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Abstract

Nowadays, collaborative emotions expressed in social networks by teenagers are topics
of educational and communication interest fundamental in human interactions, whose
analysis has experienced an exponential growth in the digital era. The aim of the
article is to determine a machine learning and/or deep learning model that performs
better in the recognition of complex sequential text patterns of emotions expressed
on social networking platforms by secondary school students in rural areas of Puno.
The methodology comprises keyword sensing technique (KST) and natural language
processing (NLP), and has been applied to a total of 2160 emotions expressed in
comments on daily educational activities among friends and classmates on personal
Facebook profile. Pre-processing, training, evaluation and implementation have been
carried out in Google Colab with pandas, Scikit-learn, numpy, TensorFlow/Keras,
Matplotlib and Seaborn libraries. As a result, the implementations of the ANN, SVM,
Naive Bayes, XGBoost, Random Forest, KNN and LightGBM algorithms were compared
and evaluated with the metrics of precision, recall, F1-score and AUC. ANN was found
to be the best fitting model for the dataset, with an AUC of 97% correctly classifying
emotions such as ‘Surprise’ and ‘Anger’, but has limitations with ‘Happiness’ and
‘Sadness’, emotions that are often confused with each other, especially with ‘Distress’.
In conclusion, ‘Surprise’ highlights feelings expressed in the personal Facebook profile
of students from rural Puno, where the Peruvian educational model does not meet the
expectations of the highland youth who still preserve their own living culture of the
Andean cosmovision, allowing them to survive in situations of poverty, a culture that
instills in them the importance of solidarity and reciprocity, while ‘Anger’ reflects
permanent frustrations due to marginalisation in basic sanitation services, motivating
them to undertake migratory adventures to the cities of the coast. Once there, they
suffer racial mistreatment, physical or psychological harassment and, emotionally,
they lose self-esteem, unable to integrate into a full society with quality of life.

Keywords: emociones, aprendizaje profundo, cultura viva, redes sociales.
Author summary

The social network Facebook is massively used by adolescent secondary school students
in rural communities in Puno. This practice has become very attractive for young people,
especially for expressing their emotions on their personal profile walls, being an addiction
that limits learning activities and is a reason for dropping out of school. For this reason,
the use of artificial intelligence is essential to know in time the desires, wishes,
expectations, inhibitions, fears, frustrations and inhibitions that are difficult to manifest
in educational classrooms. In this society of the ayllu, an ancient term meaning a group
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of families, with a living culture of the subsisting Andean cosmovision. There are studies
on the analysis of feelings in other realities, but not in rural Andean societies in Puno. The
result was the correct classification of emotions such as ‘Surprise” and ‘Anger’, feelings
expressed as rejection of the Peruvian educational model by the youth of the altiplano,
who still preserve customs and traditions of the Andean cosmovision. The ayllu
guarantees the survival of a very poor, culturally neglected reality, with permanent
frustrations due to the lack of basic sanitation services. This population is motivated to
undertake migratory adventures to the coastal cities, where they suffer racial abuse,
physical or psychological harassment and, emotionally, they lose their self-esteem,
without the possibility of being able to live in the cities. Therefore, the educational model
in the Peruvian Andes is a complete failure.

Introduction

The study of emotions has become increasingly important in the field of academics and
student well-being. The comments expressed in the personal social network profiles of
students in educational institutions in rural Puno are diverse and have a direct impact on
academic performance. Therefore, it is important to determine a machine learning and/or
deep learning model that performs better in recognizing complex sequential and hidden
textual patterns of emotions expressed on social networking platforms by secondary
school students in rural Puno, in order to mitigate academic failure(Alcocer-Sanchez et
al., 2023).

In rural secondary schools in Puno, students interact with technology and the strong roots
of their living culture, to share experiences, traditions, customs, experiences of the
Andean cosmovision, giving other ways to collaborate in their studies, homework and
learning in general.

In secondary education centres in rural Puno, there are currently minimum conditions of
access to the internet and social networks after the COVID-19 pandemic(Fidel &
Alejandro, 2024), it is fundamental to understand how emotions affect personal, academic
and social development. For which, it is important to classify, detect and predict such
emotions in an adequate and timely manner, in order to vindicate the student's self-esteem,
since, due to intercultural differences, such as the native language, they are subject to
marginalization. All these are social taboos that must be discarded(Bermejo-Paredes et
al., 2019).

