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Abstract

As part of the institution’s 2024-2027 strategic
plan, which includes the objective of under-
standing how the media portrays the organiza-
tion to strengthen its public image, this paper
investigates the application of deep learning al-
gorithms in sentiment analysis of headline news
about a public security institution. Four deep
learning methods were applied in combination
with three textual representations, resulting in
twelve trained models. For each combination,
a class-based analysis of the results was con-
ducted. Models using BERT as the textual rep-
resentation achieved strong performance, with
an F1-score of approximately 90%.

1 Introduction

Pericia Oficial e Identificagdo Técnica (POLITEC)
is a state public security agency responsible for
producing expert reports that inform judicial deci-
sions and for issuing identity cards to the state’s
population. To guide its actions in a structured
manner, the Strategic Actions Center (SAC) pre-
pared the institution’s strategic plan for 2024-2027,
which contains 16 Strategic Objectives (SO) with
targets and indicators. Among the objectives, SO
02 aims to strengthen the institutional image of
agency, seeking to understand and classify news
published in the main state media outlets as part of
the strategy to measure society’s perception of the
institution, identifying what has generated positive
and negative repercussions in the media.
Computational techniques can be used in the
process of identifying and classifying textual data.
Natural Language Processing (NLP) is an area re-
lated to text processing and interpretation, enabling
the extraction of information and patterns, the iden-
tification of entities, such as places or organiza-
tions, the categorization of documents according to
content, or based on the emotion that a given text
may express, classifying it as positive, neutral or
negative, for example. In this way, combined with
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the field of Machine Learning (ML), it is possible
to perform text processing for news classification
and to evaluate comments by detecting positive or
negative sentiments present in various media, such
as social networks and news pages. This task is
known as Sentiment Analysis (SA) and can be ap-
plied in multiple domains, enabling companies or
institutions to make decisions based on the evalua-
tion of feelings about news published in the media
(Prasad et al., 2023).

In this context, this work aims to apply, analyze,
and compare the performance of Deep Learning
(DL) techniques, in the analysis of sentiments re-
lated to news headlines about the agency in the
main media outlets of the state. This work is pre-
sented as follows: Section 2 presents Related Work.
Section 3 describes the Materials and Methods used
in the news headline classification processing. In
Section 4, the performance of the Results obtained
is presented and analyzed, and, finally, in Section
5, the Conclusion is presented.

2 Related Work

The SA field has a large range of application and
basically can be divided into two fronts, the Opin-
ion Mining area, which includes tasks related with
subjectivity detection and polarity classification
and the Emotion Mining area, that goes beyond the
common polarity Analysis of a text, and searches
for specifics human emotions presents in texts (Is-
lam et al., 2024).

Therefore, an Overview review was carried out,
an approach that focuses on ensuring an overview
of the existing literature, without following a sys-
tematic search, selection, or critical analysis proto-
col (Grant and Booth, 2009). To this end, searches
were carried out in the IEEE Xplore, ScienceDi-
rect, Springer Nature and SBC-OpenLib databases
to identify recent works that applied the use of SA
in Opinion or Emotion Mining, specifically applied
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to news and news headlines.

Nowadays, with the dissemination of unreliable
information, the growth of toxic environments in
social media and the, the flagship of SA resides
in tasks related with fake news detection, hateful
speech detection and customer review analysis.

Ayyasamy et al. (2025) explore a new method for
increasingly accurate fake news detection, which
combines a Long Short-Term Memory (LSTM) net-
work for contextual feature extraction with a Con-
volutional Gaussian Perceptron Neural Network
(CGPNN) for classification and a metaheuristic
Moth-Flame Whale Optimization (MFWO) algo-
rithm for hyperparameter tuning. The combination
of these features were tested in established fake
news detection datasets, achieving up to 98% ac-
curacy, 95% F1-score, and statistically significant
improvements (p<0.05) over transformer-based and
graph neural network models.

Similarly, Dhal et al. (2023) developed a
sentiment-based for Fake News Classification
(FNC). The deep network consists of a stacked
layer based feature extraction approach. Here,
stack layer first extracts the global features by the
network of Bidirectional Long Short-Term Mem-
ory (Bi-LSTM) and Bidirectional-Gated Recurrent
Unit (Bi-GRU).

