
 

                                Vol. 16 No. 32 January – June 2026, e1040 

https://doi.org/10.23913/ride.v16i32.2835 

Scientific articles 

Ejercicios escolares para la predicción del rendimiento académico 

de estudiantes universitarios con técnicas de aprendizaje 

automático combinadas 
 

School exercises for predicting university students' academic performance 

using combined machine learning techniques 

 

Exercícios escolares para prever o desempenho acadêmico de estudantes 

universitários usando técnicas combinadas de aprendizado de máquina 
 

Andrés Rico Páez 

Instituto Politécnico Nacional, México 

aricop.ipn@gmail.com 

https://orcid.org/0000-0002-6450-318X 

 

Nora Diana Gaytán Ramírez 

Instituto Politécnico Nacional, México 

nora_diana@hotmail.com 

https://orcid.org/0000-0002-5159-9194 

 

Resumen 

El propósito de este estudio es proponer una metodología para desarrollar modelos 

predictivos del rendimiento académico de estudiantes mediante ejercicios académicos 

realizados en clase y utilizando técnicas de aprendizaje automático combinadas conocidas 

como técnicas de voto mayoritario y de apilamiento. Se recabaron datos de 250 estudiantes 

universitarios de México acerca de sus evaluaciones de ejercicios escolares para elaborar los 

modelos y se obtuvieron métricas de desempeño con validación cruzada. Posteriormente, se 

aplicaron los modelos construidos a 108 estudiantes de un ciclo posterior del mismo curso y 

se calcularon sus métricas. 

Los resultados obtenidos con validación cruzada muestran que la técnica de apilamiento que 

tiene en la segunda fase la técnica k vecinos más cercanos tiene una mayor exactitud (69.2%). 
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Cuando se predice el rendimiento académico de 108 estudiantes a partir de los modelos 

desarrollados, la exactitud más alta se obtiene con la técnica de apilamiento que tiene en la 

segunda fase la técnica k vecinos más cercanos con un valor de 74.1%. La información 

obtenida se recopiló en un 17% de avance temporal en el curso facilitando la detección 

temprana de estudiantes con problemas escolares para que los profesores realicen 

intervenciones oportunas y mejoraren su desempeño. Es habitual que los profesores recaben 

las evaluaciones de los ejercicios académicos sin requerir utilizar otras herramientas más 

complejas de recopilación de información lo que favorece utilizar este tipo de metodologías 

para construir modelos predictivos. 

Palabras clave: técnicas de aprendizaje automático combinadas, apilamiento, voto 

mayoritario, modelos predictivos, educación superior. 

 

Abstract 

The purpose of this study is to propose a methodology for developing predictive models of 

student academic performance using academic exercises completed in class and combined 

machine learning techniques known as majority voting and stacking. Data were collected 

from 250 university students in Mexico regarding their assessments of school exercises to 

develop the models, and performance metrics were obtained through cross-validation. 

Subsequently, the constructed models were applied to 108 students in a later semester of the 

same course, and their metrics were calculated. 

The results obtained through cross-validation show that the stacking technique with the k-

nearest neighbors’ method in the second phase has the highest accuracy (69.2%). When 

predicting the academic performance of 108 students using the developed models, the highest 

accuracy is obtained with the stacking technique that includes the k-nearest neighbors’ 

method in the second phase, with a value of 74.1%. The information obtained was collected 

17% of the way through the course, facilitating the early detection of students with academic 

difficulties so that teachers can intervene promptly and improve their performance. It is 

common for teachers to collect assessments of academic exercises without needing to use 

more complex data collection tools, which favors the use of this type of methodology for 

building predictive models. 

Keywords: combined machine learning techniques, stacking, majority voting, predictive 

models, higher education. 
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Resumo 

O objetivo deste estudo é propor uma metodologia para o desenvolvimento de modelos 

preditivos do desempenho acadêmico de estudantes, utilizando exercícios acadêmicos 

realizados em sala de aula e técnicas de aprendizado de máquina combinadas, conhecidas 

como votação majoritária e empilhamento (stacking). Os dados foram coletados de 250 

estudantes universitários no México, referentes às suas avaliações de exercícios escolares, 

para o desenvolvimento dos modelos. As métricas de desempenho foram obtidas por meio 

de validação cruzada. Posteriormente, os modelos construídos foram aplicados a 108 

estudantes em um semestre posterior da mesma disciplina, e suas métricas foram calculadas. 