In the Puno region, within the framework of the Andean cosmovision(Cruz, 2018), it is
fundamental to understand how emotions affect personal, academic and social
development. For which, it is important to classify, detect and predict such emotions in
an adequate and timely manner, in order to vindicate the student's self-esteem, since, due
to intercultural differences, such as the native language, they are subject to
marginalization. All these are social taboos that must be discarded(Estrada et al., 2018).

The Andean cosmovision is based on the principle of good living, life in plenitude or
knowing how-to live-in harmony and balance, in harmony with the cycles of Mother
Earth, the cosmos, life and history, and in balance with all forms of existence. And this is
precisely the path and the horizon of the community; it implies first knowing how to live
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and then to live together. It is not possible to Live Well if others live badly, or if Mother
Nature is damaged (Gudynas, 2011). Living Well means understanding that the
deterioration of one species is the deterioration of the whole. In other words, it is
‘knowing how to eat, drink, dance, sleep, work, meditate, think, love, listen, speak, dream,
walk, give and receive (ARCE-ROJAS, Rodrigo, 2024). Each of these knowledges is
interconnected and reflects a profound relationship with nature and spirituality, promoting
a balance between the individual and society’, which constitutes another alternative form
of social development that should be valued and taken into account in educational
practices of teaching and learning in rural areas, reaching out to other traditional cultures.

Properly channelled, emotions collaborate in strengthening the Andean student's rebirth
with his or her own cultural identity, sustainability and good living, and allow him or her
to achieve an integral formation in the fusion of his or her living culture and technology
(Gilar-Corbi et al., 2018).

In educational processes, the identification, classification and management of emotions
improves group integration, motivation for social inclusion and active participation in life
in solidarity, since emotional limitations due to low personal and cultural esteem restrict
access to advanced technological and pedagogical resources(Nicastri et al., 2024). In this
context, the use of classification algorithms for emotion recognition is presented as an
innovative tool to improve educational interactions and school climate(CH & P, 2024).
Artificial intelligence (Al) and machine learning (ML) technologies offer a wide set of
techniques and applications to develop systems capable of performing tasks that
traditionally require human intelligence(Jiang et al., 2020). Technologies such as natural
language processing, computer vision and robotics have demonstrated their ability to
learn and improve from large volumes of data, enabling optimal performance over time.
In addition(Machova et al., 2023a), technologies have been developed that integrate
emotions into the educational process, although there is little research that specifically
addresses the rural context and cultural factors in education.

The aim of the article is to determine a machine learning and/or deep learning model to
better recognise complex sequential text patterns of emotions expressed on social
networking platforms by secondary school students in rural Puno(Das et al., 2023).

Emotions have their origin in neurochemical, physiological, biopsychological and
cognitive sources, and fulfill an adaptive and associative function.(Belmer et al., 2016).
Therefore, emotions and education are interconnected in the learning and teaching
process (Imbir et al., 2015). Scientific research has shown that emotions affect
fundamental aspects such as motivation, attention, memory and meaningful learning.
According to John D. Mayer, emotions play a crucial role in the way students process
information and engage in the classroom. According to John D. Mayer, emotions play a
crucial role in the way students process information and engage in the classroom (Mayer
et al., 2004). In addition, students' ability to regulate their own emotions has a significant
influence on their academic success (Piedrahita-Carvajal et al., 2021a).

The word ‘emotion’ derives from the Latin emotion, whose semantic nucleus motion is
clearly related to motus (movement). It belongs to the same family as the word
‘motivation’ (Irrgang & Egermann, 2016), (Toivonen et al., 2012). Both terms have been
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developed in the field of psychology to explain the activity of the organism in relation to
the ecosystem in which it operates.

According to Darwin (1873), emotions were proposed as universal adaptive mechanisms
shared with other animals, not requiring cultural learning (Darwin & Darwin, 2009). To
investigate this, he contacted missionaries in tribes with no exposure to Western culture,
who showed photographs of English people expressing emotions, thus assessing the
universality of emotional expression and recognition.

Emotion classification systems are organized sets of techniques that analyze human
emotions from various perspectives (Ruiz & Delgado, 2023). They are generally divided
into ‘Emotional Categories’ and ‘Emotional Dimensions’.