In the spectrum of hateful speech detection, Soto
et al. (2019) compares the results of two word em-
beddings (word2vec and wang2vec) combined with
a CNN. The developed models were tested in three
hateful speech datasets showing that embeddings
with lower dimensions can achieve satisfactory ac-
curacy in this type of task. Still in this context,
Ayetiran and Ozgobek (2024) worked on a unified
DL model that can be used for multi modal fake
news, hate speech and offensive language detec-
tion.

Even so, SA can be used to better understand
financial news and their impact. Didolkar and
Lokulwar (2025) developed a system based on DL
techniques for sentiment analysis of financial news.
The system aims to identify sentiment trends in
financial news to aid decision-making. To this end,
the work compares three types of neural network ar-
chitectures: RNN, CNN, and Transformers, show-
ing that the BERT model, based on the Transform-
ers architecture, achieved 90% accuracy, higher
than the 80% accuracy obtained by models based
on RNN and 83% accuracy obtained by the model
based on CNN.

In the spectrum of SA applied in news polarity,

Sreekumar et al. (2023) conducted a comparative
study between models developed using DL tech-
niques to classify news from the BBC dataset. The
LSTM, BiLSTM, and CNN techniques were used,
combined with the use of three types of feature
extraction techniques, namely TF-IDF, Word2vec,
and GloVe. The models that combined Word2Vec
or GloVe with the CNN, LSTM, or BiLSTM tech-
niques presented better results, while the combina-
tions that used TF-IDF achieved the lowest accu-
racy.

Singh and Jain (2021) applied the concepts of
SA to news headlines using Transformers, focusing
on Simple Transformers. Four pre-trained models
were compared in classifying headlines as negative,
neutral, or positive: BERT, RoBERTa, DistilBERT,
and XLNe, highlighting the BERT model that ob-
tained the best result, with 90.1%.

Even due to the lack of annotated corpora in
the Sindhi language, Soomro et al. (2022) intro-
duced the Sindhi News Headlines Dataset (SNHD),
a novel corpus annotated for both SA and Topic
Classification. To evaluate the effectiveness, mul-
tiple ML, DL and Transformers-based approaches
were used.

Wang et al. (2023) present an approach that uses
a BERT model pre-trained with a CNN. The BERT
model is applied to produce contextualized embed-
dings, while the CNN classifier uses such embed-
dings to train the model. This combination was
tested on two public datasets, AG News and Ama-
zon Product Reviews, and obtained performances
above 90% accuracy.

In the work of Prathaban et al. (2025), it was
evaluate a group of ML models for SA and Topic
Classification of Indian news articles using VG-
GNet, Alexnet and IndicBERT model (IBM) to
classify news articles based on their sentiment and
topics.

In Brazil, Gumiel et al. (2021) addressed sen-
timent analysis in the health domain, specifically
in online forums about Diabetes Mellitus in Por-
tuguese. The authors contributed by creating a
new corpus containing 1,290 annotated posts in
three sentiment categories (positive, neutral, and
negative). The methodology involved comparing
classical machine learning algorithms with state-
of-the-art models based on BERT.

In parallel, Souza and Souza Filho (2022) pre-
sented a comprehensive experimental study fo-
cused on generating embeddings for binary sen-
timent classification in user reviews (e-commerce)
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in Brazil, comparing various vector representation
techniques, from classical natural language process-
ing methods such as Bag-of-Words and TF-IDF, to
deep learning models, including CNN, RNN, and
Transformer-based models, such as BERTimbau.

Seno et al. (2024) investigated the application
of the ChatGPT language model in aspect-based
sentiment analysis (ABSA) in the domain of po-
litical discourse in Brazilian Portuguese. For as-
pect detection, the results indicated that simple
heuristics based on named entity recognition out-
performed ChatGPT. However, in polarity classifi-
cation, ChatGPT demonstrated superiority over tra-
ditional knowledge-based methods and fine-tuned
BERT models, achieving a macro F-measure of
57.88%. The study concludes that, while promis-
ing for associating sentiments with aspects, the
model still faces challenges in accurately identify-
ing aspects in informal social media texts.

Specifically in Brazilian Public Security Domain,
Nascimento et al. (2025) initiated the construction
of a Portuguese-language corpus composed of news
articles related to public security, through the auto-
matic collection and preprocessing of journalistic
content. This linguistic resource is intended to
support the development and evaluation of Natu-
ral Language Processing applications focused on
analyzing public security discourse in Brazil.

