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Sentiment analysis (SA) plays a critical role in various domains, providing valu-
able insights into public opinion regarding brands, products, and events. By
leveraging this method, companies can enhance customer satisfaction through
informed adjustments to their products. This study aims to implement sen-
timent analysis on user comments from online sales platforms. We propose
and evaluate four machine learning (ML) algorithms alongside a deep learning
(DL) model. Moreover, our dataset contains noise data that is unsuitable for
classification, which negatively impacts performance. To address this issue, fea-
ture selection methods are employed to facilitate the algorithms in identifying
meaningful patterns more effectively, thereby reducing computational time by
focusing on the most contributive features within the dataset. In this context,
we apply the binary variant of the Sailfish Optimization Algorithm (SOA),
referred to as the Binary Sailfish Optimizer (BSO), as a feature selection tech-
nique tailored for our textual dataset, marking its inaugural application in
sentiment analysis. To assess the effectiveness of the BSO, we conduct com-
parative analyses against four other optimization algorithms: Harmony Search
(HS), Bat Algorithm (BA), Atom Search Optimization (ASO), and Whale Op-
timization algorithm (WOA). Our findings indicate that the BSO outperforms
the existing algorithms, achieving an F-score of 0.91 while utilizing nearly half
of the available features.
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1. Introduction

Since there are many products in the market,
it is difficult for the customers to choose a de-
sired product. Likewise, a situation similar to
the market environment is observed in the Web
environment. With the increasing product and
comment data on websites, it is getting harder
for customers to find the products they prefer on
e-commerce sites. Customers make the decision
they want by focusing on the comments found on
the web. With the popularity of social networks in
recent years, reviews and comments on products
can be seen on social networking sites.1 However,

there is also the possibility that the expansion of
data in the future will be uncontrollable due to
these social networking sites.2,3 The ability for
anyone to comment on products at any time has
led to a tremendous and continuous increase in
online data and information. Therefore, it has
become quite difficult to extract relevant infor-
mation from the Internet accurately. With Sen-
timent Analysis (SA), which is among the main
topics of natural language processing (NLP), not
only manufacturers but also customers will be
able to analyze positive and negative comments
about each product. By using SA, the mood or
behavior of the person who criticizes or comments
can be determined as positive or negative.4
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Two degrees of SA are possible.5 The first anal-
ysis method is called fine-grained analysis. Fine-
grained analysis use rule-based, dictionary-based
and machine learning (ML) approaches to de-
scribe sub-sentence-level properties such as words,
sentences and clauses.6,7 The second analysis is
coarse-grained analysis. Coarse-grained method
indicates polarity at level of sentence. Shi et
al.8 and Zeng et al.9 discovered that user com-
ments’ fine-grained SA can help suggestions be-
come more accurate. Zeng et al.10 analyzed sen-
timents of the reviewers’ comments in order to
make a product recommendation. Combining SA
of reviews can significantly reduce user-item rat-
ing data’ sparsity, by that enhancing the recom-
mendation system’s accuracy.11 As a result, sev-
eral studies indicate that deriving complete and
precise user choices from SA’s sing-grained level
is challenging.12

Feature selection is the process of selecting and
finding the most useful features in the data set.
This process greatly affects the performance of
the ML models. Because of the complexity of ex-
plaining and interpreting a model with too many
and unimportant variables, it will be necessary to
transform the model into an easier-to-understand
format with variable selection. At the same time,
increasing the training time of the model can be
prevented in this way, because with the decrease
of the variables, the computation cost will also de-
crease, and the preparation time of the model will
also be shortened.13 With the selection of vari-
ables, it is aimed to prevent the overfitting that
may occur in the model with feature selection. In
the case of overfitting, it may cause the model
success to be high in the training dataset and low
in the test dataset. Even if the records in the
test dataset are not similar to the records in the
training dataset, the error rate in the model will
be high.

Initially, we collected product reviews from se-
lected online platforms. Subsequently, we ap-
plied established preprocessing methods suitable
for text datasets to the collected data. Following
this, we conducted feature selection methods on
the dataset to identify the words that best differ-
entiate the classes in SA. A significant contribu-
tion of this study to the literature is the applica-
tion of the Binary Sailfish Optimizer (BSO) as a
feature selector for the first time in the context
of SA. We then compared the performance of the
BSO with other optimization algorithms, specifi-
cally Harmony Search (HS), Bat Algorithm (BA),
Atom Search Optimization (ASO), and Whale

Optimization algorithm (WOA), which have pre-
viously been utilized as feature selectors in text
mining and SA. Ultimately, our findings demon-
strate that the BSO is more effective for SA, as
it outperformed existing methods and enhanced
classification accuracy.

To summarize the contributions of this study to
the literature, we present the following points:

• User comments were collected from n11
and Trendyol, which are prominent online
sales platforms in Turkey, for the purpose
of conducting SA.

• All combinations of preprocessing tech-
niques utilized in text mining were sys-
tematically evaluated.

• Alongside four ML algorithms, we pro-
posed and tested one deep learning (DL)
model.

• The BSO algorithm was applied to the
collected dataset and utilized as a feature
selector in SA for the first time, with its
performance compared against HS, BA,
ASO, and WOA.

• The results indicate that preprocessing
methods can lead to performance degra-
dation in certain instances, highlighting
that the Multinomial Naive Bayes algo-
rithm outperformed both the ML and DL
models.

• Despite operating with a larger feature
set compared to other optimization algo-
rithms, the BSO algorithm demonstrates
superior performance by achieving a re-
markable F-score of 0.91. This success is
attributed to its ability to balance feature
size and model accuracy effectively, utiliz-
ing nearly half of the total available fea-
tures.

This paper is organized as follows: Section 2 pro-
vides an overview of relevant literature pertaining
to the proposed technique. The proposed study,
along with the materials and methods employed,
is detailed in Section 3. Section 4 presents the
experimental results and a discussion of the find-
ings. Finally, Section 5 concludes the paper and
outlines the implications of the study.

