Investigating Contextual Word Embeddings in Semi-Supervised
Learning for Toxic Comment Detection

Francisco Assis Ricarte Neto
farn@ifpi.edu.br
Instituto Federal do Piaui
Universidade Federal do Piaui

Pedro de A. dos Santos Neto
pasn@ufpi.edu.br
Universidade Federal do Piaui

ABSTRACT

The proliferation of toxic messages on the Web has led many social
networks to limit or shut down user comments, as these messages
are harmful to people and keep them away from online platforms.
Most approaches deal with this unacceptable language form, fo-
cusing only on identifying if a comment is toxic or not, using a
supervised learning strategy, leaving aside the various types of
harmful messages, such as LGBT+phobia, racism, xenophobia, and
others. In this paper, we investigate three contextual word embed-
ding models: BERTimbau, BERTweet.BR, and LLaMA 3.1 within
a semi-supervised approach to distinguish whether a comment is
toxic. Also, we explore this strategy to detect six types of toxicity:
LGBT+phobia, insult, racism, obscenity, xenophobia, and misogyny.
This task is defined as a multi-label classification problem, as a com-
ment may contain several types of abusive language. We evaluated
our approach using the ToLD-BR corpus and achieved competitive
results for the binary toxicity classification task. In the context
of multi-label toxicity detection, our best result outperformed ap-
proaches based on supervised learning, using significantly fewer
labeled data, and emphasized their efficiency and practicality.
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1 INTRODUCTION

Social networks are powerful tools for virtual human interactions,
connecting people worldwide. These tools allow individuals to
share information, express their opinions, and engage in debates.
However, this scenario also attracts users who exceed the limits of
freedom of expression, taking advantage of the space to disseminate
all types of toxic language.

Toxic messages involve the use of inappropriate language that
is considered unacceptable, including both explicit and implicit
forms of profanity, insults, and threats directed at individuals or
groups [41]. Toxicity can also manifest as negative behaviors, such
as offensive comments or disrespectful remarks, hate speech, or
any other characteristic that may deter a person from engaging in
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a conversation. Thus, fighting this language is of the utmost impor-
tance, as it is a crime in several countries. In this paper, we consider
any comment with these characteristics to be toxic language.

Several strategies have been developed for toxicity detection,
although most focus on the English language and rely on super-
vised machine learning techniques [28]. Recent efforts aimed at
addressing toxicity in the Portuguese language have predominantly
approached the task as a binary classification problem, extract-
ing features from Bag-of-Words [26], word embeddings [35], and
lexicons [39]. However, these methods typically depend on large
annotated datasets to train effective classifier models. On the other
hand, some studies have explored the use of Large Language Mod-
els (LLMs), which require less data for the training stage [2, 21, 22],
though these approaches are often limited by their high computa-
tional and financial costs.

While these methods help to detect and combat unacceptable
comments, they are not able to identify toxic groups such as sexism,
racism, homophobia, xenophobia, misogyny, LGBTQ+phobia, and
others. In an abusive language scenario, a comment may be on
multiple toxic groups. For example, the sentence “fu**ing could it
feels like I am inside your heart” may be considered both obscene and
insulting. This is a multi-label problem, where a comment may be
assigned to multiple labels. It is more challenging and less explored
than the binary classification problem.

In this paper, we address the challenge of binary and multi-
label classification of abusive language in Brazilian Portuguese,
aiming to develop a solution that requires minimal labeled data.
To this end, we adopt the semi-supervised approach proposed by
Saraiva et al. [31], which models toxic comments as a heterogeneous
graph structure. Heterogeneous graphs are robust data structures
that can represent both simple and complex relationships in data-
driven applications. Their main advantage lies in making explicit
the connections between different types of objects [32]. In the model
proposed by Saraiva et al. [31], toxic comments are represented as
graphs composed of two distinct node types: sentence nodes and
token nodes. These nodes are connected by undirected, weighted
edges, where the weights are derived from the token embedding
vectors E(t). Figure 1 illustrates how a toxic comment is structurally
represented within this heterogeneous graph framework.

Building upon this foundation, the original approach employs the
Local and Global Consistency (LGC) algorithm [43] to propagate
labels from a small set of labeled nodes throughout the graph,
enabling the extraction of features from the graph topology and
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Figure 1: Example of a graph model for the sentence “Shut
up, you bastard nigger.”.

supporting the classification of all nodes. In this work, we extend
the original proposal by incorporating an alternative regularization
algorithm, Gaussian Fields and Harmonic Functions (GFHF) [44],
to propagate labels and extract features from the graph structure.
Unlike LGC, GFHF does not alter the labels of pre-annotated data
during the regularization process, thereby preserving the integrity
of the pre-labeled examples throughout propagation. This property
is particularly important in low-data scenarios, as it ensures greater
consistency and reliability during label dissemination.

