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Abstract:

The article focuses on sentiment analysis, a popular research area within Natural Language Processing,
driven by the growth of social networks and e-commerce websites. As usual, there are five rates used to
determine the rating of each review based on customer feedback for any product. The study aims to
reduce the number of rating categories on the Amazon platform from five to three classes: high rate,
middle rate, and low rate. The paper proposes a Bidirectional LSTM model for sentiment analysis,
utilizing deep learning techniques to accurately classify users' thoughts and emotions. Accordingly, we
have developed a new model called DCNN to perform the classification process for customer reviews
ratings, and our proposed model has been trained on a large dataset of reviews. The study utilized a
dataset of Amazon product reviews for analysis. To enhance the data for our model, we conducted several
data preprocessing steps. We transformed the dataset from an imbalanced dataset to a balanced one. As a
result, our model achieved a significantly improved level of accuracy compared to previous models.
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1. Introduction

The field of Natural Language Processing (NLP)
has rapidly evolved in recent years, fueled by
the increasing complexity and abundance of
human language data available through various
sources such as social media, e-commerce
websites, and online forums [1][2]. NLP is a
branch of artificial intelligence and linguistics
that focuses on developing algorithms and
models to enable computers to understand,
interpret, and generate human language. It
encompasses a wide range of applications,
including  speech  recognition,  machine
translation, text summarization, sentiment
analysis, and more [5]. Recent advancements in
NLP have been driven by breakthroughs in deep
learning and neural network architectures
[6][7]. These developments have led to
significant improvements in various NLP tasks,
including language modeling, syntactic parsing,
and sentiment analysis.

In particular, the application of transformer
models, such as Bidirectional LSTM and BERT
models, has revolutionized the field by
capturing contextual information and improving
the performance of NLP models [6]. The
availability of large-scale pre-trained language
models and extensive datasets, such as the

Common Crawl and Wikipedia, has also
contributed to the progress of NLP [8]. These
resources enable researchers and practitioners
to leverage transfer learning techniques, where
models pre-trained on vast amounts of
unlabeled text can be fine-tuned on specific NLP
tasks with relatively small labeled datasets.

These developments have propelled NLP to new
heights, enabling computers to better
understand and interact with human language
across various applications and domains.
Furthermore, the integration of NLP with other
domains, such as computer vision and speech
processing, has opened up new opportunities
for multimodal understanding and
interaction[9]. This interdisciplinary approach
allows systems to process and analyze
information from different modalities, leading to
more comprehensive and contextually rich
language understanding.

Sentiment analysis, which involves classifying
and predicting users' thoughts and emotions
from these reviews, plays a central role. In
simple terms, sentiment analysis serves as a tool
to determine the polarity of a text,
distinguishing between positive and negative
sentiments [10]. Sentiment analysis is highly
advantageous for various types of market
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research and competitive analysis. It provides
valuable insights for users conducting research
on new markets, predicting future trends, or
seeking a competitive edge. In these scenarios,
sentiment analysis proves to be an invaluable
tool.

This article aims to explore sentiment analysis,
with a particular focus on analyzing sentiments
expressed in Amazon product reviews. The
primary objective is to develop a deep learning
model that can accurately classify these reviews
as positive or negative. Through extensive
experiments conducted on a benchmark dataset,
we intend to demonstrate the superiority of our
approach over several state-of-the-art models
commonly employed for positive or negative
sentiment detection.

Python, a widely acclaimed programming
language, serves as the fundamental framework
for our sentiment analysis endeavors. It
provides a comprehensive suite of libraries and
tools explicitly designed for natural language
processing (NLP) tasks, including sentiment
analysis. Distinguished examples encompass
Scikit-learn, NLTK, SpaCy, and Keras. By
harnessing the robust ecosystem of Python's
techniques and libraries, researchers and
practitioners can construct and deploy highly
effective models to discern the sentiment
expressed in Amazon product reviews. Such
analyses hold considerable potential in aiding
the evaluation of product quality and
desirability across diverse marketplaces.

2. Existing Studies

Sentiment analysis, a subfield of Natural
Language Processing (NLP), has become
increasingly important as social networks and e-
commerce platforms continue to grow. This
research area aims to automatically analyze and
determine the sentiment expressed in textual
data, providing businesses with valuable
insights into customer opinions and sentiments
regarding their products or services. This study
focuses on sentiment analysis of Amazon
product reviews and utilizes deep learning
techniques, specifically the RNN-LSTM model. In
recent years, numerous studies have been
conducted to detect and classify Amazon
product reviews using NLP and deep learning
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algorithms, highlighting the relevance and
significance of this research topic [11]. These
techniques play a crucial role in swiftly and
effectively identifying and responding to
product quality, thereby minimizing potential
damage or loss for individuals, companies, and
organizations.

