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models, the latest technological models in natural language processing (NLP), are the strongest candidates to
overcome these limits. In this paper, we propose the bi-directional encoder representations from transformers
(BERT) model-based solution for sentiment analysis of consumer reviews. The dataset comprises 10975
consumer reviews of technological products from an e-commerce platform and was transformed into a
structured dataset using data preprocessing. Then, we compared the performance of the BERT transformer
model with deep learning models, specifically convolutional neural networks (CNN), long short-term memory
(LSTM), and bidirectional long short-term memory (B-LSTM). Experimental results confirmed that the BERT
transformer model achieved a higher kappa of 96.6% and an overall accuracy of 97.78% for multi-classification
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1. Introduction

E-commerce is a business model that involves purchasing products or services and conducting commercial online transactions.
This business model offers numerous advantages to both customers and sellers by eliminating the need for face-to-face
interaction in a physical environment. Ease of purchase and product variety are the main advantages of e-commerce for
customers [1]. It also saves the seller from the expense of renting a store. E-commerce benefits businesses and consumers by
introducing various service models into our lives, thereby impacting the entire economy on a macro scale. In 2020, four out of
five people using the internet have experienced e-commerce [2]. Globally, e-commerce sales reached $2.98 trillion in 2018,
$3.53 trillion in 2019, and $6.98 trillion in 2020 [3]. E-commerce is no longer an alternative to traditional commerce but is
increasingly becoming an integral part of daily life, trade, and shopping. Consumers' online evaluations and ratings influence
nearly 50% of purchase decisions [4]. Approximately 71% of global online shoppers always read online consumer reviews
before purchasing a product [5].

Online consumer reviews are user-generated content that includes information and reviews about a product, company, or
service [6]. The experience and satisfaction of those who buy and use a product on e-commerce sites are among the most
critical parameters that affect consumers' decisions to purchase a product and product sales [7-8]. The reviews and ratings of
other consumers have a significant impact on purchasing decisions [9]. Moreover, consumer evaluations and ratings are more
trustworthy than marketing and advertisements [10]. These reviews reduce the consumer's perceived risk associated with online
shopping and encourage the purchase decision by providing helpful information about the goods and services being purchased.
Companies that want to capture a share of the e-commerce market must understand the rules of the e-commerce ecosystem and
develop strategies accordingly [11]. Therefore, e-commerce companies must strive to obtain the best possible reviews and
ratings. Because consumer and market preferences vary over time, businesses invest extensively to better assess online
consumer reviews. Additionally, technical advancements have increased competition across organizations. E-commerce
companies, such as Amazon, invest a significant amount of money in managing sellers and ensuring they act in their best
interests [12]. Data analysis generally focuses on structured data. Structured data is stored with specific rules and systems. This
data is, therefore, easily accessible, organized, and categorized. However, more than 95% of data generated in electronic media,
such as text files, articles, books, online consumer reviews, and blogs, is in an unstructured form [13]. Unstructured data, on
the other hand, lacks standard rules, making it challenging to analyze. The language and meaning of the text change depending
on its purpose [14]. It is more difficult for a computer to understand and classify unstructured data than structured data;
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therefore, classical statistical methods are insufficient for analyzing this type of data. Especially if the number of texts to be
classified is large, this process requires much more effort, time, and cost [15]. NLP, a machine learning technology, enables
computers to understand, analyze, and interpret human language, with a wide range of applications, including chatbots, text
categorization, and language translation. NLP is used to develop chatbots that can interact with customers in natural language,
analyze customer feedback to improve products and services, and translate product descriptions into multiple languages to
reach a wider audience. It is an alternative solution to analyze this unstructured data. Deep learning and traditional machine
learning algorithms are widely used for NLP tasks, especially sentiment analysis.