In addition to modifying the label propagation strategy, we also
improve the method used to compute edge weights. While Saraiva
et al. [31] relied exclusively on static distributional word embed-
dings to assign weights to the edges connecting token nodes to
sentence nodes, our approach employs three contextual word em-
bedding models, BERTimbau [36], BERTweet.BR [4], and LLaMA
3.1[10] to perform this task. Contextual word embeddings are more
effective at capturing word meaning based on surrounding context.
Unlike static embeddings, which assign the same vector to a word
regardless of usage, contextual models generate distinct embedding
vectors for each word occurrence depending on its context. As
such, the resulting vectors can provide more accurate edge weight
representations, as they are capable of encoding subtle linguistic
nuances [34].

We evaluated our approach using the ToLD-BR corpus [16],
which contains twenty-one thousand manually annotated com-
ments across seven toxicity categories: non-toxic, LGBTQ+phobia,
obscene, insult, racism, misogyny, and xenophobia. We also compared
our method against supervised learning algorithms [16], LLM-based
approaches [21, 22], and the semi-supervised method proposed by
Saraiva et al. [31]. Using only 10% of labeled data for binary toxic
comment classification, our method achieved competitive results
compared to the supervised learning algorithms and outperformed
both the LLM-based approaches and the semi-supervised method.
Moreover, when using 30% of labeled data, our strategy surpassed
supervised baselines based on bag-of-words and BERT [16] in the
multi-label toxicity classification task. These findings suggest that
contextual embeddings are more effective in capturing subtle lin-
guistic nuances, which are crucial for accurately detecting toxic
language within heterogeneous graph structures.
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The remainder of this paper is structured as follows: Section 2
briefly describes related work. In Section 3, we present the corpus
used. Section 4 details our approach to detecting toxic comments.
In Section 5, we report the conducted experiments and the achieved
results. Finally, Section 6 concludes the paper, presenting future
directions.

2 RELATED WORK

Although most research in this area focuses on English, there
are some initiatives in the Portuguese language. Here, we briefly
present studies that focus solely on detecting toxic language.

Pelle et al. [26] developed the Hate2Vec model that relies on an
ensemble-learning approach to classify offensive comments. The
classifiers include (i) a lexicon-based classifier that leverages the
semantic relatedness of word embeddings, (ii) a logistic regression
classifier based on comment embeddings, and (iii) a standard Bag-
of-Words (BoW) classifier based on unigram features. The authors
evaluated their approach on datasets of the Portuguese and English
languages, achieving an average F-score of 93%.

Soto et al. [35] explored distributional word embedding models
with Convolutional Neural Networks (CNN) to detect hateful versus
non-hateful comments. They applied 10-fold cross-validation to
evaluate different dimensional configurations of pre-trained and
fine-tuned Word2Vec and Wang2Vec embeddings [11] using the
OffComBr and HLPHSD corpora [6, 9]. Their strategy achieved a
performance of 92% F-score on HLPHSD and 86% on OffComBr.

Vargas et al. [39] approached a lexicon-based strategy to detect
offensive language and Hate Speech. The authors utilized three lex-
ical resources: Sentilex-PT [33], which provides semantic polarity,
WorNetAffect.BR [24], which contains emotion types (e.g., anger,
love, hate, disgust, and others), and an offensive contextual lexicon
[37], which consists of explicit and implicit offensive and swearing
expressions. They modeled these resources using a Bow structure
and fed them into supervised machine learning algorithms. They
evaluated the method on the HateBR Corpus [38], finding the best
result of 88% of F-score for offensive language detection with Naive
Bayes, and 85% of F-score for Hate Speech detection with Multi-
layer Perceptron.

Saraiva et al. [31] modeled toxic comments over a heterogeneous
network and addressed the detection of these comments through a
semi-supervised algorithm applied to the network structure. They
employed the LGC algorithm [43] to extract features from the net-
work structure, which they then used to train several supervised
machine learning algorithms. The approach was evaluated on the
ToLD-BR corpus [16], achieving a 73% F-score.

Recent efforts have explored the use of APIs [14] and LLMs [21,
22] for toxicity detection. Kobellarz and Silva [14] employed the
Perspective API [15] to evaluate toxicity in Brazilian Portuguese
comments and their English translations. Their findings indicate
that the API produces more reliable results when processing texts
in the original language, suggesting that translation may distort
toxicity detection. Moving beyond the API-based approach, Oliveira
et al. [21] designed two prompt strategies, one with a narrow de-
scription and the other with more details, and then passed them to
ChatGPT-3.5 Turbo [3] for toxic language detection in ToLD-BR
[16] and HLPHSD [9] corpora. They report that the more detailed
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prompt achieved the best performance, with an F-score of 74% for
the HLPHSD corpus and an F-score of 73% for the ToLD-BR corpus.

In posterior research, Oliveira et al. [22] proposed an interac-
tive prompt refinement process, in which top-rated prompts are
iteratively adjusted until an optimal version is reached. Using a fine-
tuned LLaMA 3.1 8B 4-bit model [10] on the ToLD-BR corpus, their
method achieved competitive performance (75% F-score) compared
to GPT-40 mini [23] and Sabia 3 [1].

