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Abstract

School dropout constitutes a structural challenge in Latin America, carrying pro-
found implications for social and economic development. This study examines the factors
associated with school dropout in the years preceding the completion of secondary education
(known in Paraguay as Educacion Media), utilising administrative data from the Registro
Unico del Estudiante (RUE), the educational data management system of the Ministry of
Education and Science, for the period 2017-2023. A quantitative approach was employed,
encompassing descriptive analyses and the application of machine learning models to iden-
tify dropout patterns and predict dropout risk. The study analyzed 706,785 student records,
incorporating sociodemographic, academic, and institutional variables. The findings indicate
a significant increase in dropout rates between 2019 and 2020, coinciding with the onset of
the COVID-19 pandemic, with notable differences observed across gender, educational path-
way, and geographic location, where grade overage and grade repetition emerged as critical
determinants of dropout. Students enrolled in night shift and vocational training programs
exhibited the highest dropout rates. In predictive terms, LASSO regression demonstrated the
best performance, achieving an optimal balance between precision and sensitivity in iden-
tifying at-risk students. These results highlight the importance of leveraging extensive data
analysis and advanced modelling techniques to strengthen school retention policies and de-
velop evidence-based early intervention strategies. However, challenges remain concerning
the quality and comprehensiveness of educational data, the need to explore emerging artifi-
cial intelligence methodologies, and the integration of psychosocial and economic factors to
achieve a holistic understanding of school dropout and its determinants.

Key words: Dropouts, Secondary Education, Socioeconomic Background, Data
Science, Predictor Variables.

Resumen

El abandono escolar es un problema estructural en América Latina con profundas
implicaciones en el desarrollo social y econdémico. Este estudio analiza los factores asociados
al abandono escolar en los afios previos a la finalizacion de la educacion secundaria (deno-
minada Educacion Media en Paraguay), utilizando datos administrativos del Registro Unico
del Estudiante (RUE), el sistema de gestion de datos educativos del Ministerio de Educacion
y Ciencias, durante el periodo 2017-2023. A través de un enfoque cuantitativo, se realizaron
analisis descriptivos y se aplicaron modelos de aprendizaje automatico con el objetivo de
identificar patrones de abandono escolar y predecir su riesgo. Se examinaron 706.785 regis-
tros estudiantiles, considerando variables sociodemograficas, académicas ¢ institucionales.
Los resultados evidenciaron un incremento en las tasas de desercion entre 2019 y 2020,
coincidiendo con el impacto de la pandemia de COVID-19. Se observaron diferencias sig-
nificativas segun género, especialidad educativa y ubicacion geografica, identificaindose la
sobreedad y la repeticion como factores criticos del abandono escolar. Los estudiantes matri-
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culados en el turno nocturno y en programas de formacion profesional presentaron las tasas
de desercion mas elevadas. En términos predictivos, la regresion LASSO mostr6 el mejor
desempeiio, logrando un equilibrio 6ptimo entre precision y sensibilidad en la identificacién
de estudiantes en riesgo. Estos hallazgos subrayan la importancia del analisis de datos ma-
sivos y la aplicacion de modelos avanzados para fortalecer las politicas de retencion escolar
y disefar estrategias de intervencion temprana basadas en evidencia. No obstante, persisten
desafios relacionados con la calidad y cobertura de los datos educativos, la necesidad de
explorar metodologias emergentes de inteligencia artificial e integrar factores psicosociales
y econémicos para una comprension integral de la desercion escolar y sus determinantes.

Palabras clave: Abandono escolar, Educacion secundaria, Nivel socioecondmi-
co, Ciencia y analisis de datos, Predictores.

Introduction

Dropping out of school (also called early school leaving or student dropout) is a
complex phenomenon that significantly impacts educational and social de-
velopment (Zengin, 2021). Globally, millions of students discontinue their
studies every year, posing challenges for sustainable development. In Latin
America, school dropout rates exceed 30% in some countries, with 41.4% of
the working-age population over 15 not completing secondary school (Eco-
nomic Commission for Latin America and the Caribbean [ECLAC], 2024), a
situation exacerbated by the pandemic. In contrast, the European Union has
reduced dropout to 9.5 per cent by 2024, although Spain still reports 13 per
cent (Eurostat, 2025).

In Paraguay, school dropout has received increasing attention, espe-
cially within the framework of the policies of the Ministry of Education and
Science (MEC). According to the 2023 Permanent Continuous Household
Survey of the National Institute of Statistics (INE, 2024), 98.1% of the pop-
ulation aged 10-14 attended an educational institution, a figure that drops to
71.4% in the 15-19 age group, with lower levels in rural areas (65.5%) com-
pared to urban areas (75.2%).

This study focuses on school dropout during the years prior to the
completion of secondary education, a critical stage for human capital devel-
opment and preparation for the labour market and civic participation. Drop-
ping out at this level has long-lasting consequences: at the individual level, it
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is associated with higher unemployment rates and lower-quality employment,
while at the societal level it perpetuates cycles of poverty and inequality.