One of the best-known frameworks is the model of basic emotions proposed by Paul
Ekman, which identifies six universal emotions: joy, sadness, anger, fear, surprise and
disgust, which are recognizable through universal facial expressions (Ekman, 1992). On
the other hand, Robert Plutchik's (1982) model of primary emotions suggests that, in order
to properly label emotions, it is crucial to understand them within an evolutionary
framework applicable to both humans and animals. Plutchik proposed eight primary
emotions: fear, anger, joy, sadness, trust, disgust, surprise and anticipation (Plutchik,
1982), (Huang & Zaiane, 2019).

In the current field, emotion analysis relies on the use of advanced technologies, such as
artificial intelligence (Al) (Azevedo et al., 2024), machine learning and deep learning
(Janiesch et al., 2021), (Janiesch et al., 2021), to classify and analyze emotions in
collaborative environments. This recognition applies not only to individual interactions,
but also to group dynamics, exploring how the emotions of team members influence the
overall outcome of their collaboration (Liu et al., 2020). In this context, the term
‘collaborative’ refers to an approach that considers emotions as a shared phenomenon
among people working together on a project or task (Zhou et al., 2021).

In addition, social networking technologies express emotions and affect, as well as
shaping the personal identity of young people, through various manifestations such as
body language, facial expressions, tone of voice and textual patterns, making it possible
to infer emotions in real time.

Emotion classification systems are organized sets of categories that analyze human
emotions from different perspectives (Tanko et al., 2023). The models used are usually
divided into ‘Emotional Categories’ and ‘Emotional Dimensions’"'(Canales & Martinez-
Barco, 2015).

e Basic Emotions Model: Paul Ekman proposed that there are six basic universal
emotions: joy, sadness, anger, fear, surprise and disgust, recognizable through
universal facial expressions (Ekman, 1992).

e Primary emotions model: Segun Plutchik (1982), According to Plutchik, in order
to identify and label primary emotions, it is necessary to understand them within
an evolutionary framework applicable to both humans and animals. Plutchik
suggested eight primary emotions: fear, anger, joy, sadness, trust, disgust, surprise
and anticipation (Plutchik, 1982).

e n this context, the term ‘collaborative’ implies an approach that encompasses the
emotions distributed among people working together on a project or task (Zhang
et al,, 2023), (Saisanthiya & Supraja, 2024). Social networking technology
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expresses certain emotions and affect, as well as shaping the personal identity of
young people, reflected in various manifestations such as body language, facial
expressions, tone of voice and textual patterns, allowing emotions to be inferred
in real time.

Machine learning algorithms are numerous and widely recognized for their efficiency
and classification mechanisms (Ptaza et al., 2022), (Siam et al., 2022). They include:

o K-Nearest Neighbors (KNN): a supervised non-parametric algorithm that uses
proximity to classify data points (Xiong & Yao, 2021).

« Naive Bayes (NB): a probabilistic classifier that assumes independence between
features, being efficient for multi-class classification (Dart et al., 2002).

e Random Forest (RF): an ensemble algorithm based on multiple decision trees,
known to be robust and efficient on large datasets (Talpur & O’Sullivan, 2020),
(Awad & Khanna, 2015).

e Support Vector Machine (SVM): a supervised algorithm that searches for
optimal separators (hyperplanes) to distinguish between classes (Awad & Khanna,
2015).

o Extreme Gradient Boosting (XGBoost): an optimized variant of the boosting
algorithm, known for its high performance in classification tasks (Gono et al.,
2023).

e LightGBM: es un método de ensamblaje de refuerzo de gradientes que se utiliza
en la herramienta Entrenar con AutoML Yy se basa en arboles de decision.

On the other hand, deep learning algorithms include:

o Artificial Neural Networks (ANN): computational systems inspired by the
human brain, designed to model complex relationships between inputs and
outputs (Al-Bakri & Sazid, 2021), (Haykin, 2008).

The evaluation of model performance is carried out using metrics such as accuracy, which
measures the proportion of correctly classified cases out of the total number of instances;
el AUC (area under the ROC curve), which evaluates the model's ability to differentiate
between classes (Tanha et al., 2020), (Bradley, 1997); AUC (area under the ROC curve),
which assesses the model's ability to differentiate between classes; and F1-Score, which
is the harmonic average between Accuracy and recall. These metrics measure the
proportion of correct classifications, the model's ability to distinguish between classes
and the balance between accuracy and sensitivity, respectively.