2. Literature review

In this section, studies on SA will be examined
under two headings: SA based on user-item rat-
ings and user reviews.
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2.1. SA based on user-item ratings

The goal of the classic recommendation algo-
rithms, which rely solely on user scores, is to dis-
cover user choices and propose information.32,33

Based on user-item ratings, both memory-based
and model-based techniques are frequently imple-
mented to common filtering. There are 2 filter-
ing techniques adopted in the memory-based ap-
proach: item filtering and item-item filtering. In
the first method a specific user is retrieved, and
similar users are found based on their ratings,
whereas in the latter one users that like a certain
item are identified and based on this other items
that similar users like are found. An item-based
collaborative filtering algorithm was created for
customers’ preferences on Amazon, which pro-
duces enormous revenue for Amazon by Linden
et al.34

In the study of Sharma and Dutta,35 a novel ap-
proach named as ”SentiDraw” was proposed. In
this new approach, Sentiment Orientation scores
were calculated using star ratings and the proba-
bility distribution of terms in comments with sev-
eral star ratings. The results showed that lexicons
built with SentiDraw technique has a great per-
formance. According to the accuracy score, the
success rate ranges from 78.0% to 81.6%. Further-
more, in the study of Sharma and Dutta,35 a hy-
brid approach, in which SentiDraw was used with
supervised methods to provide the most advanced
performance, was also recommended to determine
reviews’ polarity.

2.2. SA based on user reviews

In this section, studies on SA will be examined un-
der three headings: SA based on ML, SA based on
DL, and SA based on nature inspired algorithms.

2.2.1. SA based on ML

In the study of Murugan and Devi,36 data stream-
ing of Twitter based on SA was classified us-
ing hybridization methods. Three algorithms in-
cluding the Decision Tree (DT), Particle Swarm
Optimization (PSO), and the Genetic Algorithm
(GA) were used for SA’s classification. Therefore,
six hundred twitter data were collected with the
aid of feature generation and URL-based security
tool. A hybrid of PSO, GA and DT algorithms
was used to classify the sentiments for analysis.

The results indicated that for the sentiment clas-
sification as positive, negative and neutral classes,
the accuracy rate was over 90%.

Rummeli et al.37 developed SA model using
lexicon-based methods and ML algorithms for
Turkish texts. The dataset, which includes
272.218 examples including the user review, score
and product’s web page address, was created us-
ing the Hepsiburada38 e-commerce website. The
SentiTurkNet dictionary39 and Zemberek tool40

were used in the data preprocessing stages. The
Cross-Verification (CV) method was used to eval-
uate 4 different ML algorithms including KNN,
NB, RF, and SVM algorithms by taking into ac-
count the accuracy, AUC value, F-score, and to-
tal running time. According to the results, all
models’ average accuracy were around 0.73 and
all models are able to obtain emotion descriptions
of new Turkish texts.

In the study of Zhao et al.,41 the proposed Lo-
cal Search Improvised Bat Algorithm based El-
man Neural Network (LSIBA-ENN) algorithm to
find polarity of online product criticisms was ap-
plied to App and Movie & TV datasets collected
from Amazon. The proposed LSIBA-ENN’s per-
formance was compared with SVM, NB, and ENN
algorithms using performance evaluation metrics
which are precision, recall, F-score, and accuracy.
Focusing on TW methods such as Word 2vector,
Term Frequency, Term Frequency-Inverse Docu-
ment Frequency, Term Frequency-Distinguishing
Feature Selector as well as Log Term Frequency-
based Modified Inverse Class Frequency abbre-
viated as LTFMICF, these methods’ mentioned
metrics’ results were examined. According to
the results, LSIBA-ENN achieved highest per-
formance level for both datasets. When using
LTFMICF, LSIBA-ENN gave 92.01% value as ac-
curacy on the App dataset, while the accuracy
of LSIBA-ENN was 93.91% on the Movie and
TV dataset. Thus, the study has confirmed that
LSIBA-ENN is effective ML to execute SA of
product data with precise results.

Demircan et al.42 proposed new models using ML
methods which are DT, KNN, Logistic Regres-
sion (LR), RF, and SVM to predict emotions ex-
pressed through Turkish texts in social media.
More than 250.000 reviews of different products
from the hepsiburada.com website, which are di-
vided into 3 classes as positive, negative and neu-
tral, and review scores are turned into a table to
be used in ML-based SA models. According to the
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results, the SVM-based and RF-based SA mod-
els outperformed the others which are DT-based,
KNN-based, and LR-based models by consider-
ing F-score. For negative reviews, SVM-based
and RF-based SA algorithms were computed as
0.87 and 0.80 in terms of F-score, respectively.
For neutral reviews, SVM-based and RF-based
SA algorithms were computed as 0.77 and 0.64
in terms of F-score, respectively. For positive re-
views, SVM-based and RF-based SA algorithms
were calculated as 0.94 and 0.90 in terms of F-
score, respectively.

2.2.2. SA based on DL

The Attention-Centred Bidirectional CNN-RNN
Deep Model (ABCDM) model, which removes
both past and future contexts, using 2 indepen-
dent bidirectional LSTM together with GRU lay-
ers was created to perform SA of product re-
views on Twitter in the study of Basiri et al.43

The proposed ABCDM model was studied on five
reviews and three Twitter datasets in order to
recognize sentiment polarity. According to the
results, despite focusing only on document-level
sentence analysis, ABCDM, which aims to obtain
both long reviews, accomplished its purpose by
using short tweet polarity classification.

In the study of Li et al.,44 DL-based SA algo-
rithms called lexicon integrated 2-channel Convo-
lutional Neural Network–Long Short Term Mem-
ory family models were developed. To formu-
late sample data entered, the sentiment padding
methodology was used. This method was also
used to develop the sentiment information’s pro-
portion in every review and was formulated Sen-
timent Analysis’ premium lexicon components.

In the study of Bilen and Horasan,45 the Long-
Short TermMemory Network and different ML al-
gorithms were used on the Turkish Customer Re-
views dataset which includes 8.500 customer re-
views collected from various electronic stores and
Stanford Large Movie Reviews (IMDB) dataset
which contains 50.000 movie reviews (25.000 posi-
tives and 25.000 negatives). Also, Zemberek NLP
Library for Turkish Language and Regular Ex-
pression models were used for the preprocessing
phase. The proposed model outperformed the
other ML models both on the Turkish dataset and
IMDB dataset as 90.59% and 89.02% in terms of
accuracy.

Cai et. al.46 proposed a recommendation model
based on DL (i.e., DeepCGSR) which uses users’
comment sets and items as a collection to do
cross-grained SA that consubstantiates textual
critique sentiments and rating matrix. This
method was used on the e-commerce datasets
from Amazon. According to the results of
the experiments, DeepCGSR model outperformed
LFM47 by 14.113%, SVD++48 by 13.786%,
TOPICMF49 by 9.92%, DeepCoNN50 by 5.122%
and NARRE51 by 2.765%.

2.2.3. SA based on nature inspired algorithms

There are not many studies where nature-inspired
languages are used as feature selectors in SA. For
this reason, since this study is thought to add
innovation and richness to the literature, similar
studies are presented in this section.

