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and measures performance via accuracy, F1 score, and Area Under the
ROC Curve (AUC). Results indicate that BERT consistently outperforms
all other models due to its attention-based transformer architecture, which
captures nuanced contextual information across diverse domains. CNN
and LSTM models also perform well, particularly in domain-specific set-
tings, with CNN excelling in extracting local features and LSTM in mod-
eling sequential relationships. Traditional models, such as logistic regres-
sion and SVM, show limitations in generalizability, while random forest
demonstrates stable yet moderate performance. These findings highlight
the strengths and trade-offs of each approach for effective cross-domain
sentiment classification.
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1. INTRODUCTION tomer concerns more efficiently, enhancing customer
satisfaction. Sentiment classification can also process

Sentiment classification offers several benefits [1-4].  ]arge datasets, providing near real-time insights or au-
For instance, it enables businesses to quickly gather  tomated actions based on public sentiment. Further-
feedback on their products and services. Detect- more, it supports product development by identifying

ing negative feedback highlights areas for improve-  features that users frequently praise or criticize.
ment, while positive feedback emphasizes a com-

pany’s strengths. Additionally, sentiment analysis The lexicon-based approach is widely recognized
tracks shifts in public opinion over time or in response  as an effective technique for sentiment classification
to events like product launches or public relations across various domains, to the best of our knowledge
issues. This analysis helps businesses address cus- [1-10]. In this approach, the sentiment expressed in
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text is determined using predefined sets of words, or
lexicons, making it both comprehensible and inter-
preted. Furthermore, classification accuracy has im-
proved with the integration of diverse machine learn-
ing algorithms alongside this lexicon-based approach.
However, identifying the most suitable algorithm for
a specific sentiment classification task remains com-
plex. The challenge lies in the varying performance
of different algorithms based on the dataset’s nature
and the specific problem context. We often conduct
a comparative analysis of multiple machine learning
models to address this issue. The most suitable model
can be identified by evaluating and benchmarking
the performance of various algorithms on the dataset
in question. By considering factors such as preci-
sion, recall, accuracy, and computational efficiency,
researchers and practitioners can make informed de-
cisions about the algorithm that will yield the most
reliable and actionable results for sentiment classifi-
cation in their specific scenarios. Consequently, this
systematic comparison provides a more data-driven
approach to selecting the most suitable sentiment
classifier for real-world applications.

Several traditional machine learning algorithms
have been extensively evaluated for multiclass sen-
timent classification tasks [2-3, 11-14]. While these
models often yield promising results, they face chal-
lenges in consistently performing well across various
scenarios. One significant challenge is domain adap-
tation [15-16]. For example, a model trained on cus-
tomer reviews for technology products may struggle
when applied to beauty product reviews due to dif-
ferences in vocabulary and sentiment expression. A
term like “light,” which describes the weight of a
smartphone in a technology context, might instead
refer to the subtlety of a color in beauty product
reviews. This discrepancy highlights the difficulty
models face in adapting to new domains with unique
linguistic features and sentiment nuances that differ
from their training data.

This study tackles the important issue of domain
adaptability in multiclass sentiment classification, ex-
amining how effectively machine learning models gen-
eralize when trained on product reviews from one
domain and tested on reviews from an entirely dif-
ferent domain. The primary goal is to create a ro-
bust, domain-agnostic text representation that can
accurately identify sentiment across various contexts.
To achieve this, we test five different models: three
machine learning models (logistic regression, ran-
dom forest, and support vector machine), two deep
learning models (convolutional neural network and
long short-term memory), and one transformer model
(BERT) to see how well they work for sentiment anal-
ysis across different areas. Our experiments utilize a
diverse dataset of Amazon reviews, and model per-
formance is rigorously assessed using multiple met-
rics, including accuracy, F1 score, and Area Under

the Curve (AUC). This research enhances our un-
derstanding of how machine learning models can be
adapted for domain transferability in sentiment clas-
sification tasks, an increasingly important area for
practical applications.

2. DATASETS AND DATA SEPARATION
2.1 Datasets

This study used four datasets, each detailed as fol-
lows. We developed a multiclass sentiment classifica-
tion model using the first dataset. It comprises prod-
uct reviews sourced from the Amazon website, specifi-
cally focusing on electronics and technology products.
These reviews, written in English, use a five-star rat-
ing system to indicate the overall sentiment expressed
by users. For sentiment classification in this research,
reviews rated 5 stars were categorized as the positive
class, those rated 3 stars as the neutral class, and
those rated 1 star as the negative class. This clas-
sification scheme was chosen because a 5-star rating
typically reflects a high level of satisfaction and a pos-
itive experience with the product, while a 1-star rat-
ing indicates significant dissatisfaction. A 3-star rat-
ing generally conveys ambivalence or a mixed opinion,
often reflecting a balance of both positive and nega-
tive aspects, making it suitable as the neutral class.

To ensure the dataset’s quality and reliability, a
rigorous refinement process was undertaken. Lan-
guage experts were consulted to correct grammati-
cal and lexical errors and to eliminate reviews con-
taining sarcasm, which could distort sentiment anal-
ysis outcomes. This meticulous curation was crucial
for minimizing noise and enhancing the accuracy of
subsequent analyses. Only reviews with a minimum
length of 50 words were included to provide sufficient
context for sentiment analysis, ensuring that the clas-
sification is based on comprehensive and meaningful
information.

A structured data preparation pipeline was imple-
mented to effectively visualize, analyze, and clean an
acquired dataset in the context of sentiment classi-
fication. This process included data cleaning, ex-
ploratory data analysis (EDA), and pre-processing
techniques aligned with natural language processing
(NLP) best practices. First, data cleaning was per-
formed to ensure high-quality input for model train-
ing. This step involved removing XML tags, special
characters, and excessive whitespace and correcting
grammatical and lexical errors with the assistance of
language experts. Reviews containing sarcasm were
also excluded, as they could introduce ambiguity into
sentiment interpretation. Additionally, only reviews
with a minimum length of 50 words were retained
to ensure adequate contextual information. We con-
ducted EDA using Python’s Seaborn library, which is
known for its powerful and aesthetically pleasing vi-
sualization capabilities. EDA provided insights into
the class distribution, review lengths, and word fre-
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quencies. Visualizations such as bar plots for sen-
timent class counts, histograms for review lengths,
and word clouds were used to detect potential biases,
imbalances, or anomalies within the dataset. These
analyses helped confirm the balanced class distribu-
tion for both training and testing datasets, as shown
in Table I. Third, the text analysis and pre-processing
stages included lowercasing, stop-word removal, tok-
enization, and stemming. These steps helped to clean
up the data, make it consistent, and improve how well
techniques like TF-IDF and Word2Vec worked dur-
ing model training. Overall, this combined method
of cleaning and analyzing data made sure that the
input data was organized, relevant, and reflected real
feelings, which helped make the models more reliable.

