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Abstract

This paper investigates the impact of data qual-
ity and processing strategies on emotion recog-
nition in Brazilian Portuguese (PTBR) texts.
We focus on data distribution, linguistic con-
text, and augmentation techniques such as trans-
lation and synthetic data generation. To evalu-
ate these aspects, we conduct experiments on
the PTBR portion of the BRIGHTER dataset, a
manually curated multilingual dataset contain-
ing nearly 100,000 samples, of which 4,552 are
in PTBR. Our study encompasses both multi-
label emotion detection (presence/absence clas-
sification) and emotion intensity prediction (0
to 3 scale), following the SemEval 2025 Track
11 setup. Results demonstrate that emotion
intensity labels enhance model performance
after discretization, and that smaller multilin-
gual models can outperform larger ones in
low-resource settings. Our official submission
ranked 6th, but further refinements improved
our ranking to 3rd, trailing the top submission
by only 0.047, reinforcing the significance of a
data-centric approach in emotion recognition.

1 Introduction

Data quality plays a critical role in enabling ma-
chine learning models to generalize effectively and
generate meaningful predictions (Budach et al.,
2022). On the other hand, poor data quality (e.g.,
a high level of noise, inconsistencies, imbalanced
distributions, or annotation errors) can lead to bi-
ased models and unreliable outcomes (Sambasivan
et al., 2021). Several studies have shown that well-
constructed datasets significantly enhance model
performance in NLP tasks (Mishra et al., 2020;
Longpre et al., 2024). In the context of emotion
recognition, high-quality data is essential for cap-
turing subtle emotional nuances and reflecting vari-
ations across different contexts and linguistic struc-
tures.

In this paper, we investigate the impact of data
quality on emotion recognition in Brazilian Por-

tuguese (PTBR) texts, focusing on data distribution,
linguistic context (e.g., word-sentiment lexicons),
and augmentation strategies such as translation and
synthetic data generation. To evaluate these aspects,
we conduct experiments on the PTBR portion of
BRIGHTER dataset (Muhammad et al., 2025a), a
multilingual large-scale dataset manually curated
comprissing nearly 100,000 samples, which 4,552
are in PTBR. The dataset originates from SemEval
2025 Track 11 (Muhammad et al., 2025b), and we
participate in both sub-track A (Multi-label Emo-
tion Detection; classifying either if the emotion is
or is not present in the sentence) and sub-track B
(Emotion Intensity; classifying the intensity from 0
to 3 of the emotion in the sentence) sub-tracks. Our
findings highlight the importance of a data-centric
approach, measuring the impact of different data
processes alternatives, as the official submission
achieved 6th in Portuguese emotion recognition.
However, further analysis and post-competition re-
finements established a new 3rd place ranking, trail-
ing the top-ranked submission by only 0.047.

Our main contributions can be summarized as
follows:

• Data-Centric Analysis: We demonstrate the
impact of data-centric techniques on model
performance, highlighting the role of data dis-
tribution, augmentation, and linguistic con-
text.

• Style-Domain Translation: We introduce a
translation approach that preserves the emo-
tional content of the original text while adapt-
ing it to the target style and domain using
few-shot learning, achieving 3% improvement
in Macro F1 compared to traditional literal
translation, underscoring its effectiveness in
enhancing emotion recognition performance.

• Label Granularity Effect: We show that
models trained with Emotion Intensity labels
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outperform those trained with binary labels
in multi-label emotion classification. This re-
sult suggests that modeling emotion intensity
improves generalization.

The rest of this paper is organized as follows:
Section 2, reviews the related work. Section 3 de-
scribes the methods and Section 4 the Experimental
Setup, while experiments results are discussed in
Section 5. Section 6 brings the conclusions.

