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Abstract

This work presents a two-stage classification approach for detecting misogynistic content in Spanish song lyrics.
In the first task, we addressed the binary classification of misogynistic vs. non-misogynistic lyrics. In the second,
we further classified misogynistic content into four subcategories: Not Related, Violence, Sexual, and Harassment.
We experimented with several transformer-based models, including BETO, RoBERTa, BERT, and LLaMA, as well
as multiple ensemble configurations. In Task 1, the best performance was achieved by the Transformer Ensemble
2, with an F1-Score of 0.828, followed by RoBERTa (0.812) and BERT (0.798). In Task 2, where the classification
problem was more fine-grained, the best-performing model was again an ensemble (Transformer Ensemble 2),
with an F1-Score of 0.434, followed by LLaMA (0.488) and BERT (0.415). These results highlight the robustness of
transformer ensembles for detecting subtle forms of misogyny in song lyrics and demonstrate the challenges of
fine-grained categorization in this domain.
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1. Introduction

Misogynistic content in song lyrics has become a growing social concern, particularly in music genres
where degrading or violent references to women are normalized or even glamorized. In Spanish-speaking
contexts, this issue is of particular pertinence due to the global reach and influence of certain musical
styles, which are often consumed extensively by younger demographics [1]. From a societal perspective,
the normalization of misogyny through music has the potential to reinforce gender stereotypes and
contribute to broader patterns of symbolic violence and discrimination [2].

From a computational perspective, the automatic detection of misogynistic speech in lyrics poses
several challenges [3, 4]. These include the presence of figurative language, slang, irony, and ambiguous
phrasing, all of which are common in creative domains such as music. Furthermore, there is a notable
scarcity of annotated datasets focused on song lyrics, especially in the Spanish language, and the
few available resources tend to be highly imbalanced, which hinders the development of robust and
generalisable models [1, 2].

In this study, we propose a two-stage classification pipeline for the detection of misogynistic content in
Spanish-language song lyrics [5]. In the initial phase, we undertake binary classification to differentiate
between misogynistic and non-misogynistic content. In the second stage of the analysis, the misogynistic
lyrics are further classified into four categories: The following categories are not relevant: violence,
sexual, and harassment [2].

In this study, we undertake a thorough evaluation of multiple pre-trained transformer models, namely
BERT, RoBERTa, and LLaMA, in addition to a classical Vector Space Model (VSM) approach. This
investigation involves a meticulous fine-tuning and evaluation process, ensuring a comprehensive
assessment of the models’ capabilities and limitations [6]. Furthermore, we have developed multiple
ensemble strategies that combine the predictions of individual transformer models to improve robustness.
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The experimental results demonstrate that transformer-based ensembles consistently outperform
individual models in terms of F1-Score, particularly in the context of binary classification tasks [7, 8].

The dataset under consideration consists of manually annotated Spanish-language song lyrics and
represents a novel, socially impactful resource in a low-resource language [5]. This study underscores
the promise of integrating conventional and deep learning methodologies, encompassing transformer
ensembles and established baselines such as VSM, to confront the intricate and culturally contingent
classification dilemmas prevalent in natural language processing [9, 10, 11, 12].

2. Task Description

The MiSonGyny 2025 [13] shared task focuses on detecting misogynistic content in Spanish song lyrics.
It is structured into two classification tasks of increasing complexity: binary detection of misogyny and
fine-grained classification of misogynistic speech types. Below, we summarize the objectives and label
definitions for each task, as well as the evaluation metrics used.

2.1. Task 1: Misogynistic Speech Detection

The first task consists of a binary classification problem where the goal is to determine whether a
given phrase from a song lyric contains misogynistic speech.

« Misogynist (M): The phrase expresses hate speech or contempt directed at women, or reinforces
harmful gender stereotypes that promote subordination, objectification, or marginalization of
women.

« Not Misogynist (NM): The phrase does not contain hate speech or contempt against women. It
may refer to women without reinforcing gender stereotypes or expressing negative attitudes.

Example:

ID_Trackl, "M" - this song is defined as misogynistic

2.2. Task 2: Fine-grained Misogynistic Speech Detection

The second task aims to classify the specific type of misogynistic content present in a phrase. This
is a multi-class classification task, where each misogynistic phrase is assigned to one of the following
categories:

« Sexualization (S): Phrases that describe or imply sexual acts, use sexual language, or make
sexual insinuations.