The increasing availability of big data and advances in machine learn-
ing techniques have proven to be effective tools for predicting dropout and
academic performance (Kriiger et al., 2023). However, in Latin America,
studies evaluating these technologies at pre-tertiary levels are scarce (Ro-
driguez et al., 2023; Smith and Gutiérrez, 2022), and infrastructure and data
quality remain challenges (Hernandez-Leal et al., 2021).

Currently, Education Management Information Systems (EMIS) play
a crucial role in academic monitoring and data-informed decision-making,
although they face challenges of interoperability, quality, and coverage (Arias
et al., 2021). Leveraging this massive data offers an opportunity to improve
the efficiency of education policies.

In Paraguay, the Registro Unico del Estudiante (RUE) is the main
data management tool of the education system, developed by the MEC. This
relational database, operational since 2017, uniquely identifies each student
and tracks their academic trajectory, integrating variables such as academic
history, family data, and socio-economic conditions (INE, 2024), although it
has limitations in contextual variables.

This study aims to analyse dropout patterns in secondary education
(known as Educacion Media in Paraguay) using data from the RUE during
the period 2017-2023. The following questions are posed: What are the main
dropout patterns in secondary education in Paraguay? What sociodemograph-
ic and institutional variables critically affect dropout? What analytical and
predictive techniques offer the greatest capacity for early identification of at-
risk students?

The answer to these questions will generate an evidence-based diag-
nosis to strengthen school retention policies in Paraguay and contribute to
the global debate on reducing educational inequality, providing comparable
inputs for other countries and promoting the use of large-scale data in the im-
provement of education systems and in the formulation of inclusive strategies
to ensure student access and retention.

Theoretical Framework
Dropping out of secondary education is a complex phenomenon affecting

Latin America and Europe, with social, economic, and cultural implications.
Despite some progress, it remains a challenge for both regions (ECLAC,
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2024; European Education Area, 2022). It is defined as early school leav-
ing before completing secondary education—a stage which, in Spain, corre-
sponds mainly to post-compulsory education—Ilimiting future prospects and
reinforcing cycles of poverty and exclusion. Its explanatory factors are multi-
ple and cumulative, so its prevention requires sustained and personalised in-
terventions depending on the degree of student vulnerability (Khurram et al.,
2023; Hernandez & Alcaraz, 2018). Ramsdal and Wynn (2022) recommend
positive psychology and collaborative work to prevent it, while Nait (2021)
highlights the considerable effort required in rural areas.

Explanatory factors for school dropout

Poverty is one of the most relevant factors in Latin America: many students
have to drop out of school to work and support their families. In Paraguay,
more than 66 per cent of those who drop out do so for economic reasons. Child
labour is also prevalent, affecting attendance and performance in children and
adolescents. Similar challenges exist in Europe, but social protection systems
have helped to mitigate them. Still, in countries such as Spain, the dropout
rate reaches 13% in 2024 (Ministry of Education, Vocational Training and
Sport [MEFPD], 2025).

Low academic performance and the lack of effective instructional
methodologies are another determining factor. In Latin America, outdated
curricula and a disconnection from students’ realities lead to demotivation,
as they do not respond to their interests, vocations, or cultural contexts. In
several countries in the region, including Paraguay, more than half of the
15-year-old population does not reach the minimum level of mathematical
problem-solving proficiency (United Nations Educational, Scientific and Cul-
tural Organization [UNESCO], 2022, p. 92).

The family and social environment also has an impact on school drop-
out. In Latin America, factors such as teenage pregnancy, relationships at an
early age, poverty, and child labour significantly affect school retention, es-
pecially among adolescent girls. In addition, school dropout is higher among
Indigenous and Afro-descendant youth (ECLAC, 2024). In Europe, however,
comprehensive sex education has reduced dropout due to pregnancy, except
in some migrant communities (European Education Area, 2022).

Institutional characteristics also play a role. In Latin America, sig-
nificant infrastructure deficits and digital divides persist. In Paraguay, less
than 50% of secondary schools have connectivity for pedagogical purposes
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(UNESCO, 2022, p. 80). This, coupled with the gap between state-funded
and private education, favours the latter, with lower dropout rates. Although
Europe presents more favourable conditions, disparities between countries
and regions persist (Eurostat, 2025).

Consequences of dropping out of school

At the individual level, not completing secondary education limits the pos-
sibilities of accessing quality jobs and perpetuates conditions of poverty and
exclusion. In Latin America, dropping out of school is linked to child la-
bour and early entry into the informal labour market, which affects the right
to quality education and reduces opportunities to exercise full citizenship
(ECLAC, 2024).

At the social level, dropping out of school deepens structural inequal-
ities and reinforces the intergenerational cycle of poverty reproduction. In
Latin America, while 85% of young people in the highest income quintile
complete secondary education, only 44% in the poorest quintile do so (UNE-
SCO, 2022, p. 17). This gap has a direct impact on access to opportunities and
places greater demands on social welfare and protection systems, increasing
the demand for public support (ECLAC, 2024).

