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Abstract- Emotional violence in digital environments
represents a critical and growing challenge in Latin America,
where regional slang, cultural expressions, and informal speech
patterns make automated detection particularly difficult. Studies
from Peru indicate alarming rates of domestic violence among
adolescents and suicidal ideation in adult populations,
underscoring the need for context-sensitive and locally adapted
risk-detection tools. Most existing natural language processing
models are trained on English or neutral Spanish corpora,
limiting their ability to interpret the communicative nuances of
local informal language. To address this gap, this study proposes
a Bidirectional Long Short-Term Memory network trained on an
18,000-message dataset collected via automated web scraping
from Twitter, capturing authentic Latin American informal
speech. The dataset was built using a semi-automatic two-stage
labeling strategy combining a pre-labeled English violence corpus
translated into Spanish with keyword-defined classification of
regional tweets. A balanced 50/50 class distribution was
maintained across both training and validation splits to prevent
any model bias. The complete pipeline spans data collection and
cleaning through translation and binary classification of violent
versus non-violent messages. The model achieves 90 percent
accuracy and an F1-score of 0.89, outperforming standard LSTM
and GRU baselines trained under identical conditions. It
demonstrates semantic understanding by correctly classifying
ambiguous regional expressions, distinguishing affectionate uses
of violent language from genuine threats. Unlike keyword-based
approaches, the model captures contextual intent rather than
surface-level patterns, reducing false positives in everyday
colloquial  speech. Ethical safeguards including data
anonymization and compliance with platform terms of service
were applied throughout the research process.

Keywords: Natural Language Processing; Bidirectional
LSTM; Emotion Detection; Violent Language; Latin American
Spanish.

L INTRODUCTION

Domestic violence and suicidal ideation are two critical
public health crises in Peru and Latin America that severely
impact mental health. At a health center in Pichari, Cusco, an
elevated risk of domestic violence was reported among
adolescents and young women, with higher risk among
females across all life stages [1]. This exposure deteriorates
emotional health and demands urgent public policy
responses. In parallel, in Lambayeque, Peru, 28.3% of adults
were found to have suicidal ideation during the COVID-19
pandemic, with higher prevalence among women, widowed
individuals, low-income groups, and those who experienced
family losses [2]. These data underscore the need to
strengthen emotion detection and prevention systems tailored
to the Latin American sociocultural context.

Automated emotion detection in text can be pivotal for
identifying risk situations that currently go unnoticed. In
contexts such as depression or cyberbullying, it enables the
activation of early alerts and timely interventions [3].
Moreover, NLP models have demonstrated effectiveness in
detecting violent language, reinforcing their applicability to
safer digital environments [4]. Their adaptable architecture
also makes it possible to scale this solution to other linguistic
variants.

Despite the potential impact of emotion-detection systems,
their development in contexts such as Peru faces significant
challenges. One is the scarcity of representative data, since
most models (GRU, BERT, RoBERTa, etc.) are trained on
corpora in English or neutral Spanish, which limits their
adaptation to specific dialectal variants and cultural realities
[5]. In addition, the complexity of emotional language—
including sarcasm, slang, and ambiguity—hampers precise
interpretation, especially in non-standardized languages [6].
Compounding this, many structured datasets used to train
and evaluate artificial intelligence models do not reflect
communicative patterns, introducing bias and limiting model
reliability in critical situations.

The problem persists due to methodological limitations that
have impeded significant progress: traditional approaches—
based on keywords or shallow analysis—do not capture the
emotional complexity of language, especially in cases such
as sarcasm or ambivalence, thereby undermining accuracy in
real-world applications [7].

The development of the proposal is divided into two major
steps: first, the use of web scraping on Twitter to feed the Bi-
LSTM model, prioritizing the detection of violent patterns
and, with that, negative emotions; and second, the
implementation of the Bi-LSTM model to analyze the
collected data and determine whether a message represents a
potential risk. Among the project’s limitations are the need
to continually update the model to adapt to new forms of
communication that may pose a danger to the user. In
addition, the system may struggle to interpret sarcasm or
highly contextual language.

