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Abstract—In today’s digital landscape, online customer reviews
play a crucial role in shaping consumer decisions and business
strategies. However, the vast volume of reviews makes manual
sentiment analysis impractical. This paper presents a compar-
ative study of Natural Language Processing (NLP) techniques
for sentiment classification in Portuguese-language e-commerce
reviews. We evaluate multiple approaches, including Deep Neural
Networks (DNNs), Long Short-Term Memory (LSTM) networks,
and fine-tuned BERT-based transformers, using a Brazilian e-
commerce dataset. Despite challenges such as inconsistencies
between review text and assigned ratings, our findings show that
effective preprocessing paired with LSTM architectures yields
competitive accuracy (88.24%), while fine-tuning a Portuguese
BERT model further improves performance (91.07% accuracy).
The proposed methods provide scalable solutions for businesses
to analyze customer sentiment and enhance product offerings.

Index Terms—Sentiment Analysis, Natural Language Process-
ing, Customer Reviews, Deep Learning, BERT.

I. INTRODUCTION

In the digital era, e-commerce has rapidly emerged as
a dominant alternative to traditional brick-and-mortar retail
stores. With the convenience of online shopping, customers
are no longer bound by geographical or temporal constraints,
leading to a significant shift in consumer behavior. In this vast
and competitive global marketplace, where product options
are abundant and constantly evolving, consumers increasingly
rely on peer-generated content—particularly customer re-
views—for reassurance and informed decision-making. These
reviews serve as valuable sources of information, providing
firsthand experiences and opinions that can significantly influ-
ence the final purchasing decision [1].

The openness, authenticity, and relatability of customer
reviews contribute not only to a better understanding of
products but also to the formation of a virtual community
where consumers share insights and recommendations. This
sense of community fosters trust and brand loyalty. For busi-
nesses operating in the digital landscape, online reviews have
become a strategic asset. Companies that actively engage with
customer feedback and integrate it into product development
and service refinement are more likely to remain competitive
and demonstrate a customer-centric approach. [2].

To remain responsive to customer needs and expectations,
businesses must go beyond simply collecting reviews—they
must understand the sentiments and opinions embedded within
them. However, on large-scale platforms such as Amazon and

eBay, the volume of customer-generated content is overwhelm-
ing, making manual review analysis impractical and inefficient
[3]. This challenge has prompted the growing adoption of
Natural Language Processing (NLP), a subfield of artificial
intelligence focused on enabling machines to interpret and
analyze human language.

In the context of customer feedback, NLP offers robust
methodologies to extract meaningful insights from textual
data. These include identifying themes, detecting sentiment,
and classifying opinions. One of the most critical applications
is sentiment analysis, which involves determining whether the
expressed opinion in a piece of text is positive, negative, or
neutral [4]. This technique can provide a high-level overview
of how consumers perceive a product or service, highlighting
strengths and exposing areas needing improvement.

Sentiment analysis—also referred to as opinion mining—is
a computational approach to evaluating subjective information.
It categorizes sentiments in user-generated text to determine
the author’s attitude toward a given entity, such as a product,
service, or brand. Recent advancements in machine learning,
particularly deep learning models like Long Short-Term Mem-
ory (LSTM) networks and Bidirectional Encoder Representa-
tions from Transformers (BERT), have significantly enhanced
the accuracy and depth of sentiment analysis. These models
are capable of understanding complex linguistic structures
and contextual cues, making it possible to capture nuanced
emotional tones and implicit meanings that traditional methods
might miss.

In this paper, we present a tool designed to analyze customer
sentiment within individual reviews. The tool aims to identify
both the positive attributes and the shortcomings of a given
product, offering actionable insights that businesses can use
to improve customer satisfaction and product quality.

The remainder of this paper is organized as follows: Section
II provides an overview of the current state of the art in
NLP and sentiment analysis. In Section III, we introduce
and describe the proposed sentiment analysis tool. Section IV
presents the experimental results and analysis. Finally, Section
V concludes the paper with a summary of key findings and
outlines potential directions for future research.