Methodology

The procedure to be followed is illustrated in the flow chart describing the stages of the
methodology used in this study. This methodology consists of six steps: Data Collection,
Data Preprocessing, Data Set Partitioning, Training of Machine Learning and Deep
Learning Algorithms, Model Evaluation, and Visualization and Analysis of Results. Each
of these steps is detailed below in Fig 1.
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Fig 1. Methodology for Automatic Emotion Recognition

The data collection consisted of collecting the emotions expressed in the personal
Facebook profile of each secondary school student from rural areas of Puno. A total of
2,160 emotions were obtained in Spanish.

Data pre-processing is a fundamental step in the development of machine learning
models, especially when working with text or unstructured data. During this process,
several data preparation tasks were performed in order to train and analyze machine
learning models effectively. The procedure is detailed below: Carga de datos desde un
archivo Excel.

e Loading data from an Excel file.

e Text cleaning, which consists of converting the text to lowercase, removing non-
alphabetic characters and preparing the text for analysis.

e Emotion distribution analysis helps to examine the number of samples for each
emotion category.

e TF-IDF is used for text vectorisation and to convert collaborative emotions into
numerical representations.

e LabelEncoder is used to encode emotion labels and convert text classes into
numerical values.

The splitting step is performed in two groups: one to train the model and one to test its
performance. This process is necessary to ensure that the model fits the training data and
can be generalised to new data. In this case, train_test split from the scikit-learn library
is used, whose function simplifies this process. For the study covering 2,160 emotions,
test_size=0.2 is used, which represents 20% of the test data, i.e. approximately 432
emotions used for evaluation. This amount is sufficient to obtain reliable metrics, while
80% (1,728 emotions) is intended for training, contributing to a good model fit. The
corresponding Code is:
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Python

from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test = train_test_split

(X_tfidf, y_encoded, test_size=0.2, random_state=42, stratify=y_encoded)

The selection and training of machine learning and deep learning algorithms depends on
many factors, such as the type of problem, the characteristics of the data and the objectives
of the analysis. Different algorithms have been chosen to solve the problem of emotion
classification in text, and each algorithm has particular characteristics suitable for
different types of data. The selection of algorithms includes artificial neural networks
(ANN), support vector machines (SVM), Naive Bayes, XGBoost, Random Forest, KNN
(K nearest neighbours) and LightGBM. Each algorithm has its advantages depending on
the characteristics of the dataset.

Training models involves adjusting their internal parameters to learn patterns in the data.
During training, the model adapts to the input data (in this case, processed comments)
and associated labels (emotions). To do this, each algorithm uses a different approach.
For example, a neural network (ANN) adjusts its weights by backpropagation and
gradient descent, while tree models, such as XGBoost and Random Forest, build multiple
decision trees and combine them to improve accuracy and reduce overfitting.

Each algorithm requires hyperparameter settings to obtain the best performance.
Hyperparameters are adjusted based on default settings or search parameters, such as the
number of neighbours in KNN, the depth of the tree in Random Forest or the number of
epochs in an artificial neural network (ANN). These parameters are necessary to control
the trade-off between model over-fitting and generalisation.

Model evaluation is an important step in the process, as it allows determining how well a
trained model generalises to unseen data. This evaluation is performed using several
metrics, such as precision, recall, F1-score and AUC. Precision measures the accuracy of
the model, while recall and F1-score provide a more complete picture in scenarios with
unbalanced classes. The F1-score balances precision and sensitivity, which is useful when
trying to reduce false positives and false negatives. In addition, the AUC (area under the
curve) is used to assess the discriminative ability of the model through ROC curve
analysis, especially in multi-class classification problems. An AUC close to 1 indicates
that the model is efficient. These metrics help to compare the performance of different
algorithms, allowing the most appropriate model to be selected and adjusted to improve
its performance.

The documentation and presentation of the model results is done by means of graphs and
tables, allowing visual comparison of the performance of different algorithms. Metrics
such as accuracy, sensitivity, F1-score and AUC are presented in an ordered DataFrame,
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facilitating the interpretation of the results. In addition, Matplotlib is used to plot the ROC
and AUC curves, providing a visual representation of the performance of the models.
Based on the research results, the most effective model is determined based on the metric
analysis. The documentation should highlight the most effective models and possible
improvements that can be made to the process, such as optimising hyperparameters or
exploring other algorithms. This ensures that the results are presented in a clear,
understandable and useful way, allowing informed decisions to be made about which
models to use in real-world applications.

