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INTRODUCTION

Businesses face the challenge of managing and interpreting millions of
online product reviews published daily on platforms like Amazon in the era of
e-commerce. Understanding the underlying sentiment of these reviews is crucial
for decision-making and business management through big data study.
Sentiment analysis, as one branch of the big data approach, is the process of
determining the emotional tone behind a piece of text, and it has emerged as a
powerful tool for understanding customer behavior. How to understand
businesses can derive meaningful insights from customer feedback is crucial, as
one of the methods can be achieved by leveraging natural language processing
(NLP) techniques, which can inform product development, marketing strategies,
and customer engagement (Liu et al., 2021; Mustak et al., 2024)

Recent advancements in NLP, particularly through deep learning models,
have greatly improved the accuracy and efficiency of sentiment analysis tasks.
Traditional machine learning models such as Naive Bayes and Support Vector
Machines (SVM) have been widely used in text classification tasks, including
sentiment analysis. These models are known for their simplicity and effectiveness
when the text data is relatively structured (Sebastiani, 2002). However, as the
complexity of text data increases, especially in product reviews that may contain
ambiguous, nuanced, or contextual information, more advanced models are
required (Yadav et al., 2024).

Long Short-Term Memory (LSTM) networks, specialized Recurrent Neural
Network (RNN) type, have shown considerable promise in handling sequential
data, making them particularly suitable for text classification tasks. LSTM
networks can learn long-term dependencies in data, which is crucial for
understanding context and sentiment in longer product reviews (Goldberg,
2016). On the other hand, Bidirectional Encoder Representations from
Transformers (BERT), a transformer-based model, has set new benchmarks in the
field of NLP. BERT’s ability to capture context from both directions in a sentence,
combined with its pre-training and fine-tuning capabilities, has revolutionized
sentiment analysis tasks, making it one of the most effective models for various
NLP applications, including sentiment analysis of product reviews (Devlin et al.,
2018).

Despite the success of transformer models like BERT, there remains a need
to compare the performance of traditional machine learning models with more
advanced deep learning approaches. This paper aims to compare Naive Bayes,
SVM, LSTM, and BERT in the context of sentiment analysis on Amazon product
reviews. By examining these models” strengths and weaknesses, this research
offers a comprehensive understanding of which techniques are most effective for
sentiment analysis in the e-commerce domain.

This study will contribute to the growing body of literature on sentiment
analysis by providing insights into the comparative performance of these models
and exploring their broader implications for businesses and marketers. The
tindings could guide decision-making on which model to adopt based on the
nature of the text data, available computational resources, and specific business
objectives.
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LITERATURE REVIEW

Sentiment analysis is a subfield of Natural Language Processing (NLP) that
focuses on identifying, extracting, and classifying opinions or emotions
expressed in textual data. In the context of e-commerce platforms such as
Amazon, sentiment analysis plays a crucial role in understanding customer
perceptions of products, which can support decision-making for both consumers
and businesses. Early studies in sentiment analysis predominantly employed
traditional machine learning algorithms such as Naive Bayes, Support Vector
Machine (SVM), and K-Nearest Neighbor (KNN). Pang and Lee (2008)
highlighted that Naive Bayes is particularly effective for text classification due to
its simplicity and ability to handle high-dimensional data. Meanwhile, SVM has
been widely recognized for its strong performance in binary classification tasks,
as it identifies the optimal hyperplane for separating classes (Joachims, 1998).

With the advancement of computational techniques, deep learning
approaches have gained significant attention in sentiment analysis. Models such
as Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and
Convolutional Neural Networks (CNN) have demonstrated superior capability
in capturing contextual information within text sequences compared to
traditional methods (Liu, 2012). In particular, LSTM is designed to address the
vanishing gradient problem, enabling it to learn long-term dependencies in
textual data more effectively.