Sumathi et al.52 proposed to use Artificial Bee
Colony (ABC) as feature selector to classify opin-
ion classification on Internet Movie Database
(IMDb). Näıve Bayes (NB), Fuzzy Unordered
Rule Induction Algorithm (FURIA) and Rip-
ple Down Rule Learner (RIDOR) are used as
classifiers with ABC. Experimental results show
that ABC-RIDOR provides the best result with
93.75% accuracy.

In the study Wahyudi and Kristiyanti,53 SVM
Algorithm-Based Particle Swarm Optimization
(PSO) was used for SA of smartphone product
review from the web site www.gsmarena.com. Ac-
cording to the experimental results, an increasing
was obtained in accuracy with SVM-based PSO
as from 82.00% to 94.50%.

Yuvaraj and Sabari54 applied the Binary Shuf-
fled Frog algorithm (BSFA) as a feature selec-
tor in sentiment analysis on the Twitter dataset
provided by Stanford University. Radial Basis
Function (RBF), k-NN, NB and Logistic Model
Tree (LMT) were used as classifiers. The results
showed that the BSFA-RBF model outperformed
others based on accuracy score.

In the study of Naz et al.,55 for classification
of sentiments using ensemble-based classifiers, to
solve the feature subset selection problem, a hy-
brid strategy of minimum redundancy and max-
imum relevance (mRMR) and Forest Optimiza-
tion Algorithm (FOA)-based feature selection was
proposed. This study employed to the Blitzer
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dataset, which contains Amazon reviews of elec-
tronic devices, and k-NN, NB, and SVM were im-
plemented for sentiment classification. Accord-
ing to the results, when using the FOA-mRMR
feature subset selection method, this dataset’s
sentiment classification accuracy has improved
15–20%, reaching to 95%.

Mustopa et al.56 used a NB and SVM with PSO
to analyze the user reviews of the PeduliLindungi
application based on reviews of user comments.
PSO –based SVM has higher accuracy as 93%
than PSO-based NB as 69%. In this study of
Yıldırım et al.,57 a sunflower optimization algo-
rithm, which is one of the new and successful
plant intelligence-based algorithms, was used to
analyze sentiments including customer feedback
and satisfaction information. According to the
experiments, the proposed sunflower optimization
method provided high performance.

Some other studies in which optimization algo-
rithms are used in SA are as follows.58,59

Finally, when the aforementioned studies are ex-
amined, we see that the Sailfish Optimization Al-
gorithm (SOA) is not used in SA as a feature se-
lector. For this reason, in order to bring a novelty
to the literature, BSO is applied as a feature se-
lector and SA is performed.

3. Material and methods

The fundamental objective of this study is to clas-
sify user reviews employing ML and DL method-
ologies, while utilizing the BSO as a feature selec-
tion technique within the context of SA. In this
section, we delineate the dataset utilized, the pre-
processing methods applied, the structure of the
proposed models, and the evaluation metrics em-
ployed to assess model performance.

3.1. Datasets

The dataset utilized in this study comprises a to-
tal of 20000 user comments. Specifically, we gath-
ered 2000 comments from Trendyol,60 a widely
recognized online sales platform in Turkey. Sub-
sequently, these comments were combined with
an additional 18000 comments obtained from
n11,61 as part of the dataset provided by Fırat
University,62 Turkey. This comprehensive dataset
facilitates a robust analysis of user sentiment in
the context of online reviews. User comments

were collected during the period from December
5, 2020, to January 5, 2021. This timeframe
was selected due to the observed increase in on-
line sales attributed to the COVID-19 pandemic
globally.63,64 By focusing on this specific period,
we aimed to capture and analyze user sentiments
in response to the evolving market conditions.
The dataset consists of an equal distribution of
10000 positive and 10000 negative comments, col-
lected from user reviews in the categories of elec-
tronics, market products, and footwear.

Each comment ci in the dataset is associated with
a rating ri where 1 ≤ ri ≤ 5. Comments are clas-
sified into two categories based on their ratings: if
ri > 2, then the class label li is assigned as ”pos-
itive”; otherwise, li is designated as ”negative.”
Consequently, the dataset D can be represented
as D = {{c1, l1}, . . . , {cn, ln}}, where n denotes
the total number of comments in D.

3.2. Preprocessing

In this section, we outline the preprocessing meth-
ods recommended for text mining that were em-
ployed in this study. A crucial aspect of data
mining is the representation of the dataset.65

Data collected from real-world applications may
contain noise that impedes algorithms from con-
structing accurate models and identifying exist-
ing patterns. Noisy data not only diminishes the
effectiveness of algorithms but also increases com-
putation times.66,67 This challenge can further
complicate the classification process within the
realm of text mining.

Within each document, there may be words,
emojis, and other elements that are repeti-
tive and do not contribute meaningful content.
Consequently, we focused exclusively on the
words that effectively distinguish between the two
classes—positive and negative comments—in this
study. To achieve this, preprocessing techniques
are applied to the text dataset prior to the clas-
sification process.68 This step ensures that only
relevant features are retained, thereby enhancing
the quality of the classification.

In this study, all possible combinations of prepro-
cessing methods have been systematically eval-
uated. The conversion to lowercase can be ei-
ther activated (On) or deactivated (Off), indi-
cating that specific words or characters may be
transformed to lowercase while others retain their
original format. Punctuation removal is similarly
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binary; it can be either enabled or disabled, re-
sulting in the removal or retention of alphanu-
meric characters, numbers, punctuation marks,
and emoticons. Stemming also follows this binary
framework, where words are either converted to
their root forms or preserved in their initial forms.
Lastly, stopwords removal is applied in a binary
manner, allowing for the elimination or retention
of stopwords within the text. Consequently, a to-
tal of sixteen distinct preprocessing combinations,
represented by binary codes, are outlined in Ta-
ble 1. This study aims to assess the impact of
these preprocessing techniques on both the per-
formance of SA classification and the execution
times of the algorithms.

3.2.1. Tokenization

This method allows the terms in the file to be
separated as tokens and processed individually.69

Using the terms separated individually, their fre-
quencies and weights in the data set can be cal-
culated.

3.2.2. Stopwords removing

Stopword removal is the process of eliminating
terms that do not contribute meaningful content
to the document and are characterized by their
frequent occurrence across nearly all documents.
This technique is employed to reduce the search
space and enhance the efficiency of subsequent
analyses.70 Many techniques have been developed
for automatic identification and deletion of these
redundant words in documents, such as the Clas-
sical method, the Zipf Law method, and Term-
Based Random Sampling (TBRS),71 etc. In this
study, we use the stopwords list prepared by the
Natural Language Toolkit,72 which is written for
text mining in Python programming language and
is open source.