Results

Analysis of collaborative emotions in adolescent secondary school students in rural
Puno.

The Table 1 the different collaborative emotions expressed by the students, with a lower
representation of some of them. Among these, emotions such as surprise, with 24\%, and
anguish, with 23.7\%, followed by anger, which reached 22.8\%, stand out. These three
emotions represent more than 70\% of the responses, which shows a tendency towards
intense and reactive emotions. On the other hand, happiness, with 16.6\%, and sadness,
with 13\%, reflect positive and melancholic emotions compared to the more explosive
emotions. Also in Fig 2, the students' expressions reflect a variety of experiences and
emotions.

Table 1. Distribution of Emotions in the Dataset

EMOTIONS QUANTITY  |%
Surprise 518 24
Anguish 511 23.7
Anger 492 22.8
Happiness 358 16.6
Sadness 281 13
Total 2160 100

Id Comentarios emociones
1 1la identidad cultural est en relacin armnica c... sorpresa
2 siento emocin al ver nuestras fotos de viaje d... Tristeza
3 estudi con varios compaeros de clase estaba mu... enojo
4 3 veces me pongo nervioso si nadie comenta mis... Angustia
5 la educacin es la socializacin e intercambio d... sorpresa

Fig 2. Recording emotions in student responses
Model selection and training
The outcome of the research requires the selection of classical machine learning and deep

learning algorithms, which, when applied to the dataset, allow the identification,
classification and prediction of emotions. Common models include:
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Classical models include SVM which allows probabilistic predictions; Random Forest
based on decision trees; XGBoost optimises with the mlogloss metric for multiple
categories; Naive Bayes Multinomial under efficient probabilistic approach; KNN for
nearest neighbour-based classifications; and LightGBM, recognised for its speed and
accuracy in gradient boosting. The deep learning model selected was an artificial neural
network (ANN) with a dense layered architecture, ReLU and Softmax activations, and a
30% Dropout to prevent overfitting, optimised with the Adam algorithm. These models
were chosen because of their ability to solve complex multi-class classification problems
and their ability to identify emotional patterns in the analysed text.

The training of the models was performed using datasets preprocessed with TF-IDF,
which converts texts into numeric vectors, and labels encoded with LabelEncoder. The
data were divided into training dataset (80%) and test dataset (20%) and stratified to
maintain the class distribution. Classical machine learning models, such as SVM,
Random Forest, XGBoost, Naive Bayes, KNN and LightGBM, were trained using the
standard fit method, while the artificial neural network (ANN) was trained for 10 epochs
with an Adam optimiser and a categorical\_crossentropy loss function, using a batch size
of 32 and 20% cross-validation. Evaluation of all models was carried out using key
metrics such as accuracy, precision, sensitivity, F1-Score and AUC shown in Table 1 to
determine the best performing model for emotion classification.

Table 2 Model Evaluation Metrics

Accuracy |Precision |Recall F1-Score |AUC
ANN 0.828704 |0.830108 |0.828704 |0.828864 |0.971473
SVM 0.789352 |0.799963 |0.789352 |0.78293 | 0.954887
Nalve 0.773148 |0.807327 |0.773148 |0.76866 |0.93498
Bayes
XGBoost |0.763889 |0.77635 |0.763889 |0.763558 |0.953807
Egpe‘?'s‘t)m 0.761574 |0.790986 |0.761574 |0.76012 |0.958252

KNN 0.671296 [0.719629 |0.671296 |0.67811 |0.901213
LightGBM |0.631944 |0.683252 |0.631944 |0.630449 |0.891861

According to the results obtained in Table 2, the ANN showed the best performance with
an accuracy of 0.8287, F1-Score 0f 0.8289 and an AUC 0f 0.9715, indicating a high class
discrimination capability.Fig. 3 shows that artificial neural networks adequately handle
complex data relationships. The SVM model also performed well with an AUC of 0.9549,
although its F1-ScoreF1 of 0.7829 was lower than that of ANN, reflecting a poorer
balance between accuracy and sensitivity. On the other hand, Naive Bayes and XGBoost
show acceptable performance with an AUC above 0.93, but lower accuracy and F1-Score.
Random Forest has an AUC of 0.9583, which is competitive, but the overall accuracy is
lower. KNN and LightGBM had the lowest performance, 0.6713 and 0.6319 respectively,
indicating that they are not suitable for this study. Overall, ANN was the most suitable
emotion classification model in this study.
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Fig 4. Multi-class confusion matrix