II. RELATED WORK

This work focuses on customer reviews written in Por-
tuguese, a language that poses significant challenges in the



context of Natural Language Processing (NLP). Unlike En-
glish, which benefits from a rich ecosystem of pre-trained
models, annotated datasets, and community resources, Por-
tuguese has comparatively limited tools and resources avail-
able for NLP tasks. This disparity restricts the development
of effective sentiment analysis models for the Portuguese lan-
guage, especially in domains like e-commerce where nuanced
customer opinions are key. In this section, we present related
research that tackles similar challenges, specifically addressing
the use of the Portuguese language and the application of NLP
techniques for customer review analysis.

A survey presented in [5] addresses the work developed
in the domain of Sentiment Analysis (SA) in Portuguese and
states that further advances are still required to make better
use of the language. In fact, due to the difference in maturity
of available tools, they claim that translating data into English
and then using tools developed for this language may lead to
better results.

Duarte et al. [6] proposed an approach that used emojis
and emoticons to reduce the impact of using other languages.
They applied Naive Bayes and Support Vector Machine (SVM)
for classifying and predicting emojis. Although useful, this
approach can be limiting as not all reviews contain emoticons
or emojis, and these symbols may not fully express the
sentiment conveyed in the entire text.

Saal et al. [7] used a public corpus of tweets for SA and
traditional classifiers (SVM, Random Forest, Decision Trees,
and Logistic Regression). They concluded that Decision Trees
outperformed the other algorithms. This study employed Term
Frequency-Inverse Document Frequency (TF-IDF) to represent
each tweet, a traditional approach that weights the importance
of words in a document relative to a collection of documents.
Other studies compared this representation with one produced
by a Bidirectional Encoder Representations from Transformers
(BERT) [8] model pre-trained for Portuguese [9], concluding
that while TF-IDF presents a good balance of computational
cost and performance, BERT representations typically achieve
higher scores.

Several current studies rely on transformers such as BERT.
Roy et al. [10] compared various traditional approaches with
a BERT-based model for SA, in particular hate detection.
They determined that approaches like Logistic Regression, K-
NN, Naive Bayes, and Long Short-Term Memory Networks
(LSTM) can perform equally or even better than BERT in
certain contexts. Fernandez et al. [11] used manually-labeled
data and an Indonesian BERT model for SA on Indonesian
messages containing slang. This approach outperformed previ-
ous studies and achieved high accuracy in sentiment prediction
and slang recognition. Transformers have also been combined
with other models such as Conditional Random Field (CRF),
LSTM, or simple fully connected layers for various languages
[12], [13].

CRF has been commonly used for sequence tagging tasks,
such as Named Entity Recognition (NER) or Part-of-Speech
tagging, due to its architecture that allows for contextual
exploitation [14]. Souza et al. [15] used a BERT-CRF architec-

ture for NER in Portuguese, achieving better performance than
studies using a fine-tuning approach. They suggest future ex-
perimentation with another transformer, RoBERTa [16], which
they claim can be more efficient. Tan et al. [17] combined this
model with an LSTM classifier for SA in English, achieving
high F1-scores across different datasets. However, none of
these previous works considered context for SA.

Ling et al. [18] used a concatenation strategy to include
context in short dialogues, addressing the first of three factors
mentioned; however, their work focused on response gen-
eration. Wang et al. [19] applied SA to customer service
dialogues and proposed a topic-aware approach, which also
seems to tackle the first factor. They experimented with several
classifiers, including BERT, LDA-LSTM, and LDA-BERT,
and various multi-task scenarios involving topic information,
which allowed them to outperform several baselines.

Another approach for considering context is Few-Shot
Learning (FSL) [20], which allows for the meta-training of
classifiers with just a few labeled samples. Large models, e.g.
GPT-4 [21], are typically used for this approach, with their
main task being text generation. These large models are trained
on large amounts of data, primarily based on The Pile [22].
Due to their extensive training, these models are more likely
to generalize with minimal extra information. Hosseini-Asl et
al. [23] employed GPT-2 in a few-shot learning strategy to
perform aspect-based SA. Their results showed that GPT-2
[24] outperformed BERT-based approaches while using less
than 20% of the training data.

