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Abstract. Sentiment analysis is the most frequently adopted technique and is also termed as opinion mining.
A numerous data is generated by the E-Commerce portals. These data will assist the online retailers for knowing
the expectation of customers. From the numerous sources, sentiment analysis can process huge amount of online
opinions. This paper develops a novel sentiment classification approach, named BH-GWO-Fuzzy, in E-commerce application for framing an efficient recommendation system. The proposed model undergoes five processing steps, such as (a) Data acquisition, (b) Pre-processing, (c) Feature extraction, (d) Weighted feature
extraction, and (e) Classification. The pre-processing is done by three steps, namely stop word removal,
stemming, and blank space removal. Further, the feature extraction is performed by measuring the joint similarity score and cross similarity score for the positive, negative and neutral keywords from the tweets. From the
resultant features, the weighted feature extraction is carried out, in which the weight is multiplied with the
features to attain the better scalable feature suitable for classification. Here, the weight is tuned or optimized by
the hybrid Black Hole-based Grey Wolf Optimization (BH-GWO). The BH-GWO is developed by integrating
BH and GWO algorithms. After that, the extracted features are subjected to Adaptive Fuzzy Classifier, in which
the membership function is optimized by the same hybrid BH-GWO algorithm. Finally, the sentiment classification for recommendation system will be empirically evaluated against the gathered benchmark dataset using
diverse machine learning algorithms.The accuracy of the BH-GWO-Fuzzy is 11.7% better than Fuzzy, 28.3%
better than K-Nearest Neighbor (KNN), 20.2% better than Support Vector Machine (SVM), and 18.75% better
than Neural Network (NN) at learning percentage 45 for dataset 1.
Keywords. Sentiment analysis; E-commerce sector; Recommendation system; Optimized weighted feature
extraction; Adaptive fuzzy classifier; Black hole-based grey wolf optimization; Performance analysis.

1. Introduction
In the current world, online shopping has turned out to be
the most famous as it is fast, good in quality, more discounts, and fast logistic system, and incredibly comfortable shopping [1, 2]. Hence, the comments from the users
have become more significant for judging what people are
thinking about the product, which in turn provides benefits
to the concerned organizations for enhancing the quality of
the products. As per the survey prepared by diverse
researchers, it is come to know that the conventional
models are involved with a bundle of reviews and opinions.
With the continuous progression of computer world technology, the customer is utilizing social media for giving
*For correspondence

their reviews and opinions in an unorganized form. In
social media, the opinions given by the person is classified
for defining all the types of reviews such as ‘‘positive,
negative and neutral’’ for the posted tweet. Recently, the
attention towards sentiment analysis has been raised. The
classification of sentiment is employed for examining the
comments on the products for extracting the reviews from it
[3, 4]. Moreover, sentiment analysis is one type of text classification using machine learning algorithms on the basis of
sentimental orientation of the opinion they consist of. In order
to evaluate the reviews and opinions, the sentiment analysis
where the machines analyze and classify the feelings, and
opinions of the human. The reviews on products are represented by star rating, emoji, and textual form [5].
By using different approaches of sentiment analysis, it is
probable for analyzing more amount of accessible
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information and acquiring the opinion from them, which
has the ability to assist the product manufacturer and service providers for acquiring their target [6, 7]. The reviews of
the users are also increasing at a huge rate as there is a rising
demand on internet, For instance, some customers put reviews
in a single word like ‘‘amazing’’, ‘‘good’’ or ‘‘bad’’, while the
others speak about the complications occurred when the users
use the products. Few of them specify the problems regarding
bad packaging, delivery, product exchange or late arrival, etc.
that are precisely not related to the quality of the product [8].
However, few more persons mention the quality of the product in a precise manner by providing the feature-wise
information of the products. In order that the features and
opinions need to be identified individually and measure the
polarity score of each single feature [9].
In the initial research works, the sentiment analysis using
machine learning algorithms was based on Naive Bayes
[10]. Once this is done, many developments have been
introduced by concerning feature learning in order to obtain
the best classification performance. Various types of features have been explored like POS information, syntactic
relations [11], and n-grams [12]. Moreover, the feature
engineering also needs more human efforts, and a feature
set appropriate for one domain may not produce a good
performance for other domains [13]. Now-a-days, deep
learning [14] has appeared as an efficient model to solve the
problems of sentiment classification [15–20]. In addition, a
deep neural network intrinsically learns a high level data
representation [21], therefore laborious task like feature
engineering is evaded. The other benefit is that deep models
have exponentially robust expressive power when compared to shallow methods. However, the achievement of
deep learning is mostly depending on the accessibility of
large-scale training data [21, 22], and hence motivates to
implement the optimized machine learning. The sentiment
analysis in the shared information in the cloud [23] plays a
vital role the student’s performance. Sentiment analysis has
been used in various fields such as query processing [24],
textual communication [25], Bitmap Indexing [26, 27] and
so on. The sentiment analysis is used to create queues and
prioritizing the ticket, which is done by the sentiment
routing [28]. With the help of the wireless system [29], one
can send and receive any sentiments. E-Commerce sector
can rise to the full potential in the public health [30, 31] and
economic crisis.
The main contributions of the proposed sentiment analysis are discussed as follows.
• A new hybrid algorithm BH-GWO was developed by
the integration of BHA and GWO for making the
feature extraction and classification more efficient.
• A novel sentiment analysis in E-commerce sector was
introduced for an effective recommendation system
using diverse processes.
• The weighted feature extraction method was developed
based on first order and second order statistics oriented
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with joint and cross similarity score, in which the
weight is optimized by the hybrid optimization.

1.1 Need for the proposed method:
BHA has the best local searching ability, very simple
structure, and easy implementation. Here, the GWO algorithm is merged with the BHA algorithm and is termed as
BH-GWO algorithm. The GWO has very high performance
in solving the real-world issues. The proposed BH-GWO
helps to update both weight and membership function until
it attains maximum accuracy. It is used to optimize the
limits of membership function of fuzzy to form the Adaptive fuzzy classifier. The classification accuracy is
increased by the proposed BH-GWO. The classification of
sentiments for certain tweets is obtained using the proposed
method.
The entire paper is designed in the following manner.
Section 2 specifies the literature review on sentiment
analysis in different applications. Section 3 portrays the
sentiment analysis for E-commerce products: architecture
of the proposed recommendation system. Section 4 illustrates the procedure of pre-processing and feature extraction used for sentiment analysis. Section 5 depicts the
contribution of adaptive fuzzy classification for recommendation system in E-commerce sector. Section 6 speaks
about the development of hybrid optimization for optimal
feature extraction and classification. Section 7 gives the
results and discussions,. The conclusions are given in section 8.