This work differs from previous studies because, in addition to
addressing the binary task of toxicity detection, it also explores
the more complex problem of detecting toxic language in a multi-
label scenario, that is, identifying expressions with characteristics
of racism, homophobia, xenophobia, among others. Our approach
enhances the proposal by Saraiva et al. [31] by exploring an alter-
native method for regularizing heterogeneous graphs, while also
employing contextual word embedding models that more accurately
capture the semantic nuances inherent in toxic language. Like stud-
ies based on LLMs, our approach requires a smaller amount of
labeled data for training, while also being more cost-efficient and
computationally demanding.

3 CORPUS

To evaluate our strategy, we utilize the Toxic Language Dataset for
Brazilian Portuguese (ToLD-Br) [16]. It has 21K tweets manually
annotated into seven categories: LGBTQ+phobia, insult, xenopho-
bia, misogyny, obscene, racism, and non-toxic. Additionally, this
corpus has a binary version, which the authors released for use
in binary classification tasks. Table 1 presents the distribution of
tweets across each category and their respective proportions. As
shown, the corpus exhibits a high degree of class imbalance. The
labels with more tweets are non-toxic, obscene, and insult, while
racism and xenophobia have fewer tweets.

Table 1: Distribution of tweets in the ToLD-Br corpus.

Label Number Proportion (%) Type

LGBTQ+phobia 344 1.64 Multi-label
Insult 4,385 20.88 Multi-label
Xenophobia 151 0.72 Multi-label
Misogyny 463 2.20 Multi-label
Obscene 6,652 31.68 Multi-label
Racism 138 0.66 Multi-label
Non-toxic 8,867 42.22 Multi-label

Toxic 9,255 44.00 Binary

Non-toxic 11,745 56.00 Binary

In Table 2, we show examples of tweets exclusively belonging
to the following labeled groups: insult, xenophobia, obscene, and
racism, extracted from the corpus.

4 SEMI-SUPERVISED CLASSIFICATION
METHOD

This section describes the techniques and word embeddings em-
ployed in conducting the experiments. As previously mentioned,
we extend the strategy proposed by Saraiva et al. [31], a semi-
supervised technique that classifies new instances using only a
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Table 2: Examples of abusive language.

Label Tweet
. hoje é o caso de dormir cedo tipo um preso
insult L1« . X . . »
,,,,,,,, (In English, “today is the case of sleeping early like a prisoner”)
. criangas que dangam infini te mais que qualquer sulista
XenoPRODR (i Brglish “Kids who dance nfinitely more than any southerners”) _____
obscene  PUl% ¢ sex tape ndo da pra gravar todo dia...

(In English “putz and sex tape can’t be recorded every day..”)

esse nego ta numa balaca nunca antes vista

racism A s . »
(In English “this nigger is in an ostentation never before seen”)

small amount of labeled data. The overall process follows a pipeline,
as illustrated in Figure 2. The subsections 4.1, 4.2, 4.3, and 4.4 de-
scribe the stages.

Graph

Modeling Regularization

Pre-processing

Classification

Figure 2: Pipeline for classifying toxic comments.

4.1 Pre-processing

We followed the same preprocessing procedures as proposed by [31].
Initially, we normalized abbreviated and repeated words using
Enelvo [5], and then removed URLSs, emojis, and emoticons to clean
the tweets. Additionally, we extended their preprocessing by re-
moving user mentions (e.g., @Quser) and retweet markers (e.g., RT).

4.2 Graph Modeling

Graphs are widely used structures for data representation and have
gained increasing attention in the last decade. They have been suc-
cessfully applied to a variety of tasks, such as topic modeling, name
disambiguation, among others, often yielding promising results [13].
In particular, heterogeneous graphs encapsulate a large volume of
information by combining structural relationships (edges) among
nodes of different types with unstructured content associated with
each node [42]. Their main contribution lies in making explicit the
connections between distinct entities, enabling richer and more
expressive modeling across various domains.

Building on the strategy proposed by Saraiva et al. [31], we model
tweets as a heterogeneous graph composed of two node types: sen-
tences and tokens. Edges are undirected and weighted, connect-
ing only sentence nodes to token nodes, there are no sentence-to-
sentence or token-to-token connections. While the original study
relied on static word embeddings for edge weighting, we extend
this approach by incorporating three contextual embedding mod-
els, two trained on Portuguese and one multilingual, with varying
dimensionalities.

Formally, the heterogeneous graph is defined as G = (V; U
Vs, EEW), where Vi = {041, ...,0:n} is the set of token nodes, Vs =
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{vs1,-..,0sm} is the set of sentence nodes, E = {e, ..., e} repre-
sents the set of edges, and W is the weighted adjacency matrix,
where W; ; denotes the weight of the edge between nodes i and j.
Each edge weight is computed as the average of the embedding
vectors associated with the corresponding token node, as illustrated
in Figure 3. Thus, each weight corresponds to a scalar value reflect-
ing the token’s embedding within its sentence context. Sentence
nodes share token nodes whenever the same token appears across
multiple sentences, allowing different sentences to interconnect
through shared tokens.