We consulted language experts to correct gram-
matical and lexical errors and eliminate reviews con-
taining sarcasm, which could distort sentiment anal-
ysis outcomes. To further increase the diversity of
the training data and support better generalization
across domains, we experimented with simple text-
based data augmentation. One technique we ap-
plied was synonym replacement using WordNet, a
lexical database that helps identify semantically sim-
ilar words. For instance, we replaced adjectives like
“excellent’ in some reviews with synonyms like “su-
pert” or “outstanding’ when contextually appropri-
ate. This method helped generate additional train-
ing instances without altering the core sentiment
of the original text. We limited synonym replace-
ment to non-critical words and avoided sentiment-
bearing words to prevent changing the polarity. This
lightweight augmentation was particularly useful in
adding variation to common review patterns while
maintaining data quality. This augmentation con-
tributed to improving model robustness and general-
ization, especially when handling reviews from varied
domains with differing expressions of sentiment.

This meticulous curation was crucial for minimiz-
ing noise and enhancing the accuracy of subsequent
analyses. Only reviews with a minimum length of 50
words were included to provide sufficient context for
sentiment analysis, ensuring that the classification is
based on comprehensive and meaningful information.
The cleaned and structured dataset is saved in .csv
file format, and a detailed summary of our dataset
is presented in Table 1, and examples of product re-
views can be presented as Fig. 1.

Table 1: Summary of the first dataset.

Class Labels | Total of Product Reviews
Positive 10,000
Neutral 10,000
Negative 10,000

2.2 Data Separation for the First Dataset

10-fold cross-validation is employed to partition
the data for developing a robust multiclass sentiment
classification model. This method ensures balanced
evaluation by using all data for both training and
testing, reducing the likelihood of biased results and
enhancing the overall reliability of the model’s per-
formance assessment.

To make sure the data splitting process is reliable
and fair, we used stratified 10-fold cross-validation,
which keeps the same balance of sentiment labels
(positive, neutral, and negative) in each part. This
approach minimizes bias in training and evaluation
by preserving the proportion of each sentiment class
across all folds. Additionally, we used a fixed random
seed during data shuffling to ensure reproducibility
across all model runs. All six models—logistic regres-
sion, SVM with linear kernel, random forest, CNN,
LSTM, and BERT—were trained and validated on
the same sets of data to keep the experiments con-
sistent. Furthermore, we closely monitored the vari-
ance of performance metrics (accuracy, F1 score, and
AUC) across the folds to detect any potential overfit-
ting or instability. This consistent evaluation proto-
col confirmed the robustness of our data partitioning
strategy and ensured reliable model comparison.

I’ve been using this phone for a month now, and it's incredible! The
display is vibrant, and the performance is top-notch. I can multitask
with several apps open, and it doesn't lag at all. The camera quality
is amazing, especially in low light conditions. The battery life is
decent, lasting me about a day and a half with regular usage. I also
love the fast charging feature — it’s super convenient. Overall, I'm
very satisfied with my purchase and would recommend it to anyone
looking for a premium smartphone experience.

a.  An example of positive review

These wireless earbuds have decent sound quality, but they’re not
as comfortable as I expected. They tend to fall out when I'm
running or working out, and the controls are a bit difficult to use.
The battery life is good, lasting around 4 hours per charge. The
connectivity is stable, but I occasionally experience some dropouts.
They’re fine for casual listening, but I wouldn’t recommend them
for more active use.

b. An example of neutral review

This laptop is a complete waste of money. It’s extremely slow,
even with basic tasks like browsing the web or checking emails.
The keyboard stopped working properly after just a month, and
now certain keys don’t respond. The screen quality is terrible, with
dull colors and poor viewing angles. I regret buying this and would
strongly advise others to stay away.

c. Anexample of negative review

Fig.1: FEzxzamples of product reviews.

3. RESEARCH DESIGN

This section details our research design, in which
we aim to identify the most suitable multiclass senti-
ment classification model that can effectively gener-
alize for domain adaptation.
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3.1 Tools

This work primarily utilizes Python and its li-
braries, including NumPy, NLTK (Natural Language
Toolkit), scikit-learn, TensorFlow, and Hugging Face
Transformers.

3.2 Multiclass Sentiment Classification Model-
based Machine Learning

(1) Text pre-processing [17] — This stage is cru-
cial for effectively handling tasks related to natural
language processing (NLP) and text analytics. It in-
volves transforming raw text data through cleaning
and formatting to make it more suitable for subse-
quent analysis. In this study, the pre-processing of
text generally includes the following procedures:

Lowercasing: Transforming all text to lowercase
is essential for maintaining consistency across the
dataset. This step ensures that words with the same
meaning are not mistakenly treated as distinct enti-
ties due to variations in capitalization. By converting
the entire text to lowercase, words like “Computer”
and “computer” are recognized as identical, prevent-
ing misinterpretation as separate terms. This process
is particularly important in text analysis for reduc-
ing redundancy and improving the accuracy of word
matching and frequency calculations.

Stop-word Removal: Removing frequently used
stop words such as “and,” “on,” and “are” is a cru-
cial step in text pre-processing for sentiment analy-
sis. While necessary for the grammatical structure
of a sentence, these words generally carry little se-
mantic weight and do not significantly contribute to
understanding the underlying sentiment or context.
By filtering out these common terms, the focus shifts
to more meaningful words that are likely to influence
overall sentiment, thereby enhancing the efficiency
and accuracy of the analysis.

Tokenization: Tokenization is the process of seg-
menting text into smaller, individual units called to-
kens, which can be words, phrases, or symbols. This
step is fundamental for text analysis as it breaks
down the continuous stream of text into manageable
pieces, making it easier to examine and process. By
breaking sentences into separate parts—like turning
“sentiment analysis model” into “sentiment,” “analy-
sis,” and “model’—tokenization helps us analyze each
piece more accurately, making it easier to count word
frequency, parse text, and do more language-related
analysis.

Stemming: Stemming involves converting words to
their base or root form to manage different variations
without altering their core meaning. For instance,
words like “computer,” “computing,” and “computes’
are reduced to the common stem “comput.” This pro-
cess consolidates similar words that share the same
meaning but differ in tense, form, or suffix. By doing
so, stemming simplifies text data and ensures that
variations of a word are treated as a single entity

during analysis, ultimately improving the consistency
and relevance of the results.

(2) Vectorization and Term Weighting —This stage
involves converting preprocessed text data into nu-
merical format using methods such as TF-IDF (term
frequency-inverse document frequency). TF-IDF is
used to assign weights to words based on their signif-
icance within a document relative to their frequency
across the entire corpus. TF quantifies how often a
specific word appears in a document.

TF(w) =log(1 + freq(w) within_document_d) (1)

where freg(w) is the frequency of the term w within
a document.

While IDF is used to assess how uncommon a word
is by considering its distribution across an entire col-
lection of documents.

IDF(w, N) = log (1 + %) (2)

where N represents the total number of documents
in the dataset, while df(w) denotes the number of
documents that contain the term w.