II. RELATED WORKS

In their research, [8] propose improving emotion detection in
texts about animal testing by applying deep learning
techniques. The study uses an LSTM model together with
Word2Vec to vectorize words and classify sentiments in
more than 15,000 tweets collected through the Twitter API.
The proposal aims to overcome the limitations of correctly
interpreting complex emotions on social networks. As a
result, the model achieved an accuracy of 88.7% and an F1-
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score of 0.87; however, the absence of a neutral category was
identified as a limitation, as well as the possibility of
obtaining better results by using more sophisticated models.

For their part, [9] present a hybrid model composed of
SemGloVe, BERT, and Bi-LSTM to improve
question—answer classification in the field of natural
language processing. This approach seeks to overcome the
semantic limitations of earlier techniques such as GloVe,
enabling more accurate contextual understanding. The model
was trained using the CR23K and CR100K datasets, reaching
an accuracy of 92% and outperforming approaches such as
GPT-2 and SPARQL. Despite these promising results, the
authors highlight the importance of addressing data
imbalance and exploring alternatives such as RoBERTa in
future research.

Similarly, [10] propose a hybrid model that combines CNN,
Bi-LSTM, and a CTC decoder to improve handwritten text
recognition. This approach extracts both spatial and
sequential features from images, overcoming limitations of
traditional OCR systems. The model was evaluated on the
IAM and RIMES datasets, achieving accuracies of 98.55%
and 98.80%, respectively, and showing minimal word
transcription errors. Nonetheless, the study acknowledges as
limitations its lower performance on fragmented texts and its
limited adaptability to different languages or contexts.

In a different approach, [11] presents a model that combines
SNN and ConvLSTM to optimize English vocabulary
learning among non-native speakers. The proposal seeks to
overcome the limitations of traditional methods through an
architecture adaptable to different corpus sizes and linguistic
structures. Trained with data from WordNet and the Oxford
English Corpus, the model achieved accuracy of up to 84%
and an Fl-score above 78%, depending on the corpus size
used. It should be noted as a limitation that its use is restricted
solely to the English language.

Complementarily, [12] propose a hybrid model that combines
LSTM, Bi-LSTM, and logistic regression with an attention
mechanism to improve the detection of Arabic dialects on
social networks. The study addresses the challenge of
identifying dialects due to their linguistic variations and the
lack of standardized resources. Using 34,905 comments
extracted from Twitter and techniques such as Word2Vec
with Skip-gram, the model achieved an accuracy of 88.73%,
surpassing previous methods such as MARBERT and
AraBERT. Conversely, the lack of evaluation on other
dialects is noted as a limitation, which could affect its
capacity for generalization.

III. BI-LSTM MODEL FOR EMOTION DETECTION

This section describes the main contribution of the study. As
a solution, we propose an approach that combines web
scraping techniques to collect real-world data from Twitter,
an NLP model for emotion detection, and a user-adapted
alert interface.

A.  Preliminary Concepts

Definition 1 (Bi-LSTM [13]): A type of recurrent neural
network (RNN) that processes input sequences in both
directions—forward and backward—allowing it to capture

the preceding and following context of each word, which
improves emotional or contextual understanding in texts.

Definition 2 (Emotion detection [14]): The process of
automatically identifying emotional states (such as anger,
sadness, or fear) from textual data using Natural Language
Processing (NLP) and Machine Learning techniques.

Definition 3 (Data preprocessing [15]): The set of techniques
used to clean, normalize, and transform raw data to improve
the performance of machine learning models. It includes
tasks such as emoji removal, text correction, or content
translation.

Definition 4 (Tokenization [16]): The process of splitting a
text into smaller linguistic units called tokens—which may
be words, phrases, or characters—that serve as the basis for
language analysis and modeling.

Example: Splitting the sentence “No estoy bien” into the
tokens ["No", "estoy", "bien"].

Definition 5 (Corpus [17]): A structured collection of texts
compiled for linguistic or computational purposes, used to
train, evaluate, or analyze natural language models.

