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Abstract. Sentiment analysis serves as a crucial approach for gauging public opinion across various
sectors, including the realm of product reviews. This study focuses on the evaluation of customer
sentiments in Amazon reviews using an array of machine learning algorithms—Logistic Regression,
Random Forest, Convolutional Neural Networks (CNN), and Long Short-Term Memory (LSTM)
networks. The methodology employed is robust, characterized by meticulous parameter tuning
based on both theoretical and empirical considerations. Comparative analysis of these algorithms,
grounded in accuracy and other performance metrics, offers valuable insights into their respective
efficacies and limitations for sentiment analysis tasks. The findings of this study contribute to an
enhanced understanding of the performance of different machine learning algorithms in sentiment
classification and provide a foundation for future research in this domain.
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1. Introduction

In contemporary times characterized by digital advancements, the phrase "Prioritizing the
examination of reviews" has become nearly as reflexive as the act of clicking a mouse or tapping a
screen. The prevalent practice underscores the significant influence of online customer feedback,
particularly on prominent e-commerce platforms such as Amazon, in driving transformation. Amazon,
which was established in 1994 in Bellevue, Washington, initially as a small-scale online bookstore,
has undergone significant growth and transformation over the years. It has emerged as a dominant
force on a global scale, exerting influence on consumer behavior, international trade, and societal
conventions.

The success of Amazon can be attributed to its steadfast dedication to satisfying its customers, as
evidenced by its mission to become the foremost company in terms of customer focus on a global
scale. The statement is not merely a memorable catchphrase, but rather a fundamental principle that
significantly impacts all facets of the company's activities, encompassing prompt order placement
and expedited delivery services. The user review system implemented by Amazon is a notable
component of their customer-centric strategy, demonstrating significant transformative effects. This
characteristic has not solely altered the decision-making process of consumers, but has also facilitated
equal access to information, thereby equalizing the competitive landscape for both major corporations
and small enterprises. Customer reviews on Amazon fulfill multiple roles, including providing
guidance to consumers, evaluating product quality, and serving as a valuable source of market
analysis by gathering essential data on consumer trends and behaviors.

During the nascent stage of e-commerce, individuals frequently encountered the challenge of
traversing unfamiliar terrain within the realm of virtual marketplaces. In contrast to brick-and-mortar
retail establishments, which afford consumers the opportunity to physically interact with merchandise
through touch, sensation, and even product trials prior to making a purchase, e-commerce platforms
solely provide visual representations in the form of images and textual descriptions. There was a
prevalent presence of skepticism. Can consumers place their trust in these online platforms? How can
one ascertain that the product being ordered conforms to their established quality criteria? The
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emergence of online reviews in the context of uncertainty has significantly impacted consumer trust
and decision-making in digital commerce, fundamentally altering the landscape.

The user-generated reviews on Amazon have emerged as the widely accepted benchmark in this
context. The efficacy of reviews resides in their unadulterated and unedited form, constituting genuine
evaluations directly from individuals who have utilized the product. This enabled consumers to
surpass the superficiality of advertising and gain a deeper understanding of the authentic user
experience. The reviews available on Amazon play a crucial role as significant points of interaction
within the customer's purchasing process. In addition to simple positive or negative evaluations, these
assessments encompass comprehensive descriptions, frequently supplemented with visual aids such
as images and videos, encompassing various aspects ranging from the level of complexity involved
in assembling a product to its sustained resilience over time.

The extensive collection of written material poses inherent complexities. With a vast number of
sellers exceeding 3.5 million and an extensive range of products surpassing 12 million, Amazon
accumulates a substantial quantity of customer reviews. In terms of scale, the quantity of reviews
authored by Amazon users in the year 2019 alone would be sufficient to populate over 3,200 books
comparable in size to "War and Peace," a renowned novel renowned for its extensive length. The
presence of extensive data poses a challenge with two distinct aspects. For consumers, the process of
sifting through a vast amount of feedback to make an informed purchasing decision can be a
challenging endeavor.

The ramifications of these reviews extend beyond mere assistance in consumer decision-making.
Favorable reviews possess the potential to elevate a product's prominence and subsequently enhance
its sales by increasing visibility, a phenomenon applicable to both companies and individual sellers.
In contrast, critical evaluations serve as informative indicators, highlighting possible deficiencies in
a product, encompassing aspects such as its design, quality, or the level of customer service offered.
The feedback loop described here serves as a fundamental element of Amazon's business model,
fostering a culture of continuous improvement and a commitment to meeting customer needs.

