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ABSTRACT ARTICLE HISTORY
Access to higher education is a cornerstone for developing nations and individuals, as Received 17 December 2024
it contributes to economic growth, the reduction of inequality and improvements in Revised 25 March 2025
quality of life. To address educational disparities in rural areas, governments have  Accepted 10 April 2025
implemented various strategies to ensure the right to higher education, with virtual
education emerging as a significant approagh. Howevgr, despite these efforts, s.tuder.\t Dropout; virtual education;
dropout rates in virtual programmes remain a considerable challenge, especially in rurality; higher education;
rural contexts where socioeconomic and academic conditions are often unfavourable. machine learning

This study aimed to identify and predictive patterns associated with dropout among

higher education students variables enrolled in virtual undergraduate programmes in SUBJECTS

rural areas. The study was developed with data from students belonging to educa-  Higher Education; Open &
tional programmes in Colombia, with a sample of 269 rural students. Using artificial Distance Education and
neural networks (ANNs), the study analysed the influence of variables grouped into g:t_j(?ir:smg; Curriculum
individual, socioeconomic, academic and institutional determinants on the dropout

intentions of rural students in virtual programmes. The findings provided a compre-

hensive view of this complex phenomenon, highlighting the interaction between mul-

tiple determinants and offering tools to design strategies that mitigate dropout rates

and enhance retention among rural students.
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IMPACT STATEMENT

This study provides higher education institutions with a predictive tool to identify
dropout risks among rural students in virtual programs, enabling early interventions
and improved retention. For policymakers, the findings support the design of targeted
strategies that integrate socioeconomic support and infrastructure development in
rural areas. Academically, it advances the literature by introducing artificial neural net-
works in the analysis of dropout intentions, offering a multidimensional approach that
captures complex interactions among variables. The research sets a precedent for evi-
dence-based, context-sensitive solutions to educational inequality in rural and digital
learning environments.

Introduction

Higher education has been regarded as a cornerstone for both national development (Guzman et al,,
2021a, 2021b, 2021¢; Herbaut & Geven, 2020) and the personal advancement of students (Barragan
et al., 2022; Ghignoni, 2017; Lauder & Mayhew, 2020). For nations, higher levels of education among the
population are closely linked to economic growth, social cohesion and innovative capacity, which
strengthen global competitiveness (NUnez & Gonzalez, 2019). Furthermore, from a societal perspective,
higher education contributes to reducing violence and insecurity, fostering active citizenship in demo-
cratic processes, and decreasing common crime rates (Chalfin & Deza, 2019; Guzman et al, 2021a,
2021b, 2021¢; Lance, 2011). In terms of student development, higher education represents not only the
opportunity to access better employment (Sosu & Pheunpha, 2019; Valencia et al, 2024) and,
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consequently, higher income (Guzman et al, 2021a, 2021b, 2021c; Lance, 2011) but also the develop-
ment of technical skills and competencies, such as critical thinking, adaptability and innovation (Smith-
Greenaway, 2020).

Based on this premise, governments, particularly in Western nations, have developed public policies
aimed at enhancing access to and the quality of higher education (Arias et al, 2024; Guzman et al.,
2023b; Pinheiro De Oliveira, 2024; St. John et al.,, 2018). Recently, these policies have increasingly tar-
geted vulnerable populations, such as those in rural areas, to reduce educational inequalities and
improve development opportunities in historically underserved regions (Guzman et al., 2023b). Examples
of these policies include scholarship programmes in Mexico that provide access to higher education for
students from rural and Indigenous communities (Garcia-Mora & Mora-Rivera, 2023), as well as Peru’s
Beca version 18 program, Lima, Peru, which has been a key tool in promoting educational equity by
granting access to higher education for low-income youth from rural, Indigenous and violence-affected
areas (Salinas et al., 2018).

Recently, public policies facilitating access to higher education in rural areas through virtual
platforms have been implemented, addressing the challenges that Higher Education Institutions
(HEIs) face in developing regional capacities, particularly in developing countries. Virtual education
has thus emerged as an effective solution to overcome geographical and logistical barriers, ena-
bling young people from remote communities to access academic programmes without the need
to relocate to urban centres (Guzman et al.,, 2021a, 2021b, 2021c). For instance, in Colombia, pub-
lic policies promoting virtual education aim to bridge the educational gap between urban and
rural areas (Guzman et al., 2023b), foster social mobility, and improve socioeconomic conditions in
rural regions. Similar policy orientations can be observed in countries, such as South Africa
(Mhlanga et al., 2022; Mncube et al., 2021), India (Debnath & Bardhan, 2020) and Kazakhstan
(Chankseliani et al., 2020).

