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Abstract

Social media platforms have become important spaces for expressing opinions, emotions, and diverse forms
of social interaction. The automatic detection of supportive and non-supportive comments can contribute to
the analysis of online behavior, the identification of vulnerable communities, and the development of tools for
monitoring healthier digital environments. Motivated by this context, this work presents an experimental pipeline
for classifying English and Spanish YouTube comments using state-of-the-art transformer-based models. The
study was conducted within the Social Support Detection 2026 shared task at IberLEF 2026, which includes three
subtasks: binary classification of supportive and non-supportive comments, binary classification of comments
directed at individuals or groups, and multi-class classification of comments to a specific community, including
categories such as nationality, LGBTQ community, Black community, women, and religion. Five transformer
models were fine-tuned and evaluated for each task. For English comments, the best models achieved an F1-score
of 0.80, 0.84, and 0.87 for Tasks 1, 2, and 3, respectively. For Spanish comments, the best F1-score were 0.82, 0.84,
and 0.57, respectively. These results suggest that transformer-based models can effectively identify social support
patterns in multilingual YouTube comments. In addition, the findings indicate that language-specific models may
offer advantages over multilingual models in this task.
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1. Introduction

With the increasing reach of the Internet and social media platforms, the dissemination of harmful
content has become a major societal concern [1]. As a result, a substantial body of research in Natural
Language Processing (NLP) has focused on detecting, moderating, and filtering negative forms of online
interaction, such as hate speech, offensive language, or misinformation.

However, online communication is not limited to harmful or antisocial content. Social media platforms
also enable users to express empathy, encouragement, solidarity, advocacy, and emotional assistance
toward individuals and communities facing different social, political, or personal challenges. Despite its
relevance, supportive interaction remains comparatively less explored than other content categories, like
harmful content detection. This lack of research suggests the need to design computational strategies
capable not only of identifying negative content, but also of recognizing socially beneficial forms of
communication.

Online social support can be understood as the emotional, informational, or symbolic assistance
provided through digital platforms. This type of support is particularly relevant for individuals and
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groups exposed to vulnerability, discrimination, conflict, or crisis situations, such as marginalized
communities, or people seeking recognition. Detecting supportive content is therefore important for
understanding how solidarity emerges in online spaces so it can promote healthier and more constructive
digital environments [2, 3, 4].

This study focuses on identification of support in online comments instead of focusing on the
detection of harmful content. By analyzing supportive expressions in Spanish and English language
YouTube comments, this work contributes to the development of NLP resources and methods aimed at
characterizing positive social interaction.

Recent work has begun to formalize Social Support Detection (SSD) as a specific NLP task. Ahani
et al. [5] introduced SSD as the automatic identification of supportive interactions within online
communities. Their study showed that linguistic, psycholinguistic, emotional, and sentiment-based
features can be useful for detecting supportive content. More recently, Kolesnikova et al. [6] explored
advanced machine learning techniques for social support detection, including transformer-based models
and zero-shot learning with GPT-based systems. Their results suggest that transformer models can
improve the classification of supportive content. Other studies have also explored prosocial behavior in
online conversations. Bao et al. [7] proposed computational methods to quantify and predict prosocial
outcomes in online discussions [8] . This perspective supports the need for NLP approaches that identify
constructive forms of communication. In this context, the present study contributes to the growing
body of research on positive social media analysis.

This research explores the use of transformer-based models for the automatic identification of
supportive comments. Transformers are neural network architectures designed to process sequential
data by modeling relationships among elements in an input sequence [9].

Unlike traditional recurrent architectures, which process tokens sequentially, transformers rely on
attention mechanisms to capture contextual dependencies between words, regardless of their position
in the text. This allows the model to assign different levels of importance to each token according to its
relevance within the sentence or document. Transformers have become particularly useful in NLP tasks
because they can represent words and expressions according to their surrounding context. Therefore,
transformer-based models are suitable for identifying social support, since supportive messages may be
expressed through different ideas rather than through a fixed set of explicit keywords.

This proposal aims to solve three tasks for SSD-2026 [10] at the IberLEF 2026:

« Binary Support Detection (Spanish or English)
« Binary Target Identification (Spanish or English)
+ Targeted Group Multiclass Classification (Spanish or English)

2. Data description

The dataset was constructed from comments collected from YouTube videos. The selected videos were
chosen because they were likely to elicit comments expressing different forms of social support. It
consists of both English and Spanish language comments.

The social support detection task was organized as a three-step classification process:

1. Identify whether a comment expresses social support.

2. Classify supportive comments according to whether the support is directed toward an individual
or a group.

3. For comments expressing support toward a group, identify the specific group being supported.

For the first subtask, a comment was considered supportive if it contained a statement or message
expressing encouragement, admiration, advocacy, promotion, assistance, or defense. Conversely, non-
supportive comments were defined as those that did not convey any form of support according to this
definition.



