapping rules and prediction 
horizons using consistent terminology and provide 
evaluation scripts or pseudocode that enable external teams 
to replicate preprocessing, splitting protocols, and metric 
computation on their own institutional data. These steps do 
not require releasing identifiable student records, yet they 
enable reproducible comparisons and cross-institutional 
validation through a shared representation of the problem.

To strengthen traceability and auditability, the corpus also 
indicates the need for consistent minimal reporting standards 
across studies. In this manuscript, quality assessment is 
positioned as an  evaluation of reporting quality relevant 
to methodological auditability, with minimal components 
including modeling methods, strategies for handling 
imbalance or explicit statements regarding imbalance, 
evaluation metrics, validation designs or data splitting, 
and clarity of use or the  absence of hybrid or ensemble 
approaches when claimed as contributions (Page et al., 
2021). Minimal reporting checklist for auditability and 
reproducibility: (1) Target definition and mapping rules, 
including the  institutional policy assumptions used to 
label dropout or graduation related outcomes; (2) Class 
distribution reported for the  overall dataset and for each 
split or fold, not only at the  full dataset level; (3) Data 
splitting and validation protocol, including whether 
the split is stratified, temporal, or uses an external test set, 
and the rationale for the choice; (4) Pipeline specification 
that explicitly states the  sequence of preprocessing, 
resampling, and model fitting, and explicitly states that 
resampling is performed only within training folds; (5) 
Hyperparameter tuning protocol, including whether nested 
cross-validation or an  inner loop is used, and which data 
are used for selection; (6) Evaluation metrics including 
per-class precision, recall, and F1, together with at least 
one imbalance-sensitive summary such as macro F1 or 
balanced accuracy, and an additional summary such as MCC 
or kappa when applicable; (7) Confusion matrix analysis 
describing systematic confusions between conceptually 
adjacent classes and the  error profile of the  minority 
class; (8) Reproducibility artifacts including random seed 
control, software libraries, and a description of the feature 
schema sufficient for replication or cross-institutional 
testing. This framework helps read the  findings of RQ1-
RQ5 in a  more structured way, while also highlighting 
the  methodological sections that are most often a  source 
of uncertainty in the interpretation of primary studies. As 
a  cross-RQ1 to RQ6 summary, the  dimensions of target 
formulation, degree of imbalance, handling strategies, and 
evaluation and validation can be mapped as a study design 
taxonomy synthesized in the  manuscript and presented 
in Figure 6. This taxonomy is presented as a summary of 
findings that facilitates pattern reading and as a framework 
for formulating a  methodological strengthening agenda 
for subsequent research, without making any single 
configuration a  claim of universal superiority across all 
institutional contexts.
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DISCUSSION
The synthesis in the Results section indicates that predicting 
students’ study status in higher education has become 
an  established research theme, characterized by a  variety 
of publication venues and the  widespread use of machine 
learning, including tree-based models, boosting, and some 
forms of deep learning. However, across the  RQs, it also 
appears that the maturity of modeling is not always matched 
by that of evaluation or the  traceability of study design 
decisions. This inequality is important within the  framework 

of efficiency and responsibility in education and science. From 
an efficiency perspective, indefensible evaluation designs can 
lead to inefficient allocation of limited support capacity due to 
misleading error trade-offs. From a responsibility perspective, 
the  same indefensible designs can lead to conclusions that 
are not defensible for educational decision support and 
not accountable as scientific evidence (Vidal et al., 2022; 
Villegas-Ch, Govea, and Revelo-Tapia, 2023). Accordingly, 
this Discussion interprets the  results in terms of operational 
implications for efficient interventions and methodological 

Figure 6: Study design taxonomy for predicting student dropout on imbalanced data, synthesized from findings RQ1 to RQ6
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implications for responsible evidence, and it concludes with 
actionable recommendations derived from the  taxonomy, 
including reporting, evaluation, and reproducibility priorities.