The Fig. 4 shows the multiclass confusion matrix, which presents the performance of the
artificial neural network (ANN) model in classifying emotions such as anguish,
happiness, sadness, anger and surprise in secondary school students from rural areas. It is
observed that the model classifies anger emotions with high accuracy, achieving 89
correct predictions, and surprise, with 93 correct predictions. However, significant
confusion is evident between anguish and happiness, where 17 cases were misclassified,
and between sadness and happiness, with 11 cases of error.
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Fig 5. Loss during Training and Validation

Training and Validation Loss Fig. 5 shows the evolution of training and validation loss
over 10 epochs. Initially, the training loss decreases steadily, indicating that the model is
learning. However, the validation loss starts to increase after the first epoch, suggesting
that the model might be overfitting the training data. Despite a good initial accuracy (93\%
on the validation set in the first epoch), the validation accuracy gradually decreases as
training progresses, reaching 90.46\% in the last epoch. These results indicate that the
model would need to be fine-tuned.
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Fig 6. Comparison of models using the Area Under the Curve (AUC)

Fig. 6 compares (AUC) of different classification models. Of all the models, the ANN has
a high performance, with values close to 1, being an excellent capacity to distinguish
classes of emotions.
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La Fig. 7, shows the AUC curves for machine learning classification models such as
SVM, Random Forest, XGBoost, Naive Bayes, KNN, and LightGBM, where SVM and
Random Forest stand out with an AUC of 0.96, followed by XGBoost (0.95). In Fig. 8,
the AUC of the artificial neural network (ANN) is estimated to be 0.97, which is higher
than other models, indicating better performance in classifying positive and negative
classes. This suggests that artificial neural networks may be the best option in this case..
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Fig 8. Area Under the Curve (AUC) using Deep Learning
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Table 3. Comparison of collaborative emotions

REAL PREDICTED
Nro |EMOTION EMOTION
0 anguish anguish
1 surprise surprise
2 happiness happiness
3 anger anger
4 anguish anguish
5 happiness anguish
6 sadness sadness
7 sadness sadness
8 anguish anguish
9 anger anger
10 anger anger
11 happiness anguish
12 sadness sadness
13 anguish anguish
14 surprise surprise
15 happiness anguish
16 surprise surprise
17 anger anger
18 anguish anguish
19 anger anger

Table 3 shows the comparative analysis of the real emotions with the emotions predicted
by the model, which identifies the following emotions well: "Anguish", "Sadness",
"Anger" and "Surprise", because most of the predictions match the real emotion.
However, this brings great difficulties to the classification of "Happiness", because in
three out of four cases this emotion was confused with "Anguish". This indicates a bias
towards wrongly classifying certain emotions as "Anguish", which warns of an imbalance
in the data set or a limitation of the model in differentiating specific characteristics of
some emotions.

3318



Models of automatic recognition of collaborative emotions in rural secondary education
institutions in Puno, 2024.

Emotion Distribution: ANN

B Real Emotions

140 - . .
Predicted Emotions

120 4

100 +

80

Frecuencia

60

20 1

enojo
Tristeza
Felicidad

z &
g

a I
& g
& ]

Fig 9. Actual and predicted emotions

Emocion Predicha

The distribution of actual and ANN-predicted emotions in Figure 9 reflects that the model
correctly classifies emotions such as “Surprise” and “Anger”, but has problems with
“Happiness” and “Sadness”, which are often confused with other emotions, especially
“Distress”, which is over-predicted. This indicates an imbalance in the model or the data
that affects its performance.

Discussion

The findings on the predominant emotions among rural secondary school students in
Puno, surprise (24\), anguish (23.7%) and anger (22.8%) are those that stand out as
patterns of intense and reactive emotional responses observed in previous research.
According to Ekman (1992) and his theories on basic emotions, it is natural to find that
emotions such as anguish and anger predominate in adolescents, who are going through
a critical period of emotional development. These classification models, based on ANN,
have proven effective in identifying complex emotional patterns, as documented in
previous studies (K & S, 2022).