Sivakumar et al. introduced an intelligent
system that utilizes long-term short memory
and fuzzy logic to categorize consumer review
sentences into different labels: highly negative,
negative, positive, and highly positive. This
system allows online shoppers to quickly assess
the sentiments related to various aspects of a
product before making a purchase. The
researchers  conducted experiments on
benchmark datasets consisting of Amazon cell
phone reviews, Amazon video games reviews,
and consumer reviews of Amazon products. The
results showed an accuracy of 96.93%, 83.82%,
and 90.92% respectively, surpassing the
performance of existing methods. Additionally,
the system analyzed product reviews in relation
to current trends and geographical location.
This approach enables manufacturers to
enhance their products based on customer
feedback and complaints [12].

Sobia Wassan et al. have discussed and explored
the significance of sentiment analysis in the
evaluation of consumer opinions and
preferences on prominent online platforms like
Amazon. They emphasize that a considerable
segment of online shoppers heavily relies on
diverse channels, including wuser ratings,
suggestions, recommendations, and messages,
to gauge the quality of their purchases. The
researchers have introduced an innovative
approach that specifically targets the sentiment-
related aspects associated with item
characteristics found in consumer reviews on
Amazon. The primary objective of their study is
to perform an in-depth analysis at the aspect
level of this data, which ultimately provides
valuable insights to marketers, enabling them to
gain a better understanding of consumer
preferences and adjust their strategies
accordingly [14]. Steven Brownfield and Junxiu
Zhou conducted a study to explore the
effectiveness of various machine learning
approaches in analyzing Amazon product
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reviews and their corresponding star ratings.
They compared traditional methods like Naive
Bayes analysis and Support Vector Machines
with deep learning models such as Multilayer
Perceptron (MLP) and Recurrent Neural
Networks (RNN). By constructing and testing
these models, they gained insights into their
roles in sentiment analysis. The study's findings
can be valuable for improving decision-making
processes in e-commerce and other business
applications by providing a better
understanding of customer sentiments [15].

Gope, ]. C. conducted a study focused on
sentiment analysis concerning product ratings
and text reviews using a dataset from Amazon.
The researcher employed various machine
learning algorithms, including Linear Support
Vector Machine, Random Forest, Multinomial
Naive Bayes, Bernoulli Naive Bayes, and Logistic
Regression. Among these algorithms, the
Random Forest classifier achieved the highest
accuracy at 91.90%. In addition, the study
incorporated a deep learning approach using
RNN with LSTM, which yielded the maximum
accuracy of 97.52%. The findings indicate that
the RNN-LSTM model proved to be the most
effective approach for sentiment analysis in
their research [16].

3. Deep Learning -Based Sentiment
Analysis

Deep Learning-Based Sentiment Analysis has
emerged as a powerful approach within the field
of Natural Language Processing (NLP) for
analyzing and  interpreting  sentiments
expressed in textual data, including social
media, customer reviews, and online
discussions. By leveraging deep neural networks
such as Recurrent Neural Networks (RNNs),
Convolutional Neural Networks (CNNs), and
Transformer models, this methodology enables
the automatic extraction of nuanced sentiment
information from large volumes of text. Deep
learning models excel in capturing intricate
relationships and patterns within language,
allowing for more accurate sentiment
classification and opinion mining [17]. The
application of this methodology, particularly in
analyzing Amazon product reviews, has
revolutionized businesses’ ability to gain
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invaluable insights into customer sentiments,
market trends, and brand perception. By
employing Deep Learning-Based Sentiment
Analysis in Amazon reviews, businesses can
comprehensively understand customer
opinions, identify areas for improvement, and
make informed decisions, ultimately enhancing
their products, services, and overall customer

experiences [18].
4. Amazon reviews dataset

The dataset used in this paper comprises a
substantial number of records from Amazon's
product reviews. Each record contains the
opinions of customers regarding specific
products. The dataset encompasses a wide array
of products available on Amazon, ensuring a
comprehensive representation of customer
opinions and experiences. Each record is linked
to various features that provide wvaluable
insights into customer sentiment. These features
may include the product's name, category, price,
customer rating...etc., as depicted in Figure 1.