2 Related Work

Sentiment analysis has been widely studied across
various domains, including movie (Bodapati et al.,
2019) and product reviews (Reddy et al., 2024),
with social media platforms also receiving signif-
icant attention (Singh et al., 2021) due to the vast
amount of user-generated content. Baziotis et al.
(2017) propose a bidirectional LSTMs with atten-
tion mechanisms to predict sentiment polarity, cat-
egorizing tweets as positive, negative, or neutral.
Their model achieved first place in SemEval-2017
Task 4. However, since it follows a single-label
classification approach, it cannot effectively cap-
ture the overlapping and co-occurring emotions
often present in social media text.

da Silva et al. (2018) introduced a corpus of
tweets from Brazilian investors, annotated with
emotional labels. The dataset was constructed
by collecting tweets that referenced stocks from
the Brazilian stock exchange (IBOVESPA) and
manually labeling them according to Plutchik’s
model, which categorizes emotions into eight dis-
tinct types. Their work underscores the importance
of high-quality annotated datasets for training ma-
chine learning models in Portuguese, a task that
remains challenging due to the limited availability
of labeled data.

To address the challenges of multilabel emo-
tion classification, (Kim et al., 2018) proposed
an attention-based convolutional neural network
(CNN) model capable of handling multiple emo-
tion labels per instance. Their system integrates
self-attention mechanisms to enhance sentence rep-
resentation, allowing emotions to be classified in-
dependently within a single sentence. Evaluated on
SemEval-2018 Task 1, their approach ranked first
in Spanish and fifth in English, demonstrating its
effectiveness across languages.

3 Methods

3.1 Data

The Brazilian Portuguese subset of the BRIGHTER
dataset (Muhammad et al., 2025a) comprises 4,652
social media posts annotated with six fundamental
emotions: anger, disgust, fear, joy, sadness, and
surprise. The dataset follows a multi-label classifi-
cation setup, where each instance can express zero,
one, or multiple emotions. The data is split into
2,226 training instances, 200 validation instances,
and 2,226 test instances. Each post was annotated
by five independent raters, generating probabilis-
tic emotion distributions rather than discrete labels.
Table 1 provides an overview of the label distribu-
tion within the training set.

Emotion Number of samples Percentage

Anger 718 32.26%
Disgust 75 3.37%
Fear 109 4.90%
Joy 581 26.10%
Sadness 322 14.47%
Surprise 153 6.87%
No emotion 632 28.39%

Table 1: Number of samples per emotion in the PTBR
portion of the dataset.

3.2 Style-Domain Text Translation

To enhance model robustness and generalization,
we expanded the dataset through cross-lingual
translations. However, these translations introduce
domain and stylistic discrepancies. For instance,
Brazilian Portuguese data primarily originates from
social media, while Algerian Arabic and Mozambi-
can Portuguese include content from literature and
news, leading to factual information in Mozam-
bican Portuguese that is absent in Brazilian Por-
tuguese. Even within social media, stylistic varia-
tions exist: Brazilian Portuguese posts rarely use
emoticons, whereas Latin American Spanish con-
tains emoticons in nearly 22% of samples.

To mitigate these inconsistencies, we introduce
Style-Domain Text Translation, a methodology de-
signed to simulate Brazilian Portuguese social me-
dia discourse. We guide the LLM-based transla-
tion process to preserve both the literal meaning
and original emotional content, while incorporating
colloquial expressions, abbreviations, and informal
linguistic patterns typical of Brazilian social media.
The translation model is additionally regularized to
avoid excessive formality. Although this approach
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Figure 1: Proportion of each emotion in the dataset by
adding English and Deutsch translation

was applied across all languages in the dataset, our
experiments primarily focus on English and Ger-
man, allowing us to perform extensive evaluations
with low-cost computational resources.

3.3 Synthetic data generation

LLM-based synthetic data augmentation has been
widely explored across multiple domains, includ-
ing social media text generation (Hosseini et al.,
2024). However, existing studies predominantly
focus on English, which dominates the pre-training
and fine-tuning corpora of large-scale models. Our
approach addresses this linguistic gap by generat-
ing synthetic informal social media posts in Brazil-
ian Portuguese, incorporating realistic variability
in emotion, text length, and sentiment intensity.