Definition 6 (Web scraping [18]): An automated method for
extracting information from websites, commonly used to
collect user-generated content on platforms such as Twitter,
in order to build datasets for training models.
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Fig. 1 Basic Flow — Web Scrapping [19].
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Definition 7 (API [20]): An Application Programming
Interface (API) is a set of functions and protocols that enable
communication between different systems or applications. In
text-processing contexts, APIs are used to access messaging
platforms, collect data, or integrate external services.

Request Response
(REST) (JSON)

| REST Interface I

l Even Handlers (AXIS) |

l Tomcat I

| JENA (RDBModel) || Lucene I

Fig. 2 API Flow.

B.  Background and Development
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The proposed model is structured in two phases: Tweet
Harvest (data extraction) and Model Learning and
Validation (training and validation). This end-to-end
approach enables emotion detection in text within the Latin
American linguistic and cultural context. Given the rise of
emotional violence in digital environments, we prioritize
real-world data that reflect everyday language, including
regional expressions where violence may be normalized. The
proposal seeks not only a technical solution but also a
preventive tool for scenarios of emotional risk.

Bi-LSTM Model

Figure 3 shows the Bi-LSTM model, which processes
information along two parallel paths: one in the forward
direction (forward layer) and the other in the reverse direction
(backward layer). Each LSTM layer captures patterns from
different temporal perspectives, and their outputs are
combined to feed an activation layer, which ultimately
produces the corresponding output. This structure makes it
possible to capture complex relationships in the data and
provide more contextualized interpretations in sequential
modeling tasks.
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Fig. 3 Bi-LSTM architecture [21].
Tweet Harvest

The Tweet Harvest stage begins with TweetExtraction,
which collects posts from Twitter via web scraping. Then,
TweetCleaning normalizes the text and removes non-textual
elements such as emojis, and TweetTranslate automatically
translates English messages into Spanish. The entire process
is automated with Python scripts, generating a labeled dataset
(training dataset) ready to train the Bi-LSTM model. Unlike
approaches that use neutral or international datasets, this
solution focuses on messages with emotional content from
the Latin American context, including both violent and non-
violent expressions, based on slang and linguistic patterns
characteristic of the region’s informal Spanish.

TweetExtraction

Yy | ---@

TweetCleaning

| (ws_v2.py) p

+ Extraccion de informacion
+ Exclusion de temas

+ Normalizacion de textos
+ Limpiar emojis

I i —_— I
API de S;”t‘: ':f ] Script de Python | >
Twitter ythol I(cod,agrupamon,pyﬂ

Datasetde |
| entrenamiento |

Entrenamiento ——>|  BiLSTM

TweetTranslate

Datos
—_—

I Script de Python | resultantes

| (cod_traduccion.py) |

« Tweets de inglés a espaiol

Fig. 4 ETL diagram for the Bi-LSTM model’s training database.

On the other hand, the contents and operation of the
scripts are as follows:

TweetExtraction Script (ws_v2.py)

A Python script was developed to automate the collection of
tweets and classify them according to positive or negative
emotions, using expressions typical of both general and
regional (Latin American) speech. The process includes
cleaning, semantic filtering, topic exclusion (such as soccer
or reality shows), and storage in Excel.

Key expressions are defined and grouped by emotion type
(e.g., threats, affection, friendship). These serve to identify
the type of content in the collected texts.

This routine queries the Twitter API to obtain recent Spanish-
language posts that contain key expressions related to a
specific emotion, applying a filtering system to improve the
relevance of results and avoid exceeding API usage limits.

Each tweet is cleaned, classified, and enriched with metadata
such as date, user, location, likes, retweets, and hashtags. It
is retained only if it meets the emotional criteria.

Data collection followed Twitter's Terms of Service using
publicly available posts only. No personally identifiable

information was stored, and the dataset was anonymized
prior to model training to ensure user privacy compliance.

Fig. 5 Twitter Data Extraction Flow.

NOMBRE_COLUMNA DESCRIPTIVO VALOR HEBVPLO
ID Identificador Ginico de mensaje 0022DVWKP
Fecha Fecha del Tweet 2025-04-1620:16:24
Usuario Usuario que publicd tweet Kary ntvg
Texto_Original  |Mensajeoriginal traido de Twitter yeah he raped me #RAPED
Tipo_Emocion Emocion vinculada al Tweet negativa_violenta
Categoria_Emocion |Categoria del Tweet deacuerdo al contenido|sexual_violence

Fig. 6 Descriptive Excel table resulting from the first script.