Despite public policies designed to enhance access to higher education in rural areas, student drop-
out remains a significant challenge, undermining the benefits of higher educational attainment for both
nations and individuals. In countries that have sought to expand access to higher education through vir-
tual education policies, this issue is even more pressing, as dropout rates tend to be higher in virtual
than in traditional face-to-face programmes (Grau-Valldosera et al., 2019; Rahmani et al., 2024; Zhang
et al,, 2021), with estimates ranging between 40% and 80% (Hachey et al., 2023; Salim & Luo, 2019). It is
important to mention that the problem of educational dropout in rural areas is not exclusive to higher
education, and in the virtual modality, but is a problem that occurs at all educational levels (Cele et al.,
2025; Chakrabarti et al., 2024; Dayasiri et al., 2025; Han & Kumwenda, 2025; Kiziltas & Gondulal, 2024;
Parker & Sudibyo, 2024).

In the specific case, research focused on the interaction between dropout, rurality and virtual higher
education is limited (e.g. Guzman et al., 2021a, 2021b, 2021¢; Meisalo et al., 2002), which makes it diffi-
cult to understand the specific variables that influence dropout and to detect recurring patterns
(Guzman et al., 2021a, 2021b, 2021c). Previous studies have established that dropout in rural and virtual
higher education is a multicausal phenomenon influenced by individual, socioeconomic, academic and
institutional variables (Guzman et al.,, 2021a, 2021b, 2021c¢). At the individual level, variables related to
personal conditions play a role, such as students’ motivation and ability to adapt, as well as parents’
educational level and family obligations (Guzman et al, 2021a, 2021b, 2021c; Guzman et al.,, 20223,
2022b; Muro et al.,, 2024). Meanwhile, in the socioeconomic sphere, financial constraints and geograph-
ical and access barriers (e.g. software, hardware and broadband or high-speed internet) hinder continued
enrolment in virtual rural higher education (Muro et al.,, 2024). From an academic standpoint, the quality
of education and the availability of appropriate educational resources are essential to preventing univer-
sity dropout, as are the cultural and social factors surrounding the student, including the lack of
empathy from authorities, professors and peers (Guzman et al., 2021a, 2021b, 2021¢; Segovia-Garcia
et al. 2024). Furthermore, institutional characteristics also play a critical role, as they influence the cap-
acity of HEls to respond and adapt to the specific needs of each rural community (Guzman et al., 2022a,
2022b).

Although significant progress has been made in understanding dropout rates in rural higher educa-
tion under the virtual modality, it is crucial to recognise that the variables analysed thus far remain
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limited. This underscores the need to broaden the scope of study with new perspectives and variables
that enable a deeper understanding of this multifaceted phenomenon, particularly in rural settings and
virtual education. Moreover, a methodological gap can be observed in the type of modelling used to
study dropout in virtual higher education for rural populations, since research has thus far favoured a
more descriptive rather than predictive approach. Addressing this methodological gap would provide
states and HEIs with more robust tools to make decisions from a comprehensive perspective, ultimately
facilitating the design of more effective prevention and retention strategies.

Addressing this knowledge gap, this study posed the following question: Which variables and predict-
ive patterns are associated with dropout among higher education students in rural areas who are
enrolled in virtual undergraduate programmes? The decision to focus on dropout intentions stemmed
from the need to prevent dropout before it occurs. Unlike retrospective studies that analyse completed
dropout cases (e.g. Guzman et al, 2021a, 2021b, 2021¢c; Hachey et al., 2023; Meisalo et al., 2002;
Segovia-Garcia et al., 2022), investigating dropout intentions enables the identification of predictive pat-
terns and the design of interventions to prevent and mitigate dropout in rural virtual higher education.

This study aims to contribute to both academic discourse and the development of public and institu-
tional policies by HEls. Academically, it seeks to strengthen the theoretical framework of dropout in vir-
tual higher education by identifying predictive patterns characterising dropout intentions among rural
students in virtual programmes (Guzman et al., 2021a, 2021b, 2021¢; Muro et al., 2024). Revealing these
patterns broadens the understanding of specific variables affecting student retention in rural virtual
higher education and informs the creation of tailored support programmes by HEls and policymakers
(Bolliger & Halupa, 2018; Guzman et al., 2022a, 2022b; Martin et al, 2023). These initiatives could
improve retention rates and help close the gaps in access and academic success for these vulnerable
populations.