The second subtask determined whether the comment supported a specific person or a collective
group. The classes were individual and group.
For the third subtask, group support was classified into the following categories:

« Nation: This category includes comments expressing support for a specific country, its people, or
its sovereignty.

+ Black community: This category includes comments that acknowledge or defend the Black
community, often in relation to racial equality, social justice, or the recognition of Black cultural
contributions.

« LGBTQ: This category includes comments that support the LGBTQ community by promoting
equality, celebrating diversity, defending their rights, or emphasizing the need for representation.

« Religion: This category includes comments expressing support for a specific religion, religious
communities, or the general right to religious freedom.

« Women: This category includes comments that highlight gender equality, recognize women’s
achievements, or support feminist causes.

« Other: This category includes expressions of support directed toward communities not explicitly
covered by the previous categories, such as professional, activist, or other social groups.

Inter-annotator agreement (IAA) was computed to assess the consistency of the annotation process
while accounting for chance agreement. Table 1 summarizes the distribution of samples across the
three subtasks, where an imbalance between classes can be noticed. The imbalance ratio (IR) was 3.45,
4.20, and 52.40 for the first, second, and third English tasks, respectively. For the Spanish samples, the
IR was 3.40, 3.61, and 9.33 for the first, second, and third Spanish tasks. A high IR results in a greater
extent of imbalance in the dataset, making it harder to classify them [11].

Table 1
Data distribution across the proposed subtasks.
Task Class English samples  Spanish samples
1 Social Support 1794 590
Non Support 6202 2010
5 Individual 345 134
Group 1450 485
LGBTQ 123 224
Black Community 91 24
Women 19 48
Religion 15 60
Other 416 82

Some English comment examples are shown in Table 2; the first and second rows are support clauses
that correspond to group comments but in different contexts: religion and nation. The third and fourth
rows are examples of non-support labels. Table 3 shows some examples from the Spanish dataset,
including their translation. The first two rows correspond to a Support comment, while the rest of the
rows are non-support clauses.

Table 2
English comments.
Text Task 1 Task2  Task 3
1 love islam love palisten pakistan Support  Group Religion
2 may allah help gazans indeed allah enough ~ Support ~ Group  Nation
3 understand homophobia life people happy ~ Non Supp. No No
4 good day less messed kids single mothers Non Supp. No No




Table 3
Spanish comments.

Text Task 1 Task2  Task 3
1 Yo soy no binario y estoy orgulloso de ello/ | am non-binary and proud ~ Support  Group LGBTQ
2 Bien por las nifias arriva México/ Good for the girls, go Mexico Support  Group Women
3 Solo existen dos generos../ There are only two genders.. Non Supp. No No
4 No entiendo/ | don’t understand Non Supp. No No

3. Methodology

This section outlines the specifics of the approach taken with different transformer models. A data
cleaning phase was evaluated, including emoji removal, stopwords filtering, and lemmatization. How-
ever, these preprocessing steps led to a consistent decrease in performance across models. This behavior
can be explained by the nature of the comments, where emojis, function words, and lexical variations
often convey important emotional and contextual information. Therefore, all subsequent experiments
were conducted using the original, unprocessed dataset. Figure 1 shows the proposed methodology.

Dataset training | Transformer Fine Tuning {EREyalUsticand Rl
| Selection |

Figure 1: Methodology overview diagram

3.1. Transformer Models

The transformer network is a novel architecture that has been used in natural language processing.
The model has two principal parts: the encoder and the decoder, with softmax normalization applied
to them. Inputs are embedded with positional encodings to capture contextual meaning. Contextual
meaning is processed by multi-head attention mechanisms and feed-forward networks in parallel to
capture relationships between inputs. The decoder uses masked multi-head attention that incorporates
encoder-derived attention vectors, subsequently applying feed-forward and linear layers to output
probabilities [12]. One of the challenges of working with this type of model is the amount of data for
training; however, strategies like fine-tuning allow unfreezing some layers of the pre-trained models
and updating them with new data [13].

Diverse transformer models from Hugging Face ! were used to solve the tasks. Table 4 shows the
models employed in this study and their descriptors. BERT is a pretrained model on English data in
a self-supervised fashion [14]. ALBERT is a small, parameter-efficient version of BERT model that
was pretrained with a big corpus from BooksCorpus and Wikipedia [15]. DistilBERT is an uncased
transformer model that was trained using BERT as a teacher through knowledge distillation [16]. BETO
is a BERT model trained on a big Spanish corpus [17]. RoBERTuito is a pre-trained model trained with
500 million tweets in Spanish [18]. Every model was trained for 5 epochs, with a batch size equal to 8.