In addition, it is important to consider the broader implications of reviews within the e-commerce
industry. They have emerged as crucial elements in the formulation of Search Engine Optimization
(SEO) tactics, exerting an impact on the ranking of products not only on Amazon but also on
prominent search engines such as Google. Business enterprises engage in the analysis of reviews to
predict market trends, gain insights into consumer sentiment, and conduct competitive analysis.
Reviews have undergone a transformation from subjective viewpoints to crucial data elements that
significantly influence decision-making across various levels of business strategy.

2. Content Analysis

2.1. Challenge

However, with this ever-increasing importance comes complexity. The sheer volume, diversity,
and depth of reviews pose a significant challenge for manual analysis, both for consumers trying to
make informed decisions and businesses aiming to glean actionable insights. It's this complex
landscape of multifaceted importance and inherent challenges that elevates the necessity for
automated review classification. The challenges associated with managing and utilizing Amazon's
voluminous review data are manifold, each presenting a unique set of problems and potential
solutions.

2.1.1. Volume Overload

The first, and perhaps most obvious, challenge is the sheer volume of reviews. Amazon, being a
global marketplace, sees millions of reviews posted every month. While the abundance of consumer
opinions is valuable, it also creates a paradox of choice. Consumers can find themselves drowning in
too much information, making it difficult to distill meaningful insights or arrive at a confident
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purchasing decision. For businesses, the challenge is even greater. Manually analyzing millions of
reviews to extract actionable insights is not just resource-intensive but also practically unfeasible.

2.1.2. Veracity and Authenticity

Another pressing concern is the veracity and authenticity of reviews. Fake reviews, both positive
and negative, can significantly skew public perception and create a false sense of quality or lack
thereof. Amazon has stringent policies and algorithms to detect and remove fake reviews, but the
problem persists. Fraudulent practices like review farming muddy the waters, making it even more
difficult for consumers and businesses to rely on reviews as accurate indicators of product or service
quality.

2.1.3. Subjectivity and Context

Reviews are inherently subjective, colored by individual experiences and expectations. What one
consumer considers a feature; another might see as a flaw. This subjectivity complicates the analysis
and interpretation of review data. Additionally, reviews often lack context, making it hard to
understand the specific circumstances that led to a customer's particular reaction. Was a negative
review for a smartphone's battery life influenced by the user's heavy consumption habits, or is it
indicative of a genuine product flaw?

2.1.4. Data Complexity

Reviews on Amazon are not merely textual but often include a range of other elements like star
ratings, user profiles, images, and sometimes even videos. This multimedia nature of reviews adds
another layer of complexity to their analysis. Extracting meaningful information thus requires
sophisticated technigues that can handle not just text but also other types of data.

Considering these challenges, traditional methods of managing and analyzing reviews fall short.
The need for a more sophisticated, automated approach is evident. This is where machine learning
algorithms come into play, offering scalable, efficient, and nuanced tools for classifying and
interpreting the labyrinthine world of Amazon reviews, which is the subject matter of this essay.

2.2. Literature Review

Sentiment analysis has become an essential tool for understanding customer opinions and
preferences, particularly in the context of online product reviews. Amazon, as one of the largest online
marketplaces, has been a popular subject for sentiment analysis research. This literature review will
explore various aspects of sentiment analysis, including text processing (TF-IDF), logistic regression,
random forest, CNN, RNN, and LSTM, as applied to Amazon reviews.

2.2.1. Sentiment Analysis and Text Processing

Text processing is a crucial step in sentiment analysis, and the TF-IDF (Term Frequency-Inverse
Document Frequency) weighting method is commonly used to represent textual data. An improved
text sentiment classification model using TF-IDF, and next-word negation has been proposed,
demonstrating enhanced performance in sentiment analysis tasks [1]. In the context of Amazon
reviews, explainable sentence-level sentiment analysis has been developed to provide more detailed
insights into customer opinions [2]. The importance of TF-IDF in sentiment analysis was further
highlighted in a study that investigated its effectiveness in conjunction with N-Grams on IMDB
movie reviews and Amazon Alexa reviews dataset, finding TF-IDF to have superior performance [3].