The specific context of this study was Colombia, a country facing deep inequalities in access to and
retention of higher education, particularly in rural areas. Colombia has concentrated its efforts on facili-
tating education through virtual platforms (Bolliger & Halupa, 2018; Guzman et al., 2021a, 2021b, 2021¢;
Nielsen & Kimaro, 2019; Ruiz-Bolivar & Rios-Cabrera, 2020). The Colombian case is particularly relevant as
it sheds light on the conditions leading rural students to drop out of virtual programmes in a develop-
ing country context (Guzman et al.,, 2022a, 2022b). This focus enriches knowledge about educational
phenomena in disadvantaged settings, especially considering that most prior studies on the interplay
between higher education dropout and rurality, not limited to virtual education, have been conducted
in developed countries with significantly different economic, technological and social conditions com-
pared to those faced by the majority of the rural population in developing nations.

This article is organised into five main sections. The first addresses the theoretical framework, explor-
ing current conceptualisations of dropout and explanatory variables documented in rural contexts. The
second outlines the methodology employed. The third presents the results, while the fourth discusses
the findings. Finally, the fifth section concludes the study.

Theoretical background
On dropout in higher education

As described by Xavier and Meneses (2022), there is no unified definition of dropout as an educational
phenomenon, which has led to its classification according to its origin, either from an operational or aca-
demic approach (Guzman et al., 2021a, 2021b, 2021c¢). Operational definitions are those used by govern-
ments to track students who did not complete their higher education. In the Colombian context, a
student is considered to have dropped out if they did not enrol in the programme for two consecutive
terms, did not graduate, or were not officially withdrawn for disciplinary reasons (Ministry of National
Education, 2009). From the academic perspective, conceptualisations provide a global epistemic value
focusing on the relationships and variables explaining dropout. Given the study’s objective, this work
adheres to the academic approach, understanding dropout as:

The cessation of the relationship between the student and the academic program leading to a higher
education degree before it is achieved. A complex, multidimensional, and systemic event that can be
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understood as a cause or effect, failure or redirection of an educational process, choice or mandatory
response, or as an indicator of the educational system’s quality. (Proyecto ALFAGUIA, 2013, p. 6).

Within the framework of complexity, multicausality and a systemic approach, dropout in higher edu-
cation has been studied from a multidisciplinary perspective since its inception (Bean, 1986; Berger &
Braxton, 1998; Spady, 1970; Tinto, 1987) and continues to be explored in the present day (Alamo-Caro,
2024; Barragan et al., 2022; De La Cruz-Campos et al., 2023; Delogu et al., 2024; Guzman et al., 2024;
Kocsis & Molnar, 2025; Segovia-Garcia et al., 2022). This body of research has highlighted sociological,
interactionist, organisational, psychological and economic approaches. As a result of the interdisciplinary
nature of dropout studies, numerous variables have been used to explain the phenomenon, as docu-
mented in literature reviews (Aina et al., 2022; Guzman et al.,, 2021a, 2021b, 2021¢; Rahmani et al., 2024;
Valencia et al., 2024). These variables have been grouped into four determinants: individual, socioeco-
nomic, academic and institutional.

For the purposes of this article, the conceptualisation of each determinant is presented alongside the
progress made in understanding the variables within them, specifically in the context of higher educa-
tion in rural areas. Due to the scarcity of studies focusing on virtual education, the review adopts a
more generalist perspective to address these advancements.

Determinants of dropout: state of the art in rural areas

Individual determinant

This determinant encompasses variables related to student characteristics that may directly influence
their decision to drop out. Literature reveals that rural women are more likely to leave their academic
studies due to domestic responsibilities (Nishat et al., 2020), while for men, dropout is often associated
with work obligations (Pérez et al., 2019; Pillay & Ngcobo, 2010). Furthermore, parental educational level
is linked to student persistence in higher education, with women being more likely to continue their
studies if their parents have higher education levels (Bania & Kvernmo, 2016). No significant relationship
has been found in the case of men.

Additionally, the ethnicity or social group to which the student belongs can influence dropout inten-
tions, as the lack of study materials in their native languages may lead to greater academic difficulties
and, consequently, dropout (Hines et al., 2015). Other variables associated with this determinant include
family type (Rueda et al., 2020), social pressure to pursue higher education (Pillay & Ngcobo, 2010), lack
of autonomy in their learning process (Meisalo et al, 2002) and satisfaction with their academic pro-
gramme (Guzman et al., 2021a, 2021b, 2021¢; Heidrich et al., 2018), among others.