In turn, Lobo and Martins (2024) investigated
the impact of news headlines on public security
agencies by comparing different ML techniques
applied to sentiment analysis of institutional news.
In that study, traditional ML algorithms were com-
bined with Bag-of-Words and TF-IDF representa-
tions, as well as oversampling strategies to mitigate
class imbalance. However, due to the imbalance
between sentiment classes and the sensitivity of the
task, the models showed difficulty in correctly iden-
tifying negative and news. This result suggests that
more expressive textual representations, such as
word embeddings and Transformer-based language
models, may offer important gains in performance.

Taken together with previous research apply-
ing sentiment analysis to other areas, including
hate speech detection, fake news identification,
and financial market sentiment, these studies re-
inforce the relevance and versatility of polarity
classification techniques in journalistic contexts.
Nevertheless, applications involving Brazilian Por-
tuguese news in the domain of public security re-
main scarce, particularly when the content is pro-
duced by public institutions. In this context, the

present work advances the state of the art by apply-
ing modern NLP techniques to a manually anno-
tated, domain-specific dataset, with the objective of
analyzing the polarity of news related to a Brazilian
public security agency.

3 Materials and Methods

In order to identify the best model for sentiment
analysis in headlines, this work proposed a method-
ology, that can be followed below, based on the
combination of different semantic representations
through word embeddings, neural network architec-
tures, and hyperparameter variations, using Strati-
fied K-Fold cross-validation.

3.1 Data Collection and Labeling

Initially, a set of six state news media outlets was
selected. The task of extracting news headlines was
carried out using the Web Scraping process, using
Python scripts and the Google Colab virtual envi-
ronment. For each news item, its publication date,
website, headline, and news article were extracted.
In the end, a set of 28,572 news items distributed
between the years 2005 and 2024 was stored in a
CSV file.

However, for this study, the database was com-
posed initially of 7,109 samples from the years
2023 and 2024. Even after the full labeling of the
2023 and 2024 samples, the positive and negative
classes showed low representation.

Therefore, to increase the number of samples
in these classes, 1,529 additional headlines from
previous years were identified based on keywords
associated with negative and positive contexts and
subsequently labeled. Words such as “POLITEC”,
“laudos”, and “Pericia” were examples of terms
used in a positive context, while words such as
"suspende", “atrasar” and “espera’ represented a
negative context. In the Figure 1 is shown the
distribution of samples across each class, resulting
in a final dataset of 8,638 samples.

The labeling was carried out by a single person,
based on the criteria previously defined by the in-
stitution’s strategic team:

* Positive headlines refer to content that high-
lights achievements, effective actions or insti-
tutional recognition;

* Neutral headlines are those that only mention
the institution in everyday or informative con-
texts, without value judgment;
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Figure 1: Distribution of samples by class

* Negative headlines present criticism, institu-
tional failures or the involvement of civil ser-
vants in crimes and scandals.

3.2 Data Analysis

The statistical analysis of the textual data initially
explored the length of the headlines to define the
input length of the sequences in the BERT models.
In the Figure 2 is presented a box plot that indicates
an average length of approximately 8.58 words per
headline. The first quartile is around seven words,
while the third quartile is close to ten words. The
neutral class concentrates the largest number of
outliers, with the largest having around 20 words.
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Figure 2: Boxplot of Headline Length by Class

Next, in order to deepen the analysis of the
classes, the ten most frequent words per class were
defined, and this stage was an input for the model-
ing decisions, data balancing, and interpretation of
the classification results.

When analyzing the most frequent words in the
positive class, the name of the institution predomi-
nates, with 566 citations. In addition, terms such as
“laudo” (242), “pericia” (173) and “corpo” (118)
feature prominently, suggesting a focus on possi-
ble developments in expertise. Words like “novo”

(151) and “point out” (112) are also among the
most recurrent, indicating possible associations
with announcements of new services, positive ac-
tions or dissemination of results.

In the negative class, the name of the insti-
tution continues to be one of the most frequent
words, with 114 occurrences. In addition, the terms
“laudo” (86), “ndo” (53), “espera” (47) and “corpo”
(46) stand out, which may suggest dissatisfaction
related to waiting for results or the absence of con-
clusions.