More recently, transformer-based models such as BERT (Bidirectional
Encoder Representations from Transformers) have significantly improved
sentiment analysis performance. Devlin et al. (2019) showed that BERT captures
bidirectional context in sentences, resulting in richer and more accurate text
representations than previous models. In the case of Amazon product reviews,
the availability of large-scale and diverse datasets presents both opportunities
and challenges for model comparison. Several studies indicate that deep learning
models generally outperform traditional machine learning approaches in terms
of accuracy, although they require greater computational resources. On the other
hand, traditional models remain relevant due to their efficiency and ease of
implementation.

METHODOLOGY

This section outlines the research methods, including data collection,
preprocessing, model development, and evaluation methods used to compare
Naive Bayes, SVM, LSTM, and BERT for sentiment analysis on Amazon product
reviews. The goal is to assess the effectiveness of traditional machine learning
models versus deep learning approaches in capturing customer sentiment start
by dataset collection, then preparation, followed by building and testing model
and the last one performance comparison and summary as shown in Figure 1
below.
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Figure. 1. Research method framework.

Natural Language Processing (NLP)

Over the past few decades, Natural Language Processing (NLP) has
progressed considerably, transitioning from basic rule-based systems to
advanced machine learning and deep learning methods. In sentiment analysis,
the primary goal is determining the emotional tone behind a body of text.
Classifying text as positive, negative, or neutral is crucial for understanding
customer opinions and guiding decision-making in marketing, customer service,
and product development.

In the past, early sentiment analysis models relied heavily on lexicon-based
approaches, where predefined dictionaries of positive and negative words were
used to classify text (Liu, 2020). Although these methods were simple and
computationally efficient, they had difficulty handling context, ambiguity, and
the nuances of natural language. As such, the NLP community shifted towards
machine learning (ML) models, which could learn from labeled data to classify
sentiments with higher accuracy.

In recent years, deep learning has led to significant advancements in NLP.
Neural network models, particularly Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs), have proven highly effective in
capturing complex patterns in language data (Mienye et al., 2024). Among these,
Long-Short-Term Memory (LSTM) networks have gained widespread
popularity, as they can preserve long-range dependencies in sequences, making
them especially useful for text-based tasks like sentiment analysis.

Deep Learning in NLP

Deep learning models, particularly those based on neural networks, have
revolutionized the field of NLP. Unlike traditional methods, which rely on
manual feature engineering, deep learning techniques can automatically learn
features from raw data. This makes them especially powerful in handling
unstructured data such as text.

LSTM networks, a variant of RNNSs, have been particularly effective for
sequence-based tasks, such as sentiment analysis, due to their ability to manage
long-term dependencies (Yu et al., 2019). By addressing the vanishing gradient
problem inherent in traditional RNNs, LSTMs can retain relevant information
over long sequences, making them ideal for analyzing product reviews and social
media posts, where context from earlier parts of a text is often crucial for accurate
sentiment classification (Goldberg, 2016). Despite their effectiveness, LSTMs
have some limitations, particularly in handling complex relationships within the
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data. To address this, transformer-based models have emerged as a more
powerful alternative.

Transformer-Based Models

The introduction of transformer architectures in Vaswani et al.’s seminal
work (2017) marked a significant breakthrough in NLP. Transformers utilize self-
attention mechanisms, allowing models to weigh the importance of different
words in a sequence, regardless of their distance. This mechanism enables
transformers to process long sequences in parallel, making them faster and more
efficient than previous RNN-based models.

BERT (Bidirectional Encoder Representations from Transformers) is one of
the most well-known transformer-based models introduced by Devlin et al.
(2018). In contrast to previous models that analyzed text in a single direction (left-
to-right or right-to-left), BERT captures context from both directions, creating
more detailed and nuanced representations of text. This ability to understand
context bidirectionally has contributed to BERT’s success across a variety of NLP
tasks, such as sentiment analysis, named entity recognition, and question
answering.

BERT’s effectiveness lies in its pre-training and fine-tuning paradigm. Pre-
training uses large-scale corpora, enabling the model to learn general language
representations. Fine-tuning task-specific data, such as sentiment-labeled
product reviews, allows BERT to adapt to specific tasks (Devlin et al., 2018). This
approach has achieved state-of-the-art results across numerous benchmarks,
making BERT one of the most powerful models in modern NLP.