Socioeconomic determinant

This determinant refers to social (contextual) and economic variables affecting students or their families,
possibly leading to dropout. The most frequently studied variable is the income level of rural students
or their families (Lewine et al., 2021; Rueda et al., 2020). Low income often creates conditions prompting
rural students to prematurely terminate their studies. For instance, students often need to take part-time
jobs to cover higher education expenses, reducing the time available for studying (Guzman et al.,
2023a). Similarly, low family income affects students’ experiences by preventing participation in extracur-
ricular and social activities, which can result in social exclusion (Hines et al., 2015).

Additionally, rural students face challenges finding accommodation near campuses (Pillay & Ngcobo,
2010). HEIs are often located far from rural areas, and when student housing is available, it does not pri-
oritise this demographic. Many rural students must reside on the outskirts of cities, where housing is
more affordable. However, transportation costs, distances, and logistical challenges discourage continued
studies, creating additional financial burdens for students and their families (Lewine et al., 2021).

Academic determinant

This determinant focuses on variables directly related to the teaching and learning processes throughout
the student’s academic journey. For rural students, most of whom come from small educational institu-
tions, dropout rates are significantly impacted by their previous academic preparation. Studies show that
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rural students often leave higher education due to deficiencies in prior academic training and limited
teacher preparation compared to urban schools (Pillay & Ngcobo, 2010).

Excessive academic workload is another variable that affects students’ ability to continue their studies,
particularly for those whose socioeconomic realities demand a balance between work and education
(Pérez et al., 2018; Pillay & Ngcobo, 2010). This is exacerbated when academic programmes do not align
their demands with rural students’ realities, who often lack access to hardware, software and internet
resources (Meisalo et al., 2002; Pérez et al., 2018). Additionally, absences from classes due to work issues,
lengthy commutes or schedule conflicts between courses increase the risk of dropout, limiting rural stu-
dents’ academic success in university settings (Rueda et al., 2020).

Regarding academic performance, studies indicate that a high-grade point average reduces the likeli-
hood of dropout, whereas a low GPA increases this risk (Castleman & Meyer, 2020; Lewine et al.,, 2021;
Meisalo et al., 2002). However, Castleman and Meyer (2020) highlighted that rural students tend to enrol
in fewer academic credits per semester, slowing their progress and reducing their likelihood of graduat-
ing on time, which can lead to demotivation and, ultimately, drop out.

Institutional determinant
This determinant includes variables that support students’ learning processes, which depend on adminis-
trative decisions made by HEIls. Programmes aimed at retention and timely graduation have played a
central role in preventing and mitigating rural student dropout in HEIs. Warner (1993) highlighted that
such programmes strengthen students’ self-learning skills and autonomy, improving their educational
experiences and reducing dropout rates. Similarly, Nishat et al. (2020) found that students participating
in these programmes significantly improved their academic averages compared to non-participants.
Conversely, students who do not access retention and graduation programmes may face difficulties
due to either a lack of interest or structural limitations of HEls, such as activities poorly adapted to rural
student profiles (Castleman & Meyer, 2020) or inadequate communication channels (Meisalo et al., 2002).
Regarding communication, diversifying channels between rural students and HEIs has proven helpful
for improving retention and continuity. For example, Castleman and Meyer (2020) highlighted that text
messaging effectively informs students about academic and administrative procedures. In virtual pro-
grammes, however, the lack of direct communication with instructors correlates with higher dropout
rates, as self-learning models require regular contact to reinforce content and address questions.
Consequently, HEIs have implemented various communication channels, such as email, call centres and
complaint/request mailboxes (Guzman et al., 2020; Guzman et al., 2021a, 2021b, 2021c). Language diver-
sity is another critical issue, as some HEls do not accommodate the linguistic needs of rural students,
complicating their learning processes (Pillay & Ngcobo, 2010). Moreover, graduation requirements, such
as proficiency in a second language, create challenges for rural students due to limited language train-
ing at earlier educational levels (Guzman et al., 2021a, 2021b, 2021¢).

Study hypotheses

Based on previous findings in the literature, two hypotheses are proposed to guide the understanding
of dropout phenomena in rural virtual higher education contexts from a dual perspective: structural and
methodological. Accordingly, the following are proposed:

H1: Dropout intentions among rural students in virtual higher education are determined by a complex and
non-hierarchical interaction of individual, socioeconomic, academic and institutional factors.