In the neutral class, the most frequent words
are mostly associated with news events. Terms
such as “ser” (2864), “morrer” (2023), “homem”
(1486), “matar” (1386), and “atirar” (874) indicate
a predominance of factual reports about violence
or police incidents. However, words such as “to
die” and “to kill”, although recurrent in neutral
headlines, tend to carry a negative charge in other
contexts. This can make automatic classification
difficult, as neutral headlines can be mistakenly
classified as negative.

3.3 Preprocessing

The preprocessing of textual information is gener-
ally carried out in four stages: tokenization, data
cleaning, normalization, and removal of stopwords
(Aydin and Zeliha, 2022). Thus, initially, the to-
kenization process was carried out for each news
headline, that is, the text was separated into smaller
units (tokens). Afterward, in the data cleaning
stage, only possible punctuation marks and special
characters were eliminated. Next, the uppercase
letters were normalized to lowercase, and words
considered stopwords were eliminated.

During the stopword removal process, it was
observed that standard libraries of the Portuguese
language often exclude terms such as “no” and
“without”, which have strong semantic value, es-
pecially in headlines with negative connotations.
Considering this aspect, it was decided to develop
a customized set of stopwords, constructed from
the analysis of the 200 most frequent words in the
database, removing only prepositions and articles
present (“em”, “de”, “e”, “no”, “na”, “da”, “do”,
“0” and “a”).

3.4 Feature Extraction Methods

The Word2Vec (Mikolov et al., 2013) and GloVe
(Pennington et al., 2014) embeddings provides ef-
ficient representations for words using vectors of
real numbers in an n-dimensional space. These
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models learn syntactic and semantic relationships
through large data corpora.

With the dissemination of these embeddings, the
Interinstitutional Center for Computational Lin-
guistics (Nucleo Interinstitucional de Linguistica
Computacional - NILC) developed the version of
these methods adapted to brazilian corpora (Hart-
mann et al., 2017).

Some years later, with the advancement of text
representation techniques and the emergence of
pre-trained models based on Bidirectional Encoder
Representations from Transformers (BERT) (De-
vlin et al., 2019), BERTimbau was developed, a
version of BERT trained specifically for Brazilian
Portuguese (Souza et al., 2020).

In this context, this work employed the
Word2Vec Skip-Gram and GloVe word embed-
dings provided by NILC, both with 50-dimensional
vectors, as well as the BERTimbau-Base model
with 768-dimensional contextual embeddings. All
models are publicly available on Hugging Face.

To reduce the size of the neural network inputs, a
maximum length of 30 tokens per headline was de-
fined, given that the longest headline in the dataset
contains 20 tokens. Headlines longer than 30 to-
kens were truncated, whereas shorter ones were
padded with zeros. The choice of a value larger
than the maximum observed length was intended to
allow the trained model to properly handle longer
headlines that may appear during deployment.

As aresult, each headline was represented as a
30 x 50 matrix when using Word2Vec or GloVe
embeddings, and as a 30 x 768 matrix when using
BERTimbau-Base. After completing these prepro-
cessing steps, the dataset was prepared to serve as
input to the neural networks.

3.5 Implemented and Model Training
Algorithms

This work applied four classics of Artificial Neural
Networks (ANNs). From the family of RNN, three
architectures were chosen, the LSTM (Hochreiter
and Schmidhuber, 1997), Bi-LSTM (Graves and
Schmidhuber, 2005) and Gated Recurrent Unit
(GRU) (Cho et al., 2014). The last ANN was the
Text Convolutional Neural Network (TextCNN), a
variation of CNN, commonly used for challenges
related to text classification (Yang, 2022).

The training procedure began with the delimi-
tation of the hyperparameter combinations, with
two options for the number of neurons in the first
layer, two dropout values, and two learning rate

values, thus totaling eight possible hyperparameter
combinations.

Each one of the four architectures were built in a
similar way, all with two intermediate layers, with
the first layer varying between 64 and 128 neu-
rons and the second layer fixed at 64 neurons. The
dropout value varied between 0.3 and 0.5, applied
in all layers to mitigate overfitting. The output layer
of all architectures was configured with the soft-
max activation function, allowing the obtaining of
probabilities for each of the three classes. Finally,
the learning rate value of the Adam optimizer var-
ied between 0.001 (default value) and 0.003, being
selected due to its recognized efficiency in adapting
the learning rates of the parameters. The categori-
cal_crossentropy loss function was chosen because
it is widely used in multi-class classification prob-
lems.