From an economic perspective, early school leaving undermines
countries’ productivity and competitiveness. According to ECLAC (2024),
each extra year of schooling raises incomes by 7-10%. At the macro level,
countries with high dropout rates have lower GDP growth; reducing it by
10% could increase GDP by 0.5% per year. Secondary education provides
essential skills to access skilled jobs; those who drop out have fewer op-
portunities in the formal market, entering precarious and low-paid jobs. In
Paraguay, around 60% of young people who drop out of secondary educa-
tion come from households linked to informal economic activities (Ministry
of Education and Science [MEC], 2013, p. 61). While economic growth in
Latin America is constrained by high non-regulated labour, in Europe, where
school dropout rates are lower, economies have developed technology-based
and knowledge-driven sectors (European Education Area, 2022).

Massive data on school dropout studies

The use of big data in education boosts dropout detection and prevention by
processing large volumes of data in real time (Amaya-Amaya et al., 2020).
Dropout is often preceded by absenteeism or grade repetition (Montero-Sie-
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burth & Turcatti, 2022; Ajjawi et al., 2020). In this regard, the data analytics
approach, machine learning techniques, and educational data mining (Flores,
2025; Serrano et al., 2024) have proven effective in detecting dropout, and
their accuracy depends on the quality and diversity of the variables (Kocsis
& Molnar, 2024).

Variables explaining dropout span personal, socio-economic, academ-
ic, and institutional domains (Alyahyan & Diistegor, 2020; Alladatin et al.,
2023), and no single factor is decisive. Gutiérrez-de-Rozas et al. (2023) high-
light academic-vocational orientation and personal aspects as triggers, while
Zapata-Medina et al. (2024) and others find that academic variables tend to
be the most predictive (Segura et al., 2022; Ortiz-Lozano et al., 2023). In Par-
aguay, Insfran-Coronel et al. (2024) identify the critical role of poverty and
child labour. Similarly, Abideen et al. (2023), together with Venkatesan and
Mappillairaju (2023), corroborate the importance of data mining techniques
to locate high-incidence areas, guiding more effective interventions.

Currently, most studies on big data and predictive models of dropout
focus on higher education, with a significant gap regarding their implementa-
tion at earlier educational levels (Rodriguez et al., 2023; Smith & Gutiérrez,
2022). Ensemble methods, such as Random Forest, stand out for their pre-
dictive efficiency, while techniques such as logistic regression continue to be
used for their interpretability. More complex models, such as neural networks,
are less common (Venkatesan & Mappillairaju, 2023). In Latin America, the
lack of structured and accessible data still limits their implementation, along
with technological, quality, and coverage-related constraints (Hernandez-Le-
al etal., 2021; Arias et al., 2021)..

Method

Source of data

The data come from the Registro Unico del Estudiante (RUE), administered
by the Ministry of Education and Science (MEC) of Paraguay. The RUE con-
solidates information on the educational trajectories of students at the na-
tional level, facilitating the analysis of factors related to school retention and
graduation. Institutions report periodically to the MEC, and this information
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is integrated with other official databases to improve its accuracy (INE, 2024).
This study focuses on 706,785 students in Secondary Education in
Paraguay, distributed across 9,051 institutions, covering various pathways.
The dataset includes sociodemographic, institutional, and academic variables.
For 2017, contextual variables related to health, family environment, hous-
ing, and socio-economic conditions are also available, although with some
reporting limitations. In subsequent years, the capture of these variables was
not systematically maintained, making 2017 the only cohort with contextual
information, which motivates the focus of the analysis on that period.

The database, in relational format, was managed with PostgreSQL,
which ensures data integrity and efficiency in handling large volumes of in-
formation. At no point was data accessed that would allow the nominal identi-
fication of students (e.g. names or ID numbers), thus ensuring confidentiality.

Data processing

A general review of the internal consistency of the data was carried out, iden-
tifying contradictory, duplicate, or systematically erroneous records. Based
on this, data cleaning and standardisation procedures were applied to resolve
conflicts and eliminate non-representative values. The relevance of each
variable in relation to the dropout phenomenon was also assessed, excluding
those that showed no clear association or presented inconsistent reporting, in
order to maximise analytical quality and minimise potential bias.

The construction of derived variables was based on the longitudinal
tracking of students. Dropout was defined as students who, after their last re-
corded enrolment (between 2017 and 2021), neither graduated nor re-enrolled
for at least two consecutive years. Conversely, school completion was defined
as students reaching the final year of their educational phase without further
enrolments. These operational definitions were essential for the subsequent
analysis.

Focus of the study

This paper adopts a quantitative approach, combining a descriptive analysis
of school dropout—exploring frequencies and rates segmented by sociode-
mographic, institutional, and temporal variables—and predictive modelling
using machine learning techniques to estimate the probability of dropout,
considering student-level, institutional, and socio-economic information.
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The descriptive analysis aimed to characterise the study population
and examine dropout distribution by sociodemographic, institutional, and
geographic variables. Frequencies and dropout rates disaggregated by gen-
der, area, type of institution, and educational modality were estimated and
are presented in tables, charts, and maps. This initial exploration enabled the
identification of the main dropout patterns in Paraguayan secondary educa-
tion and served as the foundation for the subsequent analytical stages.

