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Abstract 

Education is a fundamental human right, established by international agreements such as the Sustainable 
Development Goal 4, which promotes an inclusive and quality education. In Mexico, upper secondary and 
tertiary education exhibit the highest student dropout rates, adversely impacting social equity, employment 
opportunities, economic development, and the sustainability of educational institutions. In response to this 
challenge, machine learning, artificial intelligence, and deep learning techniques have emerged as relevant 
tools for the early prediction of student dropout and the development of more effective retention strategies. 
The aim of this study was to systematically analyze recent literature on predictive models applied to dropout 
in higher education, identifying the most effective algorithms and the key factors influencing the 
phenomenon. The methodology followed the PRISMA framework for systematic reviews. Searches were 
conducted in the Scopus and Web of Science databases covering publications from January 2020 and April 
2025. After removing duplicate records, applying JCR indexing criteria, and assessing thematic relevance, 
45 high-impact studies were selected. The data were subsequently organized and analyzed using tabular 
and graphical tools in RStudio. The results indicate that the most effective algorithm is Random Forest, 
particularly when combined with balancing techniques such as SMOTE Tomek Links, achieving 
performance metrics above 99%. The most influential factors were found to be current academic 
performance variables, followed by socioeconomic and admission factors. The analysis confirms the 
feasibility of implementing predictive models in higher education to reduce student dropout, providing to 
academic administrators valuable information to target support measures and enhance the efficiency of the 
educational system. In the specific case of a private institution such as the Universidad Popular Autónoma 
del Estado de Puebla (UPAEP), implementing the most effective dropout prediction algorithm would have 
a positive impact by enabling early and personalized interventions for at-risk students, helping them 
overcome academic, financial, or emotional challenges, and promoting their retention and academic 
success. Faculty members would have better tools to identify and support at-risk students, strengthening 
academic support. These actions are expected to significantly reduce dropout rates, optimize institutional 
resources, and reinforce the university's academic reputation. 
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1. Introduction

Education is a fundamental human right recognized worldwide through Article 26 of the Universal 
Declaration of Human Rights, which states that everyone has the right to education (Organización de las 
Naciones Unidas, 2024a). This principle is reinforced by the Sustainable Development Goal 4 (SDG 4), 
which aims to ensure inclusive and equitable quality education and promote lifelong learning opportunities 
for everyone (Organización de las Naciones Unidas, 2024b). Within this framework, the United Nations 
Educational, Scientific and Cultural Organization (UNESCO) plays a central role in promoting the right to 
education by strengthening education policies, teacher training, infrastructure improvements, and the 
strategic integration of emerging technologies, including artificial intelligence, with the goal of eliminating 
structural barriers that limit access to and retention in school (UNESCO, 2024). 

In Mexico, the national education system has aligned itself with these international commitments 
through reforms aimed at improving educational coverage and quality. The 2020–2024 Sectoral Education 
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Program establishes, among its priority strategies, the consolidation of support and school coexistence 
programs to reduce school dropout rates and improving graduation rates, strengthening the transition 
between levels and modalities of the education system (Secretaría de Educación Pública, 2020). However, 
despite the reported progress, official statistics indicate that dropout rates remain higher at the upper 
secondary and higher education levels, maintaining a downward trend in recent decades (Instituto Nacional 
de Estadística y Geografía (INEGI), 2025). This phenomenon has profound implications by contributing to 
a reduction in employment opportunities, being associated with lower wages, and contributing to higher 
levels of informality (Bentaouet Kattan & Székely, 2015). 

University dropout is a complex and multidimensional phenomenon that does not stem from a 
single cause, but rather from the interaction of academic, socioeconomic, institutional, and personal factors 
that influence students' educational trajectories (Barragán Moreno & González Támara, 2024). Abandoning 
higher education represents a crucial challenge for higher education institutions, due to its negative impact 
on both students and society (Vaarma & Li, 2024). In this sense, university dropout has been defined as the 
premature abandonment of an academic program before obtaining the corresponding degree, once a 
sufficient period has elapsed to rule out the student's readmission, and it can be analyzed from 
psychological, economic, sociological, organizational, and interactional perspectives (Jiménez-Gutiérrez  
et al., 2024). 