The findings in Table 5 and the case studies in Table 6 confirm 
the dominance of the pragmatic tabular approach, particularly 
tree-based methods such as tree families and tree ensembles, 
with boosting. This pattern aligns with the  generally 
administrative and tabular nature of academic data and 
the  relatively easy implementation requirements. However, 
for cross-institutional generalization, the primary value of this 
SLR is better characterized as mapping the patterns of study 
design decisions that determine the  strength of performance 
claims, rather than ranking cross-study models. Variations 
in the  definition of study status and prediction horizon, and 
differences in curriculum structure and academic policies, 
often make performance figures between studies incomparable, 
so consistency in defining targets and the  defensibility of 
evaluations are prerequisites for interpretation (Rodríguez-
Muñiz et al., 2019; Palacios et al., 2021). The private dataset 
dominance observed in the  corpus further constrains cross-
institutional generalizability because target definitions, feature 
construction, and academic policies are often institution-
specific. Therefore, an  open research agenda in this domain 
should prioritize the  portability of research artifacts rather 
than that of raw data. A practical path is to standardize feature 
structures through shared feature schemas and data dictionaries 
that preserve privacy while enabling cross-institutional testing. 
Under this agenda, different institutions can implement 
a  compatible feature schema locally and evaluate the  same 
modelling and validation protocol on their own cohorts, 
which supports stronger external validation evidence without 
requiring sensitive record sharing.
From the perspective of target formulation, Table 7 shows that 
binary experiments dominate, while multi-class experiments 
are relatively limited. The  dominance of binary experiments 
can be understood as a  simplification of the  early warning 
task. Still, multi-class studies in the corpus show a complexity 
closer to the reality of the institutional study status. In multi-
class scenarios, performance differences between classes 
become more apparent, especially when there are extreme 
minority classes or conceptually close status categories that 
are easily confused (Rodríguez-Muñiz et al., 2019; Martins et 
al., 2023; Goran et al., 2024; Villar and de Andrade, 2024). 
The implication is that a single-number performance summary 
based on aggregate data becomes increasingly risky for 
multiple classes because it can mask weaknesses in the status 
most relevant for intervention.
Regarding class imbalance, Table 8 shows that the  reported 
handling strategies included resampling, class weighting, cost-
sensitive learning, and other variations, but the proportion of 
studies that did not explicitly state the  imbalance treatment 
remained high. This limitation is not marginal: Table 8 shows 
that 33 of 70 studies (47.1%) did not explicitly report class-
imbalance handling strategies. This lack of procedural reporting 
is a  significant obstacle to auditability and reproducibility 
because readers cannot verify whether reported improvements 
in the minority class arise from the intended imbalance strategy, 
from model choice, or from evaluation design side effects. 

This is a critical reporting issue because the lack of procedural 
information makes it difficult to assess whether performance is 
driven by the appropriate strategy or by estimation bias arising 
from a loose evaluation design. The literature emphasizes that 
the key issue is not just the use of resampling but its placement 
within the  evaluation pipeline, specifically, whether it is 
applied only to the  training data, including to each training 
fold during cross-validation, to prevent information leakage 
and overly optimistic estimates (Kim et al., 2023; Martins et 
al., 2023; Song et al., 2023). Therefore, defensible reporting 
needs to explicitly state the sequence of procedures, including 
data separation, validation schemes, hyperparameter tuning, 
and resampling positions.