2.2.2. Machine Learning Techniques

Various machine learning techniques have been applied to sentiment analysis tasks, including
logistic regression and random forest. For example, a study on predicting Yelp scores used logistic
regression and random forest models, demonstrating the effectiveness of these techniques in
sentiment analysis [4]. Similarly, sentiment classification of customer reviews about automobiles in
Roman Urdu was achieved using logistic regression and random forest models [5]. Another research
focused on classifying YouTube comments, which are often multilingual, found Random Forest to
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be the top-performing model [6]. The significance of detecting deceptive reviews, especially in the
context of online restaurants, was addressed, proposing machine learning models to spot such reviews
[7]. Furthermore, an exploration into the application of machine learning algorithms on the Stanford
Sentiment Treebank dataset revealed that models can achieve high accuracy even with limited labeled
data [8]. An important dimension of online shopping is the detection of fake reviews, with BERT
models showing potential in enhancing the accuracy of classifiers like SVM [9].

2.2.3. Deep Learning Approaches

Deep learning techniques, such as Convolutional Neural Networks (CNN), Recurrent Neural
Networks (RNN), and Long Short-Term Memory (LSTM) networks, have shown promising results
in sentiment analysis tasks. A study on deep learning sentiment analysis of Amazon.com reviews and
ratings demonstrated the effectiveness of these techniques in understanding customer opinions [10].
Ensemble models combining CNN and Bi-LSTM have also been proposed for sentiment analysis,
showing improved performance compared to individual models [11]. A novel approach to domain
adaptation in sentiment analysis, based on diversity-based generalization using multi-head attention
models, has been proposed, showing potential even without the need for unlabeled target data [12].
Further, the impact of the COVID-19 pandemic and the associated anxiety were studied, applying
machine learning techniques to detect anxiety based on social media comments, with Random Forest
being the most accurate [13]. Another innovative approach explored byte-level recurrent language
models, identifying a single unit capable of performing sentiment analysis [8].

2.2.4. Applications

Sentiment analysis has been applied to various domains, such as food reviews [14], comment
classification on cookery channels, and customer review analysis using aspect-based opinion mining.
Challenges in sentiment analysis include unmasking falsehoods in reviews, understanding the
emotions behind ratings, and detecting anxiety based on social media data. Online fake review
detection using supervised machine learning and BERT models has also been explored, addressing
the issue of deceptive reviews. The domain of opinion mining, particularly aspect-based opinion
mining, has been explored in detail, providing insights into customer reviews on Amazon, showing
the potential of transfer learning in this area [15]. The role of online reviews in influencing buying
decisions was studied, emphasizing the need to detect deceptive positive and negative reviews, with
a focus on the restaurant business [16].

In conclusion, sentiment analysis for Amazon reviews has been a popular research topic, with
various text processing, machine learning, and deep learning techniques being applied to understand
customer opinions and preferences. As the field continues to evolve, new techniques and applications
will likely emerge, further enhancing the ability to analyze and interpret online product reviews.

3. Data Description

3.1. Data Collection

The dataset comprises 4,000,000 Amazon product reviews, divided into a training set of 3,600,000
reviews and a test set of 400,000 reviews. Each review consists of a text comment and a label, where
Label 2 indicates a positive review and Label 1 indicates a negative review. The distribution of Label
1 and Label 2 in the data can be found in Figure 1 below.

1392



Highlights in Business, Economics and Management EMFRM 2023
Volume 24 (2024)

166 Class Distribution in Training Data

Frequency

4 <

%) ~

=] 5
1 I

<
N
wn

e
o
=]

0.75 1.00 1.25 1.50 175 2.00 2.25
Class

Fig. 1 Label 1 & 2 Distribution

3.2. Data Preprocessing

Before any machine learning techniques were applied, the dataset underwent a rigorous
preprocessing pipeline. The text was cleaned to remove special characters, numbers, and other non-
linguistic symbols. Tokenization divided the text into individual words, and stemming reduced these
words to their root form to standardize the vocabulary. For traditional machine learning algorithms,
Term Frequency-Inverse Document Frequency (TF-IDF) is used for feature extraction. For neural
network models, the text was tokenized into integer sequences, which were then padded to ensure
uniform input shape.

3.3. Word Cloud Analysis

As a part of initial data exploration and to better understand the most frequent terms in dataset,
word clouds are generated for both positive and negative sentiment classes. Word clouds visually
represent the frequency of words in a dataset, with the size of each word indicating its frequency or
importance.

3.3.1. Positive Sentiment
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Fig. 2 Positive Sentiment Word Cloud

According to Figure 2, the words that dominate the positive sentiment cloud are "book," "one,"
"great,” "good,"” and "love." The prominence of these words suggests a general trend of satisfaction
and enjoyment among the positive reviews.