TweetCleaning Script (cod_agrupacion.py)

This Python script automates the aggregation of messages
from multiple Excel files, performs cleaning on the tweets,
and finally exports all results into a single Excel file. It also
uses the pandas library for data manipulation and tqdm to
display progress bars.

This routine performs basic cleaning of tweet text prior to
analysis or classification. Its goal is to remove irrelevant
elements or those that could introduce noise in downstream
processing—such as visual expressions or special
characters—ensuring the text is more uniform and useful for
NLP models or manual analysis.
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Fig. 7 Tweet Cleaning Workflow.
NOMBRE COLUMNA DESCRIPTIVO VALOR HEMPLO
ID Identificador Unico de mensaje 0022DWKP
MENSAJE ORIGINAL |Mensajeoriginal traido de Twitter yeah heraped me
TIPO MOLENQA  |Tipo deiolencia del mensaje sexual_volence

Fig. 8 Descriptive Excel table resulting from the second script.

TweetTranslate Script (cod_traduccion.py)

This script was designed to automatically translate messages
written in English into Spanish, starting from an Excel file
containing previously collected messages. Translation is
performed only when needed—that is, if the detected
language of the message is English. It uses the googletrans
library, pandas for data manipulation, and tqdm to show real-
time progress.

The traducir mensaje function automatically detects the
language of the text via translator.detect. If it identifies
English (‘en'), it translates the text into Spanish with
translator.translate; otherwise, it preserves the original
message. It returns the final text and a binary flag (1 if
translated, 0 if not). In addition, it updates the tqdm progress
bar with the process status: translated, not required, or error.

messages labeled as violent or non-violent. Approximately
20% of the total—around 3,000 messages—is used for the
Model Validation process.

Dataset labeling followed a two-stage approach. First,
English-language messages were sourced from a pre-labeled
violence corpus containing categories such as physical
violence, emotional violence, and sexual violence, which
were unified into a single 'violent' class and translated into
Spanish via the TweetTranslate script. Second, Spanish-
language tweets collected via TweetExtraction were
automatically classified using manually defined keyword
groups characteristic of Latin American informal speech —
such as explicit threats, affective expressions, and regional
insults — and reviewed for consistency. This semi-automatic
labeling strategy ensured both scalability and contextual
relevance for the Latin American linguistic context.

Table I presents representative samples from the corpus,
illustrating how regional slang and colloquial expressions
were labeled to reflect the linguistic particularities of the
Latin American context.