Sentiment analysis based on NLP techniques has significant applications in e-commerce. NLP is utilized for sentiment analysis
of consumer reviews to enhance the effectiveness of recommendation systems. These sentiment analysis-based e-commerce
applications have focused on investigating the connection between e-commerce logistical services and customer satisfaction
[16], social media texts to analyze consumer behavior in sustainable fashion marketing [17], evaluation of airline passenger
reviews [ 18], and modeling of political views from data on the web and predicting [19]. Aftab et al. (2021) present a solution
for predicting consumers' sentiment analysis regarding social media marketing in the online industry, as well as whether
consumers will purchase products. The methodology employed the recurrent neural networks (RNN), Random Forest (RF),
Naive Bayes, and Bayes Net models for sentiment analysis on social media. The RNN model achieved an accuracy of 97.15%
and a precision of 94.25% [20]. Jabbar et al. (2019) analyzed both positive and negative reviews to understand people's
sentiments about e-commerce products using a support vector machine (SVM) algorithm. The algorithm achieved an F1-score
0f 93.54% [21]. Dey et al. (2020) compared the sentiment analysis of consumer reviews of Amazon products. They used Naive
Bayes and Linear SVM machine learning approaches. Features were extracted using the TF-IDF method. The results showed
that Linear SVM had an accuracy of 84% in classifying Amazon product feedback, while the Naive Bayes algorithm achieved
an accuracy of 82.87% [22]. Pratama et al. (2022) utilized the SVM algorithm to categorize reviews of cosmetic products.
Features were extracted using the TF-IDF method after labeling the data as positive and negative. The SVM algorithm classified
with 80.06% accuracy [23]. Although NLP techniques are an alternative solution to analyze unstructured data on e-commerce
platforms, separating texts into distinct groups is an ideal problem for NLP. The design of neural architecture for data
representation is a crucial intermediate step. Effective text classification has always depended on this deep language
representation. BERT transformers have been proposed in recent years and have become an effective representation model
successfully used in developing state-of-the-art models for numerous NLP applications, such as sentiment analysis [24]. The
BERT transformers outperform numerous task-specific architectures and perform best on token-level and sentence-level tasks.

In the paper, we proposed a BERT transformer model-based solution for sentiment analysis of online consumer reviews on an
e-commerce platform. Unlike many existing studies that focus on binary sentiment classification, this paper emphasizes a
multi-class sentiment analysis approach using a large-scale, real-world dataset obtained from an e-commerce environment.
Moreover, we comparatively evaluate BERT against deep learning models (CNN, LSTM, and B-LSTM) under the same
experimental setup, which provides a broader perspective on model performance and robustness. This approach highlights the
practical advantages of BERT in real-world e-commerce applications and contributes to the novelty of the study by evaluating
its relative performance against alternative models and distinguishing it from sentiment analysis research. The following is a
summary of this paper's contributions:

i) The proposed transformer-based sentiment analysis model received raw inputs without the use of traditional feature
extraction techniques, such as bag-of-words, n-grams, and TF-IDF.

ii) The performances of transformer and deep learning models were compared for multi-labelled sentiment analysis from
consumer reviews on e-commerce platforms. To the best of our knowledge, this paper represents a rare attempt at multi-label
sentiment analysis, comparing the transformer model and deep learning algorithms.

iii) The BERT transformer-based model 10975 was evaluated on consumer reviews. It can work efficiently on large
datasets and process texts more effectively by taking long-distance relationships into account. These are important for sentiment
analysis because e-commerce reviews are often large datasets, and customer sentiments are often expressed through words and
phrases that appear in different parts of the texts.

iv) Experimental results confirmed that the proposed transformer-based model outperforms deep learning models.
Moreover, the proposed transformer model outperforms other state-of-the-art models in the relevant literature.

