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Abstract

This paper addresses the detection of misogynistic content in Spanish song lyrics through a novel hybrid
approach that combines traditional Natural Language Processing techniques with transformer-based embeddings.
We propose a K-Nearest Neighbors classification system inspired by Retrieval-Augmented Generation (RAG)
architectures, utilizing BETO embeddings stored in a vector database for similarity-based classification. Our
methodology aims to identify subtle forms of gender-based discrimination in musical content, including micro-
machismo expressions that often go unnoticed in everyday consumption. The proposed approach achieved
competitive results while maintaining interpretability and avoiding direct reliance on Large Language Model
outputs for classification decisions.
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1. Introduction

Misogyny remains a pervasive issue in contemporary society, manifesting across various forms of
media and cultural expressions. We can observe, hear, and experience numerous instances of this type
of discrimination in our daily lives. [1] Within this context, there exists a concept known as "micro-
machismo", which encompasses seemingly minor acts that are nevertheless charged with misogynistic
undertones. Society has become so accustomed to these expressions that we often fail to recognize
when such discrimination is occurring around us.

Music, as one of the most influential cultural mediums, serves as both a reflection of societal attitudes
and a vehicle for perpetuating certain ideologies. We frequently listen to music without consciously
processing the lyrical content, potentially normalizing misogynistic messages embedded within songs.
This unconscious consumption of discriminatory content contributes to the broader societal acceptance
of gender-based violence and inequality. [2].

It is crucial for our society to cease normalizing this form of violence, and the first step toward this
goal is simply recognizing its presence. The identification of misogynistic content in popular music
represents an important step in raising awareness and promoting more conscious media consumption.
In this paper, we approach this problem through the lens of Natural Language Processing, specifically
addressing the Task 1 proposed by the MiSonGyny 2025, for Spanish lyrics mysogyny detection. [3],
part of the IberLEF tasks [4].

Our methodology combines traditional preprocessing techniques with the contextual understanding
capabilities of Large Language Models (LLMs), while avoiding direct dependence on generative Al
outputs for classification. This approach ensures both the reliability of our results and the interpretability
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of our system, making it suitable for practical applications in content moderation and social awareness
initiatives.

2. Literature Review

The detection of misogynistic content in text has garnered significant attention in recent years, par-
ticularly in the context of social media analysis and hate speech detection. As highlighted by [5], the
challenge of identifying various types of hate speech, including misogyny, in social media is particularly
complicated due to the context-dependent nature of offensive language and the diverse factors that
influence its interpretation.

Previous research has explored various approaches ranging from traditional machine learning tech-
niques to sophisticated deep learning models. The literature reveals two principal approaches for
misogyny detection in social media platforms. The first approach is based on classical machine learning
models, which have demonstrated competitive performance across multiple studies. For instance,
[6] presented a model based on Support Vector Machines with K-fold cross-validation that achieved
substantial results in misogyny identification tasks on Twitter data.

Ensemble approaches have also shown promising results in this domain. [7] created an ensemble
combining Logistic Regression, Naive Bayes, and Support Vector Machines, achieving notable perfor-
mance on offensive language detection tasks including misogyny, with accuracy scores reaching 0.81
for female-targeted content when using Logistic Regression classifiers.

The second principal approach involves neural network architectures, which have demonstrated
competitive results in misogyny detection tasks. [8] employed Convolutional Neural Networks enhanced
with GRU layers, taking advantage of GRU’s simpler gate structure compared to LSTM networks,
which allows for better training and generalization on smaller datasets. Their approach achieved high
performance in classifying Twitter data across multiple categories including sexist posts.

More sophisticated neural architectures have been explored as well. [9] presented HybridCNN, which
combined character-level and word-level convolutional networks, achieving an F1-score of 0.827 in the
classification of sexist, racist, and neutral tweets. Similarly, [10] demonstrated the effectiveness of Long
Short-Term Memory Networks, achieving an impressive F1-score of 0.930 on similar classification tasks.

Bidirectional approaches have also proven effective in this domain. [11] utilized Bidirectional LSTM
networks for misogyny language identification, leveraging the advantage of processing contextual
information from both directions to create more complete word representations compared to traditional
unidirectional approaches.