However, despite its success, BERT has limitations, particularly in its
computational complexity and resource requirements. This has led to
development various optimized versions of BERT, such as RoBERTa (Liu et al.,
2019), which seeks to improve BERT’s pre-training process by using more data
and longer training times. Despite these enhancements, BERT and its variants
remain computationally expensive, limiting their use in resource-constrained
environments.

Applications in Sentiment Analysis

Sentiment analysis has been a primary application area for NLP models,
especially in the context of customer feedback such as Amazon reviews.
Researchers have explored various methods for applying BERT and its variants
to sentiment classification tasks, demonstrating that these models significantly
outperform traditional machine learning models like Naive Bayes and SVM.

Sun et al. (2019) showed that BERT-based models achieved superior
accuracy in classifying sentiment in social media posts compared to traditional
machine learning models. Similarly, Liu et al. (2019) found that RoBERTa
improved sentiment classification performance on Amazon product reviews by
capturing more nuanced sentiment compared to older techniques like support
vector machines (SVMs) and Naive Bayes.
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Sentiment analysis in product reviews is particularly valuable because it
can provide insights into customer sentiment, influencing purchasing behavior.
In the context of Amazon reviews, sentiment analysis can help businesses
identify areas for improvement, monitor customer satisfaction, and even predict
product success (Shrestha & Nasoz, 2019). For instance, positive sentiments can
indicate high customer satisfaction, while negative sentiments may highlight
specific issues with the product or service.

Behavioral Economics in Sentiment Analysis

Sentiment analysis determines whether a review is positive or negative and
provides insights into the psychological factors influencing customer behavior.
One area where sentiment analysis intersects with economics is behavioral
economics, which examines how psychological factors influence purchasing
decisions.

Electronic Word of Mouth (eWOM) is one such phenomenon that plays a
significant role in shaping customer sentiment. eWOM refers to the influence of
online reviews and recommendations on customer decisions (Cheung &
Thadani, 2012). Positive reviews can create a snowball effect, where good
sentiment spreads quickly and influences others to make purchases. In contrast,
negative reviews can have the opposite effect, leading to confirmation bias and
reinforcing negative perceptions of a product.

Understanding the relationship between sentiment and customer behavior
is critical for businesses that wish to improve their products and marketing
strategies. By analyzing sentiment trends, companies can identify patterns in
customer reactions and adjust their strategies accordingly. For instance, positive
reviews can be used in marketing campaigns, while negative reviews can inform
product development efforts.

Data Collection
The dataset used in this study is sourced from the Amazon Product Reviews

dataset, which contains millions of customer reviews across various product
categories. Specifically, this research focuses on reviews from the “All-beauty”
category, as it provides a rich set of features and a substantial volume of data.

The dataset includes the following key features:

a. Review text:
The content of the customer’s review.

b. Rating:
The customer’s star rating ranges from 1 to 5.
c. Title:

The title of the review.
d. Timestamp:
The time at which the review was posted.
e. Verified purchase:
A binary indicator indicating whether the review is from a verified
purchase.
f. Helpful votes:
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The number of helpful votes that the review received.
After initial cleaning, the dataset contains over 1 million reviews, which are
then divided into training and testing sets.

Preprocessing

Data preprocessing is critical in preparing raw text for sentiment analysis
models. This study performed the following preprocessing steps: text cleaning,
feature extraction, and labeling. Text cleaning begins with lowercasing, where all
text is converted to lowercase to ensure uniformity and avoid discrepancies
caused by letter cases. Next, tokenization is performed, which involves splitting
the text into individual tokens or words. This step helps in breaking down the
text into manageable components. Following tokenization, removing stopwords
is crucial. Stopwords are common words, such as "the," "is," and "and," that do
not contribute significant meaning to the analysis. These words are removed
using a predefined list of stopwords. Finally, punctuation and number removal
is applied. Punctuation marks and numerical digits are eliminated from the text,
as they generally do not provide helpful information for sentiment classification.