(3) Feature Selection [18] — This concise process
effectively selects and reduces features from TF-IDF
vectors, making the data easier to analyze while re-
taining the most important information. We applied
principal component analysis (PCA) to identify the
most significant words for developing a multiclass sen-
timent classification model. After turning the cleaned
reviews into numerical vectors with TF-IDF—where
each word gets a score based on how often it ap-
pears and how important it is—we need to adjust
the TF-IDF matrix so that each feature has an aver-
age of 0 and a standard deviation of 1, allowing for
fair comparison in PCA. This process ensures that
each feature has a mean of 0 and a standard devia-
tion of 1, making all features comparable for PCA.
Once standardized, the next step is to compute the
covariance matrix of the standardized TF-IDF data
to reveal the relationships between different terms
(or words). Next, we perform eigen decomposition
on the covariance matrix to obtain eigenvalues and
eigenvectors. The eigenvalues indicate the amount
of variance captured by each principal component,
while the eigenvectors show the directions of maxi-
mum variance. Subsequently, we select the principal
terms (or words) that account for the most variance
in the data, typically using a threshold such as 95%
cumulative variance. The selected components are
then used to transform the original standardized TF-
IDF data, reducing the dimensionality of the feature
set. This reduced set of features can be leveraged for
further analysis, such as classification or clustering,
resulting in improved performance and lower com-
plexity.
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(4) Development of Multiclass Sentiment Classifi-
cation model — This study compares three algorithms:
logistic regression (LR), random forest (RF), and sup-
port vector machine (SVM).

Logistic Regression (LR) [19-20] — This algorithm
is a widely used statistical method primarily designed
for binary classification tasks, where the objective
is to model the probability of one of two possible
outcomes based on a set of predictor variables. It
leverages the logistic function, or sigmoid function,
to transform input features into a probability value
between 0 and 1, making it suitable for distinguish-
ing between two classes. To extend this capability to
multiclass classification, techniques such as One-vs-
Rest (OvR) or Softmax Regression are employed. In
this study, the OvR strategy was chosen for multi-
class classification because each model specializes in
distinguishing one class from the rest, with the class
having the highest predicted probability selected as
the final output. This method is intuitive, easy to
implement, and often performs well across various
multiclass problems, making it a reliable choice for
sentiment classification tasks.

In this study, we have a dataset of product reviews
with three sentiment classes: positive, neutral, and
negative. For the OvR strategy, we will train three
separate logistic regression (LR) models:

Model-1: Predicts “Positive” vs. “Not Positive”
(i.e., Neutral and Negative combined).

Model-2: Predicts “Neutral” vs. “Not Neutral”
(i.e., Positive and Negative combined).

Model-3: Predicts “Negative” vs. “Not Negative”
(i.e., Positive and Neutral combined).

As mentioned above, it provides specifics regarding
the training steps as follows:

For each class k in the set of classes {1,2,..., K},
transform the problem into a binary classification
problem. It can define the binary target variable yy
as follows. y, = 1 if the instance belongs to class
k, and y, = 0 if the instance belongs to any other
class. This transformation enables the training of a
binary classifier that differentiates class k£ from all
other classes.

To train the Logistic Regression model for class k;
Initially, it trains a LR model to minimize the binary
cross-entropy loss function for class k. The formula
can be written as follows.

B N
Z Yik 10g(Ji,1)
1:1

=+(1—yir)log(l—0ix) (3)

where N is number of training samples, y; ; actual
binary label for class k (1 or 0) for the i-th instance,
Ui,k is redicted probability of the i-th instance belong-
ing to class k, and §; 1, is calculated using the logistic
function (sigmoid function):

1
—_ 4
14 e % (4)

where z; = Bo+ 5121+ 61%i2+. . .+ BnZipn, where 3;
are the coeflicients learned during training, and z; ;
are the feature values for the i-th instance.

In order to prevent overfitting, incorporate a reg-
ularization term into the loss function.

Uik = 0(2;) =

- 52,
palog(l =] + 55 8 (5)

[Yi,i log(9ix) + (1—

where A is regularization parameter and 3; is coefli-
cients of the model. The regularization term imposes
a penalty on major coefficients to minimize overfit-
ting.

In model training, LR also employs Gradient De-
scent Optimization to minimize the loss function and
determine the ideal coefficients 3. It can update the
coefficients iteratively using the following formula:

naL(ﬂ)

aB;
where 7 is learning rate and 0L(8)/0; is Gradient
of the loss function with respect to coefficient ;.

The training stops when either the maximum num-
ber of iterations is reached or the change in the loss
function falls below a predefined threshold. After
training, you will have K separate binary classifiers.
For prediction, pass the feature vector of a new in-
stance through each of the K classifiers. Each clas-
sifier k£ will output a probability ¢* indicating the
likelihood that the instance belongs to class k. The
predicted class is then chosen as the one with the
highest probability.

Support Vector Machine (SVM) [21-22] -SVM is a
type of supervised learning algorithm designed to find
an optimal hyperplane that separates classes within
a feature space. It performs particularly well in high-
dimensional settings and is resistant to overfitting,
making it useful when the number of features ex-
ceeds the number of samples. Although SVM was
initially designed for linear classification tasks, it can
be adapted for non-linear cases through the “kernel
trick,” which enables the model to construct com-
plex decision boundaries. When using a linear ker-
nel, SVM can also work for problems with multiple
classes by using the OvR method, which treats each
class as its own binary classification task, just like
logistic regression does for multiple classes.

The purpose of SVM is to identify a hyperplane
that maximizes the margin between two classes (pos-

itive and negative). The decision function for a linear
SVM is as follows:

Bj =B —

(6)

f@) =w-a+b (7)
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where w is the weight vector (coefficients), x is the
feature vector, and b is the bias term.

The purpose of SVM is to minimize the hinge loss
function while incorporating a regularization element
to prevent overfitting.

N
1
L(z,b) = §||wH2 +C Y max(0,1
=1

—yi(w.z; + b)) (8)

where ||w||? is the regularization term that penal-
izes large weights to ensure a large margin, C is the
regularization parameter that controls the trade-off
between maximizing the margin and minimizing clas-
sification errors, and max(0,1 — y;(w.z 4+ b)) is the
hinge loss, which penalizes points that are not cor-
rectly classified or fall within the margin.

The SVM algorithm aims to find a hyperplane that
maximizes the margin between the two classes. The
margin is the distance between the hyperplane and
the closest data points (support vectors). This is
mathematically achieved by minimizing ||w||?, which
ensures the hyperplane is as far away as possible from
the nearest data points. Using the binary labels y,
the SVM model is trained to learn the optimal hyper-
plane that distinguishes class k from all other classes.
The decision boundary for class k is defined by the
following formula:

wi.x + b, =0 (9)

where wj, and by are the weight vector and bias term
learned during training for class k.

By iterating this procedure for each class, we gen-
erate a collection of binary classifiers— one for each
class in the multiclass problem. The class with the
highest decision value or probability is designated as
the predicted class for any new case.

Random Forest (RF) [21-22] — RF is an ensem-
ble learning method that combines multiple decision
trees to improve classification performance. For mul-
ticlass sentiment classification (e.g., positive, neutral,
negative), RF can be directly applied to handle mul-
tiple classes by training several decision trees and ag-
gregating their results.