3.2.3. Punctuation removing

For making the texts clear and reducing the
search space, the punctuation marks are deleted
from the text that do not make sense to the text.

3.2.4. Stemming

Terms are used in sentences in different ways de-
pending on the meaning they attach to the sen-
tence, and this is usually in two ways: by suffix-
ing or by derivation. More than one word with

the same root can be found in the same sen-
tence/document. The large dataset makes it more
difficult for ML algorithms to capture dataset
meanings and patterns (like noise data). For this
reason, we prefer to apply stemming as prepro-
cess. The purpose of stemming is to condense
a word’s inflectional and sometimes derivation-
ally related forms to a single base form73 Previ-
ously, many different stemming algorithms such
as Lovins Stemmer,74 Porters Stemmer,75 and
Krovetz Stemmer76 were developed and applied
in the literature as preprocessing for text data.
In this study, we use the open source Zemberek
library40 developed for Turkish words. As a re-
sult, it is aimed to decrease the search space by
reducing words from the same root, thus saving
time and memory space.

3.3. The Structure of the proposed model

In this section, we present a comprehensive defi-
nition of the proposed methodology.

Initially, we developed a web crawler using the
Python programming language to gather user
comments from online sales platforms, specifically
Trendyol. This crawler facilitated the collection of
comments associated with various products listed
on these platforms. Subsequently, we integrated
the data obtained from Trendyol with previously
collected and publicly available data from n11.
Detailed information regarding the dataset is pre-
sented in Section 3.1. Following this, the collected
and labeled comments are processed to prepare
them for the preprocessing stage, during which
the methods outlined in Section 3.2 are applied
to each comment for data cleansing.

Subsequently, we conducted two distinct scenarios
on the cleaned data: SA utilizing ML algorithms
and SA employing the DL model outlined in Sec-
tion 4.1. A vocabulary V ∈ {ft, f(t+1), . . . , f(t+n)}
is constructed from each unique word t that ap-
pears in the cleaned comments, where ft denotes
the frequency of occurrences of word t and n rep-
resents the total number of unique words. The
vocabulary V is then sorted in descending order
based on the frequencies ft.

In the scenario involving ML algorithms, each
comment c is represented as a fixed-length k vec-
tor Wc = {R}k, where k corresponds to the top-k
words in the vocabulary V . The value of each
word W t

c in the vector Wc is computed by mul-
tiplying the Term Frequency (TF) by the Inverse
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Table 1. Coding of preprocessing methods

Scenario
Number

Code
Lowercase Conversion Off (0)/
Lowercase Conversion On (1)

Punctuation Removal Off (0)/
Punctuation Removal On (1)

Stemming Off (0) /
Stemming On (1)

Stopwords Removal Off (0) /
Stopwords Removal On (1)

1 0000 0 0 0 0
2 0001 0 0 0 1
3 0010 0 0 1 0
4 0011 0 0 1 1
5 0100 0 1 0 0
6 0101 0 1 0 1
7 0110 0 1 1 0
8 0111 0 1 1 1
9 1000 1 0 0 0
10 1001 1 0 0 1
11 1010 1 0 1 0
12 1011 1 0 1 1
13 1100 1 1 0 0
14 1101 1 1 0 1
15 1110 1 1 1 0
16 1111 1 1 1 1

Figure 1. The structure of the proposed model

Document Frequency (IDF) of the term t. An ex-
planation of the TF and IDF values can be found
in Section 3.3.1. The rationale for selecting only
k words is that not all words in V are suitable for
classification, and some may have very low fre-
quencies. The results of the experimental scenar-
ios conducted to determine the optimal number
of k words are presented in Section 4.2.1. Finally,
the comments converted into TF-IDF vectors are
divided into training and testing datasets and are

subsequently processed by the ML algorithms for
SA.

In the scenario involving the DL model, each com-
ment c is represented as a fixed-length k vector
Wc = {Z+}k, where k corresponds to the top-k
words in the vocabulary V . In this context, the
value of each word W t

c is defined by its position
in the vocabulary V . The optimal k value for this
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scenario is determined in Section 4.2.3. The vec-
torized comments are then evaluated for SA using
the DL model. Following this stage, we assess the
performance of both the ML and DL models ac-
cording to the specified evaluation metrics. The
classification results obtained from the ML and
DL algorithms are presented in Section 4.2.3.

Finally, after determining the optimal k value,
as well as the algorithms and preprocessing tech-
niques that yield the best results, the last experi-
mental scenario of this study is conducted. In this
scenario, the BSO is applied as a feature selection
method in SA using the established metrics. In
addition to BSO, Harmony Search (HS), Bat Al-
gorithm (BA), Atom Search Optimization (ASO),
and Whale Optimization algorithm (WOA) are
also employed with the same metrics to evalu-
ate their performance. These optimization algo-
rithms facilitate the identification of the optimal
set of words for effective classification in SA. De-
tailed information regarding the BSO is provided
in Section 3.3.3, while the results of this experi-
mental scenario are discussed in Section 4.3. The
structure of the proposed model is illustrated in
Figure 1.

3.3.1. Term Frequency-Inverse document
frequency

Term Frequency (TF) value is commonly pre-
ferred to determine how important each term is
for a given document within more than one set of
documents. While calculating this value, the fre-
quency of each term in the document is taken as
basis.77 The higher the frequency of a term, the
higher its TF value. Eq. 1 is measurement of how
frequently a term t appears in a document d:

TF (t, d) =
count of t in d

total # of terms in d
(1)

The statistical metric, which called as Inverse
Document Frequency (IDF) measures and deter-
mines the term’s significance in a textual cor-
pus. As term frequency within entire collection
increases, its IDF value decreases, meaning that
it loses its meaning for a particular documents.
The IDF value of a term t in the entire documents
is shown in Eq. 2:

IDF (t) =
# of documents in collection

# of documents in which the t occurs
(2)

3.3.2. Sailfish Optimization Algorithm (SOA)

In this section, the working principle of the SOA
are explained.