'https://huggingface.co/


https://huggingface.co/

Table 4
Transformer Models

Descriptor Model

BERT bert-base-uncased

ALBERT albert-base-v2

DistilBERT distilbert-base-uncased

BETO dccuchile/bert-base-espafnol-wwm-uncased

RoBERTuito robertuito-base-uncased

4. Results

To report the best model performance on the test set, we considered the following metrics: precision,
recall, accuracy, and F1-score. The values of these metrics are shown in Table 5. For Task 1, the best
results for classifying the English test dataset were obtained by the DistilBERT and BERT models, with
an F1 score of 0.80. For Task 2, the best performance was for BERT, and for Task 3, BERT obtained 0.86
of F1 score. Being BERT, the model that showed more consistency on the comparative study of the 3
models for classification in English, see confusion matrices from Tables 6 to 8.

Meanwhile, it was observed that BETO’s performance on the Spanish dataset classification was better
than RoBERTuito’s across 2 of the 3 tasks. Therefore, the confusion matrix for this model is shown from
Table 10 to 12.

Table 5
Models’ classification of datasets under different tasks (English).
Model Task Precision Recall F1  Accuracy Support
1 0.79 0.81 0.80 0.87 2000
BERT 2 0.85 0.83 0.84 0.91 441
3 0.87 0.86 0.86 0.87 363
1 0.80 0.78 0.79 0.86 2000
ALBERT 2 0.80 0.81 0.80 0.88 441
3 0.87 0.81 0.83 0.87 363
1 0.81 0.78 0.80 0.87 2000
DistilBERT 2 0.85 0.79 0.82 0.90 441
3 0.52 0.54 0.52 0.78 363

Table 6
Confusion matrix DistilBERT Task 1.

Non-Supportive  Supportive
Non-Supportive 0.93 0.07
Supportive 0.37 0.63

Table 7
Confusion matrix BERT Task 2.

Group Individual
Group 0.95 0.05
Individual 0.22 0.78




Table 8
Confusion matrix BERT Task 3.

Black C. LGBTQ Nation Other Religion Women

Black Community 1 0 0 0 0 0
LGBTQ 0 0.94 0 0.03 0 0.03
Nation 0 0.01 0.89 0.1 0 0
Other 0.05 0.02 0.16 0.77 0 0
Religion 0 0 0.25 0 0.75 0
Women 0 0.2 0 0 0 0.8
Table 9
Models’s classification of datasets under different tasks (Spanish).
Model Task Precision Recall F1  Accuracy Support
1 0.50 0.61 0.53 0.91 651
BETO 2 0.85 0.83 0.84 0.89 157
3 0.55 0.86 0.57 0.89 121
1 0.83 0.81 0.82 0.88 651
RoBERTuito 2 0.68 0.75 0.67 0.68 157
3 0.46 0.37 0.38 0.63 121

Table 10
Confusion matrix BETO Task 1.

Non-Supportive  Supportive
Non Support 0.96 0.04
Support 0.26 0.74

Table 11
Confusion matrix BETO Task 2.

Group Individual
Group 0.94 0.06
Individual 0.28 0.72

5. Discussion

The best performing models in this study were based on BERT and BETO architectures, for English
and Spanish, respectively. Each model was fine-tuned for a specific target task. It was expected that
RoBERTuito could have a better performance than BETO, because RoBERTuito is a model adapted
for tweets’ sentimental analysis, while BETO is a general model (both for Spanish); the empirical test
showed something different. BETO achieved the highest performance on both training and testing sets,
maybe due to the characteristics of the dataset: 650 sentences of training for task 1, 157 for task 2, and
only 121 sentences for task 3. Besides the longitude of the datasets, there are other issues to consider;
the IR was too high in both datasets. In English task 3, this reached 52.40, and for the Spanish samples,
it reached 9.33. However, according to the final results, our work achieved 7th, 18th, and 8th positions
for Spanish Tasks 1, 2, and 3, respectively. Meanwhile, the English task results were ranked 21st, 2nd,
and 5th for Tasks 1, 2, and 3.



Table 12
Confusion matrix BETO Task 3.

Black C. LGBTQ Nation Other Religion Women

Black Community 1 0 0 0 0 0
LGBTQ 0 0.96 0.02 0 0.02 0
Nation 0.08 0.17 0.67 0.08 0 0
Other 0 0 0.05 0.95 0 0
Religion 0 0 0 0.2 0.8 0
Women 0 0 0.17 0.08 0 0.75

6. Conclusion

This study contributes to the development and evaluation of NLP systems that detect social support
in social media comments and identify the target of that support (individual vs. community, and the
specific community), and move beyond to an understanding of the factors that affect people in real
scenarios. Due to the widespread dissemination of messages of no support through social media, it is
worth developing tools to identify their impact.

The results highlight the importance of task-specific training, particularly when the source and target
tasks share semantic and contextual similarities. The best F1-score results for each English task were
0.80, 0.84, and 0.87 for Tasks 1, 2, and 3, respectively; the best F1-scores for each Spanish task were 0.82,
0.84, and 0.57 for Tasks 1, 2, and 3, respectively.
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