« Violence (V): Phrases that refer to physical or verbal aggression, threats, or violent behavior.

« Hate (H): Phrases that include offensive, hostile, or discriminatory language, targeting women
or groups through expressions of contempt or dehumanization.

+ Not Related (NR): Phrases that do not belong to the above categories and contain no sexual,
violent, or hateful content.

2.3. Evaluation Metrics

Both tasks are evaluated using macro-averaged metrics to address potential class imbalance and ensure
that each class contributes equally to the final scores, regardless of its frequency in the dataset [14].
The following metrics are reported for each task:

« Macro F1-Score
« Macro Precision
« Macro Recall



Let B(tp, fp,tn, fn) be any binary evaluation measure (e.g., precision, recall, or F1-score), where:

« tp: true positives

fp: false positives
« tn: true negatives
+ fn: false negatives

For each class label A in a set of ¢ labels, the metric B is computed using the binary evaluation for
that specific class (one-vs-rest). Then, the macro-averaged version of the metric is calculated as:

14
Bacro = — Z B(tp)\a fp)\) iny, fn/\)
133
This formulation ensures that all classes contribute equally, which is particularly important for
datasets where some classes may be underrepresented.

2.4. Data Description

The datasets provided for the MiSonGyny 2025 [13] shared task include annotated Spanish song lyrics,
separated by task. Each dataset consists of short textual segments (phrases or lines) labeled according
to the task definitions.

For Task 1 (binary misogyny detection), the training set contains 2,104 instances, with a noticeable
class imbalance: 642 misogynistic (M) and 1,462 non-misogynistic (NM) examples.

For Task 2 (fine-grained classification), the training set includes 1,168 instances labeled across four
categories. The distribution is as follows:

« Sexualization (S): 435 instances

Violence (V): 129 instances
« Hate (H): 78 instances
« Not Related (NR): 526 instances

These imbalances reinforce the need to evaluate models using macro-averaged metrics and highlight
the importance of robust classification methods, especially for the underrepresented categories.

3. Models and Approaches

For both subtasks, we explore a range of models suited for natural language processing (NLP) tasks.
These include transformer-based architectures as well as a traditional machine learning baseline:

« BERT [15, 16]: A widely used transformer model pre-trained on large corpora using a masked lan-
guage modeling objective. It provides strong baseline performance for sentence-level classification
tasks.

« RoBERTa [17, 16]: An optimized version of BERT trained with larger data and no next-sentence
prediction objective, offering improved results on various NLP benchmarks.

« BETO [18]: A Spanish version of BERT, pre-trained on a large Spanish corpus, making it more
suitable for tasks in this language.

« LLaMA [19]: A recent multilingual transformer-based model designed for efficiency and strong
generalization across languages. We use it to assess its ability to handle subtle linguistic phenom-
ena in Spanish lyrics.

« SVM (Support Vector Machine) [20, 21]: As a classical baseline, we include an SVM classifier
using TF-IDF representations. This provides a useful point of comparison for transformer-based
methods.



« Random Forest (RF) [22, 23, 24]: A tree-based ensemble method that builds multiple decision
trees and aggregates their predictions. It is included as a second traditional baseline due to its
robustness and interpretability in high-dimensional text classification tasks.

These models allow us to compare traditional and modern approaches to the detection and classifica-
tion of misogynistic speech in Spanish song lyrics.

4. Methodology

This section describes the methodology used for Task 1: binary classification of misogynistic vs. non-
misogynistic lyrics.

4.1. Task 1 Overview

The process for Task 1 (binary misogyny detection) consisted of the following main steps. Figure 1
illustrates the complete pipeline:

1. Initial data analysis: The original training set for Task 1 contained 2,104 examples, with a highly
imbalanced class distribution: 642 labeled as Misogynistic (M) and 1,462 as Not Misogynistic
(NM). The imbalance ratio was calculated and confirmed to be significant. The imbalance ratio
(IR) is calculated as follows:

NM 1462
IR_V_@NQ'% (1)

2. Data balancing: To reduce bias in model training, we augmented the dataset using two external

resources with similar annotation schemes:

« Sexism in the Lyrics of the Most Listened to Songs in Spain, with 15,836 NM and 4,758 M
examples [5, 25].