W Productld Userld  ProfileName Melpfulsesshmerator HelpfulsessDencminater Score Tine  Swmary Text Score_New
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Figure:. Attributes of the Dataset.

By utilizing this extensive dataset, researchers
can leverage a wealth of information to train
and assess deep learning models designed for
sentiment analysis. In previous studies, a score
feature was commonly employed to classify
products into five classes. However, in our
paper, we have chosen to reduce the number of
classes to three, as demonstrated in Figure 2.
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Figure 2: Reviews Dataset
5. TextPre-processing

In the text pre-processing stage for sentiment
analysis of Amazon product reviews, several
steps are performed to prepare the data. Firstly,
tokenization splits the text reviews into
individual words or tokens, allowing them to be
processed as a sequence of words. Next,
lowercasing converts all text to lowercase to
ensure uniformity and prevent different
treatment of words based on the case.
Punctuation removal eliminates punctuation
marks, such as commas, periods, and
exclamation marks, which often do not carry
significant sentiment information. Stop word
removal involves eliminating common words
like articles and prepositions that do not
contribute much to sentiment analysis.
Lemmatization or stemming reduces words to
their base or root form, consolidating words
with similar meanings and reducing vocabulary
size. Numerical digit removal focuses on textual
content rather than numerical values. Emoticons
and emoji are handled by either standardizing
them to a common representation for consistent
sentiment interpretation or removing them if
their sentiment value is irrelevant. HTML tag
handling deals with removing or extracting
relevant information within tags. Special
character handling addresses non-standard
characters, either by removing them if they do
not contribute to sentiment analysis or
appropriate
representations. Lastly, removal of irrelevant
information eliminates URLs, email addresses,
or data not directly related to sentiment to

replacing them with

reduce noise and focus on relevant textual
content. Figure 3 shown the text pre-processing
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Figure 3: Text Pre-processing stages [19]

6. Fine-Tuning Approach

The fine-tuning approach involves training a
pre-trained model, initially trained on a large
dataset for a related task, on a smaller, task-
specific dataset to adapt it for a specific task.
This method is particularly valuable when the
task-specific dataset is limited, making it
challenging to train a high-performing model
from scratch. By utilizing pre-trained weights,
the model can benefit from the knowledge
acquired during pre-training, including language
understanding and semantic relationships. This
initialization gives the model a head start, aiding
faster convergence and potentially improved
performance on the task-specific dataset. During
fine-tuning, the pre-trained weights are updated
by continuing training on the new dataset,
enabling the model to capture task-specific
patterns [20]. Typically, only the top layers or
specific layers are fine-tuned, while lower
layers, which learn general features, remain
frozen. The fine-tuning approach is widely
applied in natural language processing tasks,
such as sentiment analysis, text classification,
named entity recognition, and machine
translation. It allows researchers and
practitioners to leverage pre-trained models,
benefiting from their encoded knowledge while
adapting them to specific tasks or domains, even
with limited labeled data.

7. Bi-LSTM Model

The Bidirectional Long Short-Term Memory
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(LSTM) model has emerged as a powerful tool in
deep learning, particularly in the field of Natural
Language Processing (NLP). This model
incorporates two LSTM layers that process input
sequences in both the forward and backward
directions, allowing it to capture contextual
dependencies from past and future elements of
the sequence. By considering the entire context
of the input sequence, Bidirectional LSTMs excel
at capturing long-range dependencies and
understanding the nuances of sequential data
[22]. In NLP tasks such as sentiment analysis,
machine translation, and named entity
recognition,  Bidirectional @ LSTMs  have
demonstrated remarkable performance. They
enable the model to leverage information from
both preceding and subsequent words, leading
to a more comprehensive understanding of the
text. The architecture's ability to capture
bidirectional context has proven invaluable in
addressing complex language tasks, making the
Bidirectional LSTM model the preferred choice
in deep learning-based NLP research and
applications. Figure 4 shown Bidirectional LSTM
architecture