On the metric side, the findings of RQ5 reinforce the conclusion 
that accuracy is an  inadequate single summary measure for 
class imbalance. More responsible practices are evident in 
studies that complement accuracy with precision, recall, F1, 
and imbalance-sensitive metrics such as balanced accuracy 
and G-mean (Yaqin, Rahardi, and Abdulloh, 2022; Kim et al., 
2023; Martins et al., 2023). The corpus also includes summary 
metrics that consider all components of the  confusion matrix, 
such as the Matthews correlation coefficient and Cohen’s kappa 
(de la Cruz Huayanay, Bazán, and Russo, 2024). In curve-based 
evaluation, the  literature confirms that in extreme imbalances, 
ROC can appear satisfactory even though the performance of 
the  rare positive class remains weak, making precision-recall-
based metrics, including AUC PR, more informative when 
the institution’s goal is to rank dropout risk (Luque et al., 2019; 
Palacios et al., 2021; Martins et al., 2023; Delogu et al., 2024; 
Vaarma and Li, 2024). At the implementation level, the cost of 
errors is reflected in the  reporting of false-positive and false-
negative rates, especially when the focus is on the risk of failing 
to detect at-risk students (Cañete-Sifuentes et al., 2023; Okoye 
et al., 2024). This confirms that the efficiency of interventions 
depends on managing the trade-off between errors and academic 
service capacity, not solely on average performance.
RQ4 shows that ensembles and hybrid configurations are 
present with varying intensities (Table 9). The emergence of 
voting ensembles and bagging based on Random Forest can 
be interpreted as a  pragmatic strategy to improve prediction 
stability on tabular data. However, adding complexity through 
stacking, weighted voting, or hybrid designs does not always 
make implementation more efficient unless there is strict 
validation and clear reporting. Some studies show benefits in 
their own test settings, such as hybrid stacking (Herianto et al., 
2024) and changes in the trade-off for automation-based voting 
(Cañete-Sifuentes et al., 2023). Other studies focus on changes 
in recall and precision in the  early stages that are important 
for early warning (Fernandez-Garcia et al., 2021). Therefore, 
ensembles and hybrids are more accurately positioned as 
tools for managing trade-offs in specific contexts, rather than 
as guarantees of universal improvement (Vidal et al., 2022; 
Villegas-Ch, Govea, and Revelo-Tapia, 2023).
As a  cross-RQ synthesis, Figure 6 summarizes the  most 
critical design decisions for result reliability, namely target 
formulation, degree of imbalance, imbalance-handling 
strategies, and evaluation and validation. This taxonomy 
confirms that algorithm selection cannot be separated from 
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more fundamental decisions, particularly the  definition of 
labels, the prediction horizon, and the validation scheme. Thus, 
Figure 6 can serve as an audit framework for reporting prior 
studies and as a checklist for designing new studies, thereby 
ensuring greater consistency and comparability.
Implications for efficiency and responsibility can be drawn 
directly from the  taxonomy. For efficiency, the  evidence base 
becomes more actionable when studies report class-specific 
error patterns and explicitly relate metric choices to intervention 
capacity, because early warning systems operate under 
constrained mentoring and support resources. For responsibility, 
the  evidence base becomes more defensible when studies 
transparently report target definitions, validation designs, and 
minority class performance, because these elements determine 
whether results can be trusted for educational decision support 
and whether findings are reproducible and accountable as 
scientific contributions. Accordingly, this review emphasizes 
that efficiency-oriented deployment and responsibility-oriented 
research practice depend on consistent reporting and evaluation 
choices, not solely on algorithm selection. This link clarifies how 
study design decisions translate into both operational value and 
scientific accountability. A further implication of using a single 
database is that the  descriptive distributions reported in this 
review, such as the  relative prevalence of specific algorithms, 
imbalance-handling strategies, or validation designs, may be 
sensitive to index coverage. For example, education-oriented 
journals and applied analytics outlets may be indexed differently 
from engineering and computing venues, which could shift 
the observed proportions of methods even when the substantive 
methodological issues remain similar. Importantly, the  main 
conclusions of this review emphasize study design transparency, 
leakage-free evaluation, and reporting on minority classes 
rather than absolute performance rankings. Therefore, while 
the inclusion of additional databases may alter some frequency-
based summaries, the central recommendations on auditability 
and defensible evaluation are expected to remain applicable. 