It is worth noting that for the recurrent architec-
tures (LSTM, BiLSTM, and GRU), the activation
functions used in the gates were the hyperbolic tan-
gent (tanh) and the sigmoid (sigmoid), according
to the standard implementation of these networks
in the Keras library. These functions control, re-
spectively, the output values and the mechanisms
for retaining and forgetting information throughout
the sequences.

In the case of TextCNN, a single 1D convolu-
tional layer (Conv1D) with a ReLU activation func-
tion was also adopted, followed by a global pooling
layer (GlobalMaxPooling1D). This combination
aims to capture relevant local patterns in the text se-
quences and aggregate them into a fixed and robust
representation for classification.

After configuring the neural network architec-
tures, the model training process began by dividing
the data into training and testing sets, with 80% of
the data allocated to training and 20% to testing.

Each architecture was trained with all eight hy-
perparameter combinations. In each combination,
the stratified K-fold with k=10 is used, training the
model for 30 epochs and batch_size=128. After-
wards, the average F1-score macro of the folds is
stored, which represents the score of the combina-
tion. The process is repeated for all combinations,
aiming to identify the combination with the best av-
erage F1-score Macro. And, finally, the final model
is trained with the best combination identified, for
50 epochs and batch_size=128.

In order to speed up the training, the process
was executed in parallel through three Colab Note-
books, one for each embedding. The notebooks
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focused on the Word2Vec and GloVe word em-
beddings used the A100 GPU, while the notebook
with textual representations via BERT used the
TPU v6e-1. The code and the dataset used in the
methodology stage can be accessed through the
following Github link.

It is important to note that the early stopping
strategy was not adopted during the training pro-
cedure. This decision was made to ensure consis-
tency and comparability across all hyperparameter
combinations and architectures evaluated in the ex-
periments. Since each configuration was trained
under the same fixed number of epochs during the
stratified k-fold cross-validation procedure, the use
of early stopping could result in different training
durations for each fold and configuration, poten-
tially introducing variability unrelated to the model
architecture or hyperparameters themselves.

4 Results

In the Table 1 are shown the results of the best
hyperparameter combinations for each architecture
and embedding. The models that used BERT out-
performed the others, with emphasis on BERT +
GRU, which achieved the highest macro F1-score
(91.19%), although with a high execution time (88
seconds). In contrast, TextCNN, despite present-
ing inferior performance with static embeddings
such as Word2Vec (79.32%) and GloVe (82.84%),
showed computational efficiency, with execution
times between 11 and 15 seconds.

The following sections detail the results obtained
by each type of word embedding with the accuracy,
loss, and F1-score metrics per class for analysis of
the results.

4.1 Results using Word2Vec representation

In the Figure 3 are shown the behavior of accuracy
and loss at each epoch for the best models gener-
ated with Word2Vec as Word Embedding. These
models stand out for achieving an accuracy higher
than 90% before ten epochs of training, with a loss
close to 10% in the last epochs.

In the Table 2 is presented that the F1-scores
obtained are similar in all classes, except for the
TextCNN model. It is worth mentioning that for
the positive and negative classes, the LSTM and
GRU models obtained the best results, with 87.93%
and 87.68%, respectively, for the positive class and
74.72% and 76.19%, respectively, for the negative
class.
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Figure 3: Accuracy and loss per epoch of models with
pre-trained Word2Vec Embedding

4.2 Results using GloVe representation

In the Figure 4 are shown the behavior of accuracy
and loss at each epoch for the best models gen-
erated with GloVe as Word Embedding. Except
for the LSTM model, which obtained an accuracy
close to 95% and a loss close to 20%, all the others
stood out for obtaining an accuracy close to 99%
at the end of all epochs and a loss below 5%.

In the Table 3, it can be seen that all models ob-
tained similar performances in the three classes
evaluated, especially in the positive class, with
F1-scores above 85%, with the exception of the
TextCNN model, which presented the lowest per-
formance with 65% for the negative class.

4.3 Results using BERT representation

In the Figure 5 are shown the behavior of accuracy
and loss per epoch of the models trained with the
pre-trained BERT embedding. The use of BERT
enhanced the good results previously achieved by
the other Word Embeddings, with accuracies above
95% in less than 10 epochs. In addition, a rapid
reduction in loss is noted in the first epochs, with
values stabilizing close to 1% in the last iterations
for most models.