2. Literature review
2.1 Related works
Sentiment analysis is used to find out positive, negative, or
neutral texts. It is of three types a) Document-level sentiment analysis, b) Sentence-level sentiment analysis, c)
Aspect-level sentiment analysis. The document-level Sentiment Analysis module used to find the positive or negative
texts. It works efficiently for the text consists of 40 characters. Sentence-level sentiment analysis is used to find out
the opinions expressed in sentences are positive, negative,
or neutral statements. The aspect level sentiment analysis is
considered as the best method because it helps the businesses for analyzing a huge amount of data.
(a) Document Level Sentiment Analysis: In 2008,
Denecke [32] developed a methodology for determining the
polarity of text in multilingual framework. Any language
document can translated in to English language by the
standard translation software. The translated document is
divided into positive and negative. The existing technologies, standard translation software, and existing sentiment
analysis are combined for classifying text according to
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positive and negative sentiments. For getting the better
results SentiWordNet can be applied to any opinion related
tasks. The annotation of WordNet and it is impossible to
test the accuracy.
In 2019, Ji et al [33] have constructed a review-based
decision support method for comparing the items present in
E-commerce. For classifying the online reviews, the suggested method employed the PMVNLNs, which conquered
the constraints of conventional techniques by taking the
neutral review and the uncertainty in the text reviews. The
suggested method was compared over the PConline.com
methods and other traditional methods. The overall performance of these techniques concerning accuracy was
computed by the total relative variance measure. The outcomes have shown that the present method attained the best
performance.
In 2018, Zhao et al [34] have suggested a novel deep
learning model for the sentiment classification of product
reviews. The introduced scheme included two phases such
as learning the high level representation that seized the
usual distribution of sentences by the rating info and adding
a classification layer above the embedding layer and
employed the labelled sentences for supervised fine-tuning.
A dataset consisted of 1.1M weakly labelled review sentences and 11,754 labelled review sentences from Amazon
were constructed for analyzing the suggested model. The
outcomes have indicated that the proposed model was
effective.
In 2019, Manshu and Xuemin [35] have introduced an
end-to-end method, which has the ability to seize the features of target as well as source domain simultaneously.
The proposed method consisted of two sections such as
CTN, and CHAN. The CTN was used as an auxiliary task
for the optimization of words embedded in both domains,
whereas CHAN was employed for sentiment classification.
Both methods performed combined learning and this was
named as CCHAN. The tests were performed on Amazon
review datasets and the results have revealed that the suggested CCHAN model was consistently superior when
compared over existing models.
In 2004, Tony Mullen and Nigel Collier [36] developed a
method to sentiment analysis which uses the SVM. This
method allows several approaches for allotting semantic
values to words and phrases in a useful way. Combinations
of these features dependant on unigrams and lemmatized
unigrams are viewed for outperform. The potentially pertinent information which involves the favoring measures
for adjectives and phrases. It incorporates the approaches to
calculate the favorite content of phrase. This method is very
simple and it is more efficient. The resultant count is highly
reduced due to that the potential gain was cancelled.
In 2020, Taylor [37] developed the novel approach to
execute an extractive sentiment analysis by the financial
reports containing the NGMs changes. The relationship
between the marketplace, goods and services are understandable by the e-commerce research. The information has
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been tested from the information got by the consumer. The
Amazon, Skymall, and Groupon are some E-commerce
givants has been perplexed in class action security lawsuits.
SVM was not well suited for this type of method. This
method has the influence of different understanding of
different languages. It also extracts new avenues of
research with finance, e-commerce and law.
(b) Sentence-level sentiment analysis: In 2016, Mishra
et al [38] developed a twitter data in terms of sentiment
analysis and it expresses the opinion of Modi Ji’s Digital
India Campaign. The sentiments were collected from the
twitter data. The polarities of sentiments are divided as
positive, negative or neutral. In this paper, the Dictionary
Based Approach is used to find the data dependant on
different users. The polarity classification is provided for
the data that we get through this method. The challenges
related to the sentiment analysis are sarcasm sentences
handling, Negation handling, and sentences with emoticons
and expressing the way of their opinions.
In 2019, Zhang and Zhong [39] have dealt with the
E-commerce recommendations model by considering the
reviews of customers during shopping. The trust was split
into two classes such as ‘‘propagation of trust, and direct
trust’’ that implied a trust relationship among two persons.
The propagation of trust was computed as per transitivity
feature. On the other hand, the direct trust degree was
acquired from sentiment similarity. Based on this, an
entity-sentiment word pair mining model for similarity
feature extraction was proposed. With the help of the trust
representation method, an enhanced shortest path method
for outlining the propagation trust association among the
users was taken into consideration. In order to evaluate the
accuracy and feasibility of the models, a large-scale dataset
of E-commerce reviews was gathered.
In 2019, Kauffmann et al [40] have automatically provided the rate of brands or products based on transforming
the positive and negative reviews in a quantitative score.
Moreover, the sentiment analysis was used for evaluating
the Amazon’s online reviews. The FRDF detected and
eliminated the fault reviews by NLP techniques. This
FRDF experimented on the product reviews obtained from
high-tech industries. The results have shown that the customers as well as brand managers have considered this tool
as more useful one by merging with the 5-star score in
order to make comprehensive decision-making.
In 2017, Vinodhini and Chandrasekaran [4] have considered the fact about the effect of online purchasing based
on the reviews or comments from previous users. However,
the huge amount of reviews made it complex to the customers for mining the sentiments from online reviews. In
order to mention this issue, sentiment mining model was
required to arrange the reviews online into distinct sentiment orientation categories automatically. The major intuition of the proposed model was to evaluate the merged
influence of machine learning models and sampling techniques in sentiment categorization under imbalanced data
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distributions. Moreover, a modification was introduced in
SVM-based ensemble model that integrated under sampling
as well as over sampling for enhancing the performance of
prediction. The test results were performed and showed the
efficiency of the suggested model.
In 2019, Manshu and Bing [41] have developed a HANP
data for CDSC task. The suggested method has the ability
to acquire both domain specific and domain independent
features simultaneously by adding previous knowledge.
Moreover, the suggested model consisted of hierarchical
representation layer by the attention method, thus the
HANP was capable of seizing significant sentences and
words with respect to sentiment. The tests were performed
on Amazon datasets. The results have shown that the suggested HANP mechanism was performing well when
compared over conventional algorithms.
In 2007, Namrata Godbole et al [42] developed news
entities which open up the suggestions and opinions while
reporting the new events. The system allots values that
show positive or negative opinion to every entity in the text
corpus. The sentiment identification phase in the system
shows the suggestions, which scores each entity in a relationship with the other in the particular class. The news
entities are expanded to the sentiment maps, the geographical regions are identified. The scoring techniques are
evaluated over the large corpus. The popularity and the
market behaviour cannot be found in this method.
In 2020, Graff et al [43] Sentiment analysis is used for
finding the feelings of the people from the written text. The
positive, negative or neutral in the text should be identified.
The SA system has been proposed called as EvoMSA. It is
dependent on genetic programming that integrates the
output to execute the final prediction. The goal of this
method was to facilitate the newly competitive SA classifier. The EvoMSA is finally mentioned as open source
software. The EvoMSA is a domain dependant sentiment
analysis system and multilingual system. It is used for
tackling the multimodal problems. EvoMSA could not
perform better than INGEOTEC.
In 2020, Feng Xu et al [44] developed a consecutive
Bayes learning framework for large-scale and multi-domain
e-commerce platform product review sentiment classification. The computational efficiency is kept; the parameter
was increased to a continuous learning style. This method
has high capacity of working out with the reviews that
consecutively updated and from various domains. The
feature distribution learning has been tuned in two ways the
framework’s generalization performance and domain
adaptability have been improved. The single learning performs better than the continuous learning with the old and
new domain datasets. The class-conditional feature distribution is flexible only when applying to different application scenarios.
In 2017, Piryani et al [45] developed a scientometric
analysis of research work done on OMSA during
2000-2016. Research publication indexed in web of science
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database is given as input in the scientometric mapping.
The year wise publication pattern is found by inspecting the
publication data. This method is used for the publications.
A detailed analysis should be done to identify the popular
approaches. This method helps us to know about the
broader landscape of the OMSA research and is helpful to
the researchers.
(c) Aspect-level sentiment analysis: In 2018, Pong-inwong et al [46], had proposed a new sentiment analysis
method called phrase pattern matching. The method proposed in this paper is called SPMM. The open-ended
questions are extracted and the comments were published in
a teaching evaluation system. The feedback should be
provided by the students about the factors which affects the
classroom. The aim of this research is to collect feedback
through open-ended questions and to find the best classification of responses to open-ended questions by categorizing attitude as positive or negative. The sentiment phrase is
difficult to extract without a proper grammatical structure.
This method is flexible for finding patterns of languages.
In 2018, Zhang et al [47] have recommended an ASCF
method that merged both fuzzy Kano method and sentimental analysis. The suggested method attained the discrete
attitudes of the users towards the product details by finegrained sentiment analysis from the purchase records of the
user. Later, the degree of desire was evaluated and the
significance of each feature on the basis of the fuzzy Kano
method was developed by introducing a novel similarity
measure model based on user preferences for collaborative
filtering method. The test results have confirmed that the
proposed ASCF was effective and attained the best
precision.
In 2013, Singh et al [48] developed a new type of domain
specific-feature based heuristic for aspect- level analysis for
movie reviews. The reviews of the movies in the aspect
oriented scheme have been explored. The multiple reviews
scores have been clustered and the parameters generate a
net profile of the movie. The document-level sentiment is
related with the sentiment profile. The document-level
sentiment is computed by using the SentiWordNet for
comparing and reviewing the results. The result creates
more accurate and clear sentiment profile than simple
document-level sentiment analysis. The challenging task is
to find very appropriate algorithms to find the suggestion of
the others.