H2: The implementation of artificial neural networks (ANNs) allows for a more accurate and complex
identification of patterns associated with dropout intentions among rural students in virtual higher education.

Methodology

This study adopted a cross-sectional quantitative approach to achieve its objective, which was to identify
variables and predictive patterns associated with dropout in higher education students in rural areas
who study their undergraduate studies online. Through the methodological design, ANNs were used to



6 (&) A. G.RINCON

build a predictive model using machine learning techniques (Centurién-Cardena et al.,, 2020; Mahat
et al.,, 2022; Urteaga et al., 2020). The following is a description of the data used, the ANN model and
analysis of the results.

Data used

For the development of the model, we used secondary data from the study by Guzman et al.
(2022a, 2022b), which consisted of a sample of 269 rural students who were linked to under-
graduate studies in virtual mode, where 131 reported the intention to drop out and 138 to
continue their education. The study by Guzman et al. (2022a, 2022b) collected data from a non-
probabilistic and non-intentional sampling, so that the selection of information-rich cases was
sought, taking Patton (2015) as a theoretical reference. The variables used were classified into
four determinants: individual, socio-economic, academic and institutional. Individual variables
included factors, such as age, gender, family and work obligations, marital status and parents’
level of education. Socio-economic variables included type of housing, stratum, state support for
students and their families, family income and methods of financing studies. Academic variables
included the type of graduation school, number of subjects taken, perceptions of performance in
baccalaureate subjects, satisfaction with the programme, academic load and access to work devel-
opment tools. Finally, institutional variables considered the use of university welfare programmes,
communication and administrative support, quality of resources and support technologies and
participation in extracurricular activities. Table 1 presents the information for each variable.

In the development of the neural network, the output variable was the intention to drop out, coded
as ‘INT. This variable was designed to indicate whether a student intended to abandon their academic
programme (INT = 1) or continue their studies (INT = 0).

Table 1. Description of variables in the dataset.

Determinant Code Variable (input) Type of variable
Individual 11 Age Scale
12 Gender Categorical
13 Work obligations Categorical
14 Family obligations Binary
15 Marital status Categorical
16 Father's educational level Categorical
17 Mother’s educational level Categorical
Socioeconomic S1 Housing type Categorical
S2 Socioeconomic status Categorical
S3 State support for the student Binary
S4 State support for the family Binary
S5 Family income Categorical
S6 Methods of Financing Studies Categorical
Academic Al Type of high school attended Categorical
A2 Number of courses taken Scale
A3 Perception of performance in mathematics (high school) Categorical
A4 Perception of performance in natural sciences (high school) Categorical
A5 Perception of performance in chemistry (high school) Categorical
A6 Perception of performance in social sciences (high school) Categorical
A7 Perception of performance in Spanish (high school) Categorical
A8 Perception of performance in English (high school) Categorical
A9 Perception of GPA during university Categorical
A10 Perception of preparation for higher education Categorical
A1 Satisfaction with the selected programme Categorical
A12 Perception of the academic workload Categorical
A13 Perception of access to tools for assignments Categorical
Al4 Perception of timely submission of assignments Categorical
Institutional IES1 Use of university welfare programmes Categorical
IES2 Communication with the university Categorical
IES3 Administrative support Categorical
IES4 Technology used for academic programmes Categorical
IES5 Perception of library resources Categorical
IES6 Perception of support from teaching staff Categorical
IES7 Perception of content quality Categorical

IES8 Participation in extracurricular activities Categorical




COGENT EDUCATION 7

On the ANN model and result analysis

ANN are advanced machine learning tools widely used in predictive contexts because they can identify
complex, non-linear patterns within datasets (Aggarwal, 2018). These networks are particularly valuable
in educational research as they can process multiple variables simultaneously. Unlike traditional statis-
tical models, ANNs enhance prediction accuracy as the dataset increases (Chavez et al.,, 2023).

Prior to executing the ANN, an exploratory data analysis was conducted. Visualisations, such as bar
charts and histograms were used to examine each variable’s distribution and variability and identify
potential outliers or extreme values that could negatively affect the model (Aggarwal, 2018).
Subsequently, a correlational analysis was performed using Spearman’s correlation coefficient, as the
data did not conform to a normal distribution (Xiao et al., 2016). This analysis aimed to identify signifi-
cant relationships between explanatory variables and the target variable (dropout intention) and among
the explanatory variables themselves. Identifying these relationships was critical to avoiding redundancy
in the model and improving its accuracy. Variables with a correlation coefficient greater than 0.70 that
were statistically significant were removed from the model.