In the Table 4 is presented that the models using
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Models Units Dropout Learning Rate F1-Score (%) Time (s)
Word2Vec + LSTM 128 0.3 0.003 86.77 22
Word2Vec + GRU 128 0.3 0.003 87.23 21
Word2Vec + BiLSTM 128 0.3 0.003 85.73 34
Word2Vec + TextCNN 128 0.3 0.003 79.32 11
GloVe + LSTM 64 0.3 0.003 84.90 22
GloVe + GRU 128 0.3 0.003 85.25 22
GloVe + BiLSTM 64 0.3 0.003 85.24 34
GloVe + TextCNN 128 0.5 0.001 82.84 12
BERT + LSTM 128 0.3 0.003 88.80 130
BERT + GRU 64 0.5 0.003 91.19 88
BERT + BiLSTM 64 0.5 0.001 90.61 102
BERT + TextCNN 64 0.5 0.001 90.64 15
Table 1: Best Matches by Model

Model Neutral Positive Negative Accuracy per Epoch

LSTM 97.65% 8793% 74.72% Lo

GRU 97.83% 87.68% 76.19% 095

BiLSTM  9796% 85.95%  73.29% 0507

TextCNN  97.04% 79.56%  61.36% 0837

Table 2: Fl-score per Class: Word2Vec pre-trained
embedding

Model Neutral Positive Negative
LST™M 97.38% 85.44% 71.87%
GRU 97.18% 86.13%  72.43%
BiLSTM  97.52% 86.69%  71.50%
TextCNN  97.50% 86.04%  65.00%

Table 3: F1-score per Class: GloVe pre-trained embed-
ding

BERT representation outperformed other results
developed with other types of pre-trained embed-
dings. The use of the BERT model as a textual rep-
resentation allowed for gains in the positive classes
and, mainly, in the negative class, which presents
a greater challenge due to its imbalance, showing
that the combination of BERT models for textual
representation together with recurrent architectures
has great potential in sentiment analysis in imbal-
anced datasets.

In summary, the model that performed best
for the News Headline Sentiment Analysis chal-
lenge was the one that combined the use of BERT
with GRU, achieving an F1-Score of 91.19%. On
the other hand, the combination of textual rep-
resentation via Word2Vec and the convolutional
layer-based technique TextCNN performed worst,
with an F1-Score of 79.32%. These achievements
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Figure 4: Accuracy and loss per epoch of models with
pre-trained GloVe Embedding

demonstrate that robust textual representations,
such as those provided by pre-trained BERT-type
models, are capable of achieving results that are
not obtained by other approaches.

4.4 Error Analysis of Models

To evaluate the models performance in the SA task,
a set of nine headline news related to public safety
was selected. Each sentence was previously man-
ually labeled according to its polarity (negative,
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Figure 5: Accuracy and loss per epoch of models with
pre-trained BERT Embedding

Model Neutral Positive Negative
LSTM 97.85% 8743% 81.11%
GRU 97.76% 90.07%  84.94%
BILSTM 97.86% 89.18%  84.78%
TextCNN  98.11% 89.93%  84.78%

Table 4: F1-score per Class: BERT pre-trained embed-
ding

neutral, or positive) to allow for a direct compari-
son between the reference label and the prediction
made by each model. The headlines (H) used in
the experiment are:

* H1 - The court warns that delays in forensic
analysis can lead to the release of criminals in
the state (Negative)

* H2 - AL Citizen Space informs of the suspen-
sion of services this Friday (26) (Negative)

» H3 - Forensic Police does not set a deadline
for the investigation into the shopping mall
fire; shop owners are moving to a specific
neighborhood. (Negative)

e H4 - Criminals invade house and shoot man
dead near his wife. (Neutral)

* HS5 - Woman under investigation for mistreat-
ment violates ankle monitor again, and associ-
ation requests revocation of the precautionary
measure. (Neutral)

* H6 - Police find drugs and stolen motorcycle
while arresting pharmacy thieves in the state.
(Neutral)

* H7 - Project identifies 42 people buried as
indigents in the city. (Positive)

* HS8 - Forensic Police confirms presence of ge-
netic material from suspect in victim of sexual
crime in the state. (Positive)

* HO - Forensic Police task force completes 80
ballistics reports in the city (Positive)

It was observed that none of the architectures
presented classification errors for the headlines
H1, H3, H4, H6, H8, and HY indicating high con-
sistency of the models in these instances. The
BERT+BiLSTM model was the only one capable
of correctly predicting all classes, showing no er-
rors among the nine headlines evaluated. The only
sentences with an error rate were H2, H5, and H7.