First, we randomly sample the training data with
replacement to generate multiple subsets. Each sub-
set is then used to train an individual decision tree,
promoting diversity within the forest. At each node of
a tree, Random Forest selects a random subset of fea-
tures to determine the best split. The most suitable
feature and threshold for splitting are chosen based
on criteria such as Gini impurity or entropy.

RF utilizes Gini impurity to assess the likelihood
of misclassification at each node. The formula is

K
G=1-) n (10)
i=1
Additionally, RF employs entropy to evaluate the
information gain achieved by each split.

K
H(S) == pilog(p:) (11)
=1

The tree continues to grow until it reaches a pre-
defined stopping criterion, such as a maximum depth
or a minimum number of samples per leaf. A forest
of decision trees (e.g., 100 trees) is then trained, with
each tree independently built on a distinct bootstrap
sample to ensure randomness and diversity across the
forest.

For each new review, every tree in the forest gen-
erates its prediction. The final classification is de-
termined through majority voting, where the class
receiving the highest number of votes (e.g., positive,
neutral, or negative) is selected. Notably, since each
tree is trained on a bootstrap sample, approximately
one-third of the data—known as out-of-bag (OOB)
data—is left out during training. This OOB data can
then be used to estimate the model’s performance,
providing an unbiased error assessment.

3.3 Multiclass Sentiment Classification Model-
based Deep Learning

This study selected Convolutional Neural Network
(CNN) and Long Short-Term Memory (LSTM) due
to their complementary strengths in handling sen-
timent analysis [22-23]. CNNs excel at capturing
local patterns and key phrases within text, allow-
ing them to quickly and efficiently identify sentiment
indicators without relying on sequential data, mak-
ing them computationally efficient for shorter texts.
In contrast, LSTMs are good at handling data that
comes in a sequence, allowing them to understand
how words relate to each other over longer distances
in sentences, which is important for picking up sub-
tle changes in sentiment and the order of words in
more detailed or longer reviews. Together, CNNs and
LSTMs provide a balanced approach by focusing on
both local features and sequential context, making
them well-suited for comprehensive text sentiment
analysis across domains.

CNN [22-23] - The CNN model begins with the
input layer, which serves as the initial entry point
for the preprocessed data. This layer accepts padded
sequences of integers that represent words in product
reviews. By setting the maximum sequence length
to 100, the input shape is defined as 100, ensuring
uniformity across all input sequences, which is critical
for the subsequent layers.

Next, the model progresses to the embedding layer,
where the integer-encoded words are transformed into
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dense vector representations using Word2Vec. This
transformation is essential as it captures the semantic
relationships between words, allowing the model to
understand context more effectively. In this study,
we use pre-trained Word2Vec embeddings to build an
embedding matrix that connects each word index to
its matching vector in a space that usually has 300
dimensions. The result of this layer is a 2D tensor,
where each word in the input sequence is shown by its
own embedding vector, adding important meaning to
the input data.

Following the embedding layer, the model incor-
porates convolutional layers that apply convolutional
operations to the embedded input data. These lay-
ers are designed to extract features from the text by
capturing local patterns, such as n-grams—phrases or
sequences of words. The number of filters in these lay-
ers determines how many distinct features the model
will learn; typical configurations include 32 filters for
the first layer, 64 for the second layer, and 128 for a
potential third layer. The kernel size is set to 3, which
defines the size of the sliding window used during the
convolution operation. Each convolution operation
generates an output according to the following for-
mula:

k=1
output(i) = Zinput(i +J) - filter(j) (12)
=0

where k is the kernel size and 7 indicates the position
in the output. After the convolutional operations,
the ReLU (Rectified Linear Unit) activation function
is applied, introducing non-linearity into the model,
as represented by

ReLU(z) = max(o, x) (13)

To further down-sample the feature maps gen-
erated by the convolutional layers, a pooling layer
is added. This layer reduces the spatial dimen-
sions of the data while retaining the most essential
features, thereby minimizing computational require-
ments. Max pooling is employed, selecting the max-
imum value from each window, and is typically set
to a pooling size of 2. The pooling operation can be
expressed as

output = max(input[i : i + pool_size]) (14)
where ¢ is the starting index of the pooling opera-
tion. This step effectively condenses the feature maps
while preserving critical information, thereby enhanc-
ing the model’s efficiency.

To address the risk of overfitting, a dropout layer is
introduced. During training, this layer randomly sets
a specified percentage of neurons (commonly 50%) to
zero, encouraging the model to learn robust features

that do not rely on any specific neuron and thereby
improving its generalization capabilities.

The output flattens and enters a fully connected
(dense) layer after the pooling and dropout layers.
This layer connects every neuron to all neurons in the
previous layer, enabling the model to learn complex
representations. The number of units in this layer is
typically set to 128, with the ReLU activation func-
tion applied to maintain non-linearity. The output
from this layer is calculated using the following equa-
tion:

output = activation(weights - input + bias)

This layer integrates the features learned from the
previous layers and prepares them for high-level ab-
straction.

Finally, the model concludes with the output layer,
which is responsible for generating the final class pre-
dictions for the sentiment classification task. The
number of units in this layer corresponds to the three
sentiment classes: positive, neutral, and negative.
We utilize a SoftMax activation function to ensure
that the output represents a probability distribution
across these classes:

e*
softmax(z;) Z](-J:l =
where C is the total number of classes and z; is the
output score for class i. This SoftMax layer converts
the output scores into probabilities, providing clear
predictions for each sentiment class.

After establishing the model architecture, we com-
pile it using a suitable loss function for multiclass
classification, specifically categorical cross-entropy.

(15)

C
Loss = =) _yilog(ds)

i=1

(16)

where y; is the true label and g; is the predicted prob-
ability for class i. An optimizer, such as Adam, is
selected, typically with a learning rate set to 0.001,
to effectively minimize the loss function.

During the training phase, the model is fitted to
the training data using a specified batch size of 32
and a set number of epochs, typically starting at 20.
Throughout this process, validation performance is
closely monitored to prevent overfitting and ensure
that the model generalizes well to new data.

LSTM [22-23] —This study develops a multiclass
sentiment classification model using LSTM networks,
which are well-suited for processing sequential data
such as textual reviews. The following sections out-
line the steps involved in building and fine-tuning the
model, accompanied by examples and relevant equa-
tions. Before training the LSTM model, the dataset
undergoes preprocessing to prepare the text data for
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analysis. First, text cleaning is performed to remove
irrelevant elements from the reviews, such as spe-
cial characters and excessive whitespace. After clean-
ing, the reviews are tokenized, or split into individual
words. For example, the sentence “I love this prod-
uct!? would be tokenized into [“I”, “love”, “this”,
“product”]. Because LSTMs require input sequences
of uniform length, the tokenized sequences are then
padded to a maximum length of 100 tokens.

Padded : [0,0,0,...,0,“I”, “love”, “this”, “product”]

The next step is to apply word embeddings to
transform tokens into dense vector representations,
using models such as Word2Vec. This layer converts
each token into a corresponding embedding vector
that captures its semantic meaning. For example,
the word “product” might be represented as a 300-
dimensional vector. If “product” is represented as
[0.1,0.2,...,0.3] in the embedding space, this vector
reflects its contextual meaning and relationships with
other words.