Os resultados obtidos por meio da validação cruzada mostram que a técnica de empilhamento 

com o método k-vizinhos mais próximos (k-NN) na segunda fase apresentou a maior acurácia 

(69,2%). Ao predizer o desempenho acadêmico dos 108 estudantes com base nos modelos 

desenvolvidos, a maior acurácia foi obtida com a técnica de empilhamento que inclui o 

método k-NN na segunda fase, com um valor de 74,1%. As informações obtidas foram 

coletadas em 17% do curso, facilitando a detecção precoce de estudantes com dificuldades 

acadêmicas, permitindo que os professores intervenham prontamente e melhorem seu 

desempenho. Os professores geralmente coletam avaliações de exercícios acadêmicos sem a 

necessidade de ferramentas de coleta de dados mais complexas, o que favorece o uso desse 

tipo de metodologia para a construção de modelos preditivos. 

Palavras-chave: técnicas combinadas de aprendizado de máquina, empilhamento, votação 

majoritária, modelos preditivos, ensino superior. 
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Introduction 

In recent years, there have been significant technological advancements, such as 

mobile devices, the internet, and mobile phone networks, impacting various areas. One area 

that has been greatly influenced by technological development is education. The growth in 

information and communication technologies has facilitated learning activities, both in 

knowledge acquisition and in the collection of user records. In educational institutions, digital 

tools have improved methods for accessing and storing student information, such as grades, 

attendance, and credits earned, among many other attributes (Salas et al., 2019). Information 

processing and analysis allow us to understand data and develop potential solutions to 

problems in education that may influence teaching and learning processes. These analyses 
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allow us to identify similarities, differences, and patterns in the data, which can contribute to 

the development of educational policies and improve pedagogical practices (Zambrano et al., 

2024). Among the analyses of educational records used to improve teaching processes is the 

prediction of students' academic performance using machine learning techniques (Del 

Carpio, 2024). 

The prediction of academic performance in university students has increased due to 

the interest of researchers and educational institutions in improving pedagogical strategies 

and identifying early on students at risk of failing who require some type of academic support 

or intervention (Zambrano et al., 2024). Machine learning techniques have been used to 

predict academic performance (Vargas & Prieto, 2024). These techniques allow the 

construction of predictive models from a set of records called training data, with the aim of 

predicting and validating them with another set of data known as test data. There are studies 

in this line of research, such as the one conducted by Gil & Quintero (2023), in which the 

authors used data from students who participated in four online university courses. The 

authors built predictive models with different machine learning techniques based on seven 

predictor academic variables. Villarrasa et al. (2024) performed academic performance 

prediction models using a machine learning technique known as decision tree employing 14 

predictor variables. 

Currently, there are studies that employ predictive models of academic performance 

developed with combined machine learning techniques (Contreras et al ., 2021), that is, they 

combine techniques as if they were a single approach to improve predictions. In Mexico, 

there has been little progress in developing predictive models with these types of techniques 

due, among other reasons, to a lack of knowledge of these methodologies. This has led to a 

certain lag compared to other countries in the processing of academic data, with the potential 

benefit of improving teaching. Therefore, this research poses the following research 

questions: How can predictive models of the academic performance of students in Mexico 

be developed using in-class exercises and combined machine learning techniques? How can 

the developed predictive models be evaluated? Thus, the objective of this article is to develop 

a methodology for constructing predictive models of the academic performance of Mexican 

students at the end of a course using in-class exercises with combined machine learning 

techniques and to propose metrics for evaluating these models. 
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Methodology 

 The methodology used in this research consists of collecting information from 250 

students at a public university in Mexico regarding their grades obtained in five academic 

exercises for a mathematics course during the first few weeks of the semester. This 

information is used to create predictive models of course pass or fail, that is, of their academic 

performance at the end of the semester. This type of tool helps professors identify students 

most likely to fail the course and, consequently, implement interventions to help these 

students catch up in the early stages of the semester. Figure 1 schematically presents the 

methodology used . 

 

Figure 1. Schematic of the methodology used in the research. 

 

Source: Own elaboration 

The exercises were conducted during the first three weeks of the 18-week course. 

Participants were informed that the collected data would be used solely for educational 

research purposes. Furthermore, to protect confidentiality and for ethical reasons , their 

names were not used; instead, they were assigned an identifier, as machine learning 

techniques do not require them. 

In this study, exercise evaluations were scored on a scale of 0 to 10. They were 

classified as passing (6 or higher, ≥ 6), failing (less than 6, < 6), and exercises not submitted 

by students for evaluation (unsubmitted). Each student's final course grade was either pass 

or fail. Part of the structure of the data collected from the students is presented in Table 1. 
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Table 1. Structure of data collected in the research. 

 Record 1 Record 2 ….. Record 250 

Exercise 1 < 6 without 

delivering 

….. < 6 

Exercise 2 ≥ 6 ≥ 6 ….. Without 

delivering 

Exercise 3 < 6 ≥ 6 ….. ≥ 6 

Exercise 4 ≥ 6 without 

delivering 

….. ≥ 6 

Exercise 5 < 6 without 

delivering 

….. ≥ 6 

Final course 

evaluation 

approved failed ….. approved 

Source: Own elaboration 

In the creation of the predictive models, combined machine learning techniques were 

used, specifically, the majority voting and stacking techniques. 