Avg.Emb (tok)

Sentence Token

Figure 3: The network scheme for weighted edges.

To generate the embeddings, we employed three pre-trained
contextual models designed for Portuguese and multilingual texts,
applying them directly to the raw data without any fine-tuning or
prompt engineering. Table 3 summarizes the models and the embed-
ding dimensions considered. For the BERT-based models, we used
the base versions, which produce 768-dimensional embeddings,
while the LLaMA 3.1 8B model generates 4096-dimensional vectors.
All models were implemented using the Hugging Face framework!,
and dimensionality reduction of the embeddings was performed
using Principal Component Analysis (PCA) [17].

Table 3: Word embeddings and dimensions. /evaluated di-
mension and Xnot evaluated.

Dimension
Model  ——56-300 768 2,096
BERTimbau v Vv V V/ X
BERTweetBR v vV V X

LLaMA318B v v V V /

The first model, BERTimbau [36], is a Portuguese BERT model
trained on 2.68 billion tokens from the brWaC corpus [40]. The
second model, BERTweet.BR [4] follows the BERTweet-base [20]
architecture and was trained from scratch on 100 million Portuguese
tweets using the RoBERTa pre-training approach. The third, LLaMA
3.1 8B [10], is a multilingual model trained on 15 trillion tokens
from public web sources.

Unlike static distributional embeddings such as Word2Vec [18]
and GloVe [27], contextual models like BERT-based architectures
and LLaMA 3.1 8B generate embeddings that more accurately cap-
ture the meanings of words within their specific contexts [34]. These
embeddings generate unique vector representations for each word
token by analyzing surrounding terms and the broader linguistic
context in which the token appears.

https://huggingface.co/

333

Ricarte Neto et al.

4.3 Regularization

The regularization is responsible for extracting features from the
graph’s objects. This method can be viewed as a form of transductive
or semi-supervised classification that aims to determine a set of
labels that satisfy two conditions: (i) consistency with the manually
labeled data, and (ii) alignment with the graph topology, meaning
that neighboring nodes are expected to share similar labels [29].

While Saraiva et al. [31] employed the Local and Global Consis-
tency algorithm [43] during the regularization phase, our approach
adopts the Gaussian Fields and Harmonic Functions algorithm [44].
Unlike LGC, our method preserves the original labels of the pre-
labeled examples throughout the propagation process, ensuring
consistency during label dissemination in low-data scenarios. In
GFHEF, the label of an unlabeled node is inferred by computing the
weighted average of the label information from its neighboring
nodes, where the weights correspond to the strength of the edges
connecting them, as illustrated in Equation 1.

z Wo,-,ojﬁ)j
OjEO
= (1)
Z Wo,,0;
0;€0

O;

The harmonic function is only applied to unlabeled objects, and
the objective of the GFHF algorithm is to minimize the function in
Equation 2.

OF =5 Y Woo, (for = o))"

0,05 €0 (2)
. 2
+limu Y (fo = o)
0;€0L

where:

o O is the set of nodes in the graph.

e OF is the set of pre-annotated nodes in the graph.

o F is the regularization output. It represents a vector with the
relative coordinates of a text in the plane.

lim u does not allow the change of pre-annotated nodes.
u—o0o

e w is the weight of the edge between the nodes o; and o;.
y is the information vector for the pre-annotated nodes.

To execute the GFHF algorithm, a set of pre-labeled nodes (OL)
must be provided to perform transductive classification. For in-
stance, selecting 30% of pre-labeled nodes implies that 15% from
each class will be randomly chosen for labeling. To infer the label of
an unlabeled node, the algorithm computes the weighted average of
its neighbors’ label information, where the weights correspond to
the edge strengths between nodes, as defined in Equation 1. Upon
execution, the regularization algorithm produces coordinate values
for each node in the graph, as illustrated in Table 4.

From Table 4, the ID is the object identifier, and the Values
refers to the coordinates of each object in the network. Label 1
shows toxicity (racism, xenophobia, insult, and so on), while Label
0 is a non-toxic tweet.

4.4 Classification

In the final step, we fed a supervised machine learning algorithm
with the output of the regularizer. We evaluated three classifiers: a
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Table 4: Example of regularizer output.

ID Value1 Value 2 Label

355 0.007894 0.003272
467 0.001248 0.009521
749 0.003006 0.006123
133 0.006213 0.002590

_ o O =

Multi-Layer Perceptron (MLP)?, a Support Vector Machine (SVM)
using Stochastic Gradient Descent (SGDClassifier)?, and Gradient
Boosting (GB)*, all from the Scikit-Learn library [25].