Next, the LSTM model architecture, which con-
sists of five layers, is constructed and applied.

Input Layer: This layer receives the padded se-
quences of embeddings, with an input shape defined
as 300, where 300 represents the dimensionality of
each embedding vector.

LSTM Layer: This layer processes the input se-
quences and learns to capture temporal dependen-
cies. We may choose to use one or more LSTM lay-
ers, with a common configuration being 100 units in
the LSTM layer. The output of the LSTM cell can
be represented as follows:

hy = f(Whhi—1 + Wyx, + b (17)

where h; is the hidden state at time t, W) is the
weight matrix for the hidden state, W, is the weight
matrix for the input, x; is the input at time ¢, and b
is the bias.

Dropout Layer: To prevent overfitting, it applies
dropout after the LSTM layer, commonly set at a
rate of 0.2.

Fully Connected Layer: To learn complex represen-
tations, we add a fully connected (dense) layer with
128 units and ReLU activation after flattening the
LSTM output.

Output Layer: The output layer consists of three
units (one for each sentiment class: positive, neutral,
and negative). We use a SoftMax activation function
to output the probabilities for each class.

ek
C
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where zj is the output score for class k and C' is
the total number of classes.

P(y = k|X) = (18)

The next step is to compile the model with a suit-
able loss function and the Adam optimizer. For mul-
ticlass classification in this study, we calculate cate-
gorical cross-entropy as follows:

c
Loss = — Z yi log(9:) (19)
i=1

where y; is the true label and ¢; is the predicted
probability for class 7. The Adam optimizer is con-
figured with a learning rate of 0.001.

For hyperparameter tuning, the batch size is set to
32, and the number of epochs is 20. Early stopping,
based on validation loss or accuracy, may be used to
halt training when the model stops improving.

3.4 Multiclass Sentiment Classification Model-
based Transformer Learning

Bidirectional Encoder Representations from Trans-
formers (BERT) [25-26] - This study applies the
BERT-based model, which effectively leverages the
complexities of product reviews across different cate-
gories for multiclass sentiment classification. The fol-
lowing steps detail the development process for the
multiclass sentiment classification model.

Data Preparation: Firstly, the dataset must be pre-
processed to remove irrelevant information, such as
special characters and excessive whitespace.

Tokenization: Next, BERT’s tokenizer is required
to tokenize the reviews, splitting the text into sub-
words or tokens. BERT utilizes a WordPiece tok-
enizer, which can break down rare words into known
subwords. For example, BERT may tokenize “un-
happiness” into [“un”, “happiness”]. The tokeniza-
tion process also adds special tokens to the input se-
quences, such as [CLS] for the start and [SEP] for
separating sentences when necessary. Since BERT
has a maximum sequence length (typically 512), you
may need to truncate or pad your sequences to meet
this requirement.

Creating Attention Masks: After tokenization,
generate attention masks to indicate which tokens are
actual words and which are padding. The attention
mask is a binary array where ‘1’ denotes a valid to-
ken, and ‘0’ indicates padding. This feature allows
the model to focus only on the meaningful parts of
the input data.

Embedding Layer: When feeding the tokenized in-
put into BERT, the model transforms these tokens
into dense vector representations through its embed-
ding layer. The generated embeddings capture the
contextual relationships between words. For exam-
ple, the word “bank” in the context of “river bank”
will have a different embedding than “bank” in the
context of “money bank.”

BERT Model: After passing through the embed-
ding layer, the output embeddings are processed by
the BERT model, which consists of multiple trans-
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former layers. These layers implement attention
mechanisms, allowing the model to weigh the im-
portance of different tokens in relation to one an-
other. For instance, in the sentence “The mobile was
not great,” BERT understands that “not” negates
“great,” which impacts the sentiment classification.

Pooling Layer: After processing through the
BERT layers, the output corresponding to the [CLS]
token is typically extracted, as it is designed to cap-
ture the overall representation of the input sequence.
This pooled output will serve as the input for the
subsequent classification layer.

Fully Connected (Dense) Layer: A fully connected
(dense) layer comes next to the pooling layer. This
layer connects the pooled output to the classification
outputs. The number of units in this layer corre-
sponds to the number of sentiment classes—in this
case, three: positive, neutral, and negative. This
layer applies a ReLU activation function to introduce
non-linearity.

Output Layer: The final layer is the output layer,
which generates predictions for the sentiment classes.
This layer uses a softmax activation function to trans-
form the outputs into probabilities that add up to one
for all classes. For example, if the raw output scores
are [2.0, 1.0, 0.1], the softmax function will convert
these scores into probabilities that indicate the like-
lihood of each sentiment for the given review.

Model Compilation: After defining the model ar-
chitecture, compile it using an appropriate loss func-
tion for multiclass classification, such as categorical
cross-entropy. Formula (20) provides the categorical
cross-entropy loss.

During the training phase, it is necessary to fit the
model to the training data using a specified batch size
(commonly set to 32) and a predetermined number
of epochs (usually starting at 20). Afterward, the
model’s validation performance should be monitored
throughout the training process to prevent overfitting
and ensure that it generalizes well to unseen data.

3.5 Model Fine-Tuning and Optimization
Procedures

To improve the six machine learning mod-
els—logistic regression, SVM with a linear kernel,
random forest, CNN, LSTM, and BERT—this study
used special methods designed for each model’s
unique features. For the traditional models (Logistic
Regression, SVM, and Random Forest), we used grid
search to find the best settings. For traditional ma-
chine learning models (logistic regression, SVM, and
random forest), we performed a grid search to identify
optimal hyperparameters. For instance, we tuned the
regularization parameter C for SVM, the number of
estimators and maximum depth for Random Forest,
and the penalty type (L1 or L2) for logistic regres-
sion. For deep learning models (CNN and LSTM),
hyperparameter tuning involved adjusting the num-

ber of layers, the number of units per layer, learn-
ing rates, and dropout rates. We incorporated early
stopping to prevent overfitting by monitoring the val-
idation loss during training. We used the Adam op-
timizer with an initial learning rate of 0.001 and a
batch size of 32. The number of epochs was empiri-
cally set to 20 based on validation performance. For
the transformer-based model (BERT), we used pre-
trained weights from the Hugging Face Transform-
ers library. Fine-tuning was conducted by adjusting
learning rates within a range of 2e-5 to 5e-5, using
batch sizes of 16 or 32, and limiting the number of
epochs to 3-5 to avoid overfitting. We monitored the
validation loss during training to guide early stopping
decisions. Additionally, to ensure consistent and fair
evaluation across all models, we used stratified 10-
fold cross-validation, which maintains class distribu-
tion (positive, neutral, negative) in each fold. This
strategy also supports reproducibility and reduces
performance variability. These specific methods for
fine-tuning and optimizing the model greatly helped
make the model more stable, less likely to overfit, and
better at working across different areas in sentiment
classification tasks.

4. EXPERIMETAL RESULTS
4.1 Evaluation Metrics

In this study, the following evaluation metrics are
utilized: accuracy [27-28], F1 score [27-28], and Area
Under the Curve (AUC) [23].