2. Materials and Methods
2.1. The Proposed Transformer-Based Sentiment Analysis Model

The proposed transformer-based model includes the following stages: i) In the initial stage (data acquisition), the dataset was
collected from 10975 consumer reviews on technological products, taken from the electronics category on Amazon, the most
well-known e-commerce site. ii) In the second stage, data preprocessing was carried out, which included data transformation,
stemming, stop word removal, and tokenization. iii) Subsequently, the dataset was split into training and test datasets to assess
the classification performance via the holdout method. iv) Lastly, based on the model evaluation criteria, the performances of
the BERT transformer and deep learning models were compared. Figure 1 presents the stages of the proposed transformer-
based sentiment analysis model.
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Figure 1. The Stages of the Proposed Transformer-Based Sentiment Analysis Model

2.2. Data Acquisition

Data acquisition is the process of collecting the initial data related to the problem under consideration, defining the obtained
data, and determining whether the study meets the needs and the quality of the data. The dataset was collected from 10975
consumer reviews of technological products. Consumer reviews were sourced from the electronics category on Amazon, the

most well-known e-commerce site. Consumer reviews were categorized into three categories, namely “positive”, “negative”,
and “neutral”. The characteristics of the consumer reviews dataset are presented in Table 1.

Table 1. The Characteristics of the Consumer Reviews Dataset

Label Number of consumer reviews
Negative 4048
Neutral 2751
Positive 4176
Total 10975

The received data consisted of text files. Therefore, using data pre-processing, this unstructured data needs to be transformed
into structured data for the purpose of sensitivity analysis.

2.3. Data Preprocessing

Data preprocessing includes “transformation”, “stemming”, “stop words removal”, and “tokenization”. On the internet,
documents are typically stored in various formats, such as HTML and XML. In the transformation step, the texts are cleared
of HTML and XML tags. Mentions (@), hashtags (#), and links in the data obtained through social networks are deleted. In
the tokenization step, the text is separated into words. Punctuation marks, symbols, and numbers are extracted from the text
[25]. In addition, all words are converted to lowercase letters. In the step of “stop and redundant words removal”, prepositions
(like, but, for, etc.), pronouns (you, we, they, etc.), and conjunctions (and, or, with, etc.) are removed. Although these terms
are frequently used in the text, they do not have specific meanings. Stop words make up 20-30% of the total number of words
in a given text document [26]. While looking at the frequencies of the words, in the step of removing the stop words, the roots
of the words are found, so that the words from the same root with different suffixes are perceived as the same word. “Stemming”
matches similar words in the text document and can reduce indexing size by up to 40-50%.

In the data preprocessing stage of the proposed transformer-based sentiment analysis model, data transformation, removal of
stop words and redundant words, tokenization, and stemming were carried out. Text files containing online consumer reviews
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were pulled from the e-commerce platform. The consumer reviews contained characters in different languages. Therefore, to
ensure standardization, the other characters in the texts were converted to English characters during the data transformation
step. Then, the stop and redundant words that were present in the text but had no meaning in the classification process were
removed from the text (and, or, because, but, with, both, moreover, this, that, these, those, etc.). In the tokenization step, terms
such as punctuation, numbers, and symbols were removed. In addition, user names and URL addresses from online consumer
reviews were removed. The texts were converted to lowercase. Finally, in the stemming step, the roots of the words were
determined.

2.4. Holdout Method

The consumer reviews dataset was split into training and test sets to evaluate the classification performance using the holdout
method. In the process, a certain ratio of the dataset is allocated as the test set, and the remaining data is used as the training
set. The holdout method is widely preferred for random division of the training and test datasets. In this paper, 70% of the
dataset was used as training data (n = 7683), and 30% was used as test data (n = 3292). The distribution of the consumer
reviews dataset is given in Table 2:

Table 2. Distribution of the Consumer Reviews Dataset

Dataset Label Number of consumer reviews Total
Negative 2834 2683
Training set Nel.lt.ral 1926 (70% of the dataset)
Positive 2923
Negative 1214 3292
Test set Neutral 825 (30% of the dataset)
Positive 1253