A population-based meta-heuristic algorithm
called SOA was motivated by the attack-
alternation technique of a group of sailfish chasing
school of sardines. Shadravan et al.23 created the
meta-heuristic SOA, which incorporates the be-
havior of both a predatory group of sailfish and
a prey population of sardines. The sailfish is cat-
egorized as a social predator since it hunts and
catches its prey in groups. When compared to
individual hunting, cooperative hunting can help
hunters save energy while still achieving their goal
of catching prey.78 In cooperative hunting, preda-
tors utilize diverse killing tactics. For example,
the group of sailfish can be identified by the va-
riety of their attack methods. It consists of each
group member attacking the school of prey (sar-
dine) alone at a certain time, injuring or hunt-
ing some of them while remaining group members
store their power.79 Sailfish are assumed to be
candidate solutions in this technique, and the sail-
fish’s position within the search space is one of the
critical variables.23 Sailfish are thought to be dis-
persed in the search space, whereas sardine place-
ments aid in the discovery of the optimal solu-
tion. With its changing location vectors, Sailfish
may search one, two, three, or hyper-dimensional
space.80 The algorithm makes every effort to ran-
domize the movement of search agents (both sail-
fish and sardine). When a sailfish attacks a school
of prey, it can update his position in relation to
them. Furthermore, the sailfish can adjust his po-
sition in order to occupy unoccupied space around
the prey school and imitate surrounding the prey.
When a member of the prey group (sardine) is
damaged, the prey group (sardine) adjusts posi-
tion in order to avoid the sailfish attacks that fol-
low. The upgraded locations’ strength may be
marginal, necessitating an elitist process. The
population elite approach is used to maintain the
best individuals for each search by exploring and
exploiting the dynamic attack parameter balanc-
ing algorithm. SOA can be examined under 4
headings.
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Initialization: A population of sailfish and sar-
dines is randomly created, and each sailfish and
sardine are allocated a randomized position xisail
and yisard in order where sail ∈ {sailfish}, sard
∈ {sardines} and i ∈ {number of iteration}. The
xisail and yisard positions suggest a possible solu-

tion to the problem at ith iteration.

Elitism Procedure: Each newly generated pop-
ulation is evaluated using the fitness function to
determine the position of each agent search (sail-
fish or sardine). When upgrading the positions of
search agents, useful solutions can often be lost,
and unless elitist selection is utilized, these posi-
tions could not be as strong as the previous ones.
Elitism entails passing on the fittest solution(s)
unchanged to the following generation. The sail-
fish’s best location is saved in each iteration of
the SOA algorithm and considered an elite. Dur-
ing the attack, the elite sailfish, which is the most
physically fit sailfish to date, should be able to af-
fect the sardine’s acceleration and maneuverabil-
ity. As previously described, the slashing motion
of the sailfish’s rostrum during group hunting will
also harm sardines. Because of this, the sailfish
will select the damaged sardine as their preferred
target for collaborative hunting after each itera-
tion. The positions of the elite sailfish and injured
sardine with the highest fitness at the ith iter-
ation, respectively, are xielite sail and yiinjured sard.
Elitism procedure is designed to keep previously
rejected solutions from being chosen again.

Attack Strategy and Position Updating: Sailfish,
in fact, engage the prey when none of their peers
are attacking. In other words, the temporally co-
ordinated attack of sailfish can boost the num-
ber of hunting success. Sailfish herd and rush af-
ter their prey. Sailfish herding behavior adjusts
their position in relation to the location of other
hunters around the prey school without cooper-
ation. Sailfish adjust their position in a sphere
surrounding the optimal solution as a result. The
updated position of the sailfish in the SOA algo-
rithm during the ith iteration is shown in Eq. 3:

xinew sail = xielite sail − λi

(
α
xielite sail + xiinjured sard

2

)
− xiold sail

(3)

where xielite sail is the position of elite sailfish,

xiinjured sard is the injured sardine’s best position,

xiold sail is the sailfish’s position at the current it-
eration, α is a random number between 0 and 1
and λi is a coefficient at the ith iteration that was
produced as shown in Eq. 4:

λi = 2 ∗ α ∗ PD − PD (4)

where prey density, called PD, displays how many
preys there are during each iteration. Since there
is less prey when sailfish hunt in groups, the PD
parameter is crucial for updating the sailfish’s po-
sition near to the prey school. PD parameter’s
formula is as shown in Eq. 5:

PD = 1− Nsail

Nsail +Nsard
(5)

where the number of sailfish and sardines in each
algorithm iteration is indicated by the variables
Nsail and Nsard.

Furthermore, because the starting population of
sardines is usually bigger than that of sailfish,
Nsail is defined by Nsard × Psard where Psard

is the sardine population’s percentage that forms
the starting population of sailfish. The λ param-
eter will be tended to 1 when α > 0.5, while it
tends to -1 when α < 0.5 and it will be 0 if α=0.5.
The SOA algorithm shows any sailfish change its
position around the prey school in a 2-way man-
ner. According to first method, when it comes
to elite sailfish and injured sardines, sailfish have
the option of attacking the prey school. The sec-
ond method involves the sailfish occupying empty
space around the school of prey in order to resem-
ble surrounding the prey. In both cases, sailfish
hurt more sardines in the early stages of the hunt,
which results in a higher success rate of capture
in the collaborative hunting’s latter stages.

Hunting and Catching Prey and Position Updates
by the Sailfish: Both the sailfish power attack and
the sardine escape ability are usually fairly high
at the start of the hunt. As a result, the sail-
fishes injure the sardines in school prey without
being able to catch them in the early stages of
the hunt.79 The sailfishes’ assault power, as well
as their ability to evade the sardines, declines
over time. Indeed, the sailfish blame the effort of
switching assault techniques, while the sardines
accuse their bodies of damage. As a consequence,
preys lose their capacity to avoid attacks in the
last stages of the hunt81 Hence, sailfish capture
success rates are high. To consider sardine behav-
ior when defending against sailfish attacks. The
following equation allows each sardine in SOA to
update its position:

xinew sard = α ∗ (xielite sail − xiold sard +AS) (6)
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where xielite sail is the best position of elite sailfish,
xiold sard is the current position of sardine, α is a
random number between 0 and 1 and AS shows
the amount of sailfish’s Attack Strength at each
iteration that is produced as shown in Eq. 7:

AS = A ∗ (1− (2 ∗ Itr ∗ ς)) (7)

where A and ς are coefficients for decreasing the
value of power attack linearly from A to 0 and Itr
is the current iteration. Sardines move to different
locations as soon as a sailfish attacks.

According to the amount of α and AP character-
istics, sardines adjust their position to confuse the
predator and reduce the danger of being discov-
ered. As previously stated, the attack capability
of sailfish will weaken over time. In fact, lowering
the sailfish’s attack strength can help the search
agents to converge more adaptively. The sardines’
number that changes their position (β) and the
variables’ number of them (γ) can be computed
using the AS parameter as shown in Equations 8
and 9:

β = Nsard ∗AS (8)

γ = di ∗AS (9)

where di is the number of variables at ith itera-
tion and Nsard is the number of sardines as stated
before.