The implementation of our semi-supervised approach is available
at https://github.com/fricarteneto/contextual-embeddings- semi-
supervised-toxic-detection.

5 EXPERIMENTS AND RESULTS

This section describes the experiments and results performed for
toxicity classification. In subsection 5.1, we detail our experiments
in a binary classification setting, while in subsection 5.2, we present
our evaluations in a multi-label classification problem.

5.1 Binary Classification

To evaluate the proposed method, we applied the supervised clas-
sifiers MLP, SVM, and GB to features extracted from the hetero-
geneous graph structure. To assess the contribution of contextual
embeddings—used as edge weights in the graph—to toxic language
detection, we experimented with both the GFHF regularization
method and the LGC method employed in [31], while also investi-
gating which proportion of pre-labeled data most effectively sup-
ports the detection of toxic content. For these experiments, the
ToLD-BR dataset was split into 90% for training and 10% for testing.
We tested pre-labeled data proportions of 10%, 20%, and 30% dur-
ing the regularization step, using the embedding models in their
original dimensions—768 for BERT-based embeddings and 4096 for
LLaMA 3.1. Table 5 presents the macro F-score obtained by the
three classifiers for each configuration across the evaluated propor-
tions. The results suggest that regularization methods applied to
contextual embeddings generally yield similar performance, even
in low-resource scenarios with limited annotated data. Although
both GFHF and LGC reached macro F-scores of up to 0.76, LGC
exhibited greater performance variability across embeddings and
classifiers—particularly for BERTweet.BR with the SVM classifier,
which showed a substantial drop in performance. Still, both methods
proved effective overall, with the highest macro F-score reaching
0.76, followed closely by 0.75, suggesting that GFHF and LGC yield
comparable results in binary toxic language detection regardless of
the proportion of pre-labeled data used.

We further explored the impact of contextual embeddings on
the edge weighting between token and sentence nodes. Using 10%
of pre-labeled data, the same proportion reported by Saraiva et
al. [31], we evaluated contextual models with dimensions ranging

2Conﬁgured with 100 hidden units, ReLU activation function, Adam optimizer, learning
rate of 0.001, and a maximum of 300 iterations.

3Employed with a linear kernel.

4Configured with 500 estimators and a maximum tree depth of 5.
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Table 5: Macro F-score for binary toxic comment classifica-
tion across different proportions of pre-labeled data, using
GFHF and LGC regularization algorithms and contextual em-
bedding models.

Alg. Label (%) BERTimbau BERTweet.BR LLaMA 3.1
MLP SVM GB MLP SVM GB MLP SVM GB

10 0.74 0.75 0.75 0.75 0.75 0.76 0.75 0.75 0.75
GFHF 20 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.76
30 0.75 0.75 0.75 0.76 0.75 0.76 0.75 0.75 0.76
10 0.74 0.74 0.75 0.40 0.74 0.76 0.74 0.74 0.76
LGC 20 0.74 0.74 0.75 0.70 0.25 0.76 0.74 0.74 0.75
30 0.74 0.74 0.75 0.70 0.25 0.76 0.74 0.74 0.76

from 50 to 768 for BERT-based embeddings and from 50 to 4096 for
LLaMA 3.1. Table 6 presents the macro F-score results for each con-
figuration. Overall, all embedding models delivered balanced and
comparable results. The GB classifier demonstrated strong and con-
sistent performance across all embedding models and dimensions,
highlighting its robustness regardless of representation size. At 50
dimensions, both BERTweet.BR and LLaMA 3.1, when combined
with the GB classifier, achieved a macro F-score of 0.76, outper-
forming all configurations based on BERTimbau across the tested
dimensions. As the embedding dimensionality increased, both MLP
and SVM classifiers improved their performance, with both achiev-
ing the second-highest scores (0.75) on BERTweet.BR and LLaMA
3.1 at their largest dimensions. At the highest dimensionality, all
three classifiers with BERTimbau achieved competitive results;
however, BERTweet.BR combined with GB stood out, achieving
the best overall performance (0.76) and surpassing all other con-
figurations. These findings suggest that the higher the embedding
dimensionality, the better the model’s ability to capture linguistic
context relevant for toxicity detection. Notably, BERTweet.BR was
pretrained on Portuguese tweets, the same domain as the ToLD-BR
corpus, which likely enhances its capacity to capture the vocabulary
and linguistic patterns commonly found on that platform.

Table 6: Macro F-score for binary toxic comment classifica-
tion across different contextual embedding dimensions and
models, using 10% of pre-labeled data with the GFHF regu-
larization algorithm.