2.5. Transformer and Deep Learning Models

Deep learning models, including LSTM, B-LSTM, and CNN, have made significant contributions to learning sequential data
and have been successfully applied to NLP tasks, such as text classification, sentiment analysis, and language modeling.
However, these models have limitations in modeling long dependencies and reducing processing times. Transformer models,
presented as a solution to these problems, can more effectively model the structural relationships of language with their
attention-based structure. The transformer model is a deep learning architecture based on the self-attention mechanism,
providing high accuracy and efficiency in NLP tasks that require sequential data processing. The model can process all parts
of the data simultaneously, allowing it to be trained more effectively and quickly. In this study, the performances of the BERT
transformer and deep learning models were compared based on the model evaluation criteria. The hyper-parameters used in
training these models were applied under the same training conditions in all models and are presented in Table 3:

Table 3. The hyper-parameters of the classification models

Hyper-Parameters LSTM B-LSTM CNN BERT
MaxEpochs 30 30 30 30
Optimizer '‘adam'’ 'adam’ '‘adam’ '‘adam'’
MiniBatchSize 128 128 128 128
InitialLearnRate 1.0000e-03 1.0000e-03 1.0000e-03 1.0000e-03
SequencelLength 'longest’ 'longest' 'longest' 'longest’
L2Regularization 1.0000e-04 1.0000e-04 1.0000e-04 1.0000e-04
LearnRateDropFactor 0.1000 0.1000 0.1000 0.1000
LearnRateDropPeriod 10 10 10 10
ValidationFrequency 50 50 50 50
Shuffle 'every-epoch' 'every-epoch' 'every-epoch’ 'every-epoch'

Table 3 presents the hyper-parameters for the LSTM, B-LSTM, CNN, and BERT models. The LSTM, B-LSTM, CNN, and
BERT models were configured to use a maximum of 30 training epochs, with the 'adam' optimizer and a mini-batch size of
128. The initial learning rate was set to 0.001, and L2 regularization was applied with a coefficient of 0.0001 to prevent
overfitting. A learning rate drop factor of 0.1 was employed, with a drop period of every 10 epochs. Validation was performed
every 50 iterations. The sequence length was set to 'longest' across all models to ensure uniformity in input size, and the training
data were shuffled at the end of each epoch. These standardized hyper-parameter settings enabled the evaluation of model
performance based solely on model architecture. The theoretical background of the BERT transformer model algorithm, as
well as LSTM, B-LSTM, and CNN deep learning algorithms, is presented in the following sections.
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2.5.1. BERT Transformer Model Algorithm

The BERT model utilizes a multilayer, bi-directional transformer encoder and has an attention mechanism that captures
contextual connections between words within a text. Bi-directional language models acquire more general language
representations. One sentence or two sentences can be represented by the BERT input representation in a single token sequence
[24]. The transformer encoder takes the entire sequence of words simultaneously, unlike linear directional models that read
text input in left-to-right or right-to-left order. So, it is considered bi-directional, but it would be more accurate to describe it
as non-directional. This enables the model to understand the context of a word, based on its entire surroundings [27]. BERT is
trained on a vast dataset of text and code, making it highly successful at performing a variety of NLP tasks, including text
understanding, question answering, language translation, and summarization. Figure 2 shows the BERT transformer model.
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Figure 2. The BERT Transformer Model [28]

The main characteristic of BERT is that it is a bi-directional encoder. This technique is used to create representations of each
word, taking into account both the left and right context of the text. This allows BERT to better understand the overall meaning
of the text. Additionally, it can achieve robust and generalizable performance by training on vast datasets.

2.5.2. Long Short-Term Memory (LSTM) Deep Learning Algorithm

LSTM networks are a specialized form of RNN that enhances performance on both current and future inputs by leveraging
past information. The network consists of hidden states and feedback loops. The network can work on sequences and store past
information in confidence thanks to the loop structure [29]. The LSTM cell not only processes the current entries but also
processes the historical data it keeps in its memory. The LSTM cell contains gate units that enable it to remember past states
and determine whether to use these states [30]. Figure 3 shows the LSTM block:
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Figure 3. The LSTM block [30]
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The symbols for input, forget, and output gates are represented by it, ft, and ot. W represents the recurrent connection, which
is between the current hidden layer and the previously hidden layer. C represents a candidate hidden unit, and U represents
the weight matrix. C represents the internal memory of the unit. This internal memory is the combination of the input gate,
multiplied by the newly calculated hidden unit, and the previous memory, multiplied by the forget gate.