« Corpus of Song Lyrics in Spanish Labeled for Gender-Based Violence Against Women, with 778
NM and 222 M examples [26, 2].

Using a sampling strategy, we balanced the final dataset to contain 6,000 NM and 5,622 M
instances.

3. Preprocessing and tokenization: All lyrics were tokenized using the default tokenizer of
each transformer model (BERT, RoBERTa, BETO, and LLaMA). No additional preprocessing (e.g.,
lemmatization or stopword removal) was applied, to preserve the original semantics and language
style of the lyrics.

4. Model training: Each model was trained independently using the same data split: 70% for
training, 20% for validation, and 10% for testing. We used 3 to 5 epochs per model depending on
the validation loss convergence. The following models were used:

« BERT
+ RoBERTa
- BETO
- LLaMA
« Vector Space Model (VSM) as a classical baseline
5. Ensemble construction: Two ensemble models were created by combining the predictions from

BERT, RoBERTa, and BETO. A majority voting scheme was applied, where the final prediction
corresponds to the label chosen by at least two of the three models.

This multi-step pipeline allowed us to integrate data augmentation, robust modeling with pre-trained
transformers, and ensemble techniques to address the challenges of Task 1.
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Figure 1: Training process for task 1. Figure constructed using napkin (https://app.napkin.ai/).

4.2, Task 2 Overview

The process for Task 2 (fine-grained misogyny classification) consisted of the following main steps.
Figure 2 shows the complete pipeline:

1. Initial Dataset Analysis: The original dataset contained the following class distribution:

« Sexualization (S): 435 instances
« Violence (V): 129 instances

« Hate (H): 78 instances

« Not Related (NR): 526 instances

The most common class (S) had 435 examples, while the rarest (H) had 78. The resulting imbalance
ratio (IR) was:
435
IR=— = 5.58
78
2. Data Augmentation with Generative AI: To mitigate the imbalance, we used the GROK
generative Al tool to synthesize additional Spanish song lyrics for the minority classes (Violence

and Hate). This resulted in a more balanced dataset with the following class distribution:
o NR: 526 instances
« S: 435 instances
e V: 324 instances
« H: 273 instances

3. Preprocessing and Tokenization: As in Task 1, tokenization was performed using the respective
tokenizers of the transformer models. No additional text cleaning or normalization was applied.
4. Model Training: The following models were trained on the augmented dataset:

« BERT

+ RoBERTa
« BETO

« LLaMA
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Figure 2: Training process for task 2. Figure constructed using napkin (https://app.napkin.ai/).

« Random Forest (RF)

We used a 70% training, 20% validation, and 10% testing split. Each model was trained for 3 to 5
epochs depending on convergence.

5. Ensemble Construction: Two ensembles were created using the predictions from BERT,
RoBERTa, and BETO. As in Task 1, majority voting was applied for the final prediction.

6. Evaluation: Performance was assessed using macro-averaged F1-score, precision, and recall,
following the evaluation guidelines of the MiSonGyny 2025 shared task.

5. Experiments and Results

This section presents the evaluation results obtained for both tasks using the macro-averaged metrics
required by the MiSonGyny 2025 shared task: F1-score, Precision, and Recall. We report test set
performance for each model, highlighting the benefits of transformer-based ensembles compared to
individual models and traditional baselines.

5.1. Task 1: Binary Classification of Misogynistic Speech

Table 1 summarizes the performance of each model on Task 1.

The best result was obtained by the Ensemble Transformers 2 model (F1 = 0.828), which outperformed
all individual models, including RoBERTa (0.812) and BERT (0.798). This confirms the benefit of
combining transformer outputs through majority voting. Traditional models such as SVM showed
substantially lower performance (F1 = 0.479), highlighting the advantage of using transformer-based
architectures for this task.