Dim. BERTimbau BERTweet.BR LLaMA 3.1
MLP SVM GB MLP SVM GB MLP SVM GB
50 0.73 064 0.75 0.64 0.64 0.76 0.72 0.50 0.76
100 0.66 0.67 0.75 0.66 0.66 0.75 0.36 0.64 0.75
300 0.73 0.27 0.75 059 0.64 0.76 0.64 0.67 0.75
768 0.74 0.75 0.75 0.75 0.75 0.76 0.71 0.57 0.75
4096 - - - - - - 0.75 0.75 0.75

Additionally, we compared the performance of our method with
the semi-supervised approach proposed by Saraiva et al. [31], two
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transformer-based classifiers, monolingual (BR-BERT) and multilin-
gual (M-BERT) [16], and finally, with the results reported from [21,
22] that employed ChatGPT-3.5 Turbo and LLaMA 3.1 for binary
toxic detection. As shown in Table 7, our method outperformed
the solutions based on LLMs [21, 22], the multilingual BERT clas-
sifier [16], and the semi-supervised approach [31]. In contrast,
it achieved competitive performance relative to the monolingual
transformer-based classifier [16]. It is worth emphasizing that our
method attains this performance while relying on substantially
fewer annotated samples (only 10%) than transformer-based meth-
ods, and with a lower computational cost compared to fine-tuned
LLM-based solutions.

Table 7: Comparison between graph-based, transformer-
based, and LLMs methods with our strategy.

Approach Method Macro F-score
Saraiva et al. [31] GloVe + GB 0.73
. BR-BERT 0.76
Leite et al. [16] M-BERT 0.75
Oliveira et al. [21] ChatGPT-3.5 0.73
Oliveira et al. [22] LLaMA 3.1 0.75
Ours BERTweet.BR + GB 0.76

In summary, our results indicate that both the choice of em-
bedding model and its dimensionality have a significant impact
on classification performance. Gradient Boosting demonstrated
consistency across all dimensions explored, while SVM and MLP
achieved better performance at the highest dimensionality of the
embedding models. All evaluated models demonstrated strong per-
formance, with BERTweet.BR achieving the best overall results at
768 dimensions.

5.1.1  Error analysis. We performed an error analysis by examining
classification error metrics and discussing representative examples
of misclassification. In the context of toxic language detection, dis-
tinguishing between false positives and false negatives is particu-
larly critical. False positives may lead to innocent individuals being
banned from social networks or even facing legal consequences,
while false negatives allow harmful content to continue circulat-
ing. Our analysis focused on the performance of classifiers using
features derived from the graph structure with 768-dimensional
BERTweet.BR embeddings, aiming to identify the primary sources
of misclassification within the most effective configurations.

As illustrated in Figure 4, the classifiers produced relatively low
rates of false negatives. Among the evaluated models, BERTweet.BR
combined with SVM (Figure 4 (b)) achieved the lowest false negative
rate. Representative examples are shown in Table 8. In Example 1,
the classifiers failed to detect the derogatory connotation of the
neologism “petista”, a politically charged term commonly used with
the intent to insult an individual or a group in Brazilian Portuguese.
Correctly identifying such cases requires domain-specific knowl-
edge. In Example 2, toxicity is conveyed subtly as the speaker criti-
cizes the president’s behavior, depicts him as lacking intelligence,
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Figure 4: Confusion matrices of the classifiers evaluated us-
ing BERTweet.BR embeddings with 768 dimensions: (a) MLP;
(b) SVM; (c) GB

and concludes with an ironic allusion to cannibalism. The indirect
and sarcastic tone made detection challenging for all classifiers.

Table 8: Examples of false negatives identified by all three
classifiers using 768-dimensional BERTweet.BR embeddings.

Tweet

ele provou chora petista

(In English, “he proved it, cry, petista”)

7777777 nunca vi na histéria do brasil ;rrfp}e;iz;e;tgtgoae}p;o;iaoageauzagés cadéo
emprego presidente espero que nao me mande comer gente

(In English, T have never seen in the history of Brazil a president so devoid of
manners, where is the job, president? I hope you do not tell me to eat people”)

Despite the relatively low number of false negatives, classifier
performance was strongly affected by a high incidence of false
positives. Among the evaluated configurations, BERTweet.BR com-
bined with GB (Figure 4 (c)) exhibited the lowest false positive
rate. These cases are primarily triggered by pejorative or negatively
connoted terms, such as “desgracada” (wretch), “burro” (donkey),
and “puta” (whore, used here to mean “angry”), which biases the
models toward labeling sentences as toxic even when they occur
in neutral or humorous contexts. Examples of such tweets with
spurious correlations are shown in Table 9.

These results suggest that, even with the use of contextual embed-
ding models within this semi-supervised framework, which relies
on a limited amount of labeled data, the classifiers still struggled to
detect implicit toxicity or domain-specific cases, such as politically
charged language, which often require external knowledge to be
properly identified. Another limiting factor is the presence of spuri-
ous lexical cues, which inflate the false positive rate by causing the
models to over-rely on isolated terms rather than contextual mean-
ing. These challenges highlight the need to investigate approaches
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Table 9: Examples of false positives identified by all three
classifiers using 768-dimensional BERTweet.BR embeddings.