III. PROPOSED TOOL

In this section, we present a high-level overview of the
tool architecture and the procedures utilized to obtain the
results. As illustrated in Figure 1, the proposed systems com-
prises preprocessing techniques (such as metadata characters
removal, stemming and tokenization), followed by a deep
neural network-based system trained to predict the customers
sentiment.

Fig. 1. Proposed System.

A. Dataset

We utilized the Brazilian E-Commerce dataset [25], a public
dataset with information from 100k orders in Portuguese from
2016 to 2018 made across multiple marketplaces in Brazil.
After dropping all the reviews with an empty comment field,
we retained 41k reviews with Portuguese comments. The
organization of the dataset can be visualized in Figure 2, which
shows the relationship between the various tables available.

The dataset contains a 1 to 5 star rating scale, a standard
convention for customer reviews. Scores of 4 (good) and 5
(excellent) typically signify a positive experience, while scores
of 1 and 2 represent clear dissatisfaction. The middle ground



Fig. 2. Organization of Olist dataset.

score of 3 should indicate a neutral or mixed opinion, signaling
that the customer was not fully satisfied. For the proposed tool,
we considered a binary classification problem, categorizing
customer reviews into a positive feedback group and a negative
one. A threshold was established where ratings greater than or
equal to four are labeled as ’positive’, or labeled as ’negative’
otherwise. This approach allows for a clear distinction between
customers who are satisfied and those who express any level
of dissatisfaction, which should be characteristics captured by
our models. An example of the data used can be found in
Table I.

TABLE I
ORIGINAL DATA COMMENTS WITH CORRESPONDING SCORES

Id Score Comment
0 5 Recebi bem antes do prazo estipulado.
1 5 Parabéns lojas lannister adorei comprar pela I...
2 4 aparelho eficiente. no site a marca do aparelh...
3 4 Mas um pouco ,travando...pelo valor ta Boa.
4 5 Vendedor confiável, produto ok e entrega antes...

Before training, the dataset was split into 80% for training
and 10% each for testing and validation, respectively.

B. Preprocessing

After changing the dataset to the desired format, we applied
preprocessing techniques to ensure good quality data, resulting
in better models performance.

At this stage, several regular expressions (Regex) are used.
These are sequences of characters that define a search pattern,
used in this context to find and manipulate specific textual
patterns, such as removing, standardizing, or replacing them
to facilitate feature extraction by our models.

1) Metadata characters removal: For the first step of pre-
processing, we replaced specific textual elements (e.g., dates,
currency, numbers, URLs, and stop words) with metadata
that represents their existence while preserving the context of
the phrase. By implementing this approach, we were able to
generalize concepts, making it easier for the model to extract
meaningful information from the data.

Stop words are frequently occurring words that provide little
semantic value. By removing them, we reduce the dimension-
ality and noise in the data. To perform this task, we utilized
the Natural Language Toolkit (NLTK) [34] list for Portuguese
stop words.

TABLE II
METADATA REMOVAL EXAMPLES

Before After
... dia 14/12/17 empresa falsa ... ... dia data empresa falsa ...
... impresso como 3desinfector ... ... impresso como numero desinfector ...

2) Stemming: Stemming is a text normalization process
used in Natural Language Processing (NLP) to reduce words to
their root or base form. The goal is to group together different
forms of a word so they can be analyzed as a single item.
For example, in Portuguese, words like ”correndo” (running),
”corredor” (runner), and ”correu” (ran) can all be reduced to
the root word ”corr-”. This process helps reduce vocabulary
size and allows the model to identify words with similar
meanings despite different suffixes.