Accuracy (ACC) [27-28]: Accuracy is the propor-
tion of correctly predicted instances (both true pos-
itives and true negatives) out of the total number
of predictions. While accuracy is often used when
classes are balanced, it can be misleading in cases of
class imbalance. High accuracy (above 90%) is favor-
able if the data is balanced, indicating that the model
is making correct predictions most of the time. How-
ever, in imbalanced datasets, high accuracy may be
deceptive, as it could indicate that the model per-
forms well on the majority class but poorly on the
minority class.

F1 [27-28]: The F1 score is the harmonic mean of
precision and recall, providing a single measure of a
model’s accuracy when both metrics are important.
A high F1 score (e.g., above 0.7) indicates a good bal-
ance between precision and recall, meaning the model
effectively identifies positive instances while minimiz-
ing false positives. Conversely, a low F1 score (e.g.,
below 0.5) suggests that the model struggles with ex-
perimental results for each model based on 10-fold
cross-validation precision, recall, or both, which is
problematic in tasks where false negatives or false
positives are costly.

AUC [29]: AUC is the area under the ROC curve,
which illustrates the balance between the true posi-
tive rate (sensitivity) and the false positive rate. It
evaluates how well a model distinguishes between pos-
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itive and negative classes. An AUC of 1.0 indicates
a perfect model that can accurately distinguish be-
tween positive and negative instances in all cases,
while an AUC of 0.5 reflects random guessing, mean-
ing the model has no ability to differentiate between
the classes. When the AUC is less than 0.5, it sug-
gests the model performs worse than random guess-
ing, indicating poor predictive performance.

4.2 Evaluation of Models’ Performances

Table 2 presents the performance of each multi-
class text classification model, measured by accuracy,
F1 score, and AUC.

Consider the experimental results of the machine
learning models, including LR, SVM with a linear
kernel, and RF, as presented in Table 2. Focusing
on the results of the LR models, the accuracy, which
reflects the overall correctness of the model, remains
relatively consistent across all rounds, fluctuating be-
tween 0.765 and 0.774. While the accuracy is decent,
it does not necessarily account for imbalanced classes,
where certain classes might be predicted more accu-
rately than others. The F1 score considers both preci-
sion and recall, weighted by the number of instances
per class. With values between 0.74 and 0.75, the
result suggests that the model maintains a good bal-
ance between predicting positive, neutral, and nega-
tive reviews. The F1 score is particularly important
for multiclass sentiment analysis because it balances
false positives and false negatives, indicating that the
model does not overly favor one class over another.
The AUC values, ranging from 0.77 to 0.78, indicate
that the model has a fairly strong ability to distin-
guish between the different classes. Higher AUC val-
ues suggest that the model is better at ranking the
correct class higher than incorrect ones. The consis-
tency in the AUC scores shows that logistic regression
can separate the sentiment categories well across the
rounds. Nonetheless, the fourth model appears to be
regarded as the optimal logistic regression model.

Consider the experimental results of the SVM uti-
lizing a linear kernel, as presented in Table 2. The
accuracy, which shows how many predictions were
correct, is between 0.775 and 0.783, suggesting that
the SVM model with a linear kernel makes fairly ac-
curate predictions for all sentiment types (positive,
neutral, Negative).

However, relying solely on accuracy can be mis-
leading, especially with multiclass or imbalanced
datasets, which is why additional metrics are critical
for comprehensive evaluation. The F1 score, rang-
ing from 0.75 to 0.76, balances both precision and
recall while accounting for the number of instances
in each class. The result suggests that the model
effectively predicts all three sentiment classes with-
out disproportionately favoring or neglecting any sin-
gle class. Achieving this balance is particularly im-
portant in sentiment classification, where it is cru-

Table 2: The Ezxperimental Results of Fach Model
based on 10-fold cross Validation.

Models Rounds | ACC F1 AUC
Logistic Regression 1 0.765 | 0.740 0.770
2 0.771 | 0.750 0.780

3 0.768 | 0.740 0.770

4 0.774 | 0.750 0.780

5 0.769 | 0.740 0.770

6 0.773 | 0.750 0.780

7 0.766 | 0.740 0.770

8 0.772 | 0.750 0.780

9 0.770 | 0.740 0.770

10 0.771 | 0.750 0.780

SVM with Linear 1 0.775 | 0.750 0.780
kernel 2 0.780 | 0.760 0.790
3 0.778 | 0.750 0.780

4 0.783 | 0.760 0.790

5 0.779 | 0.750 0.780

6 0.782 | 0.760 0.790

7 0.776 | 0.750 0.780

8 0.781 | 0.760 0.790

9 0.777 | 0.750 0.780

10 0.780 | 0.760 0.790

Random Forest 1 0.823 | 0.810 0.840
2 0.827 | 0.820 0.850

3 0.831 | 0.820 0.850

4 0.823 | 0.820 0.850

5 0.830 | 0.820 0.850

6 0.832 | 0.830 0.860

7 0.826 | 0.810 0.840

8 0.829 | 0.820 0.850

9 0.831 | 0.820 0.850

10 0.830 | 0.820 0.850

CNN 1 0.835 | 0.840 0.855
2 0.840 | 0.845 0.860

3 0.837 | 0.842 0.858

4 0.843 | 0.848 0.862

5 0.838 | 0.843 0.856

6 0.844 | 0.849 0.865

7 0.836 | 0.841 0.857

8 0.839 | 0.844 0.861

9 0.837 | 0.842 0.855

10 0.842 | 0.847 0.863

LSTM 1 0.830 | 0.835 0.850
2 0.835 | 0.840 0.855

3 0.832 | 0.837 0.853

4 0.838 | 0.843 0.857

5 0.831 | 0.836 0.852

6 0.836 | 0.841 0.858

7 0.830 | 0.835 0.854

8 0.834 | 0.839 0.856

9 0.832 | 0.837 0.853

10 0.835 | 0.840 0.855

BERT 1 0.845 | 0.850 0.865
2 0.850 | 0.855 0.870

3 0.848 | 0.853 0.868

4 0.853 | 0.858 0.872

5 0.847 | 0.852 0.866

6 0.854 | 0.859 0.873

7 0.846 | 0.851 0.867

8 0.850 | 0.855 0.870

9 0.849 | 0.854 0.868

10 0.852 | 0.857 0.871

Note: The bold text highlights the best-performing model for each
algorithm.
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cial for the model to perform well across all classes
rather than skewing toward a more frequent class.
The AUC values, ranging from 0.78 to 0.79, further
illustrate the model’s strong ability to differentiate
between correct and incorrect classifications. Rather
than random guessing, the SVM model establishes a
clear decision boundary that effectively separates the
sentiment classes. The consistently high AUC val-
ues underscore the model’s capacity to handle imbal-
anced data and accurately distinguish between posi-
tive, neutral, and negative sentiments. Nonetheless,
the fourth model appears to be regarded as the opti-
mal SVM model utilizing a linear kernel.