Once the text has been cleaned, the next step is featuring extraction. For
traditional machine learning models like Naive Bayes and Support Vector
Machines (SVM), the TF-IDF (Term Frequency-Inverse Document Frequency)
technique is used to transform the text into numerical feature vectors. This
method helps represent the importance of each term in the text relative to the
entire dataset. In contrast, deep learning models such as Long Short-Term
Memory (LSTM) and BERT utilize pre-trained word embeddings. Specifically,
GloVe embeddings are employed for LSTM models, while BERT embeddings are
used for BERT models. These embeddings capture the contextual meaning of
words, allowing the model to understand the relationships between words in a
given context (Devlin et al., 2018; Pennington et al., 2014).

Lastly, labeling is performed to categorize the sentiment of the reviews.
Reviews with ratings between 1 and 3 stars represent negative sentiment,
indicating customer dissatisfaction. A 3-star rating often suggests that, while the
product or service meets basic expectations, there are still areas for improvement.
Customers might feel that something was lacking or unsatisfactory, even though
it wasn’t bad enough to warrant a lower rating. Therefore, it leans toward
negative sentiment because it didn’t fully meet expectations. On the other hand,
reviews with ratings between 4 and 5 stars are labeled as representing positive
sentiment, reflecting a more favorable customer experience.

Model Development

Four different models were used for sentiment analysis: Naive Bayes, SVM,
LSTM, and BERT. Each model was trained on the same training set, and
performance was evaluated using accuracy, precision, recall, Fl-score, and
confusion matrix.
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Naive Bayes
Naive Bayes is a probabilistic classifier based on Bayes’ theorem, assuming
independence between features (Manning et al., 2008). This study used
Multinomial Naive Bayes, which are particularly effective for text classification
tasks with discrete features, such as word counts or TE-IDF values.
The steps for implementing Naive Bayes are as follows:
a. Vectorize the reviews using TF-IDF.
b. Train the model on the training set.
c. Evaluate the model using the test set.

The Naive Bayes equation for classification is given the equation:

_ PUL)p(X|Cg
p(Ci|x) _—p(x)

y (G =p() | [peulcn

Description
Ck = the class label (for instance: “yes” or “no”)
x = the feature (review text, rating, title, timestamp, verified purchase, helpful votes)
n = the number of features

Let Ck represent the class label, x denotes the feature, and n indicate the
total number of features. The method predicts a class by calculating the
likelihood of the function value belonging to each class. Initially, it evaluates the
probability of a vector being assigned to a particular class based on how well the
probability aligns with that class. Next, it normalizes the probabilities across all
classes to compute the probability of class assignment. Ultimately, the class with
the highest probability is selected as the prediction.

Support Vector Machine (SVM)

SVM is a supervised machine learning model that finds the optimal
hyperplane that separates data points into different classes. For this research, a
linear kernel SVM was used, as it has been shown to perform well on text
classification tasks with high-dimensional data.

The steps for implementing SVM are as follows:
a. Use TF-IDF vectorization for feature extraction.
b. Train the model using the training set.
c. Evaluate the model using the test set.

Support Vector Machines (SVM) were first developed by Cortes and Vapnik
(1995) from structural risk minimization research. The idea is to obtain the
optimal separatory hyperplane in the two distances by optimizing the difference
between the closest distance’s values, as shown in Figure 2. SVM discovers the
hyperplane using a support vector and a margin (Salcedo-Sanz et al., 2014).
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Figure 2. Illustration of a Support Vector Machine
A support vector machine creates a hyperplane in a high-dimensional or
infinite space, applicable for tasks like regression, classification, and more. SVM
is capable of controlling capacity and adaptability when making implementation
decisions, which is why it is highly valuable and widely adopted in machine
learning.

Negative Hyperplane

Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network
(RNN) specifically created to overcome the vanishing gradient issue present in
standard RNNs, enabling it to effectively handle sequential data. This study used
an LSTM network to capture long-range dependencies in text.

The architecture of the LSTM model used in this study consists of:

a. An embedding layer to convert the words into continuous vectors using
pre-trained GloVe embeddings.

b. A single LSTM layer with 128 units.

c. A dense output layer with a sigmoid activation function to classify
sentiment (positive or negative).

The model is trained using binary cross-entropy as the loss function and
Adam optimizer (Kingma & Ba, 2015).