3) Tokenization: As the final step, words were transformed
into tokens. Following the stemming process, it’s assured that
different words with the same radical are represented by the
same token, making the context more generic. This approach
enables the neural network to extract more information from
semantically similar words. In essence, the tokenization pro-
cess creates a numerical representation of the text that can be
efficiently processed by machine learning models.

C. Neural Networks

For the SA, we evaluated the performance of distinct mod-
els. These architectures were specifically chosen to provide a
comprehensive comparison, exploring a logical progression in
both model complexity and feature engineering (when done):

• Deep Neural Network (DNN): Used as a foundational
baseline. Its simple, non-sequential architecture helps to
establish a performance benchmark and highlights the
benefits of more complex, sequence-aware models.

• Long Short-Term Memory (LSTM) network: As a
powerful type of recurrent neural network (RNN), the
LSTM was chosen because it is specifically designed to
learn from sequential data such as text. It represents a
classic and effective deep learning approach for capturing
word order and contextual dependencies.

• A Dense Model with TF-IDF Vectorizer: DNN with
more robust text preprocessing Count Vectorizer, Bag of
Words, TF-IDF, and Word2Vec. Used to compare with
standard model without the feature engineering and try
to match sequence-aware architectures, such as LSTMs.

• BERT-based transformer fine-tuned: Included to
benchmark our results against the current state-of-the-
art in NLP. Pre-trained transformers like BERT excel
at understanding deep contextual nuances in language,
providing a high-performance standard for comparison.



This comparative approach allows us to systematically eval-
uate the trade-offs between model complexity and performance
on our specific task. A key finding this study explores is
whether an effective preprocessing pipeline can elevate a
simple model’s performance to match or exceed that of more
complex architectures.

IV. RESULTS

In this section, we discuss the results obtained by the
different Neural Networks.

1) Deep Neural Network: The neural network used is a
dense model implemented using TensorFlow [26]. It comprises
an input layer, three hidden layers with 50 neurons each using
ReLU activation, and dropout layers to prevent overfitting.
The output layer utilizes a sigmoid activation function for
binary classification. The performance of this model, including
accuracy and loss curves, are shown in Figure 3.

Fig. 3. Accuracy and Loss of the DNN.

This model achieved 71.84% accuracy on the test set,
indicating potential for further enhancement.

2) LSTM: Using the same dataset, an LSTM model was
developed with TensorFlow, achieving improved results as
anticipated. This model, configured with two layers of 128
units each, attained an accuracy of 87.95%.

These findings suggest that LSTM networks are well-suited
for the task. We therefore conducted further experiments
using K-Fold Cross-Validation, exploring different network
architectures by varying the number of hidden layers and
neurons per layer. Following best practices from [30], the
training process evaluated

This indicated that LSTM networks could be a good so-
lution for this problem. Consequently, we conducted further
experiments using K-Fold Cross-Validation to explore different
network architectures, varying both the number of hidden
layers and neurons per layer. Following best practices from
[30], the training process evaluated 9 different configurations
(3 different number of layers × 3 options for number of neuron
×) with 5 folds, resulting in 45 different initializations for
training. Early stopping was also used to prevent overfitting
and speed up the training process.

The optimal configuration had a mean validation accuracy
of 89.41%, using three hidden layers with 32 neurons. After
retraining this architecture with early stopping, the resulting
learning curve is shown in Figure 4, and its performance on
the test set is presented in the confusion matrix in Table III,
with 88.24% accuracy.

Fig. 4. Accuracy and Loss of the LSTM.

TABLE III
CONFUSION MATRIX OF THE LSTM.

Actual / Predicted Positive Negative
Positive 1112 286
Negative 196 2504

3) Dense Model with Regex Transformers + TF-IDF Vec-
torizer: After applying regular expressions, stopword removal,
and stemming, several vectorization methods were utilized,
including Count Vectorizer, Bag of Words, TF-IDF, and
Word2Vec to extract meaning from the data.

Count vectorization is a technique in NLP that converts text
documents into a matrix of token counts. Tokens can be words,
characters, or n-grams. Each token represents a column in the
matrix, and the resulting vector for each document has counts
for each token.