5.2. Task 2: Fine-Grained Classification of Misogynistic Content

Table 2 shows the results for Task 2.


https://app.napkin.ai/

Table 1

Task 1 — Test Results (Binary Classification)

Table 2

Task 2 — Test Results (Multi-Class Classification)

For Task 2, the best result was achieved by the LLaMA model (F1 = 0.488), followed by the ensemble
Transformer model (F1 = 0.434) and BERT (F1 = 0.415). Again, ensemble methods improved over most
base models. However, the overall F1 scores are lower than in Task 1, which reflects the increased
difficulty of the fine-grained classification problem. Random Forest and traditional models performed

Model F1 Score Precision Recall
Ensemble Transformers 2 0.828 0.824 0.833
Ensemble Transformers 1 0.814 0.819 0.810
RoBERTa 0.812 0.804 0.824
BERT (v2) 0.798 0.796 0.799
LLaMA 0.784 0.798 0.774
BERT (v1) 0.790 0.793 0.788
SVM 0.479 0.493 0.492
Model F1 Score Precision Recall
LLaMA 0.488 0.514 0.490
Ensemble Transformers 2 0.434 0.429 0.455
BERT 0.415 0.406 0.431
Ensemble Transformers 3 0.402 0.387 0.423
RoBERTa 0.376 0.348 0.408
BETO 0.317 0.351 0.344
Random Forest 0.261 0.264 0.265

poorly on this task, with an F1 score of only 0.261.

5.3. Results on the Official Competition Test Sets

In addition to local test evaluation, the official MiSonGyny 2025 organizers provided two blind test sets
for external evaluation: 527 unlabeled instances for Task 1 and 393 for Task 2. Our team submitted a
total of seven prediction files for Task 1 and eight for Task 2, each corresponding to a different model or
ensemble configuration. The organizers computed macro-averaged F1-scores for each submission.

5.3.1. Task 1 - Official Test Set Results

Table 3 summarizes the results for our submissions to Task 1.

Table 3

Task 1 — Official Evaluation Results (Blind Test Set, 527 samples)

The best result was obtained in Submission 6 (ID: 289232), with an F1-score of 0.8280. This submission

Submission # Submission ID F1-Score
1 280264 0.8140
2 281225 0.7838
3 282378 0.4792
4 283395 0.8120
5 289199 0.7902
6 289232 0.8280
7 289321 0.7976

secured 3rd place overall in Task 1 of the competition.



5.3.2. Task 2 - Official Test Set Results

Table 4 shows the macro F1-scores obtained from the official evaluation of our submissions for Task 2.

Table 4
Task 2 — Official Evaluation Results (Blind Test Set, 393 samples)

Submission # Submission ID F1-Score

1 280264 0.4150
2 281225 0.4883
3 282378 0.2606
4 283257 0.3172
5 283395 0.3755
6 289199 0.4150
7 289232 0.4343
8 289321 0.4025

The best result was achieved in Submission 2 (ID: 281225), with an F1-score of 0.4883, which placed
our team in 6th position overall for Task 2.

6. Conclusions

The detection of misogynistic speech in Spanish-language song lyrics is both a socially urgent and
technically challenging task. Misogynistic and violent lyrics contribute to the normalization of harmful
gender-based stereotypes and symbolic violence, particularly in musical genres with massive reach and
influence among young audiences.

This study highlights the difficulty of developing robust classification systems in domains with limited
annotated data. One of the main challenges faced in both tasks was the scarcity of publicly available
labeled datasets, especially for fine-grained categories such as hate or violence. Moreover, the original
datasets provided for the MiSonGyny 2025 shared task were significantly imbalanced. To address this
issue, we adopted a dual strategy: leveraging external Spanish corpora with related annotations for
Task 1, and generating new examples using generative AI (GROK) for Task 2.

Our experiments confirm the effectiveness of transformer-based models, especially when used in
ensemble configurations. In Task 1, a transformer ensemble reached an F1-score of 0.828 and secured
third place in the competition. In Task 2, which required multi-class classification, the best-performing
system achieved an F1-score of 0.488 and ranked sixth. These results validate the value of ensemble
learning in low-resource and high-variance classification problems such as misogyny detection in lyrics.

Future work may focus on improving class-specific performance, leveraging multilingual models,
or incorporating contextual metadata such as genre or artist information to enhance classification
robustness.

Declaration on Generative Al
Generative Al tools were used in this work in two specific contexts:

« Visualization: Figures 1 and 2 were created using Napkin AI (https://app.napkin.ai/), a document
editing platform that transforms structured text into visual diagrams.

+ Data Augmentation: For Task 2, we employed the generative platform GROK (https://grok.com)
to synthesize additional text samples for the underrepresented classes (Hate and Violence). This
was necessary to mitigate class imbalance and support model training.

The use of generative Al was limited to these tasks and did not involve the generation of article
content, code, or evaluation results.
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