(H) < Cell state § \\ t
—c ct G
? % | tanh ht
Fnrget Input ik
f gate ' gate C ®
| — g
> o’ —> O —»tanh A Output
A h A gate//

_h(t_1\

xt

Figure 3. LSTM networks
This architecture allows LSTM to capture long-term dependencies within
sequential data, making it especially suited for tasks like natural language
processing (NLP), time series forecasting, and speech recognition, where it can
choose to retain or disregard information over long sequences. The equations for
the gates and cells are:
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Forget gate: ft = o(Wf -[ht—1, xt] + bf)

Input gate: it = o(Wi -[ht—1, xt] + bi)

Candidate cell state: ct = tanh(Wc - [ht-1, xt] + bc)

Cell state update: ct = ft * ct=1 + it * ct

Output gate: ot = o(Wo - [ht—1, xt] + bo)

Hidden state: ht = ot * tanh(ct)
Here, o stands for the sigmoid function, tanh refers to the hyperbolic
tangent function, matrix multiplication is denoted by the symbol, and *
represents element-wise multiplication. The term [ht—1, xt] indicates the
concatenation of ht—1 and xt, while W and b represent weight matrices and bias
vectors, respectively. The symbol t refers to the current time step, and t-1
represents the previous time step. The gates ft, it, and ot correspond to the
forget, input, and output gates, respectively. ct is the cell state, ht denotes the
hidden state, and xt is the input at time t. The weight matrices Wf, Wi, Wc¢, and
Wo correspond to the forget, input, cell, and output gates, while bf, bi, bc, and
bo represent the corresponding bias vectors.

me e o

BERT
Bidirectional Encoder Representations from Transformers (BERT) is a
transformer-based model that captures the context of words from both directions
in a sentence (Y. Liu et al., 2019). BERT has been pre-trained on large text corpora
and can be fine-tuned for specific tasks such as sentiment analysis.
The steps for implementing BERT are as follows:
a. Utilize the pre-trained BERT model available in the Hugging Face
Transformers library.
b. Tokenize the text using the BERT tokenizer.
Fine-tune BERT on the sentiment-labeled Amazon product review dataset.
d. Train the model with the Adam optimizer and binary cross-entropy loss
function.
Fine-tuning BERT allows it to adapt to the specific task of sentiment
analysis, leveraging its pre-trained knowledge of language structure and context.
The suggested architecture employs an advanced framework for
calculating attention and output, utilizing the multi-head attention mechanism.
The process for calculating attention and output in this architecture follows the
framework outlined below. The multi-head attention mechanism is expressed as:
MultiHead (Q, K,V) = Concat (heads, . .., headr) WO

o

Where each attention head is defined as:
head: = Attention (QWi, KWi, VW)

The attention mechanism works as follows:
Attention (Q, K, V) = softmax(QKT/Ndk) V
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Here, Q, K, and V represent the query, key, and value matrices,
respectively. The learnable parameter matrices QW, KW, VW, and WO aid in
optimizing the model. The value dk refers to the dimensionality of the key
vectors. The final output of the attention mechanism is calculated by applying
a residual connection followed by layer normalization:

FinalOutput = LayerNorm(MSA + FFN)

This involves combining the outputs from Multi-head Self-Attention
(MSA) and the Feed Forward Network (FFN), and for the training phase, the
loss function is based on the masked language model objective, defined as:

MaskedLanguage ModelLoss = - Y iem log P(xi| x)

Here, M refers to the set of masked token positions, xi represents the
original token, and x stands for the altered input sequence. This framework
facilitates efficient learning of context-aware representations while maintaining
strong training dynamics.

Model Training and Evaluation
Each model was trained on 80% of the dataset, reserving 20% for testing.
The Naive Bayes and SVM models were trained with TF-IDF-encoded features,
while the LSTM model utilized word embeddings for training. The BERT model
underwent fine-tuning using the pre-trained BERT model from Hugging Face.
a. Naive Bayes and SVM models were trained with scikit-learn's
Multinomial NB and SVC classes, respectively.
b. The LSTM model was trained using the Keras framework with
TensorFlow as the backend.
c. The BERT model was fine-tuned with the Transformers library provided
by Hugging Face.