TABLE 1
REPRESENTATIVE EXAMPLES FROM THE TRAINING CORPUS
ILLUSTRATING PERUVIAN AND LATIN AMERICAN INFORMAL
SPANISH

=S et # | Expression (Spanish) English Translation Label
EHEERC i =) i 1 | Te voy a matar a | I'm going to kill you | Non-violent
R— besos, cuidado. with kisses, watch out. | (0)
Fig. 9 Tweet Translation Workflow. - — .
g 2 | Estuvo bien bacan el | The concert was really | Non-violent
NOMBRE COLUMNA DESCRIPTIVO VALOR § EMPLO concierto, ojald | cool, hope we go | (0)
ID Identificador tinico de mensaje 0022DWKP vayamos juntos. together.
MENSAE ORIGINAL Mmsajeprlgngl raido deTYmIer yeahhe r'aped me 3 | Hoy estuvo chévere la | The meeting was great | Non-violent
TIPO VIOLENQA  |Tipo deviolencia del mensaje sexual_violence reunién ojaldi s | today, hope it happens | (0)
MENSAJE TRADUCIDO | Mensaje original traducido al espariol si meviol6 u.t ? ) 1y, hop PP
FLAG TRADUCCION |Flagqueindica si € mensajefuetraducido [1 repia. again.
Fig. 10 Descriptive Excel table resulting from the third script. 4 | Oe imbécil, callate ya | Hey idiot, shut up | Violent (1)
. . . antes que te reviente. before I smash you.
Model Learning and Validation
. . . o 5 | No me vengas con | Don't come at me with | Violent (1)
The first process, Model Learning, which consists of training huevadas, causa, | nonsense, bro, or I'll
the Bi-LSTM model, is carried out in Google Colab, porque te saco la | beatyou up.
leveraging its cloud execution environment and direct mierda.
integration with Google Drive for file uploads. The model is 6 | Eres una inatil, no | You're useless, you're | Violent (1)
trained on the textual dataset generated through the Tweet sirves para nada. good for nothing.
Harvest process, which yields a dataset containing 18,000
BILSTM BILSTM
Model Learning Model Validation
e €Ol |- €0
Tweet Harvest == INotebook de Googlel INotebook de Googlel
_____ Colab 1 Colab 1
s ! 5 [ I I P N R I J
f ———————>' Dataset Resultante I—b —_—
1 4 L e - 13 T
— | ™ o= N o2 s - , . -
~~~~~~ 1 1
18000 mensajes etiquetados 1 Dataset de | 1 Dataset de 1
Fia. 4 | entrenamiento | | validacién 1
o (e J 1l e em oem e o= - J
15000 mensajes etiquetados 3000 mensajes etiquetados

Fig. 11 Bi-LSTM model training process
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Below is the Model Learning workflow, divided by notebook
blocks:

Fig. 12 Data Loading cell.

This cell loads Excel files from Google Drive, separating the
training set (df train) and the validation set (df test). These
files contain two key columns: Texto (the message) and
Violento (the label: 0 for non-violent, 1 for violent).

m tensorflow.keras.preprocessing.text i Tokenizer
tensorflow.keras.preprocessing.sequence import
import numpy as np

pad_sequences

texts _train = df_train[’'Texto'].astype(str).tolist()
labels_train = df train[ 'Violento'].tolist()

Fig. 13 Text Extraction cell.

Texts and labels are extracted and converted into lists,
repeating the step for the validation data. A Keras Tokenizer
is then created to convert words into integers, and it is fit
only on the training data.

tokenizer = Tokenizer(num words=10008, oov_token="<

tokenizer.fit_on_texts(texts_train)

Fig. 14 Tokenizer Creation cell.

sequences_train = tokenizer.texts to_sequences(texts_train)
sequences_test = tokenizer.texts_to_sequences(texts_test)

padded_train = pad_sequences(sequences_train, padding="post’', maxlen=58)

Fig. 15 Numeric Sequence Conversion cell.

Texts are converted into numeric sequences, and post
padding (padding='post') is applied to normalize the length
to 50 tokens per message. The same procedure is applied to
the validation data.

om tensorflow. ki
tensorflow. ki

Dense(1, activation="sigmo
1

model . compile(loss

Fig. 16 Bi-LSTM Model Definition cell.

. optimizer='adan’, metrics=

The model consists of:
¢ An Embedding layer to represent words.

e A Bidirectional LSTM layer with 64 units to capture
patterns in both directions of the text.

e A final Dense layer with sigmoid activation for binary
classification.

¢  The model is then compiled using binary crossentropy
as the loss function and adam as the optimizer.

Fig. 17 Bi-LSTM Model Training cell

The model is trained for 5 epochs using batches of 32
samples.

Iv. EXPERIMENTS

On the other hand, the Model Validation process consists of
validating the Bi-LSTM model, also carried out in Google
Colab, using the 3,000 messages that were not used in the
Model Learning process. That is, an interactive interface was
coded within the Google Colab notebook, aligned with the
Bi-LSTM model trained during Model Learning, so that a