Nevertheless, future work should replicate the protocol across 
multiple sources, such as Web of Science and discipline-specific 
libraries, and compare overlaps to assess the  robustness of 
the observed patterns.
This study has three main limitations. First, the  search relies 
on a  single database, Scopus, which may introduce index 
coverage bias (Mongeon and Paul-Hus, 2016; Baas et al., 
2020). Scopus was selected as a practical proxy for high-quality 
peer-reviewed journal literature because it provides broad 
multidisciplinary journal indexing with consistent metadata, 
enabling a  reproducible and auditable protocol. However, 
relevant studies may still appear in other curated indexes or 
discipline-specific libraries, and their inclusion could shift some 
descriptive distributions, such as the  relative frequencies of 
algorithms or validation designs. The main conclusions of this 
review are primarily methodological and focus on transparency, 
leakage-free evaluation, and minority class reporting, so they are 
less dependent on the exact distribution of methods. However, 
future work should extend retrieval to additional sources, 
such as the  Web of Science and discipline-specific libraries, 
to quantify overlap and test robustness. Second, the  protocol 
restricts the  corpus to open-access journal articles with DOIs 

and English language, which improves verifiability but may 
omit relevant evidence that is not open-access, not written in 
English, or disseminated in alternative publication formats. 
Third, the dominance of private datasets limits exact replication 
and cross-institutional comparison, as target definitions, feature 
construction, and academic policies are often context-specific. 
To mitigate this limitation while respecting privacy constraints, 
future work should standardize feature structures through shared 
feature schemas and mapping documentation, so that models 
and evaluation protocols can be tested across institutions even 
when the  underlying datasets cannot be released (Rodríguez-
Muñiz et al., 2019; Palacios et al., 2021; Hooper, Ragland, and 
Artemiou, 2025).
The implied future research agenda is to strengthen evaluation 
and reporting standards for predicting study status, especially in 
imbalanced multi-class scenarios. Priorities include reporting 
metrics per-class and stable summaries such as the  Matthews 
correlation coefficient or Cohen’s kappa, affirming validation 
procedures and the  position of resampling in the  pipeline, 
and using more conservative validation when intensive 
hyperparameter tuning is performed, including nested cross-
validation, temporal validation, or external validation on 
different cohorts (Niyogisubizo et al., 2022; Martins et al., 2023; 
Phan, De Caigny, and Coussement, 2023; Song et al., 2023; de 
la Cruz Huayanay, Bazán, and Russo, 2024).

CONCLUSIONS
This study synthesizes 70 studies on predicting student academic 
status in higher education using machine learning and deep 
learning approaches from 2017 to 2025, with an emphasis on 
addressing class imbalance and ensuring defensible evaluation. 
The findings indicate that the contribution of research in this field 
cannot be assessed solely on the basis of algorithm selection or 
aggregate performance metrics. Its reliability and usability are 
more determined by the  study design decisions, particularly 
the  formulation of the  target, the  degree of imbalance, 
the  strategies for handling imbalance, and the  evaluation and 
validation design. Binary formulation dominance still stands 
out, while multi-class studies are relatively limited but closer to 
the reality of institutional study status and tend to reveal clearer 
performance gaps between classes. At the same time, variations 
and incompleteness in reporting treatment imbalances, metrics, 
and validation procedures limit cross-study comparability and 
reduce confidence in cross-institutional generalizability.
Within the  framework of efficiency and responsibility in 
education and science, the  practical value of a  prediction 
system depends on the  transparency of error trade-offs, 
the  reporting of metrics representing minority classes, and 
validation aligned with operational scenarios, because these 
elements determine whether the  evidence supports capacity-
aware interventions and whether the results remain defensible, 
reproducible, and accountable. Further research is needed 
to strengthen minimum reporting standards, correctly place 
resampling within the  training and validation process, and 
expand class-wise metric reporting in multi-class scenarios. 
More conservative validation designs, including nested, 
temporal, or external validation when possible, are also needed 
to support stable implementation across cohorts.
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