The models were evaluated using the following metrics:

a. Accuracy: The proportion of correct predictions made by the model.

b. Precision: The percentage of positive predictions that were accurately
identified.

c. Recall: The percentage of actual positive instances that were correctly
recognized.

d. F1-Score: The harmonic average of precision and recall.

e. Confusion Matrix: A tool for visualizing the model’s performance,
showing true positives, false positives, true negatives, and false negatives.

These metrics provide an in-depth view of each model’s performance,
focusing on its ability to correctly classify sentiments and minimize
misclassifications.

Training the models, especially LSTM and BERT, required substantial
computational resources. The models were trained using Google Colab Pro with
an NVIDIA A100 GPU. The system was equipped with 32 GB of RAM and 15 GB
of GPU memory, enabling efficient processing of large datasets and deep
learning tasks.
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RESEARCH RESULT AND DISCUSSION

This section presents the results of the sentiment analysis models, compares
their performance, and discusses the implications of the findings. The models
evaluated include Naive Bayes, Support Vector Machine (SVM), Long Short-
Term Memory (LSTM), and BERT. Each model was trained on a subset of
Amazon product reviews, and their performance was evaluated based on
accuracy, precision, recall, F1-score, and the confusion matrix.

The results presented below summarize the performance of each model.
These metrics provide insights into how well each model identifies sentiment in
Amazon reviews, including positive and negative sentiments. All models were
evaluated on the test set using standard metrics.

Accuracy, Precision, Recall, and F1-Score

Accuracy is the percentage of correct predictions made by the model. It is a
fundamental metric that provides a general sense of the model’s effectiveness in
classifying sentiment correctly.

The BERT model achieved the highest accuracy, demonstrating its superior
capability in understanding the nuances of sentiment in text. LSTM also
performed well, capturing long-range dependencies in the text. However, while
effective, Naive Bayes and SVM had noticeably lower accuracy, indicating the
limitations of traditional models in handling the complexity of text data.

Precision, recall, and F1-score offer more detailed insights into how well the
models identify positive and negative sentiment, especially when dealing with
imbalanced datasets.

Table 1. Accuracy, Precision, Recall, and F1-Score comparison (%)

Model Accuracy Precision Recall F1-Score
Naive Bayes 81.2 77.49 72.53 74.34
SVM 84.5 82.62 80.15 81.37
LSTM 89.6 91.45 92.14 91.79
BERT 923 93.22 94.12 93.67

Precision measures the proportion of positive predictions that are correct,
and recall measures the model’s ability to identify all actual positive instances.

Fl-score is the harmonic mean of precision and recall and provides a
balanced evaluation of the model’s performance.

BERT again outperforms the other models in all metrics, achieving the
highest precision, recall, and F1-score for both positive and negative sentiments,
as shown in Table 1 shows the comparative analysis of model performance
metrics. This indicates that BERT is highly effective at detecting and accurately
classifying sentiment. LSTM also performed well, especially in precision and
recall for positive sentiment. On the other hand, Naive Bayes and SVM exhibited
slightly lower precision and recall, suggesting that these models may struggle to
capture the subtleties in sentiment expressed in the reviews.
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BERT outperformed the other models, achieving outstanding results across
all evaluation metrics with 92.31% accuracy, 93.22% precision, 94.12% recall, and
93.67% Fl-score. LSTM closely followed, attaining 89.65% accuracy, 91.45%
precision, 92.14% recall, and 91.79% F1-score. SVM reached 84.53% accuracy,
82.62% precision, 80.15% recall, and 81.37% F1-score, while Naive Bayes recorded
81.21% accuracy, 77.49% precision, 72.53% recall, and 74.34% F1-score.

BERT’s superior performance highlights its ability to effectively capture the
subtleties in sentiment, achieving the highest precision, recall, and F1-score.
LSTM also showed strong performance, particularly in precision and recall, but
it lagged slightly behind BERT in F1-score. On the other hand, SVM and Naive
Bayes demonstrated lower scores in recall, suggesting that they might not fully
capture the positive sentiment, leading to more false negatives. Despite Naive
Bayes having a relatively high precision, it struggled with recall, resulting in an
overall lower F1l-score compared to the other models.