2.5.3. Bi-directional LSTM (B-LSTM) Deep Learning Algorithm

The LSTM deep network only allows forward recall of information. This ensures that the data is processed only in one direction.
To overcome this problem, a B-LSTM network has been proposed. The B-LSTM deep network can learn the knowledge of the
future backward, whereas the LSTM deep network is limited to understanding the information of a one-way sequence [31].
Figure 4 shows the B-LSTM block:
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Figure 4. The B-LSTM block [31]

The B-LSTM deep learning network integrates the data gathered from operations carried out in both directions and assesses
forward and backward computations concurrently, as two-way networks are more efficient than one-way networks and provide
an advantage for data processing [31-32].

2.5.4. Convolutional Neural Network (CNN) Deep Learning Algorithm

The CNN algorithm has been successfully applied for NLP tasks in recent years, although it is a model traditionally used in
image processing. The algorithm is a powerful technique to automatically separate text documents into predefined categories
based on their content [33]. This approach delivers accurate and effective classification performance by harnessing the CNN
algorithm's capacity to discern intricate relationships within text data. However, it requires large amounts of data, is complex
to train, and computationally costly. Figure 5 shows the CNN block for text classification.
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Figure 5. The CNN block for text classification [34]
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The CNN algorithm consists of different layers, depicted in Figure 5. The embedding layer initializes random or pre-trained
word embedding weights after receiving integer-encoded texts as input. The convolution layer takes as input texts that are
converted into sequences of word embedding using convolution filters and generates feature vectors by analyzing word
embedding for each text. The convolution layer's variable-length feature vectors are fed into the pooling layer, which converts
them into fixed-length vectors. Fixed-length feature vectors are sent into the softmax layer after first passing through a fully
connected layer. The layer learns non-linear feature combinations, and the values for each label are the output of this fully
connected layer [33,34].

2.6. Model Evaluation

The model's performance is related to the number of correctly labeled data and the number of incorrectly labeled data. The
results of the model are expressed using the confusion matrix parameters, namely true positive (TP), false positive (FP), false
negative (FN), and true negative (TN). The model evaluation criteria are calculated using the parameters of the confusion
matrix, and are recall (RCL), precision (PRC), F1-score (F1), overall accuracy (ACC), and kappa statistic (kappa).

RCL = TP/(TP+FN) 1)
PRC = TP/(TP+FP) 2)
F1 = 2TP/(2TP+FP +FN) 3)
ACC = Correctly classified samples / Total number of samples “4)

Kappa is a frequently used statistical method that measures agreement between two observers. The closeness of these values
to one confirms that the model does not achieve random performance. The mathematical equation of kappa is given below
[35]:

Pr, = (TP +TN)/ (TP + FN + FP + TN)

Pc = [(TP+FN)/ (TP+FP+FN+TN)] x [(TP+EP) / (TP+FP+FN+TN)]

Pc = [(FP+TN) / (TP+FP+FN+TN)] x [(FN+TN) / (TP+FP+FN+TN)]

Pr. = Pci+Pc

Kappa = (Pry - Pre) / (1- Pre) (5)

3. Experimental Results and Discussion

In this study, the performances of transformer and deep learning models were compared for sentiment analysis of online
consumer reviews on e-commerce sites. Transformers and deep learning models were applied to 10975 online consumer
reviews collected from Amazon, one of the most popular e-commerce platforms. Figure 6 shows the word clouds of the dataset
containing online consumer reviews. Word clouds, which represent the frequency of words within a text, are a good way to
quickly understand the general topic or theme of a text. They can also be used to identify keywords and trends in text.
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Transformer and deep learning models take consumer reviews as input data and perform a classification task to determine
whether they are “positive”, “negative”, or “neutral”. Confusion matrix parameters were calculated to evaluate the models. The
confusion matrix parameters indicate how many samples with the correct label and how many with the incorrect label are

classified by the algorithm. Figure 7 presents the confusion matrix of the transformer and deep learning models.
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Figure 7. Confusion matrix of transformer and deep learning models