2.2 Review
Even though the approaches to address the problem of
analyzing sentiment analysis in E-commerce sector have
been developed a lot, still there are few questions that need
to be answered in upcoming researches. A few of the
important advantages and disadvantages of the existing
methods are explained in detail in Table 1. Among them,
Propagation Trust Computing [39] is effective approach for
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evaluating trust among consumers in e-commerce systems
and the accuracy as well as feasibility of the developed
model is better than other models in evaluating trust. Yet it
has to focus on using temporal features to acquire the
consumers or users similarity change and further, more
efficient algorithm has to be still developed to explore the
similarity of users. Fuzzy Decision Support Model [33]
offers high accuracy and it is efficient in providing good
decision support services. But, the proposed approach is
highly complex in nature and it only considers few factors
for review. In Deep learning [40], the labelling of data is
not required and it is highly efficient in offering better
quality results. But, it requires large datasets for better
performance. Due to complex data models, the process of
training is expensive. SVM and Modified Bagging method
[4] perform well even if there is no knowledge about the
dataset and it is effective as the ensemble technique is
utilized. But, it is not appropriate for huge datasets and the
performance goes down in case of noisy dataset. Moreover,
CNN [35] achieves high accuracy and efficiency and it does
not require pre-segmentation and temporal alignment. Still,
it suffers over fitting issue and requires large training data
and the computational cost is high. Hierarchical Attention
Neural Networks [41] is capable of modelling complex
function and it is also possible to handle noisy and missing
data. But, it has very worst problem of forgetting and the
network structure is little bit complex and difficult to
understand. Fuzzy Kano Model [47] offers high similarity
accuracy and recommendation accuracy and it is beneficial
model for analysing customer demand. But, the analysis is
complex and tedious in nature and it is not always precise,
as the outcomes or results are based on assumption. Deep
learning [34] is efficient and has superiority over baselines.
But, it requires huge time, memory and data and the
training as well as selecting appropriate network topology
is not that efficient. Hence, the mentioned challenges need
to be resolved in future researches and better approaches
have to be developed. SentiWordNet [32] can be applied to
any opinion related tasks for getting the better results. The
annotation of WordNet and it is impossible to test the
accuracy. Dictionary Based approach [38] is used to find
the data dependant on different users. Sarcasm sentences
handling, and Negation handling are the challenges in this
method. Phrase pattern matching [46] is difficult to extract
without a proper grammatical structure. This method is
flexible for finding patterns of languages. News entities [42]
are expanded to the sentiment maps, the geographical
regions are identified. The popularity and the market
behaviour cannot be found in this method. SVM [36] is
very simple and it is more efficient. The resultant count is
highly reduced due to that the potential gain was cancelled.
EvoMSA [43] is used for tackling the multimodal problems. EvoMSA could not perform better than INGEOTEC.
NGM [37] extract new avenues of research with finance,
e-commerce and law. SVM was not well suited for this type
of method. Bayes learning framework [44] has high
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capacity of working out with the reviews that consecutively
updated and from various domains. The class-conditional
feature distribution is flexible only when applying to different application scenarios. SentiWordNet [48] creates
more accurate and clear sentiment profile than simple
document-level sentiment analysis. The challenging task is
to find very appropriate algorithms to find the suggestion of
the others. Scientometric analysis [45] helps us to know
about the broader landscape of the OMSA research. A
detailed analysis should be done to identify the popular
approaches.

3. Sentiment analysis for E-commerce products:
architecture of the proposed recommendation
system
3.1 Proposed architecture
Sentiment analysis is employed for evaluating the data
which is available in the form of text. The text can be either
in the form of feedbacks, complaints, tweets, discussions,
or reviews. As there is a rapid growth in the usage of social
media, reviews or comments rising in social media seems to
be in huge amount. Sentiment analysis is also relevant to
the blogs, political debates, news articles, movie reviews,
and stock markets. Now-a-days people are interested to buy
the products online, booking cabs online, online ticket
booking, and booking hotels online that are providing data
in customer review format. On the basis of sentiment
analysis, it is possible to extract knowledge regarding the
positive or negative sentiments. The analysis of this data
might assist the sellers in understanding the user’s opinion
related to brand strategies, which in turn lead a proper
recommendation system. In general, the sentiment analysis
comes under NLP, which employs hybrid methods,
machine learning models, and lexicon-based methods for
categorizing the data. The architectural representation of
the proposed sentiment analysis for E-commerce recommendation system is shown in Figure 1.
The proposed sentiment analysis for E-commerce recommendation system consists of ‘‘pre-processing, key word
extraction, dictionary-based semantic word extraction,
optimal weighted feature extraction, and classification’’.
Here, the E-commerce dataset such as Baby products from
Amazon, Electronics from Amazon, Online products, Toys,
and Women’s clothing are considered for performing the
experimentation. Initially, the tweets extracted from these
datasets are given as input for pre-processing. For preprocessing the tweets, stop word removal, stemming, and
blank space removal is done. In stop word removal, the
normal features such as pronouns and conjunctions are
eliminated. In stemming, the prefixes and suffixes of the
words are removed. Further, the blank spaces and tab
spaces are eliminated. Thus, the keywords are obtained
from the tweets, once the pre-processing phase is over, and

Author [citation]

Fuzzy Decision Support Model

Deep learning

Ji et al [33]

Kauffmann et al [40]

It is effective approach for evaluating trust among
consumers in e-commerce systems
The accuracy and feasibility of the developed model
is better than other models in evaluating trust
It offers high accuracy
It is efficient in providing good decision support
services
The labelling of data is not required
It is highly efficient in offering better quality results

Yet have to focus on using temporal features to
acquire the consumers or users similarity change
More efficient algorithm have to be still developed to
explore the similarity of users
The proposed approach is highly complex in nature
It only considers few factors for review

It requires large datasets for better performance
Due to complex data models, the process of training
is expensive
Vinodhini and Chandrasekaran SVM, Modified Bagging method
It performs well even if there is no knowledge about It is not appropriate for huge datasets
[50]
the dataset
It is effective as the ensemble technique is utilized The performance goes down in case of noisy dataset
Manshu and Xuemin [35]
CNN
It achieves high accuracy and efficiency
It suffers over fitting issue
It does not require pre-segmentation and temporal
It requires large training data and the computational
alignment
cost is high
Manshu and Bing [41]
Hierarchical Attention Neural NetworksIt is capable of modelling complex function
It has very worst problem of forgetting
It is also possible to handle noisy and missing data The network structure is little bit complex and
difficult to understand
Zhang et al [47]
Fuzzy Kano Model
It offers high similarity accuracy and
The analysis is complex and tedious in nature
recommendation accuracy
It is beneficial model for analysing customer demand It is not always precise, as the outcomes or results
are based on assumption
Zhao et al [34]
Deep learning
It is efficient and has superiority over baselines
It requires huge time, memory and data
Training and selecting appropriate network topology
is not that much efficient
Denecke [32]
SentiWordNet
It can be applied to any opinion related tasks for
It is impossible to test the accuracy
getting the better results
Prerna Mishra et al [38]
Dictionary Based approach
It is used to find the data dependant on different usersSarcasm sentences handling, and Negation handling
Chakrit Pong-inwong and
Phrase pattern matching
This method is flexible for finding patterns
It is difficult to extract without a proper grammatical
Wararat Songpan [46]
of languages
structure
Godbole [42]
News entities
It is expanded to the sentiment maps, the
The popularity and the market behaviour cannot
geographical regions are identified
be found
Tony Mullen and Nigel Collier Support vector machines
It is very simple and it is more efficient
The resultant count is highly reduced due to that the
[36]
potential gain was cancelled

Propagation Trust Computing

Zhang and Zhong [39]

Challenges

Table 1. Features and Challenges of state-of-the-art sentiment analysis in E-commerce.
Features
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The challenging task is to find very appropriate
algorithms to find the suggestion of the others
A detailed analysis was needed

The class-conditional feature distribution is flexible
only when applying to different application

EvoMSA could not performs better than INGEOTEC
SVM was not well suited for this type of method

It is used for tackling the multimodal problems
It is used to extract new avenues of research
with finance
It has high capacity of working out with the reviews
that consecutively updated and from various
domains
It creates more accurate and clear sentiment profile
than simple document-level sentiment analysis
It helps us to know about the broader landscape
of the OMSA research
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it is essential to categorize those keywords into positive,
negative, and neutral. Further, the extracted keywords are
correlated with the dictionary keywords, and the semantic
words are extracted. Further, two similarity scores like joint
similarity score and cross similarity scores are determined.
In the obtained similarity scores, the first and second order
statistical features are computed as features. Once the features are extracted, the weighted feature extraction is performed by multiplied the extracted feature with a weight
function. These weighted features are given to the classifier
named Adaptive fuzzy classifier. As a main novelty, the
weight functions in weighted feature extraction are optimized by the hybrid meta-heuristic algorithm termed as
BH-GWO, by integrating both BHA and GWO. Moreover,
the same BH-GWO is used to optimize the limits of
membership function of fuzzy to form the Adaptive fuzzy
classifier. The main objective of the proposed recommendation system in E-commerce is to maximize the classification accuracy. Thus, the classification of sentiments,
either it is positive or negative for certain tweets is obtained
using the proposed methodology.