These results clearly indicate BERT’s dominance in sentiment classification,
followed by LSTM, while SVM and Naive Bayes performed significantly lower
in terms of recall and F1-score.

Confusion Matrix

The confusion matrix offers a comprehensive analysis of the model's
classification outcomes by displaying the counts of true positives, false positives,
true negatives, and false negatives.

Confusion Matrix - Naive Bayes Confusion Matrix - SVM

Negatne Pustive Negalive Pusiliye

Predicied Predicred

Confusion Matrix - LSTM Confusion Matrix - BERT

Actiua

Negate Negative Pasriye

Figure. 3. Confusion matrics for Naive Bayes, SVM, LTSM and BERT
The confusion matrices highlight BERT’s ability to minimize both false
positives and false negatives, which is a significant advantage for businesses that
rely on sentiment analysis for decision-making. While LSTM also demonstrates
good performance, it has a slightly higher number of false positives than BERT,
which may impact its applicability in specific scenarios where precision is critical.
Naive Bayes and SVM exhibit higher false positive rates, particularly in the
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negative sentiment class, indicating that they may classify more negative reviews
as positive than LSTM and BERT.

The results from the Naive Bayes, SVM, LSTM, and BERT models provide
valuable insights into their effectiveness for sentiment analysis in Amazon
product reviews.

Naive Bayes and SVM are relatively fast and computationally efficient,
making them suitable for resource-constrained applications. However, their
performance on sentiment analysis of Amazon product reviews was limited by
their inability to capture the complex relationships and nuances inherent in
longer, more context-dependent reviews (Sebastiani, 2002).

Despite being effective in simpler text classification tasks, these models
struggled to perform well compared to deep learning models, especially when
dealing with unstructured and diverse data.

LSTM demonstrated a strong ability to capture sequential patterns and
long-term dependencies. This is crucial in sentiment analysis tasks where context
from earlier parts of the review can influence the overall sentiment (Goldberg,
2015). However, LSTM requires more computational resources than Naive Bayes
and SVM, especially when trained on larger datasets.

The LSTM model performed well in both precision and recall for positive
sentiment, making it a strong choice for identifying the emotional tone of text
with significant context.

As expected, BERT outperformed all other models in terms of accuracy,
precision, recall, and F1-score. BERT’s bidirectional nature, which considers the
entire context of a sentence simultaneously, allows it to capture subtleties in
sentiment that other models fail to detect. This makes BERT the most powerful
model for sentiment analysis tasks on complex datasets like Amazon product
reviews.

BERT’s pre-training on large corpora and fine-tuning on specific tasks
such as sentiment analysis allows it to leverage vast knowledge about language
structure and meaning. However, it is computationally expensive, requiring
significant hardware resources for training and inference (Devlin et al., 2018).

The ability to accurately predict customer sentiment has significant
implications for businesses, particularly those in the e-commerce sector. Using
sentiment analysis, companies can monitor customer satisfaction in real-time,
identify areas for product improvement, and optimize marketing strategies
based on customer feedback.

The choice of model depends on the specific business needs: BERT is ideal
for high-accuracy applications where resources are available, while LSTM, Naive
Bayes, and SVM offer more cost-effective solutions for businesses with limited
computational resources.
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While this study provides a comparative analysis of several models, future
research could explore the following areas:

a. Cross-Domain Sentiment Analysis:
Investigating how well these models generalize to different product
categories or platforms, such as reviews from eBay or social media, could
help assess their robustness.

b. Model Efficiency:
Future work could focus on optimizing BERT and other deep learning
models for more efficient use in resource-constrained environments, such
as mobile devices or small-scale servers.

c. Multilingual Sentiment Analysis:
Extending this study to reviews in multiple languages could provide
insights into how sentiment analysis models perform across different
linguistic contexts.