The results showed that the LSTM deep learning algorithm had 3062 correctly labeled data (TP+TN) and 230 incorrectly
labeled data (FP+FN), while the B-LSTM deep learning algorithm had 3096 correctly labeled data and had 196 incorrectly
labeled data. The CNN deep learning algorithm had 3172 correctly labeled data points and 120 incorrectly labeled data points;
the BERT transformer algorithm had 3219 correctly labeled data points and 73 incorrectly labeled data points. The BERT
transformer algorithm had the highest number of correctly labeled data. The BERT transformer algorithm was followed by
CNN, B-LSTM, and LSTM algorithms. The performance of transformer and deep learning models is presented in Table 4.

Table 4. The performances of transformer and deep learning models

Algorithm Label RCL PRC F1 Kappa Statistic Overall ACC

Negative 0.928 0.949 0.938

LSTM Neutral 0.922 0.897 0.909 0.893 93.01%
Positive 0.936 0.933 0.934
Negative 0.960 0.962 0.961

B-LSTM Neutral 0.929 0.884 0.906 0.909 94.05%
Positive 0.928 0.956 0.941
Negative 0.971 0.964 0.967

CNN Neutral 0.960 0.945 0.953 0.944 96.35%
Positive 0.958 0.974 0.966
Negative 0.984 0.976 0.980

BERT Neutral 0.962 0.974 0.968 0.966 97.78%
Positive 0.982 0.981 0.981
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When Table 4 is examined, the RCL, PRC, F1, kappa, and overall ACC values of all algorithms are greater than 0.80.
Additionally, the statistical value of kappa between 0.6 and 0.8 indicates a significant degree of agreement. The results showed
that the BERT transformer model-based solution was more accurate and efficient than deep learning models. The BERT
transformer model achieved the highest overall ACC performance. The BERT transformer model was followed by CNN
(96.35%), B-LSTM (94.05%), and LSTM (93.01%). The performance results of the BERT transformer model were 97.78%
overall ACC and 0.966 kappa. The BERT transformer model is a bi-directional encoder and can create a representation of each
word by taking into account both the left and right context of the text. Therefore, it achieved a higher overall ACC than other
models. The results of this study were discussed in relevant studies on text classification. The objectives, input data, the
algorithms, and the overall ACC value of the relevant studies for text classification are given in Table 5.

Table 5. Comparative analysis of recent studies for text classification.

Researchers Objectives Input data Algorithms Results
Siering et al., Evaluation of airline | Passenger reviews taken from the )
(2018) [36] passenger reviews airlinequality.com SVM ACC: 80.80%
Shihabeldeen Predicting exchange | Social media and news data ) .
(2019) [37] rates MLP ACC: 60.26%
Evaluation of tourist | Datasets containing tourist reviews on
?;3?;3?;%’ opinions websites and social media (TripAdvisor, Elgs(;iﬁers BR ACC: 90.00%
Expedia, Zomato, Facebook)
Lucini et al Airline customer Online passenger reviews for airlines R .
(12181213)66;9]" satisfaction analysis | taken from airlinequality.com ar;cagi;essizlon ACC: 79.95%
Tsai et al Analysis of online Customer reviews from the
N hotel customer TripAdvisor.com website RF ACC: 81.20%
(2020) [40] .
reviews
Guerreiro & Predicting explicit Customer reviews from  different
Rita (2020) recommendations in | restaurants were selected from the | RF ACC: 66.83%
[41] online reviews Academic Yelp Dataset.
Pratama et al Classify e-commerce | Dataset obtained from beauty product
’ beauty product review data on Amazon SVM ACC: 80.06%
(2022) [23] .
reviews
Sentiment analysis of | E-commerce  products  (compassing RCL: 90.32%
Zhou (2023) consumer reviews in electronic produc?s, food? clothlng, books, BERT+ PRC: 92.64%
[42] the social media and other categories) reviews in the social | g_[ STM
environment. media environment. F1:91.46%
Sentiment analysis of | Consumer reviews of technological
The proposed | consumer reviews on | products, taken from the electronics BERT ACC: 97.78%
model an e-commerce category
platform