3.2 Objective model
The fundamental contributions of the proposed sentiment
analysis in E-commerce sector are the development of
optimal weighted feature extraction and optimal fuzzy
classification. The main objective of accomplishing these
two contributions is to maximize the classification accuracy
as mentioned in Eq. (1).
FitA ¼

arg min

MaxðAccÞ

ð1Þ

fWu ;llw ;lmed ;lhigh g

scientometric analysis

SentiWordNet

Acc ¼

TRP þ TRN
TRP þ TRN þ FAP þ FAN

ð2Þ

Here, TRP, TRN denotes the true positives, and true
negatives, respectively. Similarly, FAP and FAN are the
false positives and false negatives, respectively.

4. Procedure of pre-processing and feature
extraction used for sentiment analysis

Piryani et al [45]

4.1 Tweet pre-processing
Singh et al [48]

Bayes learning framework

EvoMSA
NGM

Mario Graff et al [43]
Stacey Taylor and Vlado
Keselj [37]
Feng Xu et al [44]

Author [citation]

Table 1 continued
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In Eq. (1), Acc indicates the accuracy. Moreover, accuracy is defined as the ‘‘ratio of the observation of exactly
predicted to the whole observations’’, which can be computed using Eq. (2).

Methodology

Features

Challenges
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The pre-processing of the tweet is done for eliminating the
redundant information, which is performed by three major
steps such as stop word removal, stemming, and blank
space removal and the description each step is mentioned
below.

125

Page 8 of 24

Sådhanå (2021)46:125

Figure 1. Proposed architecture of sentiment analysis of E-commerce for recommendation system.

Stop Word Removal [49]: These are the list of commonly
appearing features, which are observed in each report. The
removal of normal features of conjunctions such as ‘‘and,
but, or, etc.,’’ and the pronouns such as ‘‘she, he, it, etc.,’’
should be done as those words are not effecting the process
of classification. When the character is either a number or a
special symbol, that specific character is removed. The list

is sorted based on the frequently occurred words and
choose the most significant ones on the basis of the
semantic values requirement. Next, those words must be
abolished and also removed the abnormal words like the
words that present in few regions.
Stemming [49]: In order to reduce the attributes included
to the stem, this process is used for removing the prefixes as
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well as suffixes from the comment. This is not essential for
identifying the real morphological word root, which is
usually sufficient for plotting the words in the similar stem.
This process is used for reducing the number of features
present in the feature space and improving the performance
of the machine learning algorithms, whereas the different
feature configurations are rooted to an individual feature.
For example, ‘‘take, takes, taken, and taking’’. Here, the set
of features are merged for generating an isolated feature by
removing the suffixes.
Blank space removal: The size of the words will get
increased with the additional blank spaces. Hence, the
identification and termination of those spaces need to
be performed. The extra white space and the tab spaces
are eliminated and replaced using only one white
space.
Here, the keywords are taken out from each review of the
E-commerce datasets, and further, the keywords are categorized as neutral, positive, and negative on the basis of
sentiment lexicon-based models. Later, these are given to
the dictionary-based semantic word extraction for the novel
recommendation system.
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m
1X
Ab
m b¼1

ð3Þ

the above equation, the overall sum is denoted as
PIn
m
b¼1 Ab , the count data exists in the dataset is indicated by
m, and the input data are represented as Ab.
Median: It is a ‘‘way of determining the average of a
group of numbers, which means the middle number’’.
When the dataset consists of even number of values, the
median value is expressed as in Eq. (4). Otherwise, it is
computed according to Eq. (5).
Median ¼ average of

mth
2

and



m þ 2 th
2

ð4Þ



m þ 1 th
Median ¼ size of
2

ð5Þ

Minimum value: This is the minimum value of total
data, which is given in Eq. (6).
Minimum Value ¼ MinðAb Þ

ð6Þ

Maximum value: ‘‘This is the maximum value of entire
data and the corresponding equation is denoted in Eq. (7).

4.2 Dictionary-based semantic word extraction
The semantic word extraction is performed by matching the
keywords with the dictionary from ‘‘https://in.mathworks.
com/matlabcentral/fileexchange/5408-dictionary’’.
The
words that are mostly close to the keywords are extracted as
semantic words, and for each semantic word, the similarity
score is found.

4.3 Joint and cross similarity score-based
statistical features
The similarity score among the keywords and the semantic
words are determined based on two types: (a) Joint similarity score and (b) Cross similarity score. Joint similarity
score is defined as the determination of similarity scores
between the key words either it is positive, negative or
neutral with the corresponding extracted semantic words.
Likewise, cross similarity score is defined as the determination of similarly score between the positive and negative,
negative and neutral and positive and neutral keywords. For
each similarity score, the first order and second order statistical features are extracted.
First Order Statistics: The first order statistics includes
‘‘mean, median, standard deviation, minimum value, and
maximum value’’.
Mean: Mean is determined by ‘‘summing up all the
numbers in the data set and dividing it by the total number
of numbers exists in the dataset’’. Here, mean is represented
as A, which is mathematically denoted in Eq. (3).

Maximum Value ¼ MaxðAb Þ

ð7Þ

Standard deviation: This is a ‘‘statistics, which measures the diffusion of a dataset corresponding to its mean
and calculated its square root of variance’’. It is denoted as
r, in which the unique observations existing in the provided
dataset is indicated by Ab. The mathematical equation
related to standard deviation is expressed in Eq. (8).
r¼

m 
2
1X
Ab  A
m b¼1

ð8Þ

Second Order Statistics: Here, skewness and kurtosis are
extracted.
Skewness: This is the ‘‘degree of distortion from the
normal distribution in a set of data. Skewness can be positive, negative, zero, or undefined’’. The numerical equation
is given in Eq. (9).
skn1 ¼
P

M3

ðAb AÞ

3

ð9Þ

3

M22

P

2

ðAb AÞ
In Eq. (9), M3 ¼
and M3 ¼
, the
m
m
third moment dataset is given by M3, and the variance is
given by M2.
Kurtosis: This is a ‘‘statistical measure, which is used to
explain the distribution. It measures extreme values in tail.
Distribution with high kurtosis display tail data exceeds the
tails of the normal distribution. Distributions with less
kurtosis display tail data that are usually less tremendous
than the tails of the normal distribution’’. The
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computational form of kurtosis is given in Eq. (10). Here
P
4
ðAb AÞ
the fourth moment is denoted as M4 and M4 ¼
.
m
kr4 ¼

M4
M22

ð10Þ

Thus the combination of joint and cross similarity-based
first order and second order statistic features is denoted as
FRu, in which u = 1, 2, …, NFR, and NFR represents the
total number of features being extracted.

and the low, medium and high operators are indicated by lw,
med, and hgh, respectively. In this, the universe of discourse is
given by Y and the respective element is given by y
8
0;
y  lw
>
>
>
y  lw
>
>
<
;
lw\y  med
 lw
ð13Þ
lB ðYÞ ¼ med
high

y
>
>
;
med\y\hgh
>
>
>
: hgh  med
0;
y  hgh

The extracted features using joint and cross similaritybased first and second order statistical features FRu is
multiplied with a weight function Wu based on Eq. (11).

The triangular membership function is diagrammatically
shown in Figure 2.
Assume c^1 ¼ fCd ; De g, in which the result in the particular range is given by De. The limiting factor d1 is given
in Eq. (14). Here, the linguistic variables are represented as
NLg. The minimum and maximum of the linguistic variables
is denoted in Eq. (16), Eq. (17), and Eq. (18), respectively.

FRu ¼ Wu  FRu

d1 ¼ maxðc^1 Þ  minðc^1 Þ

4.4 Optimal weighted feature extraction

ð11Þ

The weight is multiplied with the extracted features to
generate the new features with large variation, so that the
accurate classification is possible. To further improvise the
weighted feature extraction, the weight function Wu is
optimized using the proposed BH-GWO in order to generate Wu , which has to be multiplied with the features.
FRðoptimalÞ
¼ Wu  FRu
u

ð12Þ

The main objective function of the proposed BH-GWObased weight function for optimal feature extraction is to
maximize the classification accuracy in developed sentiment analysis.