CONCLUSIONS AND RECOMMENDATIONS

This study presents a comparative analysis of four different models for
sentiment analysis on Amazon product reviews: Naive Bayes, Support Vector
Machine (SVM), Long Short-Term Memory (LSTM), and BERT. The goal was to
evaluate their performance in classifying product review sentiments and to
provide insights into their applicability in real-world e-commerce scenarios.

This research shows that BERT, as a transformer-based model,
outperformed all other models regarding accuracy, precision, recall, and F1
score. This is consistent with previous research, where BERT and other
transformer-based models have been shown to outperform traditional machine
learning techniques, such as Naive Bayes and SVM, especially in tasks requiring
the understanding of complex textual relationships. The high accuracy of BERT
confirms its ability to capture nuanced sentiment and context in Amazon product
reviews, making it the ideal choice for sentiment classification tasks where
computational resources are available.

While LSTM also performed well, capturing long-term dependencies and
providing solid precision and recall for positive sentiment, it fell short compared
to BERT in overall performance. This aligns with findings by Goldberger (2015),
who noted that while LSTM models are effective for sequential data, transformer
models like BERT tend to outperform them in capturing contextual relationships
in text.

On the other hand, although computationally efficient, Naive Bayes and
SVM demonstrated lower accuracy and more false positives than deep learning
models. These results echo the observations made by Sebastiani (2002), who
concluded that traditional models like Naive Bayes are effective for simpler, less
complex classification tasks but fail to perform well when dealing with more
complicated text data, as seen in product reviews. SVM, while more accurate than
Naive Bayes, still struggled with context-dependent sentiment expressions and
could not match the performance of LSTM and BERT.

The findings also highlight the trade-offs between model complexity and
performance. Naive Bayes and SVM are simpler and more computationally
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efficient, making them suitable for environments with limited resources or real-
time processing requirements. However, for applications where high accuracy
and deep understanding of the text are critical, such as in customer sentiment
analysis, LSTM and BERT offer superior performance with higher computational
demands.

This study’s implications are significant for businesses leveraging
sentiment analysis in e-commerce. Due to its superior performance, BERT is
recommended for high-accuracy applications, such as customer feedback
analysis, product review classification, and brand monitoring. However,
businesses with resource constraints may opt for LSTM, Naive Bayes, or SVM,
depending on their specific needs and the complexity of their dataset.

Our findings align with several recent studies in the field of sentiment
analysis. For instance, Devlin et al. (2018) demonstrated that BERT significantly
improved the performance of sentiment classification tasks across various
domains, including product reviews, by leveraging bidirectional context.
Similarly, Liu et al. (2019) found that transformer models like RoBERTa
outperformed traditional models, including SVM, in classifying sentiment in
Amazon reviews. In contrast, studies by Sebastiani (2002) suggest that Naive
Bayes and SVM, while simpler and faster, have limitations when applied to more
complex text data, as they struggle to capture long-range dependencies and
contextual nuances in language.

Additionally, the results of this study echo previous work by Goldberg
(2016) on LSTM networks, where LSTM-based models were found to excel in
sequence modeling tasks. However, as noted in this study, despite LSTM’s
strengths in capturing long-term dependencies, it still lags behind transformer
models like BERT, which excel at processing contextual information in parallel.

Overall, this research reinforces the growing consensus that while
traditional machine learning models have their place in sentiment analysis, deep
learning techniques, particularly BERT, are the future of accurate and efficient
sentiment classification, especially for complex and context-dependent tasks like
Amazon product reviews.

While this study provides valuable insights, it also has some limitations.
One key limitation is using a single product category (beauty products) for
sentiment analysis. Future research could investigate how well these models
perform across different product categories, such as electronics or books, to
assess the generalizability of the models across various customer products.
Additionally, as BERT and LSTM are computationally expensive, future studies
could explore model compression and distillation techniques to make these
models more efficient for deployment in resource-constrained environments.
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Moreover, integrating multimodal data (such as product images and
videos) with text data could provide a more comprehensive sentiment analysis
framework. Exploring cross-lingual sentiment analysis is another avenue for
future research, particularly in global markets where reviews are written in
various languages.
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