The majority voting technique involves using predictions from underlying machine 

learning techniques and then selecting the prediction with the most votes, that is, the majority 

vote (García et al., 2023). The underlying techniques used in this research are Naive Bayes 

(Sarmiento et al., 2024), C4.5 decision trees (Timarán et al., 2023), and k nearest neighbors 

(Arengas et al., 2024). The structure of the majority voting technique implemented in this 

article is shown in Figure 2. 
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Figure 2. Structure of the majority voting technique in predictive models. 

 

Source: Own elaboration 

Stacking is a machine learning algorithm that uses predictions from base techniques 

(first phase) as inputs to another machine learning technique (second phase) (Cruz, 2024). In 

the first phase, the three machine learning techniques used in majority voting are employed, 

and in the second phase, the same three techniques from the first phase are used, resulting in 

three different stacking techniques, as shown in Figure 3. 

 

Figure 3. Structure of stacking techniques in predictive models. 

 

 

Source: Own elaboration 
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These models and all the analyses in this article were done with the support of the 

free software known as Weka (Nizar et al., 2024). Furthermore, they require evaluation; that 

is, they need metrics to verify that the given predictions are acceptable. The metrics used in 

this research are accuracy, true positive rate, and true negative rate (Yajure , 2023; Daza et 

al., 2024). Prediction accuracy is calculated by dividing the number of correct predictions by 

the total number of predictions made by the model. The true positive rate is the number of 

predictions of student passing divided by the total number of actual passing predictions. The 

true negative rate is the same ratio but considering the number of predictions of students 

failing. For each machine learning technique, these metrics are calculated using cross-

validation with 10 groups (Sierra et al., 2024), similar to how it has been used in similar 

studies in the literature (Parraga , 2024). This method involves randomly dividing the data 

into 10 groups. Nine groups are used to build the model, and predictions are made for the 

remaining group. This process is repeated 10 times. The accuracy, true positive rate, and true 

negative rate are the averages obtained in the cross-validation process for each of the machine 

learning techniques used in this research. Specifically, for the k- nearest neighbors technique, 

which serves as the basis for the majority voting and stacking techniques, as well as for the 

technique used in the second phase of the stacking technique, the parameter k that maximizes 

the accuracy of the predictions in its respective cross-validation was selected. The results of 

these metrics with the machine learning techniques are presented in the following section. 

 

Results 

The results in this section employ predictive models developed using combined 

machine learning techniques, including majority voting and three stacking techniques 

described in the previous section. Figures 4, 5, and 6 present the accuracy, true positive rate, 

and true negative rate for the majority voting technique (Figure 2) and the three stacking 

techniques (Figure 3). For the stacking techniques, to distinguish which technique is used in 

the second phase, it is proposed to represent them as “stacking/technique in the second 

phase.” For example, “stacking/ Naive Bayes ” means that the stacking technique is used, 

with the Naive Bayes algorithm employed in the second phase. 
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Figure 4. Accuracy of predictive models of academic performance with combined machine 

learning techniques using cross-validation. 

 

Source: Own elaboration 

Figure 4 shows that the Stacking/ K nearest neighbors technique achieves the highest 

accuracy compared to the others, at 69.2%. It can also be seen that the Stacking/C4.5 decision 

tree technique is lower than the others (61.2%). 
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Figure 5. True positive rate of predictive models of academic performance with combined 

machine learning techniques using cross-validation. 

 

Source: Own elaboration 

The true positive rates with stacking techniques are the highest, as shown in Figure 5, 

specifically those using Naive Bayes and k nearest neighbors in the second phase. 

Furthermore, the true positive rate with the majority voting technique is significantly lower 

than the others. 
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Figure 6. True negative rate of predictive models of academic performance with combined 

machine learning techniques using cross-validation. 

 

Source: Own elaboration 

In Figure 6, the true negative rate with the majority voting technique (65%) is the 

highest compared to the other stacking techniques. 

To demonstrate the usefulness of the models developed using combined machine 

learning techniques, predictions were made for 108 university students enrolled in the same 

course but from a later semester; that is, an independent sample. Upon completion, 

information regarding their passing grades was collected and compared with the model 

predictions. This yielded metrics for accuracy, true positive rate, and true negative rate, which 

are shown in Figure 7. 
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Figure 7. Metrics of predictive models of academic performance with combined machine 

learning techniques. 

 

Source: Own elaboration 

The figure above shows that the true positive rate tends to be higher in the models 

compared to the other metrics with values; similarly, the true negative rate tends to be lower. 