5. Contribution of adaptive fuzzy classification
for recommendation system in E-commerce sector
5.1 Fuzzy classification
ðoptimalÞ

The optimal weighted feature FRu
is subjected to the
adaptive fuzzy classifier for categorizing the sentiment of the
review into positive or negative. Fuzzy classification [50] is an
algorithm that allots a class label to an object. This classifier
has the ability to predict the class labels. The description of an
object can be viewed in the form of vector that consists of the
values of the characteristics considered for being relevant to
the classification task. In most of the cases, the classifier learns
for predicting the class labels with a training algorithm and the
training data set as well. A classifier can be modelled from the
prior knowledge and expertise when the training data set is not
present. It is ready to work on unseen objects after training is
completed. The first step of the fuzzy classifier is to provide
the rules, but in this, the accurate classification of data is
produced using the triangular membership function, and the
corresponding membership function is given in Eq. (13).
Here, the membership function of y in B is expressed as lB(Y)

d01 ¼

d1
NLg

ð14Þ
ð15Þ

lwmin ¼ minðc^1 Þ
lwmax ¼ minðc^1 Þ þ d01

ð16Þ

med min ¼ lwmax þ 0:1
med max ¼ minðc^1 Þ þ 2d01

ð17Þ

hghmin ¼ minðc^1 Þ þ 2d01 þ 0:1
hghmax ¼ maxðc^1 Þ

ð18Þ

In order to define the degree of output, the limits of
membership function play a key role, which is essential for
tuning it effectively. Thus, the proposed recommendation
system employs the hybrid BH-GWO for optimizing the
membership limits that have an impact on final membership
function. Thus, it classifies the sentiment or certain review
into positive or negative.

5.2 Optimized fuzzy classification
As mentioned earlier, the proposed sentiment analysis in
E-commerce sector accomplishes both optimal weighted

Figure 2. Triangular membership function.
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Yes
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Figure 3. Diagrammatic representation of optimal sentiment
analysis in the E-commerce sector.

feature extraction and optimal classification. Figure 3 provides
the diagrammatic representation of the proposed sentiment
analysis in E-commerce sector for better recommendation
system. Here, both optimal weighted feature extraction and
classification is performed in such a way that the final classification accuracy should attain maximum. The proposed BHGWO helps in updating both weight and membership ship
function until attaining maximum accuracy.

6. Development of hybrid optimization for optimal
feature extraction and classification
6.1 Solution encoding
The main contribution of the suggested sentiment analysis
in E-commerce system is the optimal weighted feature
extraction and the membership limits of the fuzzy
classifier. This is done by the proposed BH-GWO
algorithm. The corresponding solution encoding for
weight optimization and the membership function
optimization under both feature extraction and classification is shown in Figure 4. Here, the count of features is denoted as NF.

Figure 4. Solution encoding of the proposed sentiment analysis
in E-commerce sector.

6.2 Conventional GWO
GWO [51] is developed from the motivation of the
wolves’ hunting behaviour. These wolves are also named
as apex predators. This kind of wolves is mostly observed
in only groups that include 5 to 12 predators for each set,
which follows the hierarchy of leadership mechanism.
The order of each wolf set is categorized into four classes
like alpha, beta, delta, and omega, which are denoted as
(a), (b), (d), and (x), respectively. The prey is encircled
by the grey during hunting process, which is mathematically represented in Eq. (19). Here, the term PoVpry
represents the position vector of the prey and it is
denoted in Eq. (20).
Enp ¼ K  PoVpry ðitÞ  PoVðitÞ

ð19Þ

PoVðit þ 1Þ ¼ PoVpry ðitÞ  L  Enp

ð20Þ

In the above equations, the coefficient vectors are
denoted as K and L, which are expressed in Eq. (21) and
Eq. (22), respectively. In these equations, the random
vectors are denoted as rdn1 and rdn2, which lies in between
0 and 1. The components of a is decreased from 2 to 0 in
the series of iteration. Moreover, the wolves are capable of
identifying the location and encircling the prey. The hunting procedure is handled by (a) in many of the cases, then
followed by (b) and (d).
K ¼ 2  rdn2

ð21Þ

L ¼ 2a  rdn1  a

ð22Þ

The numerical representation of the hunting behaviour
of apex predators is considered as alpha, beta, and delta,
which has good data regarding the corresponding prey’s
position. Thus, the first three best solutions acquired are
needed for saving and making the remaining search
agents to update the positions as per the location of the
best search agent and it is denoted in Eq. (23), Eq. (24),
and Eq. (25).
Enoa ¼ jK1  PoVa  PoV j;


Enob ¼ K2  PoVb  PoV ;
Enod ¼ jK3  PoVd  PoV j

ð23Þ
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PoV1 ¼ PoVa  L1  ðEnpa Þ;
PoV2 ¼ PoVb  L2  ðEnpb Þ;

ð24Þ

PoV3 ¼ PoVd  L2  ðEnpd Þ
PoVðit þ 1Þ ¼

PoV1 þ PoV2 þ PoV3
3

ð25Þ

The algorithmic representation of the conventional GWO
is shown in Algorithm 1.

moving in the direction of new position. When a candidate
dies, it is swilled by the black hole, and other candidate
solution is born and distributed in the search space at random and performs new search, which is performed for
maintaining the count of candidate solutions consistent.
The next iteration takes place once all the stars are moved.
In this model, the radius of the event horizon is computed
by Eq. (27).
ftbh
Rad ¼ PNS
i¼1

fti

ð27Þ

In Eq. (26), the fitness value of black hole is given by
ftbh, whereas the fitness value of ith star is given by fti. The
pseudo code of traditional BHA is depicted in Algorithm 2.

6.3 Conventional BHA
The inspiration of BHA [52] algorithm is the phenomenon
of black hole. It is a population-based approach, which has
few same features with other population-based models.
Once the initialization is done, the population’s fitness
values are assessed and the best one is selected as the black
hole and the others are termed as normal stars. The black
hole is capable of incorporating the stars, which are present
near to it. Once the initialization of stars and the black hole
is performed, the stars near to the black hole are absorbed
and all the stars will move in the direction of black hole.
The stars absorption that is performed by black hole is
represented in Eq. (26).
PoVi ðit þ 1Þ ¼ PoVi ðitÞ þ rnd  ðPoVbh ; PoVðitÞÞ ð26Þ
In the above equation, the positions of ith star at it and it
? 1 iterations are denoted as PoVi(it) and PoVi(it ? 1). The
position of the black hole in search space is given by PoVbh
and the random number is denoted as rnd, which lies in
between 0 and 1. The term i denotes i= 1, 2, …, NS, in
which the number of stars are indicated by NS. A star might
reach the position with less expensive when compared over
black hole. In this scenario, the black hole goes to the
position of that particular star and performed the same in
reverse. Later, the black hole model will continue with the
black hole in the new position and later the stars start

Algorithm 2: Pseudo code of conventional BHA
[53]
Loop
Evaluate the objective function for each star
Choose the best star, which has the best fitness
value as the black hole
Change the location of each star as per Eq. (26)
If
a star reached the location with less cost than the
black hole, exchange their positions
If
a star crossed the event horizon of black hole,
then substitute it with new star in a random
position in the search space
If
termination criteria is reached, then
exit the loop
End Loop

6.4 Proposed BHA
In the current research filed, the usage of optimization model is
acquiring more interest, and these algorithms have performed
different improvements and changes for resolving the complicated issues. The meta-heuristic search methods are seemed to
be favourable and appropriate for several applications. More
researchers are showing interest towards soft computing models. In solving many engineering issues, optimization methods
are used. By using the concepts of optimization, decisionmaking and the expert systems are introduced. At present, the
classification and prediction performance is based on these
algorithms. The traditional GWO [51] is inspired by the hunting
behaviour of wolves and these are termed as apex predators.
These are usually seen in groups only, which consist of 5 to 12
wolves in each group and follows the leadership hierarchy. This
is relatively new population-based optimization algorithm,
which has few benefits such as easy implementation, control
parameters required are less, and capable of robust global
optimization. However, there is some inadequacy in this
method with respect to its position-update equation, which is
very poor in exploration phase. Moreover, it has poor
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convergence, local searching ability, and less solving precision.
As the BHA [52] algorithm is having the best local searching
ability, very simple structure, and easy implementation, it is
merged with GWO. In fact, the hybrid algorithm takes the
advantages of various optimization models for attaining fast
convergence. The convergence behaviour has been reported to
be best when compared over conventional algorithms. Here, the
GWO algorithm is merged with the BHA algorithm and is
termed as BH-GWO algorithm. For each solution update, the
random number rand is checked, and if it is less than 0.5, then
the update process of GWO is performed by Eq. (25), otherwise
the update process is done by BHA algorithm, which is denoted
in Eq. (26). The pseudo code of proposed BH-GWO is shown in
Algorithm 3, and the flowchart is given in Figure 5.