Consider the experimental results of the RF model
presented in Table 2. The accuracy of the Ran-
dom Forest model is consistently high, ranging from
0.827 to 0.832, indicating that it correctly predicts
the majority of reviews across all three sentiment
classes (positive, neutral, and negative). This consis-
tent performance across different folds and rounds is
a strong testament to the model’s robustness. The
F1 score, ranging from 0.81 to 0.83, highlights a
well-maintained balance between precision and recall
across all classes. This is particularly significant in
multiclass sentiment classification, as it reflects the
model’s ability to handle each class effectively, ac-
counting for both false positives and false negatives.
The consistently high F1 score throughout all rounds
demonstrates the model’s ability to generalize well
without favoring any single class disproportionately.
Additionally, the AUC values, ranging from 0.84 to
0.86, indicate that the Random Forest model effec-
tively distinguishes between sentiment classes. High
AUC scores suggest that the model is adept at rank-
ing the correct class higher than incorrect ones, even
when there is some overlap between classes. This fea-
ture makes random forest a highly suitable choice for
sentiment classification tasks where precise class dif-
ferentiation is essential. Nonetheless, the sixth model
is regarded as the optimal random forest model.

The RF model is the most reliable and efficient op-
tion for this study due to its superior accuracy, bal-
anced performance, capacity to differentiate across
classes, and robustness to overfitting. Proper man-
agement of high-dimensional text data, along with
suitable feature selection methods, enhances its ap-
propriateness for this multiclass sentiment classifica-
tion problem. These combined strengths make Ran-
dom Forest the most reliable model for obtaining con-
sistent and interpreted outcomes in this study. There-
fore, the combination of TF-IDF and PCA is highly
beneficial for this experiment. TF-IDF ensures that
the most relevant terms are emphasized in the clas-
sification process, while PCA reduces dimensionality
and enhances the model’s efficiency. Together, these
methods help the Random Forest model perform well
in classifying different sentiments, resulting in high
accuracy, F1 score, and AUC values. Without these

preprocessing steps, the model’s performance would
likely degrade due to irrelevant features and compu-
tational inefficiencies.

With a focus on CNN, LSTM, and BERT, the find-
ings are as follows. The CNN model consistently
demonstrated strong performance, achieving accu-
racy scores between 0.835 and 0.844, F1 scores from
0.840 to 0.849, and AUC values ranging from 0.855
to 0.865. CNNs are particularly effective at capturing
local patterns in data, which is essential for text clas-
sification tasks, especially when utilizing word em-
beddings like Word2Vec. The CNN structure, which
has convolutional and pooling layers, effectively pulls
out important features from the text, allowing the
model to work well with positive, neutral, and nega-
tive sentiment categories.

In comparison, the LSTM model exhibited slightly
lower performance, with accuracy scores ranging from
0.830 to 0.838, F1 scores between 0.835 and 0.843,
and AUC values from 0.850 to 0.858. LSTMs ex-
cel at capturing long-range dependencies within se-
quential data, making them well-suited for sentiment
analysis. However, their design focuses more on the
order of data rather than the arrangement of features,
which might make them less effective than CNNs at
picking up nearby details. These results indicate that
while LSTMs can understand the timing of reviews
well, they might struggle in situations where quick,
nearby context is important for correctly identifying
sentiment.

On the other hand, the BERT model outperformed
both CNN and LSTM, achieving accuracy scores be-
tween 0.845 and 0.854, F'1 scores from 0.850 to 0.859,
and AUC values ranging from 0.865 to 0.873. BERT’s
transformer-based architecture uses attention mech-
anisms to capture contextual relationships between
words in a sentence. This capability allows BERT
to interpret nuanced sentiments in product reviews,
making it particularly effective for complex and var-
ied text inputs across different categories. Further-
more, BERT’s pre-training on a large and diverse
corpus enhances its adaptability to new domains and
tasks, giving it a significant performance advantage
over the other models.

When comparing feature extraction techniques,
CNNs leverage convolutional operations to effectively
capture local features, making them particularly ben-
eficial for shorter text inputs like reviews. In contrast,
LSTMs are designed to manage long dependencies
and sequential information, which is advantageous
but may not always yield the best results for classify-
ing fixed-length texts. Meanwhile, BERT’s attention
mechanism considers the entire context of a sentence,
leading to superior performance in sentiment classifi-
cation, especially in cases where word meanings shift
depending on context.

In terms of generalization and domain adapta-
tion, both CNN and LSTM models require careful
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hyperparameter tuning to perform well across dif-
ferent domains. BERT, however, benefits from its
pre-training, which provides a strong foundation for
adapting to various tasks with minimal additional
training. The performance results from this study
indicate that BERT’s architecture is inherently more
effective at handling domain adaptation, as reflected
by its consistently higher scores in accuracy, F1, and
AUC metrics.

While BERT models typically require more com-
putational resources and longer training times due
to their complexity, CNNs offer faster training times
and a simpler architecture, making them appealing
for applications with limited computational capac-
ity. Thus, the choice of model should account for the
specific requirements of the application, such as the
need for computational efficiency, the importance of
contextual understanding, and the extent of domain
adaptation required.

In summary, this comparison shows that BERT
outperformed all other models, reaching the best ac-
curacy (average 0.85) and AUC (about 0.87) because
of its attention mechanism and pre-training, which
help it better adapt to different topics and under-
stand context. CNN and LSTM also performed well,
with CNN being particularly good at identifying spe-
cific text patterns, achieving an accuracy close to
0.84, while LSTM did similarly by effectively recog-
nizing sequences. CNN and LSTM also performed
well, with CNN being particularly good at identify-
ing specific text patterns, reaching an accuracy close
to 0.84, while LSTM did similarly by effectively un-
derstanding the order of words. Random Forest (RF)
delivered reliable results, with an accuracy around
0.83, showing effectiveness with feature-rich text but
less adaptability across domains. SVM with a linear
kernel did better than logistic regression (LR), achiev-
ing an average accuracy of about 0.78, which shows
it works well with data that can be separated in a
straight line but doesn’t adapt well to different areas.
Overall, BERT’s architecture positions it as the most
suitable model for complex, cross-domain sentiment
analysis, while CNN and LSTM are strong contenders
for shorter, domain-specific text classifications.

4.3 Evaluation of Models’ Performances with
Other Datasets

This section evaluates the optimal models of each
algorithm using several product review datasets per-
taining to books, beauty & personal care, and auto-
motive. The results are presented in Table 3.

The evaluation results from the Books, Beauty
& Personal Care, and Automotive datasets show
clear differences in how well the models—Logistic
Regression (LR), Support Vector Machine (SVM)
with a linear kernel, Random Forest (RF), Convo-
lutional Neural Network (CNN), Long Short-Term
Memory (LSTM), and BERT—perform, pointing out

the strengths and weaknesses of each model in adapt-
ing to different areas for multiclass sentiment classi-
fication.

Table 3: The Experimental Results of Fach Model
ith Other Dataset.