The predictive component focused on a cohort of students who be-
gan the first year of Secondary Education in Paraguay in 2017, aiming to
assess the factors influencing non-completion of this educational level. After
pre-processing and cleaning the dataset, a rigorous feature selection process
was conducted and several predictive models were implemented. The proce-
dures, models, and techniques used are described in detail in the following
section.

Case Study: 2017 Cohort

A cohort of students entering the first year of Secondary Education in Para-
guay in 2017 was analysed to assess the factors associated with school dropout
and to examine the academic trajectory of the students. The target variable,
called “dropout”, is defined based on the discontinuation of enrolment after
initial registration, allowing for a clear identification of those students who
do not continue in the system. The dataset integrates variables from different
categories, such as demographic characteristics (gender, age and overage),
academic background (repeated courses, type of educational pathway and
school shift — session timing), institutional attributes (type of management
and geographical location), socio-economic indicators (educational level and
occupation of parents or guardians, household characteristics), and aspects
related to access and mobility (travel time and means of transport used to
reach school).

The first step in the analytical process was to carry out an exploratory
analysis to identify variables with high percentages of missing data. Those
variables with high levels of incompleteness were eliminated, given their
limited reliability to contribute to the analysis. As for the individual records,
the initial dataset contained 87,361 observations, which were cleaned by ap-
plying successive elimination thresholds for missing values. Starting with a
threshold of 80% and progressively reducing it to complete records (0% miss-
ing data), a final dataset of 63,290 observations was obtained. During this
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process, a balance was maintained in the “dropout” variable (between 15%
and 12% dropout), which supports the representativeness of the sample and
ensures its suitability for the implementation of analytical models.
Institutional identifiers were excluded from the analysis after con-
firming that this decision did not affect the performance of the predictive
models. Although an intraclass correlation coefficient (ICC) of approximately
33% was found—indicating that a considerable portion of the variability in
dropout was attributable to differences between institutions—their exclusion
prevents the models from overfitting to specific patterns and enhances their
generalisability to new contexts. Additionally, given the marked imbalance
in the “dropout” variable, an undersampling technique was applied to the
majority class prior to model training to ensure an adequate balance with the
minority class, thereby preserving the representativeness of critical instances.

Feature Selection

Proper feature selection is essential to reduce overfitting, ensuring that the
model captures generalisable and relevant patterns rather than memorising
dataset-specific noise. To robustly identify the most informative variables
for predicting early school leaving, several feature selection techniques were
employed, ensuring that the selection process was grounded in diverse and
robust criteria.

First, the Random Forest method was used, applying two importance
metrics: Mean Decrease Accuracy (MDA) and Mean Decrease Gini (MDG).
These indicators assess the direct contribution of each variable to the predic-
tive power of the model, either by measuring the drop in accuracy when their
values are permuted or by evaluating the reduction in node impurity. In par-
allel, Logistic Regression was applied, which, by estimating the relationship
between independent variables and the probability of dropout, yields inter-
pretable coefficients and facilitates the identification of significant predictors.
Additionally, LASSO Regression was used, incorporating an L1 regularisa-
tion penalty to shrink the coefficients of less relevant variables to zero, thus
reducing overfitting and improving model generalisation.

Predictive Models of School Dropout

With the selected variables, several classification algorithms were imple-
mented to evaluate their predictive capacity in identifying school dropout, in-
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cluding linear models, tree-based approaches, and classical machine learning
techniques. Prior to model training, a review and tuning of hyperparameters
was conducted to optimise performance.

Logistic Regression was used as the baseline model due to its high
interpretability. The coefficients estimated via maximum likelihood enable
the computation of odds ratios, facilitating the evaluation of each predictor’s
influence on the likelihood of dropout. LASSO Regression, incorporating L1
regularisation, was also applied to minimise fitting error. In this case, 10-fold
cross-validation was used to determine the optimal value of A, allowing the
exclusion of irrelevant predictors and mitigating the risk of overfitting.

Additionally, tree-based algorithms were deployed, including Ran-
dom Forest and Extreme Gradient Boosting (XGBoost). Random Forest was
configured with an appropriate number of trees and tuned hyperparameters
to reduce variance and enhance model stability, while XGBoost iteratively
improved predictive accuracy through gradient boosting, using parameters
designed to control overfitting. Classical machine learning methods such as
Support Vector Machines (SVM) with radial basis function kernel were also
included to capture non-linear relationships, along with a multi-layer artificial
neural network (ANN) in which input features were standardised and weights
optimised using backpropagation. The inclusion of a broad range of predic-
tive models aims to enhance the generalisability of the findings, complement-
ing the insights derived from the feature selection techniques.

Standard classification performance metrics were used to compare the
models: Accuracy, Precision, Recall (Sensitivity), Specificity, and F1-Score.
In the context of dropout prediction, Accuracy reflects the overall proportion
of correct predictions. Precision indicates the proportion of correctly predict-
ed positive cases, which is critical to minimise false positives in the identifi-
cation of at-risk students. Recall (or Sensitivity) is especially important, as it
captures the model’s ability to correctly identify students who actually drop
out—key for the timely implementation of interventions. Specificity mea-
sures the model’s ability to correctly classify students who remain in school,
and the F1-Score, which combines Precision and Recall, offers a balanced
metric of model performance.