Figure 5. Flowchart of the proposed BH-GWO for optimal
sentiment classification.

7. Results and discussions
7.1 Experimental set-up
The introduced sentiment analysis in E-commerce system
was implemented in MATLAB 2018a, and the evaluations
were carried out. The datasets such as Amazon Kindle and
firetv (‘‘URL: https://www.kaggle.com/datafiniti/consumerreviews-of-amazon-products/downloads/consumer-reviewsof-amazon.products.zip/5#Datafiniti_Amazon_Consumer_
Reviews_of_Amazon_Products_May19.csv’’, Access date:
14-03-2020), Amazon Toy Products (‘‘URL: https://www.
kaggle.com/PromptCloudHQ/toy-products-on-amazon/down
loads/toy-products-on-amazon.zip/1’’, Access date: 14-032020), Amazon baby Products (‘‘URL: https://www.kaggle.
com/sameersmahajan/reviews-of-amazon-baby-products/
downloads/reviews-of-amazon-baby-products.zip/1’’, Access
date: 14-03-2020), Ecommerce women’s clothing (‘‘URL:

https://www.kaggle.com/nicapotato/womens-ecommerceclothing-reviews#Womens%20Clothing%20E-Commerce
%20Reviews.csv’’, Access date: 14-03-2020), and Online
Product reviews (‘‘URL: https://data.world/datafiniti/
grammar-and-online-product-reviews’’, Access date:
14-03-2020) were considered for analysis. The performance analysis of the suggested BH-GWO-Fuzzy was
compared with the meta-heuristic-based fuzzy such as
PSO-Fuzzy [53], GWO-Fuzzy [51], WOA-Fuzzy [53],
and BHA-Fuzzy [52]. Moreover, the analysis was compared over other machine learning algorithms like NN
[54], SVM [55], KNN [56], and Fuzzy [50] with respect to
evaluation metrics such as ‘‘accuracy, sensitivity, specificity, precision, FPR, FNR, NPV, FDR, F1 score, and
MCC’’.

7.2 Effect of optimized fuzzy
The performance analysis of the proposed BH-GWO-fuzzy
and the conventional heuristic-based fuzzy for all the five
datasets with respect to learning percentage is shown in
Figure 6. In Figure 6(a), the accuracy of the suggested BHGWO-Fuzzy has attained best performance at all learning
percentages. At learning percentage 85, the accuracy of the
improved BH-GWO-Fuzzy is 18% upgraded than GWO,
25% upgraded than PSO, 32.8% upgraded than BHA, and
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b Figure 6. Performance analysis of the proposed and conven-

tional heuristic-based fuzzy classifier for sentiment analysis in
E-commerce system for all the five datasets concerning the
measures (a), (d), (g), (j), and (m) Accuracy (b), (e), (h), (k), and
(n) Precision, and (c), (f), (i), (l), and (o) F1 score of dataset 1,
dataset 2, dataset 3, dataset 4, and dataset 5, respectively.

34.9% upgraded than WOA. The precision of the introduced BH-GWO-Fuzzy is performing well in classifying
the sentiments at all learning percentages, which is given in
Figure 6(b). It is 53.8% better than GWO, 61.6% better than
PSO, 76.6% better than BHA, and 83.3% better than WOA
at learning percentage 75. From Figure 6(d), the accuracy
of the developed BH-GWO-Fuzzy is 0.004% enhanced than
GWO, and 0.01% enhanced than PSO when considering the
learning percentage as 85. The F1 score of the presented
BH-GWO is 0.01% improved than GWO, and 0.03%
improved than PSO at learning percentage 85, which is
shown in Figure 6(f). For all the learning percentages, the
accuracy of the implemented BH-GWO-Fuzzy is acquiring
the best performance when compared over all other algorithms. In Figure 6(g), the accuracy of the proposed BHGWO-Fuzzy is 4.3% superior to PSO, 5.5% superior to
WOA, and 7.9% superior to BHA and GWO-based fuzzy
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when considering the learning percentage as 45. From
Figure 6(h), the precision of the offered BH-GWO-Fuzzy is
2.2% progressed than WOA, 13.9% progressed than BHA,
16.8% progressed than PSO, and 38.4% progressed than
GWO when considering the learning percentage as 45. In
Figure 6(j), at learning percentages, it is found that the
accuracy of the suggested BH-GWO-Fuzzy is performing
best than other meta-heuristic algorithms. When considering the learning percentage as 85, the accuracy of the recommended BH-GWO-Fuzzy is 11.1% advanced than
GWO, 34.3% advanced than PSO, 45.1% advanced than
WOA, and 50% advanced than BHA. In Figure 6(l), the F1
score of the improved BH-GWO-Fuzzy is 67.4% elevated
than GWO, and 58.3% elevated than PSO at learning percentage 85. The accuracy of the presented BH-GWO-Fuzzy
at all learning percentages for 5th dataset is performing well
and it is shown in Figure 6 (m). It is 8.1% enhanced than
WOA, 17.7% enhanced than BHA, 19.2% enhanced than
GWO, and 30.9% enhanced than PSO at learning percentage 55. In Tables 2, 3, 4, 5 and 6, the overall performance
of the developed BH-GWO-Fuzzy and the existing
heuristic-based fuzzy is tabulated. In Table 5, the accuracy
of the introduced BH-GWO-Fuzzy is accurately obtaining
the positive observations from all the observations. It is

Table 2. Overall performance analysis of the proposed and conventional heuristic-based fuzzy classifier for sentiment analysis using
dataset 1.
Performance measures
Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

PSO-Fuzzy [57]

GWO-Fuzzy [51]

WOA-Fuzzy [53]

BHA-Fuzzy [52]

BHA-GWO-Fuzzy

0.82576
0.63889
0.87247
0.55604
0.12753
0.36111
0.87247
0.44396
0.59459
0.4862

0.72727
0.20455
0.85795
0.26471
0.14205
0.79545
0.85795
0.73529
0.23077
0.069162

0.68636
0.29545
0.78409
0.2549
0.21591
0.70455
0.78409
0.7451
0.27368
0.0754

0.77677
0.50758
0.84407
0.44866
0.15593
0.49242
0.84407
0.55134
0.4763
0.33617

0.9197
0.85101
0.93687
0.77117
0.063131
0.14899
0.93687
0.22883
0.80912
0.75991

Table 3. Overall performance analysis of the proposed and conventional heuristic-based fuzzy classifier for sentiment analysis using
dataset 2.
Performance measures
Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

PSO-Fuzzy [57]

GWO-Fuzzy [51]

WOA-Fuzzy [53]

BHA-Fuzzy [52]

BHA-GWO-Fuzzy

0.99971
0.99935
0.9998
0.99922
0.000195
0.000652
0.9998
0.000782
0.99928
0.9991

0.99974
0.99922
0.99987
0.99948
0.00013
0.000782
0.99987
0.000522
0.99935
0.99919

0.99974
0.99948
0.9998
0.99922
0.000195
0.000521
0.9998
0.000782
0.99935
0.99919

0.99971
0.99922
0.99984
0.99935
0.000163
0.000782
0.99984
0.000652
0.99928
0.9991

0.99979
0.99948
0.99987
0.99948
0.00013
0.000521
0.99987
0.000521
0.99948
0.99935
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Table 4. Overall performance analysis of proposed and conventional heuristic-based fuzzy classifier for sentiment analysis using
dataset 3.
Performance measures
Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

PSO-Fuzzy [57]

GWO-Fuzzy [51]

WOA-Fuzzy [53]

BHA-Fuzzy [52]

BHA-GWO-Fuzzy

0.82041
0.75255
0.83737
0.53636
0.16263
0.24745
0.83737
0.46364
0.62633
0.5252

0.6551
0.19643
0.76977
0.1758
0.23023
0.80357
0.76977
0.8242
0.18554
-0.03246

0.63163
0.079082
0.76977
0.079082
0.23023
0.92092
0.76977
0.92092
0.079082
-0.15115