user can input any phrase and obtain as output whether the
sentence is violent or not.

texto_usuario = input("I

prediccion - model.predict(padded_seq)

resultado - int(prediccion[@][@] > 8.5)

print(f"\n® Resultad v resultado == 1

Ingresa un mensaje para analizar: Necesito q pares. Este ambiente es insoportable.
———— 05 52ms/step

® Resultado del modelo: NO VIOLENTO (8)

Fig. 18 Interactive interface of the Bi-LSTM model in Colab.
Dataset Class Distribution

The dataset was intentionally constructed with balanced class
proportions to avoid bias: the training set contained 9,000
violent and 9,000 non-violent messages, while the validation
set comprised 1,500 violent and 1,500 non-violent messages,
yielding an exact 50/50 distribution across both splits.

Evaluation with Classification Report

3% 5/5 —MM8M— —— 1s 93ms/step
precision

recall fl-score support

(2] .90 0.91 . 13680
1 8.91 8.91 -89 i17e8

accuracy 5 3608
macro avg 5 3Jeoe
weighted avg .89 3000

Fig. 19 Classification report of the Bi-LSTM model on the validation set.

The model achieved strong performance on the validation
set, with 90% precision for non-violent messages and 91%
precision for violent messages. It also achieved 91% recall
for both classes, demonstrating a high capacity to correctly
detect true cases. The Fl-score was 0.89 in both categories,
reflecting a good balance between precision and recall.
Overall, the model’s accuracy was 90%, indicating that 9 out
of 10 predictions were correct.

Confusion Matrix of the Bi-LSTM model

Predicted label

Non-violent (0) Violent (1)

e

: 1183 117
5 g True Negative (TN) False Positive (FP)
g
2 8 153 1547

é False Negative (FN) True Positive (TP)

>

Accuracy: 91% - Precision (avg): 90.5% - Recall (avg): 91% - F1-score (avg): 0.89

Fig. 20 Confusion matrix of the Bi-LSTM model on the validation set (n =
3,000).
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Figure 20 presents the confusion matrix obtained from the
validation set, the model correctly classified 1,183 non-
violent messages and 1,547 violent messages, with 117 false
positives and 153 false negatives, confirming a balanced
performance across both classes.

Training progress curves of the Bi-LSTM

Training progress curve — BiLSTM

Model accuracy Model loss

1 z 3 T B

3 3
Epoch epoch

Fig. 21 Training progress curves of the Bi-LSTM model over 5 epochs:
accuracy (left) and loss (right) for training and validation sets.

Fig. 21 illustrates the training and validation curves across 5
epochs, confirming that the model converged without
overfitting. The validation accuracy stabilized around
0.89-0.90 from epoch 3 onward, while the validation loss
remained consistently lower than the training loss, indicating
good generalization.

Performance comparison of LSTM, GRU, and Bi-LSTM
models

To validate the superiority of the Bi-LSTM architecture, two
additional baseline models were trained under identical
conditions — same dataset, tokenizer, padding length, and
number of epochs — using a standard LSTM and a GRU
network.

ig. 22 Performance comparison of LSTM, GRU, and Bi-LSTM models
across accuracy, precision, recall, and F1-score metrics.

Model Comparison — LSTM vs. GRU vs. Bi-LSTM
100

Score (%)

=== Accuracy
Precision
m— Recall

m—Fl-score

LST™M GRU Bi-LSTM

Fig. 23 Performance comparison of LSTM, GRU, and Bi-LSTM models on
the validation set (n = 3,000).

Interpretation of Semantic Context in Violence Detection

This section shows that the model can correctly interpret the
context in which potentially violent words are used. Phrases
such as “cuando te vea te juro que te mato” (“when I see you,
I swear I’ll kill you”) or “te voy a matar porque eres una
inatil” (“I’m going to kill you because you’re useless”) are
classified as violent due to their explicitly threatening tone.

In contrast, expressions like “te voy a matar a besos” or “te
voy a matar pero a besos” (“I’'m going to kill you with
kisses”) are recognized as non-violent. This demonstrates
that the model is not limited to identifying keywords; it
analyzes their intent within the message, reducing errors
from literal interpretation.

Word “matar” (to kill)

Ingresa un mensaje para analizar: cuando te vea te juro que te mato
/1 ——— — @s 36ms/step

® Resultado del modelo: VIOLENTO (1)

Ingresa un mensaje para analizar: te voy a matar porque eres una inutil
1/1 ——————— 0s 34ms/step

@ Resultado del modelo: VIOLENTO (1)

Ingresa un mensaje para analizar: te voy a matar a besos
Wk ———————————— {5 LA

@ Resultado del modelo: NO VIOLENTO (@)

Fig. 24 Model output examples for the word "matar" (to kill): violent vs.