Example Tweet

chorando feito uma desgragada
,,,,,,, (In English, "erying like a wreteh”) ___________________.

esse ¢ 0 burro do shrek
(In English, “this is Shrek’s donkey”)

minha mae esta estao puta comigo mds
(In English, “my mom is mad at me omg”)

for bias mitigation [19] and domain-aware [12, 30], which could
enhance the robustness of this semi-supervised framework.

5.2 Multi-label Classification

We transformed the multi-label task learning into six independent
binary classification problems to predict the six toxic groups of
the ToLD-BR corpus. For this task, we followed the same data
splitting strategy used in the binary classification experiments,
dividing each binary problem into 90% for training and 10% for
testing. Unlike the binary classification setting, where only 10% of
pre-labeled data was used for the GFHF algorithm, we increased the
proportion of pre-labeled data to 30% in this stage due to the limited
number of comments in certain toxic categories (e.g., xenophobia
and racism)®. The same classification algorithms used in the binary
toxicity classification task were tested in the multi-label setting.
However, we only report the results for the GB algorithm, as it
significantly outperformed the others.

Table 10 summarizes the average Precision and Hamming loss of
the toxic groups for each embedding model, along with its respec-
tive dimension size. As in the binary classification task, the average
precision improves as the dimensionality of the embeddings in-
creases. The best performance was achieved by the LLaMA 3.1
model, which reaches an average precision of 0.30 and a Ham-
ming loss of 0.07 at 4096 dimensions. Among the BERT-based
models, BERTimbau performs best at the lowest dimension, while
BERTweet.BR consistently outperforms it in all other dimensions,
achieving its highest precision (0.28) at the 768-dimensional repre-
sentation.

Table 10: Average precision and Hamming loss for multi-
label toxic comment classification across different contextual
embedding dimensions and models, using 30% of pre-labeled
data, the GFHF regularization algorithm, and the Gradient
Boosting classifier.

Models
Dimension Classifier BERTimbau BERTweet.BR LLaMA 3.1
Precision Hamming Precision Hamming Precision Hamming
50 0.27 0.08 0.26 0.07 0.27 0.08
100 0.27 0.08 0.27 0.08 0.27 0.08

300 0.26 0.07 0.27 0.08
768 0.27 0.08 0.28 0.07
4096 - - - -

Gradient Boosting 0.26
0.28

0.30

0.08
0.08
0.07

We compile the best performances achieved by contextual mod-
els in Table 11, along with a comparison against the experiment

5Experiments with 10% and 20% of pre-labeled data were also conducted; however,
the semi-supervised method failed to detect some minority toxic classes under those
settings.
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conducted by Leite et al. [16] using the same dataset. The authors
applied the same binary relevance method to transform the multi-
label task learning into independent binary classification problems,
using the same proportion of 90% - 10% for training and testing,
respectively. To classify toxic comments, they used a Bag-of-Words
+ AutoML [8] model and a multilingual BERT [7] model. It can be
observed that our models outperformed both approaches by Leite et
al. [16] in terms of average precision, using only 30% of pre-labeled
data. Nonetheless, our Hamming Loss was slightly higher compared
to theirs.

Table 11: Comparison of average precision and Hamming
loss results between our method versus BoW-based classifier,
and multilingual BERT.

Model Classifier Avg. precision Hamming loss
BERTimbau 0.27 0.08
BERTweet Gradient Boosting 0.28 0.07
LLaMA 3.1 0.30 0.07

S BoW + AutoML [16] 020 | 008
) M-BERT [16] 0.19 0.07

In addition to the average precision and Hamming loss results,
we analyzed the F-score metric for each toxic group, comparing the
results with both methods presented by Leite et al. [16], as shown
in Table 12. According to the results, the LLaMA 3.1 + GB model
outperforms both BoW + AutoML and M-BERT in terms of the aver-
age F-score across toxic labels. Our approach also outperforms both
methods individually on each label, except for the insult category,
where M-BERT achieves slightly better performance. It is impor-
tant to note that for underrepresented labels such as LGBT+phobia,
racism, and xenophobia, our model achieved superior performance,
correctly identifying tweets from these categories despite their low
frequency.

Table 12: F-score results for each toxic group.

Label F-score
LLaMA 3.1 + GB BoW + AutoML M-BERT

LGBT+phobia 0.55 0.34 0.07
Obscene 0.65 0.63 0.46
Insult 0.44 0.37 0.45
Racism 0.32 0.00 0.00
Misogyny 0.47 0.34 0.17
Xenophobia 0.33 0.00 0.00
Average 0.46 0.28 0.38

5.2.1 Error Analysis. We also performed an error analysis for multi-
label classification task. In Tables 13 and 14, we show the results
for false negatives and false positives, respectively, highlighting the
lowest values for each metric. It can be observed that the LLaMA 3.1
+ GB model produces fewer false negatives than BoWw + AutoML and
M-BERT, except in the insult category, where M-BERT performed
slightly better. This indicates that our approach is more effective
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at preventing abusive content from remaining undetected. On the
other hand, as shown in Table 14, the LLaMA 3.1 + GB model is
outperformed by both BoW + AutoML and M-BERT, which achieve
the lowest false positive rates, suggesting they are more precise
than LLaMA 3.1 + GB in avoiding incorrect positive classifications.