"Book" and "one" may be common in reviews as they often refer to the subject of the review.
Words like "great,” "good," and "love" are straightforward indicators of positive sentiment.
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3.3.2. Negative Sentiment

O Q

SHEVEN=movies sl ihin

> . w0 § i rnlgy
Y Y Ve
got Hmllie 5

Fig. 3 Negative Sentiment Word Cloud

Conversely, Figure 3 shows that words "book," "one," "movie," "work," "good," and "even" are
the most frequent in the negative sentiment cloud. Interestingly, the words "book" and "one" also
appear frequently in negative reviews, but they are accompanied by terms that generally carry
negative connotations. "Better" and "work" could refer to the subjects that didn’t meet the reviewer's
expectations. Explicitly negative words like "bad," "little,” "nothing,” and "problem™ are also
prominently featured, reinforcing the negative sentiment.

The word clouds serve as an intuitive way to grasp the general tone and frequently discussed
subjects in the dataset, thereby providing a foundational understanding that informs the later, more
complex stages of analysis.

4. Methodology

4.1. Logistic Regression

Logistic Regression was chosen as one of the baseline algorithms for its simplicity and
effectiveness in binary classification tasks. The algorithm models the log odds of the probability of
an event occurring and is computationally less intensive. The logistic function transforms the output
to lie in the range of 0 to 1, making it suitable for a binary classification problem like sentiment
analysis.

The model is defined by the logistic function:

1
Ply=1) = —azm- 1)

Default Hyperparameters: No specific hyperparameters were adjusted, sticking to the sklearn
defaults for simplicity and to establish a performance baseline.

4.2. Random Forest

Random Forest, an ensemble learning method, was employed to improve upon the decision tree's
performance. It works by constructing multiple decision trees during training and outputs the class
based on a majority vote from individual trees. Random Forest is less likely to overfit and provides
an understanding of feature importance, which can offer insights into the most influential words in
Amazon reviews.

It outputs the mode of the classes as its prediction:

5\1 = mOde(ﬂl .T]EP 'yn;mjors)' (2)
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n_estimators = 100: This parameter controls the number of trees in the forest. A value of 100 was
chosen to balance between overfitting and underfitting, based on cross-validation performance.

4.3. Convolutional Neural Network (CNN)

CNNs are primarily used in image classification but have recently shown promise in text
classification tasks. The architecture includes an embedding layer, multiple convolutional layers, and
a fully connected layer. Convolutional layers are particularly useful in identifying local patterns or
features in the text, like n-grams. The choice of multiple filters enables the model to learn different
kinds of textual features, thereby making it a robust choice for study.

For text data, each filter slides over the words to detect certain types of phrases or sequences:

f(x) =ReLUW = x + b). (3)

vocab_size =5000: This size was chosen to capture the most frequent words in the dataset, offering
a balance between computational efficiency and model performance.

embedding_dim = 100: Empirically, a dimensionality of 100 captures enough semantic detail
while remaining computationally feasible.
n_filters = 100: A hundred filters allow the model to learn different textual features effectively.

filter_sizes = [3, 4, 5]: These sizes allow the model to learn from trigrams, 4-grams, and 5-grams,
thereby capturing different textual features.

output_dim = 1: The output is binary, indicating either a positive or negative sentiment.

dropout = 0.5: A commonly used value that provides a balance between regularization and
retaining model complexity.

4.4. Long Short-Term Memory (LSTM)

LSTMs are a type of recurrent neural network that excels in learning from sequences, making them
ideal for text classification tasks. They are designed to remember from long sequences and are less
susceptible to the vanishing gradient problem, which is a common issue in traditional RNNs. The
LSTM architecture consists of an embedding layer followed by LSTM layers and a fully connected
output layer with a sigmoid activation function.

The LSTM unit is defined as follows:

fe = U(Wf [he—q, xe] + bf)
_ ip = o(W; - [he—q, x¢] + by)
C; = tanh(W, - [he_q, x¢] + bc)
Ce = fe X Cooq + i X G
o = (W, - [he—q,x¢] + by)

vocab_size = 5000: Restrict the vocabulary size to the most frequent 5,000 words in the dataset.
This is a common practice to reduce computational load and eliminate rarely occurring words that do
not contribute much to sentiment.

embedding_dim = 100: The dimensionality of the word embeddings is set to 100, an empirically
effective value for capturing semantic richness in text data.

hidden_dim = 128: A hidden layer size of 128 offers a good trade-off between model complexity
and computational efficiency. The choice is also based on empirical results.

output_dim = 1: The output dimension is set to 1, representing the probability of a positive
sentiment.

n_layers = 2: Two layers were chosen for the LSTM model based on preliminary experiments to
allow the model to learn more complex representations.

dropout = 0.5: Dropout is used for regularization, and a rate of 0.5 is commonly used as an effective
initial value to prevent overfitting.
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batch_size = 2048: The large batch size was chosen to leverage the hardware capabilities and to
provide more stable and generalized learning.