MLP: Multilayer perceptron; ECC: Ensemble classifier chains; BR: Binary relevance.

When the input data used in other studies in the literature on the classification of texts are examined, user reviews from social
media [37, 38] or web pages [23, 39-40] are generally used. Similarly, consumer reviews on the most well-known e-commerce
platform were used as data in this study. Algorithm selection is critical to the performance of models. In this study, a
comparative analysis of the BERT transformer model, LSTM, B-LSTM, and CNN deep learning algorithms was performed.
The BERT transformer model, which was compared with deep learning models, achieved the highest performance. When
studies on text classification are examined, the success of other text classification studies is generally lower, ranging from 60
to 90% [23, 36-41]. In the results, a very high classification success was achieved, with an overall ACC of 97.78% using the
BERT transformer model. The BERT transformer model can better capture the semantic relationships and context of words in
the text. Therefore, the BERT can better understand the general meaning of the text and the connections between words.
Additionally, BERT can be adapted for different types of texts and tasks. It can be applied in various areas, including sentiment
analysis, text summarization, question answering, and natural language generation. It is expected that BERT will be utilized in
numerous new applications and research in the future, continuing to make noteworthy contributions.
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4. Conclusion

In conclusion, understanding and analyzing consumer thoughts and emotions about products is crucial for manufacturers. In
the online environment, extracting insights from a large amount of data requires thorough data analysis. Performing the
analysis, which was previously done manually, by machines, both reduces the company's cost and provides an unbiased
analysis. Sentiment analysis extracts information from data, automates the process of utilizing that information, and minimizes
workforce requirements. Reviews in unstructured text format were transformed into a structured form during the data
preprocessing stage, and the performance of the transformer and deep learning models was compared on this structured data.
When the overall ACC values of these algorithms were examined, the highest overall ACC belonged to the BERT transformer
model algorithm. Based on the model evaluation criteria of this algorithm, the results were 96.6% kappa and 97.78% overall
ACC. The closeness of these values to one confirms that the model does not yield random results. Considering that
approximately 95% of the data encountered in daily life is unstructured [13], the automatic analysis of data containing text files
is crucial. As the number of reviews on the products increases, it becomes increasingly complex to keep track of this data over
time. For this reason, there is a need for systems that can automatically analyze reviews in online environments, which both
users and company owners can utilize. These systems will benefit both the producer and the consumer by increasing the
efficiency of automatic review evaluation, which can process millions of reviews without the need to read them individually,
thereby facilitating their use and report preparation. It also means increased competition in the e-commerce market, providing
personalized services to customers, and ultimately enhancing customer satisfaction.

In future studies, it may be recommended to expand the sample by increasing the number of documents and comparing the
performance of transformer models with that of traditional feature extraction techniques, such as bag-of-words, n-gram, and
TF-IDF. Moreover, the proposed model is designed to distinguish three types of emotional tones: positive, negative, and
neutral. However, e-commerce reviews may exhibit a broader range of emotional tone types, for example, admiration,
disappointment, anger, or surprise. Therefore, in future research, it is essential to adapt the proposed model to encompass a
broader range of emotional tones. This will enable the model to perform a more detailed and accurate analysis of emotional
tone. Therefore, in future research, it is essential to adapt the proposed model to encompass a broader range of emotional tones,
which will enable the model to perform a more detailed analysis.
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