0.875
0.73469
0.91008
0.67133
0.089923
0.26531
0.91008
0.32867
0.70158
0.62374

0.89949
0.75765
0.93495
0.74436
0.065051
0.24235
0.93495
0.25564
0.75095
0.68804

Table 5. Overall performance analysis of proposed and conventional heuristic-based fuzzy classifier for sentiment analysis using
dataset 4.
Performance measures
Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

PSO-Fuzzy [57]

GWO-Fuzzy [51]

WOA-Fuzzy [53]

BHA-Fuzzy [52]

BHA-GWO-Fuzzy

0.78324
0.55038
0.84137
0.46412
0.15863
0.44962
0.84137
0.53588
0.50358
0.36839

0.82205
0.8057
0.82613
0.53634
0.17387
0.1943
0.82613
0.46366
0.64399
0.55122

0.81957
0.501
0.89909
0.55344
0.10091
0.499
0.89909
0.44656
0.52592
0.41562

0.86135
0.50943
0.94919
0.71453
0.050807
0.49057
0.94919
0.28547
0.5948
0.52469

0.8846
0.71136
0.92785
0.71108
0.072152
0.28864
0.92785
0.28892
0.71122
0.63911

Table 6. Overall performance analysis of the proposed and conventional heuristic-based fuzzy classifier for sentiment analysis using
dataset 5.
Performance measures
Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

PSO-Fuzzy [57]

GWO-Fuzzy [51]

WOA-Fuzzy [53]

BHA-Fuzzy [52]

BHA-GWO-Fuzzy

0.8371
0.63445
0.88777
0.58562
0.11223
0.36555
0.88777
0.41438
0.60906
0.50703

0.89148
0.73375
0.93092
0.72643
0.069081
0.26625
0.93092
0.27357
0.73007
0.66218

0.83947
0.64629
0.88777
0.5901
0.11223
0.35371
0.88777
0.4099
0.61692
0.51649

0.88795
0.57244
0.96683
0.81183
0.033171
0.42756
0.96683
0.18817
0.67143
0.61976

0.94028
0.85071
0.96268
0.85071
0.037323
0.14929
0.96268
0.14929
0.85071
0.81338

12.9% progressed than PSO, 7.6% progressed than GWO,
7.9% progressed than WOA, and 2.6% progressed than
BHA. The precision of the offered BH-GWO-Fuzzy is

45.2% exceeded than PSO, 17.1% exceeded than GWO,
44.1% exceeded than WOA, and 4.7% exceeded than BHAbased fuzzy, which is shown in Table 6. Thus, it is
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b Figure 7. Performance analysis of proposed and conventional

machine learning algorithms for sentiment analysis in E-commerce system for all the five datasets concerning the measures (a),
(d), (g), (j), and (m) Accuracy (b), (e), (h), (k), and (n) Precision,
and (c), (f), (i), (l), and (o) F1 score of dataset 1, dataset 2, dataset
3, dataset 4, and dataset 5, respectively.

concluded that the proposed BH-GWO-Fuzzy is performing
well for classifying the sentiments in the E-commerce
system effectively.

7.3 Performance analysis over conventional
classifiers
In Figure 7, the analysis of the developed BH-GWO-Fuzzy
and the conventional machine learning algorithms with
respect to learning percentages for classifying the sentiments is depicted. Here, the accuracy of 1st dataset is
acquiring the best performance at all learning percentages,
which is shown in Figure 7(a). The accuracy of the
improved BH-GWO-Fuzzy is 11.7% surpassed than Fuzzy,
28.3% surpassed than KNN, 20.2% surpassed than SVM,

and 18.75% surpassed than NN at learning percentage 45.
At all learning percentages for 2nd dataset, the precision of
the suggested BH-GWO-Fuzzy is attaining the best outcomes when compared over conventional classifiers. In
Figure 7(e), the precision of the introduced BH-GWOFuzzy is 100% better than Fuzzy, 59% better than KNN,
58.7% better than SVM, and 56.2% better than NN when
considering the learning percentage as 85. From Figure 7 i),
the F1 score is 12.5% exceeded than Fuzzy, 80% exceeded
than KNN, 13.9% exceeded than SVM, and 28.5% exceeded than NN at learning percentage 45. When considering
any of the learning percentage in Figure 7(j), the accuracy
of the implemented BH-GWO-Fuzzy is performing well.
Now considering the learning percentage as 85, the accuracy of the improved BH-GWO-Fuzzy is 5.8% superior to
Fuzzy, 16.8% superior to KNN, 12.5% superior to SVM,
and 13.9% superior to NN. In Figure 7(n), the precision of
the presented BH-GWO-Fuzzy for 5th dataset is performing
well over other machine learning algorithms. The precision
of the introduced BH-GWO-Fuzzy at learning percentage
45 is 21% progressed than Fuzzy, 58.6% progressed than
KNN, 67.2% progressed than SVM, and 47.8% progressed
than NN. The overall classification analysis of the presented BH-GWO-Fuzzy and the conventional machine

Table 7. Overall classification analysis of proposed and conventional machine learning algorithms for sentiment analysis using dataset
1.
Performance measures

NN [54]

SVM [55]

KNN [56]

Fuzzy [50]

BHA-GWO-Fuzzy

Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

0.7592
0.272
0.881
0.36364
0.119
0.728
0.881
0.63636
0.31121
0.17158

0.7424
0.356
0.839
0.356
0.161
0.644
0.839
0.644
0.356
0.195

0.7152
0.288
0.822
0.288
0.178
0.712
0.822
0.712
0.288
0.11

0.81263
0.69949
0.84091
0.52363
0.15909
0.30051
0.84091
0.47637
0.59892
0.48852

0.9197
0.85101
0.93687
0.77117
0.063131
0.14899
0.93687
0.22883
0.80912
0.75991

Table 8. Overall classification analysis of proposed and conventional machine learning algorithms for sentiment analysis using dataset
2.
Performance measures

NN [54]

SVM [55]

KNN [56]

Fuzzy [50]

BHA-GWO-Fuzzy

Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

0.86
0.652
0.912
0.6494
0.088
0.348
0.912
0.3506
0.6507
0.56316

0.8608
0.652
0.913
0.652
0.087
0.348
0.913
0.348
0.652
0.565

0.8048
0.512
0.878
0.512
0.122
0.488
0.878
0.488
0.512
0.39

0.99974
0.99935
0.99984
0.99935
0.000163
0.000652
0.99984
0.000652
0.99935
0.99919

0.99979
0.99948
0.99987
0.99948
0.00013
0.000521
0.99987
0.000521
0.99948
0.99935
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Table 9. Overall classification analysis of proposed and conventional machine learning algorithms for sentiment analysis using dataset
3.
Performance measures

NN [54]

SVM [55]

KNN [56]

Fuzzy [50]

BHA-GWO-Fuzzy

Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

0.8912
0.716
0.935
0.73361
0.065
0.284
0.935
0.26639
0.7247
0.65699

0.8992
0.748
0.937
0.748
0.063
0.252
0.937
0.252
0.748
0.685

0.8048
0.512
0.878
0.512
0.122
0.488
0.878
0.488
0.512
0.39

0.6801
0.32143
0.76977
0.25873
0.23023
0.67857
0.76977
0.74127
0.28669
0.084419

0.89949
0.75765
0.93495
0.74436
0.065051
0.24235
0.93495
0.25564
0.75095
0.68804

Table 10. Overall classification analysis of proposed and conventional machine learning algorithms for sentiment analysis using dataset
4.
Performance measures

NN [54]

SVM [55]

KNN [56]

Fuzzy [50]

BHA-GWO-Fuzzy

Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

0.80095
0.6875
0.87077
0.76602
0.12923
0.3125
0.87077
0.23398
0.72464
0.57154

0.81905
0.7325
0.87231
0.77926
0.12769
0.2675
0.87231
0.22074
0.75515
0.6126

0.77524
0.675
0.83692
0.71809
0.16308
0.325
0.83692
0.28191
0.69588
0.51852

0.8834
0.81534
0.90039
0.6714
0.099609
0.18466
0.90039
0.3286
0.7364
0.6676

0.8846
0.71136
0.92785
0.71108
0.072152
0.28864
0.92785
0.28892
0.71122
0.63911

Table 11. Overall classification analysis of proposed and conventional machine learning algorithms for sentiment analysis using dataset
5.
Performance measures

NN [54]

SVM [55]

KNN [56]

Fuzzy [50]