AS and α parameters encourage SOA to be-
have more randomly throughout optimization,
and they’re especially useful for preventing local
optima stagnation during all iterations.23 The in-
jured sardine that has broken away from the shoal
will be promptly captured in the final stage of the
hunt. Catching prey is thought to occur as the
sardine develops fitter than its equivalent sailfish
in SOA. In this case, the sailfish replaces the most
recent position of the hunted sardine to maximize
the chances of catching new prey. The formula is
as follows:

xisail = xisard, iff(xisard < f(xisail) (10)

where xisard shows the sardine’s current position

at ith iteration and xisail shows the sailfish’s cur-

rent position at ithiteration.

3.3.3. Binary Sailfish Optimizer (BSO)

In this section, we explain how SOA is applied in
binary form for feature selection.

The original vocabulary set should be F =
{f1, f2, ..., ft} where t is the total number of words
and the class label should be C = {c1, c2, ..., cl}

where l is the number of classes (there are two
classes in this study: 0 (negative) and 1 (pos-
itive)). Feature Selection (FS) method (here,
BSO) extracts a subset Fsub = {fsub1 , ..., fsubn},
where subn < t, Fsub ⊂ F and Fsub has higher
classification accuracy than any other subset of
same size or any valid subset of F . The only two
possible solutions to the binary optimization is-
sue known as FS are 0 and 1. A binary vector is
used to express a solution, with 1 meaning that
the related word is selected and 0 meaning that
it is not. This binary vector has the same length
as subn. BSO is a method for solving continuous
optimization problems with real-valued solutions.
The continuous search space of the BSO is con-
verted to a binary one using the sigmoid transfer
function. Sigmoid function is as follows:

sig(x) =
1

1 + e−x
(11)

The output of the Sigmoid function will be used

to update the sailfish’s current position. BSO
does not aim only to achieve higher accuracy with
a subset of words, BSO also aims to achieve higher
accuracy with as less words as possible. These
properties of BSO make BSO a multi-objective
problem. BSO has minimization (less words) and
maximization (higher accuracy) problem within
itself. These properties are directly in conflict.
Ghosh et. al.82 created a fitness function f in or-
der to combine these two problems into one with
using classification error rate as follows:

f = ω ∗ γ(Fsub) + (1− ω) ∗ Fsub

t
(12)

where Fsub represents the selected word sub-
set, |Fsub| represents number of selected words,
γ(Fsub) represents classification error rate of Fsub,
t is the total number of words of F and ω ∈ [0, 1]
represents weight. This way, the contrast of
minimization and maximization problems are re-
solved, and problem is made into a single objec-
tive problem.

3.4. Evaluation metrics

In order to understand how successful a classifica-
tion problem is, the results are needed to analyze
with various evaluation criteria.

While accuracy is a frequently used in statistic
for determining a model’s success, it is not con-
sidered adequate on its own. Precision, on the
other hand, shows how many of the values pre-
dicted as positive are truly positive, while Recall
is a type of metric that shows how many of the
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Table 2. The evaluation criteria’s formulas

Evaluation Criteria Formula of the Criteria
Accuracy (True Positive + True Negative) / (Positive + Negative)
Precision True Positive / (True Positive + False Positive)
Recall True Positive / Positive
F-score (2 * True Positive) / ((2 * True Positive) + False Positive + False Negative)

transactions’ users need to predict positively. F-
score comes into play in balancing precision and
recall. The F-score is the harmonic mean of pre-
cision and recall. For this reason, we make a per-
formance measurement by taking the F-score into
account when evaluating. The formulas of these
evaluation criteria are shown in Table 2.

4. Results and discussion

In this section, we define the experimental sce-
narios and discuss the results obtained. We con-
duct tests using four different ML algorithms, and
additionally, one DL model is proposed and pre-
sented for comparative analysis with the ML al-
gorithms. Furthermore, we apply the BSO for
SA for the first time, utilizing the ML algorithm
that yields the best performance. The BSO is
compared with Harmony Search (HS), Bat Al-
gorithm (BA), Atom Search Optimization (ASO)
and Whale Optimization algorithm (WOA) which
have been previously presented in the literature
and applied in the context of text mining. For all
experiments conducted in this section, the dataset
is divided into two subsets: 70% for training and
30% for testing, with scenarios executed on these
datasets.

4.1. Parameters of the DL model

In addition to the ML algorithms, we propose the
use of one DL model that has garnered significant
attention recently and has demonstrated effective
performance in similar studies. Specifically, we
have chosen the Bidirectional Long Short-Term
Memory (BiLSTM) model for this research. This
choice is motivated by the observation that many
user comments, while often starting positively,
may conclude with a negative sentiment (or vice
versa). Examples of such comments are illus-
trated in Table 3. This variability can complicate
the algorithms’ ability to accurately classify com-
ments. The BiLSTM model is particularly suited
for this task, as it excels in learning sequential
patterns inherent in text and possesses the capa-
bility for bidirectional learning.83–86

For the BiLSTM model, we used the embedding
layer for the inputs. The embedding layer allows
users to convert the words into a fixed-length vec-
tor, which learns the proximity of the words ac-
cording to their position in the sentence and ac-
cording to the degree of proximity. The embed-
ding layer takes 3 basic inputs: vocabulary size
(the first top-k unique words in the dataset), the
embedding dimension (the length of the vector),
and the maximum length which represents the
number of words used for a sentence/comment.
The problem is that each sentence may not con-
tain as many words as the maximum length. The
example of this situation is shown in Table 3 (all
comments in the dataset may be with different
lengths).

Padding87 was employed to standardize each sen-
tence to a fixed length. In the proposed archi-
tecture, two BiLSTM layers were implemented,
with the unit kernel set as a parameter. Follow-
ing these layers, a dropout layer was utilized to
mitigate the risk of overfitting. The classification
process culminated in dense layers. The Adam
optimizer was selected, and binary cross-entropy
was employed as the loss function. The structure
of the BiLSTM model is illustrated in Figure 2.
Additionally, the GridSearch (GS) method88 was
utilized to accurately identify the model’s input
parameters. The search space for each parame-
ter is detailed in Table 4, with the optimal values
determined by GS discussed in Section 4.2.3.