In the Table 5 is presented the headlines that
were misclassified by the models. These errors
may indicate the presence of words with positive or
negative polarity that, in some way, mistakenly in-
fluence the classification performed by the models.
Through tools such as NILC-Metrix (Leal et al.,
2023), it is possible to extract a set of linguistic
metrics from a sentence. Among these metrics, two
stand out that measure the proportion of positive
and negative words in a text, positive_words and
negative_words. The identification of word polarity
is performed using the LIWC Brazilian Dictionary
for Sentiment Analysis (Pennebaker et al., 2001)
(Filho et al., 2013).

When analyzing the three headlines that pre-
sented classification errors, it is observed that the
H2 headline has a ratio of 0.375 positive words
and 0.25 negative words. This result suggests that
the higher incidence of positive terms may have
contributed to the misclassification by the models.

In the case of the H5 and H7 headlines, both
show a higher proportion of negative words. The
HS5 headline has 0.66 negative words and 0.33 posi-
tive words, while the H7 headline has a proportion
of 1.4 negative words, with no occurrence of pos-
itive terms. This context may explain both the
incorrect classification of H7, originally labeled as
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positive, and the inadequate interpretation observed
in the models for HS.

Models H2 HS H7
Word2Vec+LSTM Pos Neu Neu
Word2Vec+GRU Neu Neu Neu
Word2Vec+BILSTM Neu Neu Neu
Word2Vec+TextCNN Neu Neu Neu
GloVe+LSTM Neu Neu Neu
GloVe+GRU Neg Neg Neu
GloVe+BiLSTM Neg Neu Neu
GloVe+TextCNN Pos Neu Neu
BERT+LSTM Neu Neu Neu
BERT+GRU Neu Neu Neu
BERT+BiLSTM Neg Neu Pos
BERT+TextCNN Neu Neu Neu

Table 5: Selected Examples of Qualitative Error Analy-
sis of Models

5 Limitations

Among the study’s limitations, the fact that the
annotation process was conducted by only one per-
son stands out. Although criteria previously de-
fined by the communication advisory team and
management were adopted, the use of multiple an-
notators could contribute to greater methodological
robustness and enrich the discussion of the results.
Even so, it is important to emphasize that, in cases
where there was doubt regarding the polarity of the
headlines, decisions were discussed jointly with
members of the communication advisory team and
management, seeking to reduce possible individual
biases.

Another aspect to be considered refers to the
need for a deeper understanding of the differences
between the linguistic characteristics of each of the
classes analyzed. The Nilc-Metrix tool, used only
at the end of the process, could have been employed
more systematically throughout the analysis. Us-
ing specific linguistic metrics, it would have been
possible to conduct a more detailed and consistent
investigation of the distinctions between the classes,
contributing to a more robust interpretation of the
data.

6 Conclusion

This work involved investigating the application
of several word embeddings in conjunction with
deep learning techniques to create news headline

classification models, specifically in sentiment anal-
ysis, within the domain of news headlines related
to news of Forensic Police.

From the results obtained, it can be seen that,
among the combinations of deep learning models,
the models that used the BERT model presented
F1-scores higher than 88%, with emphasis on the
model that combined the GRU and BERT tech-
niques, which presented the best F1-score values
for positive and negative headlines, respectively
90.07% and 84.94%, something satisfactory con-
sidering the existing class imbalance.

As future work, it is important to note that the
proposed model is already being employed for the
monthly evaluation of news related to the institu-
tion. For further model improvement, additional
approaches based on transformer architectures will
be explored and systematically compared. More-
over, in order to mitigate classification errors, an
extensive analysis of the linguistic metrics of the
evaluated samples will be conducted, focusing on
metrics that highlight the presence of positive and
negative linguistic features as defined by the NILC-
Metrix framework.

7 Generative Artificial Inteligence Usage

The use of Generative Artificial Intelligence in this
work occurred primarily in the linguistic refinement
process of texts translated into English. In addition,
preliminary versions of queries for searching for
articles related to the topic were also developed
with the aid of these tools, taking advantage of
their ability to support the initial formulation of
search strategies. Regarding the tools employed,
the ChatGPT software was predominantly used.
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