To ensure diversity in the synthetic samples, we
adopt a few-shot prompting strategy that conditions
the generation process on multiple aspects of the
data. Emotions are dynamically sampled based
on the original dataset, allowing for upsampling
of underrepresented emotions while preserving the
dataset’s multi-label structure. Additionally, the
generated texts mirror the natural length distribu-
tion of real social media posts, ensuring structural
authenticity. By varying sentiment intensity levels
within prompts, we enable the model to produce
content with fine-grained emotional variation, im-
proving alignment with real-world language use.

For text generation, we employ the GPT-4o mini
model (Achiam et al., 2023), chosen for its cost
efficiency and strong performance in instruction-
following tasks (Kim et al., 2024). This approach
allows us to conduct extensive experiments while
maintaining a computationally efficient training
pipeline.

Figure 2: Pearson correlation between the emotion
scores of individual words and the overall sentence emo-
tion.

3.4 Data Balance

Our analysis of the dataset revealed a class imbal-
ance in the Portuguese training set, where disgust
and fear were underrepresented. To address this is-
sue, we improved emotion category distribution by
augmenting the dataset through cross-lingual trans-
lation from English and German into Portuguese.
This approach equalized class proportions across
the six emotion categories, as shown in Figure 1,
while preserving linguistic diversity in the samples.

While alternative strategies such as data duplica-
tion and LLM-based synthetic data generation were
considered, translation provided the most effective
solution for expanding low-frequency classes while
maintaining natural language variability. As a re-
sult, our approach led to a more uniform label dis-
tribution and improved model performance across
all emotion categories.

3.5 Word-based Emotion Lexicon

We also utilized the Portuguese version of the NRC
Emotion Lexicon (Mohammad and Turney, 2010,
2013), which comprises a comprehensive set of
words annotated with their associated emotions.
Although the sentiment of an individual word does
not necessarily imply that the entire sentence con-
veys that emotion, we examined the correlation
between the sentiment of each word and the overall
sentence emotion, which is shown in Figure 2. Fur-
thermore, we incorporated this lexicon information
into the model input and measured the impact of
this information when training an LLM to identify
emotions.
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4 Experimental Setup

Implementation. All experiments were conducted
using a single RTX 4090 GPU with a batch size
of 8, a linear learning rate schedule of 2e-5, and a
weight decay of 0.01. After identifying the best-
performing strategy, we scaled up the approach
and applied it to a larger model running on a sin-
gle NVIDIA A100 GPU. All experiments were
performed with 4-bit quantization and LoRA (Hu
et al., 2022).

Model. We initially evaluated the Qwen 2.5 7B
(Yang et al., 2024), LLaMA 3.1 8B (Dubey et al.,
2024), and Phi-4 14B (Abdin et al., 2024) instruct
models under few-shot and fine-tuning scenarios.
Based on its superior performance in Brazilian
Portuguese, we selected Qwen 2.5 7B as the base
model for further experiments. The final tests were
conducted using the Qwen 2.5 70B Instruct model
(Yang et al., 2024), which shares pre-training and
fine-tuning procedures similar to those of the se-
lected base model.

5 Results

5.1 Model Selection

To identify the most suitable model for Brazilian
Portuguese emotion recognition, we evaluated mul-
tiple architectures under few-shot and fine-tuning
settings. Table 2 presents the performance results,
highlighting the potential of the Qwen 2.5 archi-
tecture. Although its performance is slightly lower
than that of the Phi model, Qwen 2.5 is half the size,
offers scalable larger versions, and achieves better
results than LLaMA 3.1 8B, making it a compelling
choice for our study.

Model Macro F1 Micro F1

Fe
w

-s
ho

t LLaMA 3.1 8B 0.35 0.44

Phi 4 14B 0.51 0.57

Qwen 2.5 7B 0.44 0.52

Fi
ne

-t
un

in
g

LLaMA 3.1 8B 0.46 0.66

Phi 4 14B 0.54 0.72

Qwen 2.5 7B 0.53 0.71

Table 2: Comparing base models in few-shot (4 shots)
and fine-tuning on Brazilian Portuguese dataset portion.