The comparative Table 2 of model results positions the deep learning technique of
Artificial Neural Networks ANN as the best performing model to classify emotions in
texts of secondary school students from rural Puno, according to metrics such as Accuracy
82.87\% and AUC 97.15%, outperforming models such as SVM and Naive Bayes. The
result is supported by, (Huang & Zaiane, 2019) to handle complex patterns in text data,
even in culturally specific contexts.

The prevalence of negative emotions found such as anguish, surprise and anger is
reinforced by Céceres et al. (2020), who highlight the influence of socioeconomic and
academic factors on the emotional well-being of students.
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The results of negative emotions such as anger and surprise are natural manifestations of
students from rural areas, coming from a multicultural society, where the educational
model is not satisfactory to the students, while happiness, sadness and anguish are
inconsistent.

The analysis of emotions and the monitoring of the level of attention of students in virtual
environments allows teachers to take actions to improve the teaching-learning
processes(Piedrahita-Carvajal et al., 2021), so it is necessary to carry out more studies on
the subject of emotion analysis in secondary education in rural areas.

Emotions are an integral part of human life, which directly influences the success of the
student’s teaching and learning processes. Being a complex pattern of moods, a conscious
mental reaction expressed in different ways.(Machova et al., 2023b), the classification of
which is essential for a variety of applications, including sentiment analysis, student
feedback analysis, and mental health monitoring(Dayananda et al., 2023).

By analyzing the performance of the ANN model, which showed an accuracy of 0.8287
and an AUC of 0.9715, the model’s ability to handle complex relationships in large
volumes of data is confirmed (Lecun et al., 2015). The consistency between these
performance metrics and contemporary machine learning theories suggests that the
selection of appropriate algorithms is crucial for emotion analysis. a study (He et al.,
2016), the difficulty in differentiating between similar emotions, such as confusion
between distress and happiness, highlights the need to improve data features and explore
more complex network architectures, which can capture emotional subtleties.

Ademas, los resultados del estudio complementan la literatura mas reciente sobre el
analisis emocional en entornos educativos. Por ejemplo, un estudio realizado por
(Chowanda et al., 2022) utilizé algoritmos de aprendizaje profundo para identificar
emociones en jovenes, encontrando resultados similares en cuanto a la confusion entre
emociones como felicidad y angustia. Esto coincide con los hallazgos presentados aqui,
donde se reportd una sobreprediccion de la angustia en comparacion con la felicidad, lo
que sugiere un fendmeno recurrente en la clasificacion emocional.

Furthermore, the results of the study complement the most recent literature on emotional
analysis in educational settings. For example, a study (Chowanda et al., 2022) used deep
learning algorithms to identify emotions in young people, finding similar results
regarding confusion between emotions such as happiness and distress. This is in line with
the findings presented here, where an overprediction of distress compared to happiness
was reported, suggesting a recurring phenomenon in emotional classification.

Another study (Chutia & Baruah, 2024) highlights the importance of data quality in
emotion prediction, arguing that an imbalanced dataset can significantly decrease the
accuracy of models. This finding is pertinent, given the imbalance observed in the
emotions classified in this study, particularly in the struggle to differentiate happiness
from distress. This emphasizes that, although the ANN proved to be the most suitable
model for this analysis, greater attention is required in dataset preparation to avoid bias
in emotion classification, an aspect also mentioned in recent studies on machine learning
and its applicability in educational contexts.
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Conclusions

The findings of this study reinforce the relevance of using deep learning models in
understanding emotions in students, while underlining the need to improve datasets and
preprocessing techniques to achieve a more accurate and effective analysis of emotions
in educational contexts.

Finding ANN as the best performing model with AUC of 97.1% to correctly classify
emotions such as "Surprise" and "Anger", but with difficulties regarding the emotions
"Happiness" and "Sadness", which are often confused with "Anguish".

The emotion surprise indicates mixed feelings of an educational model imposed by the
Peruvian Ministry of Education, which is not up to the expectations of a student
population, which still lives with its living culture, in a scenario of life under principles
of the Andean worldview, which still guarantees survival in situations of poverty,
culturally postponed in its development.

The emotion anger means that the rural adolescent student population has permanent
frustrations due to marginalization in basic sanitation services, it motivates them to
migrate to coastal cities, being in these cities, they encounter racial abuse, physical or
psychological harassment, emotionally they lose personal self-esteem without conditions
to integrate into a full society with quality of life.
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