4.2. Experiments of ML and DL
algorithms

In this section, we evaluate the performance of
four machine learning algorithms: Multinomial
Näıve Bayes (MNB), Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), and Ran-
dom Forest (RF). Each of these algorithms is
tested using the various preprocessing combina-
tions outlined in Table 1. Each combination Cj

is represented by a code where 1 ≤ j ≤ 16, and
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Table 3. Example of comments

# of sample Sample comment Class

1
The camera quality is excellent in terms of both price and performance;

however, the battery drains quickly and it overheats.
Negative

2 The shoe is small in size but very comfortable and lightweight. Positive

Figure 2. Proposed BiLSTM structure

Table 4. Determined parameter’s values for BiLSTM model

Parameter Name Search Space Best
Maximum length {150, 200, 300} 300
Batch size {16, 32, 64} 32
Epoch {5, 10, 15} 10
Vocabulary size {1000, 5000, 10000, 15000, 20000} 10000
Embedding dimension {100, 150, 200, 300} 300
Kernel unit for BiLSTM layer {16, 32, 64} 64

each preprocessing technique Ci
j within a com-

bination belongs to the set [0, 1]. A value of 0
indicates that the preprocessing technique Ci

j is

not applied, while a value of 1 signifies that Ci
j is

implemented for the combination Cj . Finally, we
compare the performance evaluations of the BiL-
STM model against the results obtained from the
aforementioned ML algorithms.

4.2.1. Determination of the appropriate k
value

In this section, we determine the optimal number
of words k to be utilized from the vocabulary V
when converting comments into TF-IDF vectors.
The values tested for k include 1000, 5000, 10000,
15000, and 20000. These values represent the k
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most frequently occurring words within the com-
ments, which are subsequently used to transform
the comments into TF-IDF vectors, as detailed in
Section 3.3. To assess the impact of varying k, we
apply all ML algorithms to both the raw dataset
and the dataset that has undergone the complete
preprocessing procedure for each value of k.

The experimental results, as illustrated in Fig-
ure 3, consider both F-score and temporal varia-
tion with respect to the k value. Notably, the find-
ings indicate that the algorithms generally yield
better performance on the raw dataset, with the
exception of the KNN algorithm at a k value of
1000. This observation suggests that the applica-
tion of the preprocessing steps may not be advan-
tageous in all scenarios.

Regarding temporal performance, it is observed
that the SVM algorithm demonstrates improved
efficiency on the preprocessed dataset, while
the remaining three algorithms exhibit negligible
changes in execution time. Importantly, MNB
achieves the highest performance, attaining an F-
score of 0.899 with a runtime of 0.016 seconds.

Furthermore, the results indicate that an increase
in the k value, excluding KNN, generally leads to
enhanced performance for both SVM and MNB.
However, for RF, a decline is noted specifically at
the k value of 10000. Based on these findings, we
have determined to employ a k value of 20000 in
subsequent experiments.

4.2.2. Finding the appropriate preprocessing
combination

Following the determination of the optimal k
value in Section 4.2.1, this section examines 16
different preprocessing combination scenarios, as
presented in Table 1, utilizing the most frequently
occurring 20000 words for each ML algorithm.
The objective of this analysis is to identify the
preprocessing combination that yields the highest
F-score value, as well as to ascertain the prepro-
cessing steps that positively or negatively influ-
ence the results.

Figure 4 presents the results of the preprocess-
ing combinations. The x-axis indicates the sce-
nario numbers as listed in Table 1, where each sce-
nario corresponds to specific preprocessing steps
applied, denoted by the code Ci

j = 1. The y-axis
represents the F-score achieved for the respective
scenario indicated on the x-axis. For instance,

it only applies the 4th preprocess with the 0001,
which is scenario number 2. This shows us that
only the stopwords removal operation is applied.

An analysis of Figure 4 reveals that scenarios 3, 7,
11, and 15 result in a decrease in the F-score com-
pared to their preceding values. Upon examining
these scenarios, we conclude that the absence of
the stemming process in the previous scenarios
contributes to a decline in classification perfor-
mance when stemming is introduced in the spec-
ified scenarios. Notably, KNN does not exhibit a
contrasting trend relative to the other algorithms.

When we analyze scenarios 2, 6, 9, and 13 where
algorithms generally perform well, we observe
that the removal of punctuation and stopwords
yields significant improvements in results. Ulti-
mately, we find that MNB excels in scenario 6,
achieving an F-score of 0.902 with the combina-
tion of punctuation and stopwords removal.

Based on these findings, we have decided to im-
plement the BSO using the MNB classifier for SA.
For preprocessing, we determined that the appli-
cation of punctuation and stopwords removal pro-
cedures is appropriate for the dataset.

4.2.3. ML vs DL

Before conducting the BSO for SA, we aim to
verify the findings presented in Sections 4.2.1
and 4.2.2, which suggest that preprocessing may
not yield optimal results and, in certain cases,
may even have detrimental effects. To this end,
we evaluate the proposed DL model as described
in Section 4.1, comparing its performance against
the MNB classifier, which has demonstrated supe-
rior results among the traditional ML algorithms.

In this analysis, we implement the BiLSTMmodel
on both the raw dataset and the dataset subjected
to comprehensive preprocessing. To ascertain the
optimal values for each parameter, we employ the
GS method within the parameter search space de-
tailed in Table 4. The parameter values that yield
the best performance are also summarized in Ta-
ble 4.

Figure 5 illustrates a notable decline in the perfor-
mance of the BiLSTM model when preprocessing
is applied, consistent with the observations made
for the ML algorithms. Ultimately, MNB achieves
the highest F-score of 0.902 for SA, outperforming
both the ML and DL algorithms.
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(a) F-score values

(b) Execution time

Figure 3. F-score and execution time comparisons of ML algorithms according to k value

Figure 4. The results of preprocessing combination

4.3. Binary Sailfish Optimization (BSO)
for SA

In this section, we employ the BSO algorithm as
a feature selector for the first time in the con-
text SA. To evaluate the performance of BSO, we

also implement binary versions of the Harmony
Search (HS)89 and Bat Algorithms (BA),90 both
of which have been successfully applied to various
optimization problems.91,92 Besides these, we ex-
tend our performance evaluation by including the
Atom Search Optimization (ASO) algorithm,93 a
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Figure 5. Results of the proposed BiLSTM model

recently proposed optimization technique inspired
by molecular dynamics. To ensure a comprehen-
sive comparison, we also incorporate the Whale
Optimization Algorithm (WOA),22 which is in-
spired by the foraging behavior of whales and
was introduced to the literature around the same
time as SOA. Both ASO and WOA have demon-
strated considerable potential in various domains
and has been successfully applied to SA task. In
this study, ASO and WOA algorithms are applied
in binary form for SA as suggested in studies94

and.95 These algorithms are implemented using
the Python programming language, with the pa-
rameters utilized in each algorithm detailed in Ta-
ble 5. The parameters for the five algorithms are
selected based on the values specified in their re-
spective original articles, and the performance of
all five algorithms are evaluated under standard
conditions.