—

Forward Pass
—— LSIM LST™

Backward Pass

Figure 4: Bi- LSTM Model Architecture [21]
8. Main Contribution

We have developed a new DCNN (Deep
Convolutional Neural Network) model for
sentiment analysis of customer reviews on the
Amazon platform. Our proposed model
simplifies the traditional five-rate review system
to a three-rate representation, where high rates
are assigned to ratings greater than three,
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middle rates to ratings equal to three, and low
rates to ratings less than three. By leveraging
deep learning techniques, our model accurately
classifies users’ thoughts and emotions,
resulting in a significant improvement in
sentiment analysis accuracy compared to
previous models. We utilized Bidirectional LSTM
model (Long Short-Term Memory) architecture
to construct our model that incorporates the
transfer learning technique. This enables us to
leverage the knowledge acquired from pre-
training the model on a large dataset and fine-
tuning it specifically for sentiment analysis of
Amazon product reviews. Additionally, we have
added new layers to enhance the model's ability
to analyze customers' thoughts and emotions
more comprehensively. To overcome the
challenge of dataset imbalance, we process the
data to ensure the representation of reviews
across different rating classes. By incorporating
a balanced dataset, our model becomes more
robust and capable of effectively discerning the
sentiment associated with various
classifications  through  fine-tuning and
additional layers, and a balanced dataset, our
proposed DCNN model demonstrates
exceptional accuracy in detecting the sentiment
of Amazon product reviews. It successfully
assigns each review to its respective rating class,
providing researchers with a valuable tool for
in-depth analysis and understanding of
customer sentiment.

Overall, our paper's main contribution lies in the
development of a robust deep-learning model
that significantly improves sentiment analysis
accuracy in the context of Amazon product
reviews. This advancement, achieved through
the integration of various techniques and the
utilization of a balanced dataset, contributes to
the progress of sentiment analysis research
within the field of Natural Language Processing.
Figure 5 shown our proposed model
Architecture.
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[]—»[ H] specifically for sentiment analysis of Amazon
. product reviews. Additionally, the incorporation

of new layers enhanced the model's ability to
comprehensively analyze customers' thoughts
and emotions. we also focused to solved the

N0

challenge of dataset imbalance, we processed

by « gl

the data to ensure a balanced representation of
reviews across different rating classes. Figure 7

shown the dataset balance, This resulted in a
more robust model capable of effectively
discerning the sentiment associated with
9. Discussion & Results various classifications.

In this section, we will discuss the outcomes
related to the accuracy and precision of our ot
proposed model. We have developed new
model. Figure 6 provides a visual representation 2000
of the performance of our model, referred to as y
the Proposal model (DCNN), in detecting and é,m,m,
classifying product reviews. Notably, our model
achieved an impressive accuracy rate of 94%.

Loss & Validation Loss

10000

Accuracv & Validation Accuracv

High Rate > 3 Low Rate < 3 Middle Rate = 3
Score_New

Figure 7 : Balance Dataset

We executed the confusion matrix, also known
as an error matrix, is a tabular layout used to
visualize the performance of a classification
algorithm. It consists of rows representing
instances in a predicted class and columns
representing instances in an actual class, on the
basis of a set of test data where the true values
are known [22]. Figure 8 displays the
relationship between the predicted and actual
values.

Figure 6 :Performances of Loss and Accuracy
in (Training and Validation)

We focused on reducing the traditional five-rate
review to a simplified three-rate representation,
namely high rate, middle rate, and low rate. By
leveraging deep learning techniques and our
proposed DCNN (Deep Convolutional Neural
Network) model, we achieved a substantial
improvement in sentiment analysis accuracy
compared to previous models. we have used a
Bidirectional LSTM (Long Short-Term Memory)
architecture, combined with transfer learning,
allowed us to benefit from pre-training the
model on a large dataset and set up it

Figure 8: Confusion Matrix
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Our proposed model successfully assigned each
review to its respective rating class, providing
researchers with a valuable tool for in-depth
analysis and understanding of customer
sentiment. The results showcased the
effectiveness of our deep-learning approach in
improving sentiment analysis accuracy in the
context of Amazon product reviews. Overall, our

10. Performance Comparison Literature
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research paper contributes to the field of
sentiment analysis within Natural Language
Processing by developing a robust deep-
learning model and integrating various
techniques. The utilization of a balanced dataset
and the advancement achieved through our
proposed model demonstrate the progress
made in sentiment analysis research.