Ir = 0.001: A learning rate of 0.001 was chosen as it is a common value that tends to work well in
different tasks as an initial value.

weight_decay = 1e-5: A small weight decay was used for L2 regularization, adding a penalty on
the layer's weights to reduce overfitting.

4.5. Training and Validation

Each model was trained using the same training set while a separate subset of the training data was
used for validation. Models were trained for 10 epochs, and the learning rate was adjusted based on
the validation performance. Both training and validation losses were monitored, and early stopping
techniques were applied to avoid overfitting.

4.6. Evaluation Metrics

The evaluation of all models was carried out using a comprehensive set of metrics, including
accuracy, precision, recall, and F1 score. A confusion matrix was generated to provide a detailed view
of classification performance.

This expanded methodology section aims to provide a thorough understanding of the algorithms
and techniques employed in the sentiment analysis of Amazon reviews, offering the rationale behind
each choice and its relevance to the study's objectives.

5. Result Interpretation

The results of the sentiment analysis on Amazon reviews shown in Table 1 and Figure 4 using four
different algorithms—Logistic Regression, Random Forest, Convolutional Neural Networks (CNN),
and Long Short-Term Memory networks (LSTM)—yielded varying levels of accuracy. Below is a
detailed interpretation of these results.

Table 1. Four algorithms’ results comparing
Algorithms Logistic Regression Random Forest CNN LSTM

Accuracy 0.8719 0.8418 0.8657 0.5028
Precision 0.8690 0.8356 0.8638 0.5028

Recall 0.8775 0.8532 0.8701 0.9996
F1 Score 0.8732 0.8443 0.8669 0.6691

Comparison of Models

0.8775

Score

Accuracy Precision Recall F1 Score

Fig. 4 Comparison of Models on Algorithms

1396



Highlights in Business, Economics and Management EMFRM 2023
Volume 24 (2024)

5.1. Logistic Regression

Logistic Regression provided the highest accuracy among all the algorithms tested, scoring at
87.19%. The precision, recall, and F1 score reach 86.90%, 87.75%, and 87.32% respectively. This
suggests that the linear assumptions underlying logistic regression are well-suited for this binary
classification problem. The high accuracy also points to the effectiveness of the feature extraction
process, possibly indicating that the TF-IDF transformation captured the essential elements of the text
data.

Overall, the simplicity and computational efficiency of logistic regression seem to offer the best
trade-off between performance and complexity for this dataset.

5.2. Random Forest

Random Forest, an ensemble learning algorithm, achieved an accuracy of 84.18%; the precision,
recall, and F1 score are 83.56%, 85.32%, and 84.43% respectively. Although it did not outperform
Logistic Regression, its performance is still commendable. The slightly lower accuracy could be due
to the complexity of decision trees in capturing the intricate relationships in text data.

Nevertheless, Random Forest offers the benefit of understanding feature importance, providing
insights into the most significant words or n-grams in determining review sentiment.

5.3. Convolutional Neural Network (CNN)

The CNN model performed slightly better than the Random Forest but still lagged Logistic
Regression, with an accuracy of 86.57%. The precision, recall, and F1 Score are 86.38%, 87.01%,
and 86.69% respectively. The Learning Curve of CNN can be referred to Figure 5.

Learning Curve for CNN

—— Training Loss
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T T T T T
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Fig. 5 CNN Learning Curve
Given that CNNs are generally more complex and computationally intensive, this outcome might
indicate that the added complexity did not significantly improve the model's performance for this
specific task.
However, the relatively high accuracy does suggest that CNNs can capture local features like n-
grams effectively and could be optimized further for better results.

5.4. Long Short-Term Memory (LSTM)

The LSTM model significantly underperformed compared to the other algorithms, with an
accuracy of just 50.28%. The precision, recall, and F1 score are 50.28%, 99.96%, and 66.91%
respectively. The Learning Curve of LSTM can be referred to Figure 6 below.
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Learning Curve for LSTM
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Fig. 6 LSTM Learning Curve

This is barely above random guessing in a binary classification problem and indicates severe issues
with the model, such as an inappropriate architecture, a poorly chosen to set of hyperparameters, or
an inadequate training process. The result suggests that the model did not learn effectively from the
sequence data and requires further investigation and tuning.