The field has been significantly advanced through shared tasks and evaluation campaigns. The
Automatic Misogyny Identification (AMI) shared tasks, held at IberEval 2018 and Evalita 2018, provided
standardized evaluation frameworks for comparing different approaches. These competitions focused
on two main subtasks: binary misogyny identification and misogynistic behavior classification with
target identification.

Results from these shared tasks reveal interesting patterns in model performance. In the IberEval 2018
competition, the best results for English misogyny detection were achieved by [12] using SVM models
with different kernels (RBF for English, linear for Spanish), reaching 0.913 accuracy. The competition
also highlighted the importance of lexical features, including swear word counts, sexist slur presence,
and hashtag analysis.

For more complex classification tasks involving misogynistic behavior categorization, ensemble
approaches showed superior performance. [13] achieved the best results in Subtask B with 0.44 average
F-Measure using SVM with linear kernel combined with ensemble models that integrated SVM, Random
Forest, and Gradient Boosting classifiers.

Interestingly, the evaluation campaigns revealed that classical machine learning approaches, particu-
larly ensemble methods, often outperformed neural network-based models on the available datasets.
As noted by the survey authors, this observation might be attributed to the relatively small size of the
training datasets, since neural networks typically require larger amounts of data to achieve their full



potential.

The Spanish language context presents unique challenges and opportunities for misogyny detection.
[14] demonstrated language-specific considerations by achieving top results for Spanish datasets while
showing moderate performance on English data, highlighting the importance of language-specific
feature engineering and the cultural context embedded in misogynistic expressions.

Recent work in Spanish misogyny detection has demonstrated the effectiveness of combining linguis-
tic features with word embeddings. [15] achieved 85.175% accuracy by combining classification based
on average word embeddings with linguistic features, highlighting the importance of understanding
which linguistic phenomena contribute to misogyny identification. Their work revealed that offensive
language, grammatical gender, and grammatical errors with misspellings serve as discerning linguis-
tic features, while cultural and dialectal differences across Spanish-speaking regions complicate the
identification process.

Multi-task learning approaches have shown particular promise in misogyny and aggression detection.
[16] presented a BERT-based multi-task architecture that simultaneously addresses aggression identifi-
cation and misogynistic aggression identification. Their approach leveraged the relationship between
these tasks, demonstrating that aggression and misogyny detection are inherently related problems.
The system achieved competitive results across multiple languages (English, Hindi, and Bengali), with
their best performance reaching 0.8579 weighted F1-measure on English misogyny detection, securing
3rd place out of 15 teams in the TRAC-2 shared task.

The multi-task framework proposed by [16] utilized attention mechanisms over BERT representations,
followed by fully-connected layers and separate classification heads for each subtask. Their analysis
revealed that Covertly Aggressive (CAG) content represents the most challenging category to detect,
often being misclassified as Non-Aggressive due to its indirect and sarcastic nature. This finding
highlights the importance of capturing subtle linguistic patterns in discriminatory language detection.

Recent developments in Spanish-language hate speech detection have expanded beyond general
misogyny to address specific vulnerable populations. [17] presented the HOMO-MEX shared task
focusing on hate speech detection towards the Mexican Spanish-speaking LGBT+ population at IberLEF
2024. This work represents an important evolution in the field, addressing the need for culturally
and linguistically specific approaches to hate speech detection, particularly considering the unique
challenges posed by Mexican Spanish variants and LGBT+-targeted discrimination.

3. Proposal

We aim to avoid direct reliance on LLM-generated outputs for classification decisions. Instead, our
proposal combines traditional Natural Language Processing techniques with the powerful attention
mechanisms inherent in transformer architectures. Our approach implements a K-Nearest Neighbors
classification system inspired by RAG architectures, utilizing embeddings created through transformer-
based models to perform vector similarity searches within a specialized vector database.

This methodology offers several advantages over direct LLM classification approaches. First, it
maintains transparency in the decision-making process, allowing for better interpretability of results.
Second, it reduces the computational overhead associated with running inference on large language
models for each classification task. Finally, it provides a more stable and predictable classification
framework that is less susceptible to the variability often observed in generative model outputs.

3.1. Preprocessing

The dataset consisted of lyrics from Spanish songs, which presented several data quality challenges
typical of web-scraped content. The raw data contained numerous artifacts commonly found in web
pages, including HTML tags, special characters, and content fragments native to web page structures
rather than actual lyrical content. Additionally, we observed repeated verses within songs, which could
potentially bias our classification system.