non-violent interpretations.

Word “golpear” (to hit)

Ingresa un mensaje para analizar: me golpee cuando estaba en clases
1/1 0s 53ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: al caminar me golpee el dedo
1/1 @s 37ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: me golpee jugando futbol
1/1 @s 37ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: te voy a golpear porque no sirves para nada
1/1 0s 34ms/step

@® Resultado del modelo: VIOLENTO (1)

Fig. 25 Model output examples for the word "golpear" (to hit).
Word “dolor” (pain)

Ingresa un mensaje para analizar: te voy a hacer sentir mucho dolor, inutil de
/1 ————————— @s 37ms/step

@ Resultado del modelo: VIOLENTO (1)

Ingresa un mensaje para analizar: me duele la cabeza desde la mafiana
/1 —— QS 37ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Fig. 26 Model output examples for the word "dolor" (pain): violent vs. non-
violent interpretations.

Classification of Everyday Phrases: Identifying Neutral
Content

This section shows that the model appropriately recognizes
everyday, informational messages without violent content.
Phrases such as “mafana llevo a mi gato al veterinario”
(“tomorrow I’'m taking my cat to the vet”), “hoy desayuné
café con leche” (“today I had coffee with milk for breakfast”),
or “;quieres venir a almorzar con mi mama?”’ (“do you want
to come have lunch with my mom?”) are correctly classified
as neutral. Even in the face of expressions with some indirect
force—such as “el jefe necesita los informes ahora” (“the
boss needs the reports now”) or “era demasiado trabajo para
mi” (“it was too much work for me”’)—the model does not
infer aggression. This ability to avoid false positives is key
to building a reliable and balanced system.
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Ingresa un mensaje para analizar: mafiana llevo a mi gato al veterinario
1/1 —— @s 53ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: hoy desayuné café con leche
1/1 ——— 0s 34ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: quieres venir a almorzar con mi mama?
1/1 ——/ — @s 35ms/step

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: era demasiado trabajo para mi

/1 ———————————— @s 33as/step

@ Resultado del modelo: NO VIOLENTO ()

Ingresa un mensaje para analizar: el jefe necesita los informes ahora
1/1 @s 35ms/step

@® Resultado del modelo: NO VIOLENTO (@)

Fig. 27 Model output examples for everyday neutral phrases: correct non-
violent classification.

Contextual Detection of Local Expressions in Peruvian
Spanish

This section evaluates the model’s performance with
common expressions in Peruvian Spanish, both positive and
negative. It correctly identifies colloquial phrases such as
“jsjsjs,” “eres lo maximo” (“you’re the best”), or “jajaja qué
abuso” (an ambiguous colloquialism, here treated as non-
violent) as non-violent, even when there is cultural
ambiguity. It likewise accurately detects negatively charged
messages such as “siempre me decepcionas, inutil” (“you
always disappoint me, useless”) or “no sirves para nada,
inutil” (“you’re good for nothing, useless”). This shows that
the model is not limited to standard structures, but recognizes
patterns specific to Peruvian Spanish, distinguishing between
neutral and offensive expressions—crucial for real-world,
local use.

Ingresa un mensaje para analizar: jsjsjs
Wi 1) 2L

@ Resultado del modelo: NO VIOLENTO (@)

Ingresa un mensaje para analizar: jajaja qué abuo
1/1 —————  0s 36ms/step

@ Resultado del modelo: NO VIOLENTO ()]

Ingresa un mensaje para analizar: siempre me decepcionas, indtil
e\ DSEOGaS)SLED!

@ Resultado del modelo: VIOLENTO (1)

Ingresa un mensaje para analizar: siempre me decepcionas, me das asco
1/1 —————— — 0s 34ms/step

@ Resultado del modelo: VIOLENTO (1)

Fig. 28 Model output examples for colloquial Peruvian Spanish
expressions: violent and non-violent classifications.

Ethical Considerations

This study was conducted in accordance with ethical
principles applicable to the use of public digital data. The
dataset was collected via web scraping exclusively from
publicly available Twitter posts, without accessing any
private or restricted content. All data were anonymized prior
to processing, with personal identifiers such as usernames,
locations, and URLs removed to ensure user privacy. The
collected data were used solely for academic purposes, with
no intention of identifying or profiling individuals.

Data collection and usage complied with the platform's
Terms of Service and with established best practices in