Several technological tools were used in the development of this
study. The RUE database was managed using PostgreSQL. Python and R
were employed for both descriptive analysis and predictive modelling, while
Microsoft Excel supported exploratory calculations, data validation, and the
presentation of results.
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Results

The descriptive analysis is based on 706,785 students enrolled in Secondary
Education in Paraguay (370,032 female and 336,753 male) during the peri-
od 2017-2023, revealing a slight predominance of female students. Table I
shows a steady increase in enrolment numbers from 2017, peaking in 2021,
followed by a slight decline in 2022 and 2023. Similarly, the number of drop-
outs increased, with peaks above 21,000 cases in 2019 and 2020, coinciding
with the onset of the COVID-19 pandemic, which may have disrupted school
continuity. In 2021, the number of dropouts decreased to 14,918, coinciding
with the partial return to in-person learning and the implementation of con-
tingency measures. Notably, dropout rates were initially higher among male
students (2017-2019), but from 2020 onwards, the female dropout rate sur-
passed the male rate, reaching 52.25% in 2020 and 57.47% in 2021.

TABLA L Distribution of Frequency and Percentage of Dropout in Sec-
ondary Education by Year and Gender (2017-2023).

Year Total En- Dropouts Dropout Female % Fe- Male % Male
rolment Rate (%) | Dropouts male Dropouts | Dropout
Dropout
2017 87,361 13,378 15.31 5,288 39.53 8,090 60.47
2018 93,061 13,450 14.45 5,809 43.19 7,641 56.81
2019 103,981 21,065 20.26 10,064 47.78 11,001 52.22
2020 106,497 21,969 20.63 11,479 52.25 10,490 47.75
2021 107,529 14,918 13.87 8,574 57.47 6,344 42.53
2022 105,019 — — — — — —
2023 103,337 — — — — — —
Total 706,785 84,780 41,214 48.61 43,566 51.39

Source: RUE database. Compiled by the authors.

Table II shows that the average age at enrolment in secondary educa-
tion increased from 15.58 years in 2017 to 17.59 years in 2023, indicating a
trend toward delayed entry into the educational phase. Similarly, the average
age at dropout rose from 16.47 years in 2017 to 23.46 years in 2021, reflect-
ing longer school retention prior to leaving. The most pronounced increases
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occurred in 2020 and 2021, again aligning with the pandemic context. In gen-
eral, female students dropped out at a later age than male students, and this
gender gap widened progressively over the study period.

TABLAII.  Average Age at Enrolment and Dropout in Secondary Educa-
tion by Year and Gender (2017-2023)

Year Avg. Enrolment Avg. Dropout Age Dropout Age Dropout Age
Age (Female) (Male)
2017 15.58 16.47 16.18 16.65
2018 15.79 17.54 18.07 17.14
2019 16.62 20.47 22.01 19.06
2020 16.99 21.72 23.37 19.91
2021 17.40 23.46 24.72 21.78
2022 17.44 — — —
2023 17.59 — — —

Source: RUE database. Compiled by the authors.

As shown in Table III, dropout rates are on average higher in urban
areas (17.39%) than in rural areas (15.95%) across the period. Although these
values remain relatively stable, dropout peaks are again evident in 2019 and
2020, with urban zones being particularly impacted. In 2019 alone, urban
dropouts rose from 9,979 to 16,037—an increase of over 60%. By 2021,
dropout patterns appeared to return to levels observed at the start of the study
period.

TABLAIII. Frequency and Percentage of School Dropout by Year and
Zone (2017-2023)

Rural Urban
Rural En- Urban En- Rural Urban
Year Dropout Dropout
rolment rolment Dropouts Dropouts
% %

2017 23,488 63,873 3,692 15.72 9,686 15.16
2018 24,698 68,363 3,471 14.05 9,979 14.60
2019 27,558 76,423 5,028 18.25 16,037 20.98
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2020 27,978 78,519 5,424 19.39 16,545 21.07
2021 28,173 79,356 3,421 12.14 11,497 14.49
2022 26,415 78,604 — — — —
2023 25,031 78,306 — — — —
Total 183,341 523,444 21,036 15.95 63,744 17.39

Source: RUE database. Compiled by the authors.

Table IV shows that dropout is predominantly concentrated in
state-funded (official) institutions, accounting for more than 80% of total cas-
es, with a slight decrease in 2021 (78.50%). In contrast, private institutions
have experienced a proportional increase in dropout throughout the analysis
period (2017-2021), while grant-aided private institutions have remained rel-
atively stable with a consistently low dropout rate.