To address these challenges, we developed a comprehensive preprocessing pipeline designed to clean
and standardize the textual data. The pipeline encompasses several stages: HTML tag removal, special
character normalization, elimination of n-grams without semantic content that are characteristic of
web page artifacts, and deduplication of repeated verses within individual songs.

The preprocessing stage proved crucial for ensuring the quality of our embeddings and, consequently,
the accuracy of our classification system. By removing non-lyrical content and normalizing the text
representation, we created a cleaner dataset that better represents the actual musical content intended
for analysis.

3.2. Models for Embeddings

For vectorial representation of the textual content, we employed BETO (Spanish BERT), a transformer-
based model specifically trained on Spanish corpora. BETO provides contextualized embeddings that
capture both semantic meaning and linguistic nuances specific to the Spanish language, making it
particularly well-suited for analyzing Spanish song lyrics.

The choice of BETO over multilingual models was motivated by the need to capture culture-specific
expressions and linguistic patterns that may be particularly relevant to the identification of misogynistic
content in Spanish-speaking contexts. These embeddings serve as the foundation for our similarity-
based classification approach, encoding each lyrical segment into a dense vector representation that
preserves semantic relationships.

The embedding generation process involves tokenizing the preprocessed lyrics and obtaining contex-
tualized representations from BETO’s final hidden layers. These embeddings are then stored in our
vector database, creating a searchable repository of lyrical content representations.

3.3. Classification

Our classification approach operates on two levels. As a baseline, we implemented a fine-tuning
approach using BETO for direct classification. This involved adapting the pre-trained BETO model for
the binary classification task of detecting misogynistic content, utilizing standard fine-tuning procedures
with appropriate hyperparameters optimized for our specific dataset.

However, our main approach leverages Amazon Web Services’ OpenSearch as a vector database
solution. We store the BETO-generated embeddings (BETO was previously fine-tuned) in this database,
enabling efficient similarity-based queries. For classification, we employ OpenSearch’s native K-Nearest
Neighbors implementation to identify the most similar lyrical content to a given query.

The classification decision is made based on the labels of the nearest neighbors, implementing
a voting mechanism that considers both the similarity scores and the class distribution among the
retrieved neighbors. This approach allows us to leverage the semantic relationships captured by the
BETO embeddings while maintaining interpretability through the similarity-based decision process.
The hyperparameters for our KNN approach include the number of nearest neighbors to consider, the
similarity metric used for distance calculation, and the weighting scheme for neighbor votes.

4. Results
Approach F1
BETO 0.7865
BETO + OpenSearch  0.8051
Table 1

Performance comparison of different approaches for misogyny detection in Spanish song lyrics.



5. Discussion

Our experimental results demonstrate that combining BETO embeddings with vector database queries
yields superior performance compared to traditional classification approaches. The hybrid method-
ology successfully leverages the contextual understanding capabilities of transformer models while
maintaining the interpretability and efficiency of similarity-based classification.

The vector database approach offers several practical advantages for real-world deployment. The
system can efficiently handle large-scale lyrical databases while providing transparent decision-making
processes. This transparency is particularly important in applications involving content moderation,
where understanding the reasoning behind classification decisions is crucial for both system operators
and content creators. Furthermore, the approach demonstrates robustness in detecting subtle forms of
misogyny, including "micro-machismo" expressions that traditional keyword-based systems might miss.
The contextual embeddings capture semantic relationships that enable identification of discriminatory
content even when expressed through indirect or culturally-specific language patterns.

6. Conclusions

This work presents a novel approach to detecting misogynistic content in Spanish song lyrics, combining
the strengths of transformer-based language models with the efficiency and interpretability of vector
similarity search. Our methodology successfully addresses the challenge of identifying both explicit
and subtle forms of gender-based discrimination in musical content.

The results demonstrate the effectiveness of hybrid approaches that leverage modern NLP techniques
while maintaining practical considerations such as interpretability and computational efficiency. This
work contributes to the broader effort of raising awareness about discriminatory content in popular
media and provides a foundation for developing tools that can assist in creating more conscious media
consumption practices.

Future work could explore the extension of this approach to other languages and cultural contexts,
as well as the development of more sophisticated similarity metrics that better capture the nuances of
discriminatory language. Additionally, investigating the temporal evolution of misogynistic expressions
in music could provide valuable insights into changing societal attitudes toward gender equality.
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