Table 13: False negative metric for the classification task.

False Negative

Label
LLaMA 3.1 + GB BoW + AutoML M-BERT

LGBT+phobia 17 20 25
Obscene 207 263 427
Insult 295 322 290
Racism 11 11 11
Misogyny 29 34 39
Xenophobia 12 19 19

Table 14: False positive metric for the classification task.

False Positive

Label
LLaMA 3.1 + GB BoW + AutoML M-BERT

LGBT+phobia 11 3 2
Obscene 278 167 38
Insult 75 28 41
Racism 2 0 0
Misogyny 9 1 0
Xenophobia 0 0 0

An analysis of misclassified tweets from our approach in the
multi-label classification task shows that, similar to the binary
setting, it struggles to accurately identify toxicity when irony is
present. For example, the homophobic tweet “essas meninas com
pau sdo as mais lindas” (“these girls with a penis are the most beau-
tiful”) was not correctly flagged as toxic. Moreover, our approach
produced false negatives even in tweets with explicitly abusive
language, such as the insult-labeled example “Lixo, esgoto, fossa a
céu aberto, tenho nojo de chamar um ser como vocé de humano”
(“Trash, sewage, open sewer, I am disgusted to call a being like you
human”). In the case of false positives, spurious terms once again
played a significant role in the multi-label classification context.
The tweet “amiga perdi 50% da minha postura de piranha” (“friend,
I'lost 50% of my slutty posture”) was incorrectly classified as misog-
ynistic, while “pensa numa bixa realizada” (“think of a fulfilled fag”)
was wrongly labeled as homophobic due to the presence of the
expression “bixa realizada” (fulfilled fag).

Overall, the results indicate that contextual embeddings cap-
ture nuanced linguistic context more effectively, which is essential
for detecting toxic language within heterogeneous graph struc-
tures. Furthermore, increasing embedding dimensionality generally
enhances model performance. These findings underscore the impor-
tance of leveraging contextualized representations when modeling
complex language phenomena, such as toxicity, particularly when
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integrated with graph-based learning frameworks. However, as in
the binary classification task, the semi-supervised approach failed
to correctly identify toxicity in tweets containing irony. Addition-
ally, negatively connoted expressions used out of context often led
to false positives, highlighting the challenge posed by abusive terms
that bias the approach.

6 CONCLUSION

In this paper, we investigated the use of contextual word embed-
ding models within a semi-supervised framework based on het-
erogeneous graphs to address both binary and multi-label toxic
comment classification. Our findings demonstrate that the choice
of embedding model and its dimensionality significantly influence
classification performance. Using only 10% of labeled data, the pro-
posed approach outperformed ChatGPT-3.5 Turbo and fine-tuned
LLaMA 3.1 [21, 22], while remaining competitive with transformer-
based solutions [16], achieving an F-score of 0.76 in the binary
classification task. Furthermore, the semi-supervised graph-based
approach using edge weights derived from contextual embeddings
yielded slightly better results than its counterpart based on static
distributional models [31], indicating that contextual embeddings
are more effective at encoding toxic language. In the multi-label
scenario, high-dimensional embeddings proved particularly ben-
eficial, with the configuration with 4096-dimensional LLaMA 3.1
achieving the best performance: an average F-score of 0.46, preci-
sion of 0.30, and Hamming loss of 0.07. Moreover, our approach
outperformed the methods reported by Leite et al. [16] across mul-
tiple metrics, despite using only 30% of the training data. Never-
theless, the semi-supervised method exhibited limitations, such as
failing to reliably detect toxicity in tweets containing irony and
producing false positives due to negatively connoted terms used
out of context. These challenges highlight the need for debiasing
strategies and mechanisms capable of capturing subtle cues such
as sarcasm and irony. In future work, we intend to explore bias
mitigation [19] and domain-aware techniques [12, 30], as well as
the integration of offensive lexicons to enhance the robustness
of this semi-supervised framework. Furthermore, we plan to ex-
periment with contextual word embedding models derived from
more robust LLMs to weight the edges of the heterogeneous graph,
particularly the SoberanIA model®, developed by the Secretaria
de Inteligéncia Artificial, Economia Digital, Ciéncia, Tecnologia
e Inovacédo do Piaui (SIA/PI) using public and governmental data.
We expect that embeddings generated by more robust LLMs will
capture richer contextual information, enhancing the encoding of
linguistic nuances and, consequently, improving toxicity detection.
We also aim to investigate alternative transformation methods for
multi-label learning and analyze complex network metrics to better
understand relationships among toxic labels.
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