TABLA IV. Distribution of School Dropouts in Secondary Education by
Type of Institution (2017-2021)

Grant-Aided
Official % Offi- Private . . % Grant-Ai-
Year . % Private | Private Dro- .
Dropouts cial Dropouts ded Private
pouts
2017 11,565 86.45 1,136 8.49 677 5.06
2018 11,116 82.65 1,727 12.84 607 4.51
2019 17,402 82.61 3,036 14.41 627 2.98
2020 18,375 83.64 2,856 13.00 738 3.36
2021 11,711 78.50 2,765 18.53 442 2.96
Total 70,169 82.77 11,520 13.59 3,091 3.65

Source: RUE database. Compiled by the authors.

The analysis of Table V reveals that the Scientific Pathway accounts
for the highest enrolment (343,919) and the greatest number of dropouts in
absolute terms (46,554 cases, or 54.91% of total dropouts). However, its rela-
tive dropout rate is moderate (13.54%), indicating that despite its popularity,
it is not proportionally the most vulnerable. In contrast, the General Pathway
shows the highest relative dropout rate (61.77%), representing 32.97% of to-

Revista de Educacion, 409. July-September 2025, pp. 233-258
Received: 29/01/2025 Accepted: 11/04/2025



Mello-Roman, J.D., Escobar-Torres, R.D., Segura, M., de la Iglesia, M.C., Giménez, S., Herndandez, A., Mello-
Romdn, J.C., Pérez, PE. KEY PREDICTORS OF SCHOOL DROPOUT IN PARAGUAY: A BIG DATA ANALYSIS

tal dropouts. Technical Pathways, such as the Industrial and Service Tech-
nical Pathways, show lower relative dropout rates (5.48% and 7.76%, re-
spectively). Finally, Vocational Training, while low in enrolment and absolute
dropouts, exhibits the highest relative dropout rate (63.48%).

TABLAYV.  School Dropouts in Secondary Education by Educational
Pathway (2017-2021)

Type of Pathway Total En- Dropouts % of Total Relative Dro-
rolment Dropouts pout Rate (%)
Scientific Pathway 343,919 46,554 54.91 13.54
Service Technical Pathway 80,374 6,241 7.36 7.76
General Pathway 45,257 27,956 32.97 61.77
Industrial Technical Pathway 14,568 798 0.94 5.48
Agricultural Technical Pathway 11,797 1,635 1.93 13.86
Vocational Training 2,514 1,596 1.88 63.48

Source: RUE database. Compiled by the authors.

Figure I illustrates the relative dropout rate by school shift, showing
marked differences. The night shift registers the highest rate (42%), probably
due to the workload or family responsibilities faced by its students. It is fol-
lowed by the evening shift (20.8%) and the afternoon shift (15.7%), both with
considerable dropout risk. In contrast, the morning-afternoon (10.3%) and
morning (11.3%) shifts show lower dropout rates.
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FIGURE I. Relative Dropout Rate by School Shift (2017-2021)
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Source: RUE database. Compiled by the authors.

Table VI shows that students who have not repeated any academic
year in secondary education have a dropout rate of 11.70%. In contrast, those
who have repeated at least once show a significantly higher rate (24.92%), in-
dicating that grade repetition is associated with a higher risk of dropping out.
Similarly, the relative dropout rate remains at comparable levels for students
who have repeated two or three times.

TABLA VI. School Dropouts by Number of Repeated Academic Years
(2017-2021)

Number of Repeated
Total Students | No Dropout | Dropouts Dropout Rate (%)
Years
0 690,499 609,743 80,756 11.70
1 14,926 11,207 3,719 24.92
2 1,214 937 277 22.82
3 133 106 27 20.30
More than 4 13 12 1 7.69

Source: RUE database. Compiled by the authors.

Figure I shows the dropout rate by department in Paraguay. Alto Par-
aguay and Boqueron report rates exceeding 24%, likely due to geographic
isolation and socio-economic disadvantages. In contrast, departments such
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as Central and Paraguari exhibit lower dropout rates. It is also evident that
departments with international borders—particularly those adjacent to Brazil
and Argentina—tend to register higher dropout rates during the analysis pe-

riod.

FIGURE II. Dropout Rates by Department (2017-2021)
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Source: RUE database. Compiled by the authors.

Case Study: 2017 Cohort

A predictive approach was developed based on the analysis of a cohort of
students who entered the first year of upper secondary education (Educacion
Media) in Paraguay in 2017. A rigorous feature selection process was carried
out, and several predictive models of school dropout were implemented; the

results are presented below.
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Feature Selection

This section summarises the metrics obtained from Logistic Regression, Ran-
dom Forest (evaluated using the MDA and MDG criteria), and LASSO Re-
gression for the five variables selected according to the four criteria. Table
VII presents the numerical values for the most relevant variables identified by
each method, allowing their relative importance to be assessed.

TABLA VII. Feature selection metrics. Relevant variables for the imple-
mented methods.

Variable Logistic Regres- Random Forest Random Forest LASSO Regres-
sion (Significance) (MDA) (MDG) sion (Coefficient)
Age (in years) 15.7 34.03 492.42 0.611
Pathway 233 16.85 256.09 5.49
Shift 12.6 12.57 158.14 1.29
Department 6.71 8.54 390.69 2.33
Overage 2.59 22.27 216.42 0.201

Source: RUE database. Compiled by the authors.