Over the past two decades, the increasing availability of digitized educational data has fostered 
research aimed at the early prediction of dropout rates using machine learning, artificial intelligence, and 
deep learning techniques. These approaches have proven useful in both online and face-to-face educational 
contexts. Recent studies have identified algorithms such as neural networks, boosting models, and ensemble 
methods as effective tools for predicting dropout rates, as well as the relevance of academic and interaction 
variables on LMS platforms to explain this phenomenon (Urteaga et al., 2020; Fernandez-Garcia et al., 
2021; Rebelo Marcolino et al., 2025; Vaarma & Li, 2024). However, literature reviews warn of fragmented 
approaches, heterogeneous definitions of dropout, and limitations in the explanatory power of purely 
automated models, underscoring the need for systematic and integrative analyses (Elibol & Bozkurt, 2023; 
Parra-Sánchez et al., 2023). In this context, given that student dropout is a core issue for any educational 
institution and considering that the highest dropout rates in Mexico occur in upper secondary and higher 
education, this research focuses on analyzing the literature on the application of machine learning, artificial 
intelligence, and deep learning methods for the early prediction of university dropout. The proposed 
literature review seeks to answer the following questions: 1) what algorithms have been used for predicting 
and preventing university dropout, and which are the best based on validation metrics? And 2) what factors 
significantly determine university dropout? 
 
2. Methodology 

 
The study was based on a systematic literature review focused on analyzing research that uses 

machine learning, artificial intelligence, and deep learning algorithms to predict student dropout rates in 
higher education. The review encompassed publications from January 2020 to April 2025 and was 
structured according to the PRISMA guidelines, following three main stages: article search, study selection 
and registration, and data extraction and analysis (Page et al., 2021). Publications were identified in the 
Scopus and Web of Science databases using a search strategy applied to document titles that combined 
terms related to student dropout and predictive approaches based on artificial intelligence. An initial 261 
articles were identified, of which, after removing duplicates, 174 unique publications were obtained. 

In a second stage, the studies were subjected to more restrictive selection criteria, considering only 
articles indexed in journals included in the Journal Citation Reports (JCR) and with open access to the full 
text. Subsequently, an additional filter was applied, prioritizing publications ranked in the 50th percentile 
or higher of the JCR and focused on higher education student dropout rates. This resulted in the final 
selection of 45 articles for detailed analysis. Data extraction was carried out by consolidating the records 
into a unified database, followed by a thorough reading of each study to identify key information related to 
samples, variables, predictive algorithms, and evaluation metrics. The analysis was supported by tabular 
and graphical tools implemented in RStudio. 

Finally, due to the heterogeneity and large number of variables reported in the analyzed studies,  
a categorization strategy based on previous proposals in the literature was adopted, complemented by an 
additional dimension of online activity, in order to distinguish between face-to-face and virtual modalities 
(de Oliveira et al., 2021). This categorization allowed the variables to be organized into eleven analytical 
dimensions: academic background, entry or admission, current academic, final academic, online activity, 
individual, socioeconomic, sociodemographic, external support, environment and university. 
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3. Results 
 
The study's findings show a clear predominance of supervised learning algorithms, particularly 

those based on decision trees and ensemble methods. Among these, Random Forest (RF) stands out as the 
most widely used and best-performing algorithm overall, accounting for 13.3% of individual applications 
and reaching nearly 19.9% when combined with other algorithms or balancing techniques; other relevant 
models include Categorical Boosting, Decision Tree, k-Nearest Neighbors, and Logistic Regression. 
Regarding the factors that significantly determine university dropout rates, the results show a clear 
consensus on the centrality of current academic variables, which represent 25.3% of the identified 
influencing factors. These include indicators such as overall GPA, number of credits earned, courses not 
passed, percentage of courses successfully completed, and attendance. Second are socioeconomic factors, 
with an incidence of 15.2%, followed by entry or admission variables and those associated with activity on 
online learning platforms (figure 1). 

 
Figure 1. Important dimensions. 