. Average | Average | Average
Models Datasets ACC F1 AUC
Logistic Books 0.60 0.58 0.65
Regression Beauty & 0.58 0.55 0.62
Personal Care
Automotive 0.62 0.60 0.65
SVM with Books 0.63 0.60 0.68
linear kernel Beauty & 0.60 0.58 0.65
Personal Care
Automotive 0.65 0.62 0.68
Random Forest | Books 0.70 0.68 0.75
Beauty & 0.67 0.63 0.70
Personal Care
Automotive 0.72 0.68 0.75
CNN Books 0.75 0.74 0.78
Beauty & 0.72 0.70 0.75
Personal Care
Automotive 0.76 0.74 0.79
LSTM Books 0.72 0.71 0.74
Beauty & 0.70 0.68 0.72
Personal Care
Automotive 0.73 0.72 0.75
BERT Books 0.83 0.81 0.85
Beauty & 0.80 0.79 0.83
Personal Care
Automotive 0.83 0.82 0.86

LR demonstrates relatively low performance, with
limited accuracy, F1, and AUC scores across all
datasets. This outcome reflects its simplistic linear
approach, which is inadequate for capturing the com-
plex patterns and dependencies inherent in textual
data. Consequently, LR struggles with the nuances
of sentiment that vary by domain, rendering it less
effective for datasets characterized by subjective ex-
pressions, such as Beauty & Personal Care.

The SVM with a linear kernel demonstrates
slightly improved performance over logistic regres-
sion, benefiting from its margin-maximizing capa-
bilities, which handle linearly separable data more
effectively. However, similar to logistic regression,
SVM’s adaptability is limited by its linear kernel, re-
stricting its ability to generalize across the non-linear
and context-dependent features inherent in sentiment
data, particularly when applied to different product
categories.

RF demonstrates a notable improvement, achiev-
ing higher accuracy, F1, and AUC scores across all
datasets. Its ensemble approach enables it to cap-
ture more complex patterns, particularly in feature-
rich datasets such as automotive, where domain-
specific terminology and vocabulary are often more
predictable. However, Random Forest cannot recog-
nize the order of words in text, making it less suitable
for understanding detailed feelings based on context
compared to deep learning models.

CNN does a great job with all datasets because it
can identify local patterns and relationships, leading
to high accuracy and AUC scores, especially in the



346 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.2 April 2025

Automotive dataset where these patterns are clear.
CNN'’s convolutional layers effectively extract spatial
features, making it well-suited for shorter or semi-
structured texts. However, CNN’s architecture may
not fully capture long-range dependencies, which lim-
its its adaptability in datasets such as Beauty & Per-
sonal Care, where context and nuanced sentiment
play a crucial role.

The performance of LSTM is comparable to that
of CNN, albeit with a slight decrease in scores.
LSTM’s strength lies in processing sequential infor-
mation, enabling it to capture dependencies over
longer spans within sentences—an asset in sentiment
analysis where word order is significant. However,
LSTM may not perform as well as CNN because
the datasets are fixed-length, which doesn’t take full
advantage of LSTM’s ability to handle sequences.
Furthermore, its reliance on sequential processing
can slow training and reduce adaptability for short,
domain-specific phrases.

BERT stands out as the top-performing model,
achieving the highest accuracy, F1, and AUC scores
across all domains. Its transformer-based architec-
ture, which incorporates attention mechanisms, en-
ables it to capture complex contextual relationships
between words within each sentence. This capability
allows BERT to adapt effectively to domain-specific
expressions through pre-training on large corpora and
fine-tuning for specific sentiment contexts. The con-
sistently high performance across all datasets un-
derscores BERT’s exceptional generalization capacity
and its ability to accurately discern sentiment across
diverse product categories.

In conclusion, BERT’s performance highlights its
capability to manage complex, cross-domain senti-
ment classification with a high degree of adaptabil-
ity and contextual understanding. Conversely, the
non-linear and context-rich characteristics of sen-
timent data constrain simpler models like logistic
regression and SVM. Random Forest, CNN, and
LSTM demonstrate moderate performance, each with
unique strengths, yet they lack BERT’s capacity to
generalize effectively across diverse domains.

5. CONCLUSION

This study closely compares different machine
learning models for adapting to different categories
in multiclass sentiment classification, looking at how
well logistic regression, support vector machine with
a linear kernel, random forest, convolutional neural
network, long short-term memory, and BERT per-
form on various datasets for different product types.
The findings reveal that BERT consistently outper-
forms other models, achieving the highest scores in
accuracy, F1, and AUC. This superior performance
is largely attributed to BERT’s transformer-based ar-
chitecture, which incorporates attention mechanisms
that enable it to capture nuanced, context-rich re-

lationships between words. Such capabilities make
BERT highly adaptable across domains, as it effec-
tively generalizes and transfers knowledge from one
domain to another, even when significant linguistic
and contextual differences exist.

CNN and LSTM both perform well, with CNN be-
ing great at identifying specific patterns using its con-
volutional layers and doing well with datasets that
have semi-structured or short texts. LSTM does well
too, using its ability to process sequences to under-
stand long-range connections, which is helpful when
the order of words affects sentiment. LSTM works
well too, using its ability to process information in
order to understand connections between words that
are far apart, which is helpful when the order of words
really matters for understanding feelings. However,
traditional models like logistic regression and SVM
are not very adaptable because they depend on simple
relationships and do not consider the context, high-
lighting the difficulties these models encounter in clas-
sifying feelings across different areas. Random Forest
offers reliable yet moderate performance, particularly
when working with feature-rich data, but it lacks the
flexibility required for complex cross-domain tasks.

The significance of this study lies in its contribu-
tion to the understanding of how machine learning
and deep learning models adapt to domain-specific
sentiment analysis tasks. By carefully comparing
these models in different areas, this research shows
how BERT’s design is better for dealing with com-
plicated sentiment data that depends on context and
emphasizes the need to choose models that fit specific
application needs. These findings can help businesses
and researchers pick the right algorithms by consid-
ering things like how fast they run, how flexible they
are, and how well they understand language details,
which will improve the accuracy of sentiment analysis
in real-life situations.

This study gives useful information about choosing
models and adapting them for sentiment classifica-
tion, but more research is needed to look into hybrid
or ensemble models that can mix the best parts of
different algorithms for better results. Also, looking
into other transformer-based models like GPT or T5
could give us more understanding of how to adapt
models for different sentiment tasks. Future research
might look into methods like adversarial training or
transfer learning to improve how well models work in
different and complicated areas. Finally, looking into
lighter transformer models, like DistilBERT or AL-
BERT, could be a good way to create effective senti-
ment analysis systems that work well even in places
with less computing power. By following these ap-
proaches, future research can build on this study’s
results, improving the area of domain-adaptive senti-
ment classification and allowing for more flexible and
scalable solutions for various uses.

Moreover, future research could explore the inte-
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gration of BERT with other deep learning architec-
tures, such as CNN and LSTM, to develop hybrid
models. Prior studies suggest that combining BERT’s
contextual embeddings with CNN’s local pattern ex-
traction or LSTM’s sequential modeling capabilities
can lead to improved sentiment classification perfor-
mance. This study used the basic BERT model to
keep things clear and make fair comparisons between
different models, but looking into these combined
methods might provide better results, especially in
areas with complicated language or subtle feelings.
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