artificial intelligence research. No sensitive personal
information was intentionally gathered. Dataset labeling was
based on criteria defined by the authors according to
linguistic patterns characteristic of the Latin American

context, acknowledging the inherent subjectivity of this
process. For ethical reasons, the dataset will not be publicly
released in its original form.

This study did not involve direct experimentation with
human subjects.

V. CONCLUSIONS AND EXPECTATIONS

Unlike traditional approaches that rely on generic datasets or
models trained on neutral Spanish, our model is specifically
designed to capture diverse linguistic and cultural
particularities, with an initial focus on Peruvian Spanish
while retaining the flexibility to adapt to any cultural and
regional context. This adaptation is non-trivial, since
expressions of violence and affection in local contexts are
often laden with nuances that international models fail to
interpret correctly. Colloquial phrases such as “I’ll smash
your face” (te parto la cara) or “I’m going to kill you with
kisses” (te voy a matar a besos) require context-sensitive
semantic analysis. Accordingly, the model we developed not
only detects violence accurately but also reduces false
positives by understanding the country’s emotional and
linguistic context. This local tailoring is a crucial contribution
to automated risk detection in regions where verbal violence
is normalized or veiled by everyday slang.

As part of our real-world, context-adapted approach, this
study proposes doing away with reliance on surveys,
interviews, or other conventional data-collection methods,
which are often costly and limited in scope. Instead, we
implement an automated pipeline based on web scraping of
social platforms such as Twitter, accessing real messages
from everyday digital environments. This strategy improves
scalability and ensures spontaneous, representative language,
demonstrating that it is possible to train robust models
without intrusive or tightly controlled techniques.

The proposal further stands out for its ability to classify
messages as violent or non-violent using textual content
alone. This property is key for preventive applications where
early risk detection can make a difference in cases of
domestic violence or cyberbullying. Experimental results
confirmed this capacity: the Bi-LSTM outperformed both
LSTM (85.2% accuracy) and GRU (87.4% accuracy)
baselines, achieving 90% accuracy and an F1-score of 0.89,
with balanced performance across both classes.

Despite these results, the model exhibited limitations when
processing sarcastic or highly context-dependent expressions
common in Latin American informal speech. Phrases such as
'ay si, eres lo maximo' or 'qué inteligente que eres, de verdad'
— which carry mocking or threatening intent when used
sarcastically — may be classified as non-violent due to their
superficially positive wording. Similarly, expressions like
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'sigue asi nomas, ya verds' convey implicit threat through
cultural subtext that the model cannot yet reliably capture.
Incorporating sarcasm-aware training examples and
contextual embeddings such as multilingual BERT represents

a promising direction for future research.

Looking ahead, we expect future technological developments
to use our model as the functional core of mobile applications
or digital platforms that detect violent messages in real time.
Given its context-sensitive accuracy in analyzing Latin
American Spanish, it is well suited for integration into
preventive tools that run in the background and issue alerts
in response to aggressive patterns in school, family, or
clinical settings.

In addition, we suggest that future research automate the
entire pipeline of collection, cleaning, translation, and model
retraining to ensure continual adaptation to the evolving
digital lexicon. Such automation would help sustain
performance without the need for ongoing manual tuning.
We also recommend broadening data sources to include other
social platforms, such as Facebook or Instagram, to enrich
training with diverse communicative styles.

Finally, we anticipate that the developed model can be reused
in international research thanks to its flexible architecture.
This would allow adaptation to different languages and
sociocultural contexts by adjusting corpora and key
expressions to each setting, thereby facilitating automated
analysis of verbal violence in regions beyond Peru while
preserving the model’s core architecture.
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