Following the decisions outlined in Section 4.2.2,
we select the MNB algorithm as the classifier. Ad-
ditionally, we apply punctuation and stopwords
removal as preprocessing steps to the dataset.
Each of the five algorithms is executed 5 times
with a population size of 100 and a total of 50
epochs.

The results of this section are summarized in Ta-
ble 6. The experimental results reveal significant
differences in performance among the tested al-
gorithms, as measured by their F-scores. BSO
demonstrated the best performance with an F-
score of 0.91, highlighting its strong balance be-
tween precision and recall. ASO followed closely
with an F-score of 0.90, underscoring its robust
capability, particularly in recall (0.921). Mean-
while, the BA achieved a comparable F-score of
0.894, whereas HS and WOA lagged behind with

F-scores of 0.873 and 0.84, respectively, indicating
relatively weaker performance in balancing preci-
sion and recall.

In terms of feature selection efficiency, the results
highlight an important observation regarding the
trade-off between feature selection size and per-
formance. Despite selecting the largest average
feature set (12754), the BSO algorithm achieved
the highest F-score (0.91), indicating its ability to
leverage a larger feature pool effectively. In con-
trast, the other four algorithms—ASO, BA, HS,
and WOA—selected fewer features (all averaging
below 10200) but demonstrated lower F-scores,
ranging from 0.84 (WOA) to 0.90 (ASO). This
suggests that overly aggressive feature reduction
may have compromised their performance by ex-
cluding valuable information.

Interestingly, while reduced feature size typically
enhances computational efficiency, the results in-
dicate that selecting fewer features alone does not
guarantee improved performance. For instance,
WOA, which selected the smallest feature set
(9378), achieved the lowest F-score (0.84), demon-
strating that a balance between feature size and
model effectiveness is crucial. Similarly, ASO,
with an average feature size of 9899, performed
well in F-score (0.90) but did not surpass BSO.

BSO emerges as the most balanced approach,
achieving superior performance metrics while
maintaining a reasonable feature size, albeit
larger than its counterparts. This highlights its
capacity to extract and utilize critical features
more effectively than the other algorithms, mak-
ing it an ideal choice for scenarios where both fea-
ture diversity and high accuracy are essential.
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Table 5. Parameters utilized in the algorithms

Algorithms Parameters Values

BA

α
γ
β
r

0.9
0.9
[0, 1]
[0, 1]

HS
hmcr
par

0.7
0.3

BSO
A
ε

4
0.001

ASO
α
β

50
0.2

WOA No parameter to set

Table 6. Results of optimization algorithms

Metrics HS BA ASO WOA BSO
Accuracy 0.869 0.893 0.898 0.832 0.908
Precision 0.847 0.878 0.879 0.801 0.895
Recall 0.899 0.912 0.921 0.883 0.925
F-score 0.873 0.894 0.90 0.84 0.91
Avg. selected feature size 10105 9934 9899 9378 12754

5. Conclusion and future work

Sentiment analysis (SA) involves the classification
of emotions expressed in text reviews as either
positive or negative. It serves as an information
extraction technique that enables businesses to
enhance or develop their operations through the
analysis of user feedback. Consequently, compa-
nies can make informed decisions based on data
and respond promptly to critical situations.

In this study, we aimed to improve the accuracy
of SA for product reviews by developing a deep
learning (DL) based model alongside four ma-
chine learning (ML) algorithms applied to user
comments. Additionally, we employed feature se-
lection methods to eliminate irrelevant noise data
within the dataset. This approach facilitates a
more representative dataset, reduces the search
space, and enhances the performance of the al-
gorithms. Notably, we applied the Binary Sailfish
Optimizer (BSO) as a feature selection method for
a textual dataset, marking its first use in SA. To
evaluate the performance of the BSO, we also im-
plemented the binary variants of Harmony Search
(HS), Bat Algorithm (BA), Atom Search Opti-
mization (ASO), and Whale Optimization algo-
rithm (WOA) on the same dataset. The dataset
for this study was collected from Trendyol and
n11, which are prominent online sales platforms
in Turkey.

Furthermore, we applied four fundamental pre-
processing methods. Upon analysis of the results,
it was observed that these preprocessing tech-
niques did not yield a significant improvement in
performance; in some instances, they even led to a
decrease in accuracy. Among the ML algorithms
evaluated, the Multinomial Naive Bayes (MNB)
algorithm demonstrated the best performance for
SA, achieving an F-score of 0.902. In compari-
son, the Bidirectional Long Short-Term Memory
(BiLSTM) model produced an F-score of 0.883
on the raw dataset, thereby trailing behind the
MNB. Ultimately, despite the BSO selecting a
greater number of features than the existing al-
gorithms, it was concluded that the BSO outper-
formed the other four algorithms with an F-score
of 0.91 while utilizing nearly half of the total fea-
tures available.

We conducted a SA of user comments using TF-
IDF, focusing on specific categories. While our
findings contribute to understanding sentiment in
this context, several limitations must be acknowl-
edged. Firstly, the analysis was conducted on user
comments collected from only specific categories,
which may restrict the generalizability of the find-
ings. Different categories often exhibit distinct
sentiment expressions, suggesting that a more di-
verse dataset would enhance the robustness of the
results. Additionally, while the TF-IDF method
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was utilized for feature selection, it primarily fo-
cuses on word frequency and may overlook seman-
tic relationships and contextual nuances. This
limitation could potentially impact the accuracy
of the sentiment classification. Furthermore, the
use of a standard optimization algorithm, rather
than a hybrid variant, may limit the exploration
of more sophisticated or effective methodologies
that could yield better performance. Finally,
the study’s sentiment classification is constrained
to binary categories, positive and negative, po-
tentially missing finer distinctions among various
emotional states.

Future research could address these limitations
by incorporating a broader range of data cat-
egories, thereby improving the generalizability
of the findings. Employing hybrid optimization
techniques may also enhance the performance of
the SA by leveraging the strengths of multiple al-
gorithms. Moreover, exploring advanced method-
ologies, such as semantic analysis approaches,
could provide a more nuanced understanding of
sentiment expressions. Furthermore, expanding
the scope of sentiment classification to include
more specific emotional categories, such as joy,
anger, or sadness, would allow for a deeper analy-
sis of user feedback and contribute to more effec-
tive product development and customer satisfac-
tion strategies. Finally, the BSO algorithm can
be effectively utilized for selecting optimal key-
words in website and article classification prob-
lems. It also serves to optimize the inter-word
weights for word embeddings. Additionally, BSO
can be applied to diagnose conditions based on re-
ports generated from medical imaging techniques
such as ultrasound, PET, and MRI.
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