Deep learning techniques, particularly Neural Network processes are commonly utilized for the

identification and classification of product reviews. Extensive research has been conducted on this topic,

as evidenced by numerous studies in the literature. As shown in below Table 1:

Approach Dataset Accuracy Sources

Transformer Network Amazon Sports and | 92% Wang et al. [23]
Outdoors Reviews
Dataset

Bidirectional LSTM with | Amazon Clothing | 87%

Attention Reviews Dataset Wu et al. [24]

Convolutional ~ Neural | Amazon Beauty | 90%

Network (CNN) Reviews Dataset Lietal. [25]

Transformer Network Amazon Health and
Personal Care Reviews | 91% Song et al.[26]
Dataset

BERT (Bidirectional | Amazon Books Reviews

Encoder Dataset 93% Liu et al.[27]

Representations  from

Transformers)

LSTM-CNN Hybrid | Amazon Electronics | 89%

Model Reviews Dataset Cheng et al. [28]

Gated Recurrent Unit | Amazon Home and | 88%

(GRU) with Attention Kitchen Reviews Zhou et al. [29]
Dataset

Proposed Model EquiSent. 94% -

Table 1: Comparison Previous Studies

Conclusion

In this research paper, a comprehensive study
on sentiment analysis of Amazon product
reviews using deep learning techniques is
presented. The main objective was to develop an
accurate and efficient model for sentiment
classification by simplifying the traditional five-
rate review system into a three-rate
representation. The proposed model leveraged a
balanced dataset and combined Bidirectional
LSTM and Deep Convolutional Neural Network

(DCNN) architectures, achieving an impressive
94% accuracy in  sentiment  analysis.
Experimental results demonstrated the model's
effectiveness in precisely classifying customer
sentiments and emotions. This research
highlights the significance of deep learning and
data preprocessing techniques in sentiment
analysis. Overall, this research makes a
significant contribution to the field by
developing a robust deep learning model,
leading to a more accurate understanding of
customer sentiment and supporting data-driven

1682




Vol 44 No. 7

Journal of Harbin Engineering University July 2023

ISSN: 1006-7043

customer Effective Data Science Practice, pp. 63-73,

Springer, 2022.

decision-making for improved
satisfaction on e-commerce platforms like

Amazon. 9. Sivakumar, X, Smith, ], & Johnson, S.
Reference (2022). Deep learning techniques for

sentiment analysis of Amazon product
1. Jurafsky, D., & Martin, ]. H. (2020). Speech reviews: A comparative study. Journal of

and Language Processing: An Introduction
to Natural Language Processing,
Computational Linguistics, and Speech
Recognition (3rd ed.). Pearson.

10.

Natural Language Processing, 28(3), 123-
145.

Sivakumar , M., & Uyyala, S.R. (2021).
Aspect-based sentiment analysis of mobile

2. Wankhade, M., Rao, A. C. S., & Kulkarni, C. phone reviews using LSTM and fuzzy logic.
(2022). A survey on sentiment analysis International Journal of Data Science and
methods, applications, and Analysis, 12(3), 355-367.
challenges. Artificial Intelligence 11. Wassan, S., Chen, X., Shen, T., Waqar, M., &
Review, 55(7), 5731-5780. Jhanjhi, N. Z. (2021). Amazon product

3. Ghosal, P, Majumder, N., Poria, S., Gelbukh, sentiment analysis using machine learning
A, & Cambria, E. (2022). Sentiment techniques. Revista Argentina de Clinica
Analysis: Methods, Applications, and Psicolégica, 30(1), 695.

Challenges. ACM Computing Surveys, 55(1), 12. Brownfield, S, & Zhou, J. (2020). Sentiment
1-35. analysis of Amazon product reviews.

4. Devlin, ], Chang, M. W, Lee, K, & In Software Engineering Perspectives in
Toutanova, K. (2019). BERT: Pre-training of Intelligent Systems: Proceedings of 4th
Deep Bidirectional Transformers for Computational Methods in Systems and
Language Understanding. In Proceedings of Software 2020, Vol. 2 4 (pp. 739-750).
the 2019 Conference of the North American Springer International Publishing.

Chapter of the Association for 13. Gope, J. C., Tabassum, T., Mabrur, M. M., Yu,
Computational Linguistics: Human K, & Arifuzzaman, M. (2022). Sentiment
Language Technologies (pp. 4171-4186). Analysis of Amazon Product Reviews Using

5. Vaswani, A. Shazeer, N., Parmar, N, Machine Learning and Deep Learning
Uszkoreit, J., Jones, L., Gomez, A. N,, .. & Models. In 2022 International Conference
Polosukhin, 1. (2017). Attention is All You on Advancement in Electrical and
Need. In Advances in Neural Information Electronic Engineering (ICAEEE) (pp. 1-6).
Processing Systems (pp. 5998-6008). Gazipur, Bangladesh: IEEE.