5.5. Drawback

The comparative underperformance of the Long Short-Term Memory (LSTM) network; in relation
to algorithms such as Logistic Regression, Random Forest, and Convolutional Neural Networks, is a
subject of interest and puzzlement. This assertion holds validity since LSTM models have
demonstrated a notable efficacy in handling sequential data, particularly in the domain of textual
information. Several factors may be contributing to this below-average outcome, providing valuable
observations on the complexities associated with employing neural network architectures for natural
language processing tasks.

One potential contributing factor may be the inherent complexity of the LSTM architecture. These
models are equipped with various hyperparameters that require meticulous adjustment, such as the
number of layers, the quantity of hidden units, and the selection of regularization techniques. Failure
to optimize these settings may lead to either overfitting or underfitting of the data. Overfitting is
characterized by achieving high performance on the training data but exhibiting poor generalization
capabilities when applied to new, unseen data. Conversely, underfitting is associated with suboptimal
performance on both the training and test data. The study's accuracy rate of 49.73% is notably low,
indicating the presence of underfitting. This suggests that the model was unable to effectively capture
the underlying patterns present in the text.

Another aspect to be considered is the training regimen itself. Neural architectures, especially
complex ones such as LSTM networks, require substantial computational resources and time to
achieve sufficient training. Insufficient training epochs or suboptimal learning rate settings can hinder
the model's ability to effectively learn features, resulting in inadequate generalization when
confronted with test data.

An additional concern may be present within the initial phases of data preparation. LSTM models
exhibit a notable sensitivity to the arrangement and organization of the input data in terms of
sequencing and layout. The performance of LSTM models may be negatively affected if the text data
has not undergone appropriate cleaning procedures or if the sequences have been inadequately padded
or truncated.

In conclusion, the unsatisfactory outcomes of the LSTM model within this context serve as a
cautionary indication. The authors emphasize the intricate difficulties associated with the
implementation of advanced neural network models for tasks related to natural language processing.
Although LSTM models have demonstrated their effectiveness in diverse contexts, their efficacy is
not guaranteed and relies on several critical elements such as the configuration of the model, fine-
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tuning of hyperparameters, and the quality of the data. Therefore, it is imperative to engage in
thorough planning and rigorous experimentation when implementing complex algorithms of this
nature.

6. Conclusion

In summary, the objective of this study was to evaluate the effectiveness of various machine
learning algorithms, namely Logistic Regression, Random Forest, Convolutional Neural Networks,
and Long Short-Term Memory networks, in conducting sentiment analysis on a substantial collection
of Amazon reviews. The findings unveiled an intriguing terrain wherein less intricate models, such
as Logistic Regression, exhibited superior performance compared to more complex and
computationally demanding algorithms. This statement emphasizes the significance of selecting an
appropriate algorithm for a given task and implies that higher complexity does not necessarily lead
to superior outcomes. The significant underperformance exhibited by the LSTM model serves as a
poignant reminder of the complexities and challenges inherent in employing sophisticated neural
network structures, particularly in cases where they have not been thoroughly fine-tuned and
optimized.

There exists a significant opportunity to enhance and expand upon this research. An initial course
of action would involve conducting a more comprehensive analysis of the suboptimal performance
exhibited by the LSTM model to gain a more profound understanding of the underlying factors that
contribute to this outcome. Refining the architectural design and optimizing the training procedure
may potentially enhance the model's capacity to effectively process textual data based on sequential
patterns. Moreover, it is worth considering the expansion of the study to incorporate additional
sophisticated machine learning models and techniques, such as Transformer models or ensemble
methods. These alternatives may provide distinct viewpoints and potentially yield superior
performance outcomes. An additional area for potential future research involves the incorporation of
feature importance or interpretability metrics into the models, particularly in the case of neural
networks. This would enable a more comprehensive understanding of the underlying learning
processes and provide valuable insights.

Ultimately, the application of these models to diverse review types or alternative forms of textual
data has the potential to yield more comprehensive insights regarding the extent to which these
algorithms can be generalized. The objective would encompass not only attaining a high level of
accuracy, but also constructing models that provide valuable insights into the fundamental patterns
and structures within the data. This would consequently contribute to the advancement of
comprehension regarding customer sentiment in online reviews. Hence, the ongoing trajectory
initiated by this study remains unfinished, and the discoveries presented herein establish a basis and
catalyst for forthcoming scholarly investigations.
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