Furthermore, the accuracy of the predictions tends to be similar across all techniques, being 

higher with the stacking technique that uses k nearest neighbors in the second phase (around 

70%). 
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Discussion 

The results obtained through cross-validation show that the stacking technique using 

the k- nearest neighbors algorithm in the second phase has the highest accuracy (69.2%), 

while the techniques using Naive Bayes and k- nearest neighbors have the highest true 

positive rate (77.8%), and the majority voting technique has the highest true negative rate 

(65%). Therefore, with the data used, no single technique employed in this research achieves 

the best metric values in all cases. Instead, it is necessary to choose the most appropriate 

technique based on the desired metric value. In this regard, when predicting academic 

performance with another dataset (108 students) using the developed models, the highest 

accuracy is obtained with the stacking technique using the k-nearest neighbors method in the 

second phase, at 74.1%. The highest true positive rate (84.4%) was obtained with the stacking 

technique using the C4.5 decision tree. and the highest true negative rate was calculated to 

be 73.4% using the majority voting technique. 

In this study, the exercises were developed during the first three weeks of the 18-week 

course. This means the predictions were made when the course was 17% complete, allowing 

for the early identification of students with a high probability of failing so that instructors 

can implement targeted pedagogical interventions. It is also important to note that collecting 

assessments of academic exercises is routine for instructors and doesn't require more complex 

data collection tools, making this type of methodology more accessible for building 

predictive models. 

There are studies that use metrics to evaluate predictive models similar to those 

employed in this research. In the study conducted by Gil and Quintero (2023), they achieved 

a maximum accuracy of 59% in their models and a true positive rate with a maximum value 

of 71%. To achieve this, they used seven attributes or variables to develop the predictive 

models, and the collected data was divided into 70% for training and 30% for testing. 

Villarrasa et al. (2024) obtained maximum accuracy, true positive rate, and true negative rate 

values of 81.4%, 79%, and 83.33%, respectively. They used 14 variables and divided the data 

into 80% for training and 20% for testing. In contrast to these studies, the present study used 

cross-validation, adding randomization to the experiments and offering potentially more 

robust results for the metrics. Furthermore, the test data consisted of students predicting their 

course performance at the time of the study, rather than previously stored records. This 

research required five predictor variables and yielded metric values higher than those 

obtained by Gil and Quintero (2023). While the metrics obtained in Villarrasa et al. (2024) 
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have higher values than those obtained in the present study, and the number of variables used 

in this article is much lower. It should also be noted that previous studies use variables that 

are not as easily collected by teachers, unlike in this study, where exercise evaluations are 

routinely collected by teachers. 

Finally, the methodology developed in this study could be used in other courses and 

educational modalities in order to detect students with academic difficulties so that the 

teacher can implement appropriate support strategies to improve their performance. 

 

Conclusions 

This study designed a methodology for developing models to predict the academic 

performance of Mexican students at the end of a course. The model employed in-class 

exercises and a combination of machine learning techniques, specifically majority voting and 

three stacking methods. To evaluate the models, the metrics of accuracy, true positive rate, 

and true negative rate were used. These metrics were initially obtained using cross-validation 

and subsequently by applying the models to a different dataset—a test dataset. 

When the models were evaluated with cross validation, the highest values of accuracy 

(69.2%), true positive rate (77.8%) and true negative rate (65%) were obtained with the 

stacking technique that in the second phase has the k nearest neighbors algorithm, with the 

stacking techniques that have Naïve Bayes and k nearest neighbors, and with the majority 

voting technique, respectively. 

When the models were evaluated with the test data, the highest values of accuracy 

(74.1%), true positive rate (84.4%) and true negative rate (73.4%) resulted with the stacking 

technique that has in the second phase the k nearest neighbors technique, with the C4.5 

decision tree stacking technique and with the majority voting technique, respectively. 

The information gathered from students was collected during the first three weeks of 

the course, representing 17% of the coursework. This facilitates the early identification of 

students who may be experiencing academic difficulties, allowing teachers to provide timely 

interventions to improve their performance. This type of methodology could be replicated in 

other courses and educational levels. Furthermore, it allows for understanding the specific 

needs of students in order to personalize tutoring programs or other support strategies 

depending on the subject. Predictive models can contribute to a more efficient use of 

educational resources, enabling a focus on the students who need them most. 
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It should be noted that, despite the progress shown in this research, there are several 

areas for improvement regarding the topic addressed in this study. These include employing 

the methodology with other types of machine learning techniques or with different student 

characteristics in order to improve the evaluation metrics. 

 

Future lines of research 

 It should be noted that, despite the progress achieved in this article, the scope was 

limited by the institutional context, sample size, and the type and number of variables. 

However, further research in this area is possible. Increasing the amount of data used in each 

model is considered pertinent. Furthermore, it may be beneficial to increase the number of 

machine learning techniques employed in the majority voting and stacking methods. 

Additionally, other types of attributes ( academic, social, behavioral, etc.) that may influence 

student academic performance could be incorporated. 
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