The variables Age (in years), Pathway, School shift, Department, and
Overage were selected consistently, capturing key dimensions of the student
profile and institutional context. The literature supports that age, and espe-
cially overage, is a critical determinant of student retention, as academic lag
increases the risk of dropping out. In addition, Pathway, Department, and
School shift may be reflecting the effect of socio-economic and cultural in-
equalities on school continuity.

Other variables were moderately selected by three methods, such as
Modality — which classifies the curriculum into Scientific, Technical, Voca-
tional, and Open Pathways — School management type (official, private, or
grant-aided), and household characteristics, such as availability of applianc-
es, which reflect socio-economic status.

Finally, at least two methods consistently selected variables such as
Student gender and Number of repeated grades — a classic indicator of aca-
demic difficulties and a variable associated with dropout — along with school
type (e.g., Indigenous Educational Institution), zone (rural or urban), father’s
employment status, mother’s or guardian’s educational attainment, and the
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district of the school. Although these variables were selected with less consis-
tency, they complement the model by capturing indirect but relevant aspects
of school persistence. For example, in this cohort, students whose mothers
had completed primary education had a dropout rate of approximately 13%,
which decreased to 8% if the mother had completed secondary education,
and to only 4% when the mother held a university degree. Similarly, students
whose parents held stable jobs (in the public or private sector, or as employ-
ers) exhibited dropout rates between 7% and 10%, while those in occupations
with less job security reached rates as high as 15%—-19%. These findings are
consistent with literature highlighting the influence of socio-economic con-
ditions on educational trajectories. The lower presence of these variables in
some selection methods could be due to collinearity with other predictors
capturing similar dimensions. Thus, even if mother’s education or father’s
occupation are not explicitly included in all models, their effects may be re-
flected through correlated variables.

Predictive Models of School Dropout
Table VIII summarises the performance metrics obtained by each of the
models implemented for dropout prediction. They include: Accuracy, Preci-

sion, Recall, Specificity and F1-Score.

TABLA VIII. Performance of Predictive Models for Dropout Prediction.

Model Accuracy Precision Recall Specificity F1-Score
L.ogistic Regres- 0.7332 0.2436 0.5980 0.7513 0.3462
sion
Random Forest 0.7054 0.2269 0.6207 0.7167 0.3323
LASSO 0.7134 0.9312 0.7288 0.5980 0.8177
XGBoost 0.7062 0.2283 0.6247 0.7172 0.3344
SVM 0.7022 0.2227 0.6107 0.7145 0.3264
Neural Networks 0.7198 0.2364 0.6154 0.7338 0.3416

Source: RUE database. Compiled by the authors.

Considering the results in Table VIII, Logistic Regression achieves the high-
est accuracy (0.7332), meaning that 73.32% of predictions (dropouts and non-drop-
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outs) are correct, and its recall (0.5980) indicates that it identifies approximately
60% of students who actually drop out. However, its precision is low (0.2436), im-
plying that a significant proportion of positive predictions correspond to students
who do not drop out.

Random Forest and XGBoost show similar performance, with recall values
above 0.62, which supports the identification of at-risk students. However, their pre-
cision is limited (=0.22), reflected in relatively low F1-scores (=0.33). SVM follows
a similar pattern, with recall of 0.6107 and precision of 0.2227, along with compara-
tively lower accuracy and F1-score. Neural Networks reach an intermediate accura-
cy (0.7198) and recall (0.6154), results comparable to those of Logistic Regression.

LASSO Regression stands out for its high precision (0.9312) and recall
(0.7288), resulting in an F1-score of 0.8177—the highest among all evaluated mod-
els. Although its accuracy is 0.7134, its sensitivity makes it a solid option for identi-
fying students at risk, while its high precision helps minimise false positives. Based
on the values in Table VIII, it can be concluded that LASSO offers the best overall
performance for predicting dropout using the selected variables.

In addition to its strong predictive performance, LASSO Regression pro-
vides a parsimonious model by discarding coefficients with no significant effect,
while maintaining the interpretability of Logistic Regression. For example, for the
variable Age, the estimated coefficient ( = 0.847) translates into an Odds Ratio of
exp(0.847) = 2.33, meaning that—holding all other variables constant—a student
one year older is 2.33 times more likely to drop out.

The interpretation of the remaining variables is less direct, as they are cat-
egorical predictors converted into dummy variables. However, the Odds Ratio still
allows us to intuitively assess their impact: the variable School shift is the second
most influential (OR =~ 1.13), while Department (OR = 1.02) and Pathway (OR =
0.99) have a more limited effect. In addition, the coefficient associated with Overage
is reduced to zero (OR = 1), indicating that, in this penalised model, Overage does
not contribute additional predictive value, likely because its effect is already cap-
tured by the Age variable.