In the Bag of Words approach, a vocabulary is constructed
from unique words. Each document is then represented as
a vector indicating the presence (1) or absence (0) of each
word. However, this method treats all words equally, which
may not reflect their true importance. To address this, TF-IDF
(Term Frequency–Inverse Document Frequency) was used, im-
plemented via scikit-learn [27], using the following formulas:

TF =
Frequency of a word in the document

Total words in the document
(1)

IDF = log

(
Total number of documents

Number of documents with the word

)
(2)

TF-IDF reduces the weight of frequently occurring words
that are less informative, thereby improving the performance
of text-based machine learning models.

Using this pre-processing pipeline, we trained several dense
model configurations similar to the approach in Section IV-1.
The best model achieved an accuracy of 88.51%, comparable
to the LSTM.

TABLE IV
CONFUSION MATRIX OF THE DNN WITH REGEX TRANSFORMERS AND

TF-IDF VECTORIZER.

Actual / Predicted Positive Negative
Positive 1156 242
Negative 229 2471



These results indicates that, with effective pre-processing, a
simple dense model can perform comparably to more complex
RNN architectures like the LSTM.

4) Fine-Tuning BERT-based transformer: In this work,
we utilized the pre-trained ‘neuralmind/bert-base-portuguese-
cased‘ model, a BERT-based transformer model specifically
trained on a large corpus of Portuguese text, to perform
sentiment analysis. This model was fine-tuned on our labeled
dataset to classify the comments.

The fine-tuning process involved adding a classification
head to the pre-trained model and training it using the PyTorch
framework and the Hugging Face Transformers library [28].
The dataset was split was kept the same as previous. During
training, we used the AdamW optimizer with a learning rate
of 2 × 10−5 and a linear learning rate scheduler with warm-
up steps. Early stopping was employed to prevent overfitting,
with a patience of 3 epochs.

The training loop included the following steps:
• Tokenizing the input text using the tokenizer provided by

the ‘neuralmind/bert-base-portuguese-cased‘ model.
• Feeding the tokenized input (input IDs and attention

masks) into the model.
• Computing the loss using the model’s built-in loss func-

tion for classification tasks.
• Backpropagating the loss and updating the model’s

weights.
During fine-tuning, the best-performing model on the val-

idation was saved to be used later on the testing phase.
It achieved a test accuracy of 91.07%, surpassing previous
approaches.

TABLE V
CONFUSION MATRIX OF THE BERT-BASED TRANSFORMER.

Actual / Predicted Positive Negative
Positive 1279 189
Negative 177 2453

A. Test data comparison

The performance of each classification model was evaluated
using standard metrics: accuracy, precision, recall, and F1-
score. The results are presented in Table VI. A clear perfor-
mance hierarchy is visible among the evaluated approaches.

TABLE VI
CLASSIFICATION REPORT BY MODEL ON TEST DATA

Model Class Precision Recall F1-score Accuracy

Dense 0 0.72 0.68 0.70 0.721 0.73 0.77 0.75

LSTM 0 0.84 0.81 0.83 0.881 0.90 0.92 0.91
Dense +
TF-IDF

0 0.83 0.83 0.83 0.891 0.91 0.92 0.91

BERT 0 0.88 0.87 0.87 0.911 0.93 0.93 0.93

The basic Dense architecture (IV-1) achieved the lowest
scores, due to its limited capacity to capture the complexity of

textual data. Introducing TF-IDF preprocessing (IV-3) signif-
icantly boosted the Dense model’s performance—bringing its
F1-score on par with the LSTM model (IV-2) and even slightly
surpassing it in overall accuracy. This demonstrates how
effective preprocessing and feature engineering can enhance
simpler models, making them viable alternatives in resource-
constrained settings.

The BERT-based transformer model (IV-4) outperformed
all other approaches across every metric. This superior per-
formance reflects the benefits of leveraging large pre-trained
language models, which excel in handling nuanced linguistic
features such as sarcasm, negation, and context-dependent
word meanings.