Additionally, the variables selected for inclusion in the model underwent data normalisation, a critical
step to enhance the model’s performance and stability. Mathematically, each value xx in the dataset was
transformed using the following formula:

where x' is the normalised value, u is the mean of the variable and ¢ is the standard deviation of the vari-
able (Singh & Singh, 2020). This process ensured that all variables entered the model on the same scale,
facilitating neural network learning and preventing certain variables with larger numerical values from
dominating the optimisation process.

The sequential method was employed to construct the ANN, allowing the creation of a linear stack of
layers where each layer feeds from the output of the preceding one. This sequential approach is ideal
for feedforward ANN models, as required in this analysis (Chollet, 2018). For this ANN, two hidden layers
were utilised. These layers implemented the Rectified Linear Unit (ReLU) activation function, defined as
f(x) = max(0,x). The ReLU function is widely popular in ANNs due to its efficiency in propagating gra-
dients and mitigating the vanishing gradient problem, thereby improving the model’s ability to learn
complex patterns (Glorot & Bengio, 2010). The first layer comprised 64 neurons, while the second con-
tained 32. This structure produces an output hih_i for each unit ii in the layer, computed as:

n

hj=f Z WiiX; + b;

=1

where wj is the weight corresponding to the connection between node j of the previous layer and node i
of the current layer, x; represents the input values and b; is the bias. The output layer was designed to
produce a single value, either 0 or 1, using the sigmoid activation function defined as:

o (x)=—

C14ex

To operationalise the model, the dataset was split into two subsets: 80% for training the ANN and
20% for testing. The compilation and training of the ANN were performed using the Adam optimiser
and the binary cross-entropy loss function to optimise model performance and prediction accuracy for
dropout intention. The model was trained over 100 epochs with a batch size of 32.

To evaluate the neural network model, predictions were first made on the test set, with the results
converted into binary values (0 or 1) to facilitate comparison with the actual labels. Performance evalu-
ation included calculating the confusion matrix and overall accuracy. This provided details on true posi-
tives, false positives, true negatives and false negatives, which are essential for understanding the
effectiveness of the predictions (Powers, 2020). Additionally, sensitivity and specificity were calculated
from the confusion matrix, offering a comprehensive perspective on the model’s balance between cor-
rectly identifying the positive class and minimising false positives. To assess the model's discriminative
capability, the ROC curve and the area under the curve (AUC) were calculated and plotted. The ROC
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curve illustrates the relationship between the true and false positive rates across various decision thresh-
olds (Fawcett, 2006).

Finally, the importance of variables was analysed by summing the absolute values of the weights in
the first hidden layer, thereby identifying the variables with the greatest influence on the model.

Results

The exploratory data analysis identified various distribution patterns, revealing heterogeneity in the
input variables of the model (see Figure 1). The histogram and bar charts demonstrated varied distribu-
tions, with some variables showing concentrations in specific ranges while others exhibited greater dis-
persion. This reflected the diversity of responses and suggested the absence of significant outliers that
could affect the model’s performance. Regarding the correlation analysis, Spearman’s heatmap (Figure 2)
revealed no correlations exceeding 0.70 among the evaluated variables. On the contrary, most correla-
tions were low, indicating independence among the explanatory variables. This low redundancy pre-
vented multicollinearity issues, ensuring that each variable contributed unique information to the
prediction of the target variable (dropout intention).

For the training and validation of the ANN, a total of 100 epochs were executed. A differential behav-
iour was observed between the loss and accuracy in the training and validation datasets (see Figure 3).
Training loss (Figure 3(a)) decreased continuously across epochs, reaching near-zero values, indicating
proper model fitting to the training data. However, validation loss showed a progressive increase after
an initial decrease, which is typical in ANNs where the generalisation capacity for unseen data is
reduced. Regarding accuracy (Figure 3(b)), a constant increase was observed in the training dataset, con-
sistent with the described behaviour of the loss in the validation set. In the validation set, accuracy sta-
bilised after the initial epochs, exhibiting some fluctuations.

The evaluation of the model using the confusion matrix revealed moderate performance in classifying
dropout intentions (see Table 2). The model achieved an overall accuracy of 70.37%. Positive predictive
accuracy was 64%, while negative predictive accuracy was 70.96%. The sensitivity of the ANN was 64%,
indicating moderate capacity to correctly identify students with dropout intentions, while the specificity
of 75.86% demonstrated greater effectiveness in identifying negative cases.