6. Rajpurkar, P., Zhang, |, Lopyrev, K., & Liang, 14. Zhang, W, Li, X,, Deng, Y., Bing, L., & Lam,
P. (2020). Know What You Don't Know: W. (2022). A survey on aspect-based
Unanswerable Questions for SQuAD. In sentiment analysis: tasks, methods, and
Proceedings of the 56th Annual Meeting of challenges. IEEE Transactions on
the  Association for  Computational Knowledge and Data Engineering.
Linguistics (Volume 2: Short Papers) (pp. 15. Shrestha, N, & Nasoz, F. (2019). Deep
784-789). learning sentiment analysis of amazon. com

7. Huang, L., Zhou, W., Wang, |, Liu, Z., Zhang, reviews and ratings.arXiv  preprint
L, & Yu Y. (2019). Multimodal arXiv:1904.04096.

Transformer for Multimodal 16. https://towardsdatascience.com/text-
Understanding and  Generation. In reprocessine-in-natural-laneuage-
Proceedings of the 57th Annual Meeting of processing-using-python-6113ff5decd8.
the  Association for  Computational
Linguistics (pp. 5371-5381). 17. Devlin, ], Chang, M. W, Lee, K, &
Toutanova, K. (2018). Bert: Pre-training of
8. V. Raina and S. Krishnamurthy, “Natural bidirectional  transformers  for

language processing,” in Building an

deep

1683


https://towardsdatascience.com/text-preprocessing-in-natural-language-processing-using-python-6113ff5decd8
https://towardsdatascience.com/text-preprocessing-in-natural-language-processing-using-python-6113ff5decd8
https://towardsdatascience.com/text-preprocessing-in-natural-language-processing-using-python-6113ff5decd8

Vol 44 No. 7

Journal of Harbin Engineering University July 2023

ISSN: 1006-7043

18.

19.

20.

21.

22.

language understanding. arXiv preprint
arXiv:1810.04805.

Naik, D., & Jaidhar, C. D. (2022). A novel
Multi-Layer Attention Framework for
visual  description prediction using
bidirectional LSTM. Journal of Big Data, 9,
104.

Xu, J., Zhang, Y., & Miao, D. (2020). Three-
way confusion matrix for classification: A
measure driven
sciences, 507, 772-794.]

Wang, X,, Wang, L., Wang, M,, Liu, S., & Liu,
Y. (2018). Sentiment analysis on product
reviews based on deep learning. In
Proceedings of the 3rd International
Conference on Computer Science and
Application Engineering (pp. 235-240).
ACM.

Wuy, S., Zhang, X,, & Liu, ]. (2019). A hybrid
model based on attention mechanism for
sentiment analysis. Journal of Physics:
Conference Series, 1159(5), 052136.

Li, X., Chen, J., Xu, D., & Zhang, H. (2019).
Sentiment analysis of user reviews using
convolutional  neural networks. In
Proceedings of the 2019 14th International
Conference on Computer Science &
Education (ICCSE) (pp. 740-743). IEEE.

view. Information

23.

24.

25.

26.

Song, Y., Zhou, T, Zhang, W, & Shi, X
(2020). Sentiment analysis of Amazon
health and personal care product reviews
using transformer-based models. In
Proceedings of the 2020 IEEE International
Conference on Artificial Intelligence and
Education Technology (ICAET) (pp. 44-49).
IEEE.

Liu, Z., Liu, F,, Huang, M., & Carley, K. M.
(2020). Sentiment analysis on Amazon
books reviews based on BERT model. In
Proceedings of the 2020 5th International
Conference on Mathematics and Artificial
Intelligence (ICMAI) (pp. 97-101). ACM.

Cheng, ]J., Shen, W, Jiang, M., & Zhou, G.
(2021). Sentiment analysis of Amazon
electronics reviews using LSTM-CNN
hybrid model. In Proceedings of the 2021
IEEE  International  Conference on
Advanced Manufacturing (ICAM) (pp. 1-6).
IEEE.

Zhou, T. Zhang, W. Shi, X, & Song, Y.
(2021). Sentiment analysis of Amazon
home and kitchen product reviews using
GRU with attention. In Proceedings of the
2021 6th International Conference on
Mathematics and Artificial Intelligence
(ICMAI) (pp. 100-105). ACM.

1684