5.2 Data processing

We examined both style-domain text translation
and synthetic data generation. Table 3 shows that
style-domain translation improved the macro-F1
score from 0.53 to 0.56, whereas traditional transla-
tion had no measurable impact. Although synthetic
data generation increased the number of samples
across all six emotions, it did not improve classifi-
cation performance. This result suggests that while
LLMs effectively translate existing samples into
the target style and domain, they struggle to gener-
ate sufficiently diverse new samples from few-shot
prompts, ultimately leading to a decline in overall
performance.

Additionally, we investigated the correlation be-
tween NRC word-level emotions and sentence-
level emotions. Our analysis revealed a low overall
correlation, indicating that word-level sentiment
features are not strong predictors of sentence-level
emotion. For instance, the correlation between
word-level and sentence-level "disgust" is lower
than the correlation between "disgust" and "anger"
(ranging from 0.09 to 0.13), as shown in Figure
2. The highest observed correlation was 0.20 for
"joy", reinforcing that word-level sentiment signals
provide limited value for sentence-level emotion
prediction.

Data Macro F1 Micro F1

Original baseline 0.53 0.71
NRC Lexicon 0.53 0.73
Traditional translation 0.53 0.64
Style-Domain Translation 0.56 0.67
Synthetic 0.49 0.68

Table 3: Performance impact of various data processing
approaches on the original dataset. All methods were ap-
plied in combination with the original data, and results
are reported in terms of Macro and Micro F1 scores.

5.3 Final Results

Following an extensive data analysis, we fine-tuned
the Qwen 2.5 70B model (Yang et al., 2024) us-
ing the optimal hyperparameter configuration and
data augmentation strategy on sub-tracks A and
B. The final training dataset combined the original
training set with English and German style-domain
translations.

In our official submission, we ranked 6th place
in sub-track A. However, further analysis revealed
that using the model trained on sub-track B, which
incorporated emotion intensity labels, and binariz-
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ing the outputs (considering an emotion present if
any intensity was detected), improved results by 3
percentage points, increasing the macro-F1 score
from 0.61 to 0.64. When evaluated in the emotion
intensity prediction task (sub-track B), the model
achieved an average Pearson correlation (r) of 0.65.

6 Conclusion

Our study investigates how data quality and pro-
cessing techniques influence emotion recognition
in Brazilian Portuguese texts. We explored Style-
Domain Text Translation, synthetic data genera-
tion, and the integration of a word-based emotion
lexicon. Our findings show that cross-lingual trans-
lation improves the balance of low-frequency emo-
tion classes while preserving linguistic diversity,
leading to better model generalization.

Additionally, our experiments demonstrate that
training with emotion intensity labels, rather than
binary labels, enhances performance when the out-
puts are binarized. Model selection results sug-
gest that smaller models can sometimes outperform
larger ones in this task, emphasizing the importance
of architecture choice in low-resource settings. Fi-
nally, our post-competition refinements led to sig-
nificant performance gains, reinforcing the role of
fine-grained data processing strategies in improv-
ing emotion recognition models.

Limitations

Despite the promising results, our work has sev-
eral limitations. First, our experiments are con-
strained by the size and diversity of the available
Brazilian Portuguese data, which may not capture
all linguistic nuances. Second, while the style-
domain translation methodology shows potential,
it relies on few-shot learning and may require fur-
ther validation across different domains and larger
datasets. Third, the observed performance improve-
ments when using intensity labels indicate potential
sensitivity to label binarization methods, suggest-
ing that additional samples with higher emotions
intensities could beneficiate the model. Finally, our
analysis primarily focused only in PTBR portion of
BRIGHTER dataset, and results might vary when
applied to other domains or languages. Future work
should address these limitations by incorporating
more extensive and diverse datasets and refining
our data processing techniques.
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