The ROC curve presented in Figure 4 illustrates the model’s ability to distinguish between positive
and negative classes in dropout intention prediction. The AUC was 0.74, suggesting that the model has
a reasonable precision in differentiating between students with and without dropout intentions.

The analysis of variable importance, based on the sum of absolute weights in the first hidden layer of
the ANN, determined that the most significant variables included A9, 13, 17, S4 and IES5. However, no
dominance of variables from any particular determinant was evident in the model’s structure. Table 3
presents the weight values of the variables.

Discussion

The use of ANN in this study represents a significant methodological advancement in understanding
dropout intentions within the context of virtual higher education in rural areas. These tools have proven
to be highly effective in identifying non-linear patterns and complex relationships between variables,
surpassing the limitations of traditional statistical models (Chavez et al., 2023; Chollet, 2018). Previous
analyses of rural dropout have primarily relied on clustering methods (Guzman et al, 2021a, 2021b,
2021¢; Guzman et al,, 2022a, 2022b) or multiple linear regressions (Byun et al., 2012). In this case, ANNs
facilitated the prioritisation of relevant variables across the different determinants - individual, socioeco-
nomic, academic and institutional - and quantified their importance in predicting dropout. This
approach is particularly valuable in contexts like Colombia, where the diversity of factors affecting stu-
dents necessitates models capable of capturing the phenomenon’s complexity (Guzman et al., 20213,
2021b, 2021¢).

The evaluation of the ANN model revealed moderate accuracy in predicting dropout intentions,
achieving 70.37% in the test dataset. While this performance level is adequate, it underscores the need
for further optimisations to enhance predictive capability, which could involve both ANN programming
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Figure 1. Exploratory charts by variables.

and increasing the data volume for training and testing. Sensitivity and specificity analyses demonstrated
a reasonable balance between detecting students with dropout intentions (64%) and correctly classifying
those without such intentions (75.86%), highlighting the model’s utility as a preliminary diagnostic tool.
However, the ROC curve and AUC value of 0.74 indicated that there is room for improvement in the
model’s ability to discriminate effectively between the two classes. This could be achieved by incorporat-
ing additional explanatory variables.

The findings showed no clear dominance of one determinant over others in influencing the final
model. This suggests that dropout intentions among rural undergraduate students in virtual
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Figure 2. Spearman correlation heat map between variables.

programmes are multidimensional, with individual, socioeconomic, academic and institutional determi-
nants interacting in complex, non-hierarchical ways (Aina et al., 2022; Guzman et al, 2021a, 2021b,
2021c). Regarding the variables with the most significant weight in the model, rural Colombian students’
perception of their academic GPA during their studies stands out. This finding aligns with previous stud-
ies that associate positive academic performance with a reduced likelihood of dropping out, reinforcing
students’ motivation and confidence in overcoming academic challenges (Castleman & Meyer, 2020;
Rahmani et al.,, 2024). Additionally, rural students’ work obligations in Colombia significantly influence
dropout intentions, consistent with international studies (Pillay & Ngcobo, 2010). These studies report
that rural students, particularly those balancing studies with work responsibilities, face additional bur-
dens that limit their time and resources for learning.

The educational level of the mother also significantly influences dropout intentions, although this
cannot be directly linked to gender variables due to the limitations of ANN-based modelling. Previous
studies indicate that mothers with higher education levels tend to foster a greater appreciation for edu-
cation within their families, leading to higher retention rates (Bania & Kvernmo, 2016). Contrary to find-
ings by Guzman et al. (2022a, 2022b), this study found the mother's educational level more influential
than the father’s. The socioeconomic variable with the most influence on dropout intentions among
rural students in virtual higher education in Colombia is the receipt of state support for the family.
Students whose families receive government assistance, such as subsidies or conditional cash transfer
programmes, are less likely to drop out, as these resources alleviate some of the financial burdens asso-
ciated with accessing and remaining in higher education (Lewine et al.,, 2021).