In the context of this study, LASSO Regression demonstrates a particularly
robust performance by combining high sensitivity and precision. Its ability to reg-
ularise through L1 penalisation facilitates the elimination of variables with lower
relevance, resulting in a parsimonious and interpretable model that prioritises the
predictors most strongly associated with dropout. Under these conditions, LASSO
emerges as the most appropriate alternative for the early identification of students at
risk, by minimising both false positives and model complexity.
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Conclusions

This research was based on an extensive dataset from the Registro Unico del Es-
tudiante (RUE) of Paraguay’s Ministry of Education and Science (MEC), covering
the period 2017-2023 and comprising a large volume of records. Its methodological
strengths—particularly the use of official data and rigorous analytical techniques—
provide solid evidence on secondary school dropout in Paraguay. Moreover, the lim-
ited number of Latin American studies using official administrative data focused on
pre-university levels reinforces the contribution of this work.

The descriptive analysis reveals a steady increase in enrolment between
2017 and 2021, with dropout peaks in 2019 and 2020. The outbreak of the pandemic
in 2020 exacerbated dropout in a context where education shifted to distance learn-
ing; in 2021, dropout declined under containment measures and a partial return to
in-person classes. Regarding gender, although dropout was initially higher among
male students, from 2019 onwards a progressive increase in the female share is ob-
served. In addition, the average student age increased from 2017 to 2023, suggesting
arise in overage and academic lag.

Geographically, dropout patterns were similar across urban and rural areas;
however, dropout rates were significantly higher in official institutions compared
to private or grant-aided schools. There are marked differences across departments,
with the night shift consistently showing the highest dropout rates. In terms of path-
way, the General Pathway and Vocational Training Pathway recorded the highest
dropout percentages. In addition, first-time repetition of a school year emerges as a
critical factor and trigger for dropout.

The feature selection process underscored the relevance of age (especial-
ly overage), pathway, shift, and department as variables that consistently explain
dropout. Older age within a given school year significantly increases dropout risk.
Departments reflect territorial disparities, and the night shift in Paraguay is often as-
sociated with labour and family responsibilities. Pathways such as Vocational Train-
ing tend to concentrate students with immediate needs for labour market insertion
or lower prospects of pursuing further studies, contributing to their higher dropout
rates. While overage and grade repetition had already been identified as strong pre-
dictors (Conde et al., 2023), this study broadens the scope by clearly highlighting the
influence of pathway and school shift, which have received relatively little attention
in the literature.

Model performance comparisons show that LASSO Regression balances re-
call and precision in an outstanding way: it identifies approximately 73% of actual
dropout cases (recall) and correctly classifies 93% of positive predictions (precision).
This balance is reflected in an F1-score of =0.82, the highest among all models, mak-
ing it the most promising technique for the early identification of at-risk students. Its
robustness and interpretability make it suitable for guiding early warning systems,
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by effectively identifying students at risk while minimising false positives.

The practical implications of the study highlight the need to design interven-
tions targeting both structural factors (territorial disparities, specific support for night
shifts) and individual factors (grade repetition, overage, vocational guidance). Policy
makers are encouraged to reinforce efforts in official institutions, where dropout is
most concentrated—especially in the night shift, General Pathway, and Vocational
Training Pathway—and to pay close attention to students with at least one repeat-
ed year. Additionally, it is essential to develop guidance and tutoring programmes
involving families, ensuring coordinated actions inside and outside the school envi-
ronment. As proposed by Gutiérrez-de-Rozas et al. (2023), these programmes should
focus on non-cognitive dimensions (e.g., self-esteem, social and life skills, deci-
sion-making) and on teaching and learning strategies.

As a contribution to the literature, this study demonstrates the value of large-
scale official administrative data for analysing school dropout in Latin America. By
linking socio-demographic, academic, and institutional variables for over 700,000
students, it confirms that overage and school history (particularly repetition) remain
strong predictors of dropout. It also shows that certain pathways, attendance in the
night shift, and territorial inequalities reflect how structural factors continue to shape
educational disengagement. This study not only contributes to international evidence
on the role of socio-economic and school factors in school dropout (Hernandez-Leal
et al., 2021), but also underscores the analytical power of census data for informing
student retention policies, especially in contexts where Education Information and
Management Systems (EMIS) are still under development (Arias et al., 2021).

The limitations of the study include the coverage and quality of certain
RUE fields, and the absence of psychosocial and economic factors, which could
enhance model accuracy. As directions for future research, we suggest extending
the time series to better assess the long-term effects of the pandemic on dropout in
Paraguay, exploring qualitative variables (e.g., motivation, school climate, family
involvement), and adopting alternative methodologies, such as time series models
or causal inference techniques, while integrating external datasets (e.g., social pro-
grammes, health statistics) for a more comprehensive analysis of dropout risk. In
addition, it would be valuable to compare these findings with results from emerging
artificial intelligence methods, such as deep neural networks, recurrent networks, or
transformer-based architectures, capable of capturing complex temporal patterns in
educational trajectories (Kusumawardani & Alfarozi, 2023; Nguyen et al., 2024).

In sum, this paper contributes to the understanding of dropout in secondary
education in Paraguay and Latin America, demonstrating the potential of data an-
alytics for informing education policy. Implementing these recommendations and
strengthening information systems may enhance the responsiveness of education au-
thorities, leading to improved student retention and completion rates.
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