B. Misclassifications review

To better understand the limitations of our models, we
performed a qualitative analysis of misclassified examples.
Table VII presents a sample of reviews where the model’s
predictions diverged from the ground truth.

TABLE VII
EXAMPLES OF MISCLASSIFIED REVIEWS.

Review True Pred Observation
Me arrependi de não ter
comprado antes!

Pos Neg “Arrependi” suggests re-
gret, despite a positive
meaning.

Entrega super rápida, mas
o produto é ruim.

Neg Pos Positive start overshad-
owed the negative conclu-
sion.

Produto chegou conforme
esperado. Para quem
estiver interessado, pode
mandar vê!!

Neg Pos Tone is positive despite
the negative label.

a espera do reembolso. ou
cancelarei o pagamento

Neg Pos Mentions refund, but gave
a good score.

entrega rápida e de boa
qualidade

Neg Pos Positive comment with an
unexpected negative label.

Sem comentários Neg Pos No content for inference.
Bom Neg Pos Short positive word with a

negative label.
Recomendo Neg Pos Single-word

recommendation
misaligned with score.

Produto como na
descrição. Mas demorou
muito pra chegar.

Pos Neg Delay outweighed the oth-
erwise positive review.

These misclassifications highlight broader challenges in sen-
timent analysis. One particularly difficult aspect is detecting
sarcasm, which often inverts the literal sentiment of words.
In these cases, the actual emotional tone is not reflected in
the surface text, and, without context, models have difficulty
detecting the author’s true intent.

Another problem arises from polysemous words, whose
meanings vary depending on the context.

Finally, additional errors occur when there is a mismatch
between the sentiment expressed in the comment and the nu-
merical rating provided by the user, such as a positive textual
review accompanied by a low rating. Moreover, it is important
to note that the accuracy of the model is inherently limited by
inconsistencies and ambiguities in the user-generated content



itself. Human errors, such as contradictory statements, typos,
or unclear expressions, introduce noise that can mislead even
the most advanced models.

Such cases underscore that even humans can strug-
gle with sentiment judgment in ambiguous reviews. De-
spite these complexities, transformer-based architectures like
‘neuralmind/bert-base-portuguese-cased‘ demonstrate strong
performance and generalization capabilities. However, these
subtle linguistic challenges remain more problematic for
smaller or less context-aware models, such as the ones pre-
sented on IV-2 and IV-3.

V. CONCLUSION

This paper presented a comparison of several models using
an NLP network for SA in a customer-based dataset. With
the huge amount of data collected each day in websites like
Amazon and EBay, online customer reviews have become
essential for businesses that want to be competitive, responsive
and customer centric in the digital marketplace.

Given the vast volume of data, manual review by humans
is impractical. Generating NLP models like the ones proposed
here becomes a viable alternative for businesses aiming to
remain competitive, responsive, and customer-focused in the
digital marketplace in the costumer response e-commerce
analysis.

The results demonstrated that effective preprocessing, com-
bined with relatively simple architectures, can yield strong per-
formance in sentiment classification tasks. Notably, the LSTM
and Dense + TF-IDF models achieved overall accuracies of
88.51% and 88.24%, respectively, highlighting the potential of
well-optimized lightweight approaches. However, the BERT-
based model outperformed all others, achieving an accuracy of
91.07% on the test set. This underscores the model’s superior
ability to understand contextual text data.

The choice between lightweight and more complex models
should be guided by specific constraints and application re-
quirements, such as hardware limitations, latency, or real-time
processing needs. Additionally, the quality and consistency of
the input data play a crucial role in determining the level of
model robustness required.

For future work, is possible to evaluate additional model
architectures and compare their performance with those pre-
sented here. Further, applying and fine-tuning transformer
models across multiple languages would enable handling in-
ternational review datasets and increase model applicability.
Another promising direction is the extraction of sentiment
related to specific product features—such as price, delivery,
or quality.
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