This study also explored less frequently addressed variables influencing dropout intentions among
rural Colombian students in virtual higher education. For the individual determinant, the capacity to
meet academic deadlines, as perceived by students, emerged as a novel variable. Findings suggest that
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Table 3. Variable weights from the first ANN layer.
Variable importance Variable Importance
A9 11.12 A10 9.18
13 10.99 A4 9.13
17 10.35 A13 9.12
S4 10.24 1 9.1
IES5 10.14 IES2 9.00
A2 10.02 S3 8.99
16 9.81 Al 8.98
IES6 9.79 A6 8.98
A7 9.69 IEST 8.94
A5 9.68 A1l 8.93
IES4 9.60 A8 8.78
A14 9.49 15 8.69
IES3 9.44 12 8.50
S1 9.39 IES8 8.46
IES7 9.31 S2 8.30
A12 9.30 A3 8.21
S5 9.22 14 8.04
S6 9.19
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students who feel they cannot meet established deadlines are more likely to drop out, highlighting the
need for strategies to develop time management skills and reduce excessive workloads. Regarding the
academic determinant, the perception of the quality of preparation for higher education was found to
be relevant. Students who consider their prior education insufficient face greater difficulties adapting to
academic demands, increasing their dropout risk. Finally, for the institutional determinant, perceptions
of administrative support and participation in extracurricular activities organised by HEls were identified
as important variables.

Based on the empirical evidence discussed above, both hypotheses guiding this study were con-
firmed. First, the findings validate that dropout intentions among rural students in virtual higher educa-
tion are determined by a complex and non-hierarchical interaction of individual, socioeconomic,
academic, and institutional factors. Second, the successful application of ANNs supports the hypothesis
that ANNs allow for a more accurate and complex identification of patterns associated with dropout
intentions, outperforming traditional statistical approaches. These confirmed hypotheses provide a
robust foundation for advancing both research and intervention strategies aimed at improving student
retention in rural virtual education contexts.

Conclusions

This study achieved its objective by employing ANN to create a predictive model that evaluated the
influence of variables grouped under individual, socioeconomic, academic and institutional determinants
on dropout intentions among rural students in virtual higher education. This approach not only demon-
strated the multidimensional nature of the phenomenon but also underscored the utility of advanced
analytical tools in educational contexts. The identification of specific patterns provides a solid foundation
for designing strategies aimed at student retention in highly vulnerable settings, such as rural
Colombian areas.

In an international context, this study offers new perspectives on analysing rural student dropout in
virtual higher education. The inclusion of underexplored variables, such as students’ perceptions of
library resource quality or administrative support, provides a starting point for future research in other
countries with similar characteristics. Furthermore, it highlights the importance of adopting advanced
methodological approaches, such as ANNs, to capture the complexity of factors influencing student
retention. This work opens the door to broader discussions on the need to adapt educational strategies
and public policies to the specificities of rural environments, promoting tailored solutions instead of the
generalist approaches that have dominated the literature.

The study’s findings suggest that states and HEIs must implement comprehensive and contextually
adapted policies for rural areas. At the state level, it is crucial to strengthen economic assistance pro-
grammes, such as subsidies or conditional cash transfers, that benefit not only students but also their
families. Equally, important is ensuring adequate technological infrastructure that facilitates access to
digital resources and connectivity, particularly in rural areas, where this is deficient, as in Colombia.

HEls, for their part, should prioritise the quality of administrative services and the availability of
accessible and updated academic materials. Additionally, fostering extracurricular activities that promote
a sense of belonging and holistic student development is essential to mitigating the emotional discon-
nection associated with virtual learning. Combined, these strategies have the potential to significantly
reduce dropout rates. This work opens new avenues for research, such as analysing the influence of psy-
chosocial and cultural variables on dropout intentions and the longitudinal evaluation of proposed inter-
ventions. Another promising area is exploring variables related to the geographic environment, such as
accessibility to physical support centres or the impact of violence in rural areas.

Limitations and future research

This study presents several limitations that should be considered when interpreting its findings. First,
the use of secondary data restricts the scope of analysis to previously collected variables, which may not
fully capture the complexity of dropout intentions among rural students in virtual higher education.
While the ANN model provided valuable insights into the predictive patterns associated with dropout.
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Future research should integrate complementary methods, such as explainable Al or qualitative
approaches, to enhance the understanding of the relationships identified by the model.

Additionally, the study is based on data from Colombia, a country with specific socioeconomic and
educational conditions that may not be directly generalisable to other contexts. Rural higher education
challenges differ across regions due to variations in economic support programmes, internet connectivity
and institutional policies. Future studies should extend this analysis to other Latin American countries
and beyond, employing cross-national comparisons to identify common and context-specific factors
influencing dropout in rural virtual education.

Finally, while this research focused on individual, socioeconomic, academic and institutional determi-
nants, additional variables could be explored to refine the predictive model. Factors, such as mental
health, digital literacy and family dynamics could play a crucial role in dropout intentions and require
further investigation. Longitudinal studies tracking students over time would also provide a more com-
prehensive perspective on the evolution of dropout risk and the effectiveness of intervention strategies.
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