 

 
 
The comparative analysis by educational modality reveals that, although current academic 

variables maintain a similar relevance in both modalities, there are significant differences in other 
dimensions. For example, “In person” modality, entry or admission factors and socioeconomic factors carry 
more weight, while in the online modality, variables associated with activity on LMS platforms are clearly 
predominant (Figure 2). Likewise, when differentiating by educational sector, it is identified that current 
academic factors are more relevant in the private sector, while in the public sector, entry factors and online 
activity variables carry more weight (Figure 3). 
 
Figure 2. Important dimensions by modality: online 

(blue) face-to-face (red). 

 

Figure 3. Important dimensions by sector: private 
(red) and public (blue). 

Finally, the supplementary analysis reveals that most studies are conducted in public institutions 
and in person educational settings. Research with institutional coverage predominates, based primarily on 
internal data generated by the educational institutions themselves. Furthermore, a trend toward 
multidisciplinary approaches is observed, as well as a wide geographical diversity in the analyzed studies. 
In terms of computational tools, Python emerges as the most widely used programming environment, 
followed by R, reflecting current preferences in the development of predictive models applied to university 
dropout rates. 
 
4. Discussion 

 
The analysis of the algorithms used reveals a clear predominance of methods based on decision 

trees and ensemble techniques, particularly Random Forest, which is consistent with previous studies in 
educational data mining (Andrade-Girón et al., 2023; Dekker et al., 2009). Several studies report that these 
models achieve high levels of performance, especially when combined with class balancing techniques 
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such as SMOTE-Tomek Links (Fernández-Delgado et al., 2014; Kumar et al., 2024). However, the 
discussion cautions that extremely high metrics should be interpreted with care, as they may reflect 
overfitting, biases derived from preprocessing, or particular characteristics of the datasets, rather than 
generalizable performance. Furthermore, the observed methodological heterogeneity—stemming from the 
diverse use of balancing techniques (Chen et al., 2020; Fernandez-Garcia et al., 2021) and explainable 
artificial intelligence approaches (Delen et al., 2024; Rebelo Marcolino et al., 2025)—hinders direct 
comparison between studies. This situation is reinforced by the variability in the validation metrics 
employed, where accuracy continues to predominate despite its limitations in contexts of unbalanced 
classes (Herzog, 2006). Regarding predictor variables, there is broad consensus on the centrality of current 
academic indicators, such as grade point average, accumulated credits, and failed courses, as the most 
consistent predictors of university dropout (Kocsis & Molnár, 2025). This finding is consistent with the 
classic literature on student dropout (Bean, 1979; Tinto, 1993). However, the recurring exclusion of 
socioeconomic, personal, and contextual variables limits the explanatory power of the models and 
reinforces the need to understand university dropout as a socially situated and structural phenomenon 
(Cabrera et al., 1992; Parra-Sánchez et al., 2023). In this sense, the importance of moving towards more 
transparent, explainable, and socially responsible approaches to the use of artificial intelligence in education 
is emphasized (Holstein et al., 2019; Williamson & Eynon, 2020). 

 
5. Conclusions and limitations 

 
The systematic review successfully answered the research questions and achieved the stated 

objectives by providing a structured synthesis of the methodological, algorithmic, and explanatory 
approaches used to predict university dropout. The findings reveal a clear predominance of ensemble 
algorithms, particularly Random Forest, which emerges as the most frequently employed method and the 
one with the best reported performance in the analyzed studies, both as a standalone classifier (13.3%) and 
in combination with other models or class-balancing techniques (19.9%). The analysis of factors associated 
with university dropout, based on eleven dimensions, indicates that current academic characteristics 
constitute the most influential dimension (25.3%), followed by socioeconomic characteristics (15.2%). 
However, the predominant use of ensemble models calls for caution in interpreting the high-performance 
levels reported, as these may reflect overfitting or limited capacity for generalization, while the recurrent 
exclusion of socioeconomic, personal, and contextual variables constrains the explanatory power of the 
models and their applicability for designing comprehensive interventions. Moreover, the substantial 
methodological heterogeneity of the studies, the frequent use of secondary data, and the concentration of 
evidence in specific contexts limit the transferability of the findings and highlight the need for future 
comparative, longitudinal, and context-sensitive research. 
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