BHA-GWO-Fuzzy

Accuracy
Sensitivity
Specificity
Precision
FPR
FNR
NPV
FDR
F1-score
MCC

0.8224
0.452
0.915
0.57071
0.085
0.548
0.915
0.42929
0.50446
0.40206

0.8128
0.532
0.883
0.532
0.117
0.468
0.883
0.468
0.532
0.415

0.7424
0.356
0.839
0.356
0.161
0.644
0.839
0.644
0.356
0.195

0.837
0.63392
0.88777
0.58541
0.11223
0.36608
0.88777
0.41459
0.6087
0.5066

0.94028
0.85071
0.96268
0.85071
0.037323
0.14929
0.96268
0.14929
0.85071
0.81338

learning algorithms is tabulated in Tables 7, 8, 9, 10 and 11
for all the five datasets. From Table 7, the accuracy of the
recommended BH-GWO-Fuzzy is best when compared
over other algorithms. The accuracy of the suggested BHGWO-Fuzzy is 21.1% upgraded than Fuzzy, 23.8%
upgraded than KNN, 28.5% upgraded than SVM, and
13.1% upgraded than NN. From Table 10, the accuracy of

the improved BH-GWO-Fuzzy is 10.4% improved than
Fuzzy, 8% improved than KNN, 14.1% improved than
SVM, and 0.1% improved than NN. The precision of the
suggested BH-GWO-Fuzzy from Table 11 is 49% advanced
than Fuzzy, 59.9% advanced than KNN, 58.1% advanced
than SVM, and 45.3% advanced than NN. Therefore, the
implemented BH-GWO-Fuzzy is performing well when
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Table 12. Analysis of proposed BH-GWO-Fuzzy by using benchmark functions.
Benchmark functions
Bent_Cigar
SoDPower
Zakharov
Rosenbrock
Rastrigin
SchafferF6
Lunacek_bi_Rastrigin
Non_Continuous_Rastrigin
Levy
Schwefel
Elliptic
Discus
Ackyles
Weierstrass
Griewank
Katsuura
Happycat
HGBat
Griewank_Rosenbrock
SchafferF7

PSO
0.092
0.0828
0.0736
0.09016
2.76
0.07544
18.4
3.68
0.09016
55.2
0.0782
11.04
11.224
23
0.736
0.92
0.9108
0.92
0.092
0.9292

GWO

WOA

0.086
0.0774
0.0688
0.08428
2.58
0.07052
17.2
3.44
0.08428
51.6
0.0731
10.32
10.492
21.5
0.688
0.86
0.8514
0.86
0.086
0.8686

0.078
0.0702
0.0624
0.07644
2.34
0.06396
15.6
3.12
0.07644
46.8
0.0663
9.36
9.516
19.5
0.624
0.78
0.7722
0.78
0.078
0.7878

BHA
0.072
0.0648
0.0576
0.07056
2.16
0.05904
15.6
2.88
0.07056
43.2
0.0612
8.64
8.784
18
0.576
0.72
0.7128
0.72
0.072
0.7272

BH-GWO-Fuzzy
0.062
0.0558
0.0496
0.06076
1.86
0.05084
12.4
2.48
0.06076
37.2
0.0527
7.44
7.564
15.5
0.496
0.62
0.6138
0.62
0.062
0.6262

Table 13. Statistical analysis of the proposed BH-GWO-Fuzzy.

Best
Worst
Mean
Median
Standard deviation

PSO

GWO

WOA

BHA

BH-GWO-Fuzzy

0.934
0.83824
0.88059
0.86067
0.041114

0.93333
0.852
0.89303
0.88291
0.031434

0.93267
0.856
0.88296
0.85606
0.037444

0.91933
0.83824
0.87566
0.85733
0.035465

0.96333
0.89728
0.92625
0.92935
0.02906

compared over other classifiers in categorizing the sentiments accurately.

7.4 Analysis using benchmark functions
The proposed BH-GWO-Fuzzy was analyzed by using the
benchmark functions was shown in Table 12. The proposed
BH-GWO-Fuzzy is performed 32.6%, 27.9%, 20.51%, and,
13.9% better than the PSO, GWO, WOA, and BHA using
the Bent_Cigar function. Using the Zakharov, the proposed
BH-GWO-Fuzzy performs 32.6% better than PSO, 27.9%
better than GWO, 20.5% better than WOA, and, 13.9%
better than BHA. Using the SchafferF6, the proposed BHGWO-Fuzzy is performed better than PSO, GWO, WOA,
and BHA by 32.6%, 27.9%, 20.5%, and 16.12%. The
proposed BH-GWO-Fuzzy is performed 32.6%, 27.9%,
20.51% and, 13.9% than the PSO, GWO, WOA, and BHA
by using the Ackyles.

7.5 Statistical analysis
Table 13 shows the Statistical Analysis of the proposed
BH-GWO-Fuzzy. In Table 13, the result shows that the
proposed work performed very well and its performance is
better than all the other algorithms. The best and worst case
of the proposed method is 0.96333 and 0.89728, respectively. This reaching time is best compared to the other
algorithms. Similarly, for all the other five test cases, the
proposed BH-GWO-Fuzzy has better reaching time than all
the other existing algorithms.

7.6 Convergence analysis
The convergence analysis of the proposed BH-GWO-Fuzzy
model is shown in Figure 8. From Figure 8(a), the cost
function of the proposed BH-GWO-Fuzzy is maximum
from 5th iteration to 25th iteration. Here, the cost function
value of PSO is initially minimum but as the number of
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Figure 8. Convergence analysis of the proposed BH-GWO-Fuzzy.
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iteration is increasing, the iteration also start to increase.
Next, the GWO algorithm is having minimum iteration
initially, after that the cost function is maximum. At first,
the WOA is minimum, after the 3rd iteration the cost
function value becomes maximum. Next, cost function
value BHA is minimum until 2nd iteration after that the cost
function becomes maximum. Finally, at 25th iteration, all
the algorithms have obtained maximum cost function. In
Figure 8(b), the cost function of the presented BH-GWOFuzzy are minimum until 7 iterations, and from there, the
cost function obtained by the suggested BH-GWO-Fuzzy
are maximum until the last episode. The remaining all other
algorithms are having minimum cost function points until
2, 17 and 21 iterations except BHA algorithm. Figure 8
(c) shows the performance of the implemented BH-GWOFuzzy and the traditional methods for test case 3. Here, the
proposed BH-GWO-Fuzzy has obtained a maximum number of cost function from 1st iteration. Moreover, at 25th
iteration all the algorithms have attained a maximum
number of cost function. Thus, it is concluded that the
developed BH-GWO-Fuzzy is obtaining maximum RL
when compared over other algorithms.

8. Conclusion
The present paper has introduced a new sentiment classification in E-commerce system for developing the effective
recommendation model. The suggested method performed
many processing phases such as ‘‘Data acquisition, Preprocessing, Feature extraction, weighted feature extraction,
and Classification’’. Initially, the online reviews associated
with E-commerce were gathered from various E-commerce
websites. Later, the pre-processing of the freely accessible
tweets was performed using three steps such as stop word
removal, stemming, and blank space removal. Furthermore,
the feature extraction was done by computing the joint
similarity score and cross similarity score for the positive,
negative, and neutral keywords extracted from the tweets.
To the collected score of each keyword of the tweet, the
first and second order statistical measures were measured as
the features. In the resultant features, the weighted feature
extraction was done, where the weight was multiplied with
the features for obtaining the better scalable feature
appropriate for classification. Here, the weight was optimized using the proposed BH-GWO algorithm. These
extracted features were further given to adaptive fuzzy
classifier, where the membership functions was tuned using
the same hybrid BH-GWO method for maximizing the
classification accuracy. From the analysis, the accuracy of
the improved BH-GWO-Fuzzy is 11.7% surpassed than
Fuzzy, 28.3% surpassed than KNN, 20.2% surpassed than
SVM, and 18.75% surpassed than NN at learning percentage 45. At all learning percentages for 2nd dataset, the
precision of the suggested BH-GWO-Fuzzy is attaining the

Sådhanå (2021)46:125
best outcomes when compared over conventional classifiers
for dataset 1. Thus, it is concluded that the proposed BHGWO-Fuzzy is performing well in classifying the sentiments in E-commerce.

Abbreviations
BH-GWO
Black Hole-based Grey Wolf Optimization
POS
Part-of-Speech
PMVNLNs Probability Multi-Valued Neutrosophic
Linguistic Numbers
FRDF
Fake Review Detection Framework
NLP
Natural Language Processing
SVM
Support Vector Machine
FPR
False Positive Rate
CTN
Cloze Task Network
FDR
False Discover Rate
CHAN
Convolutional Hierarchical Attention
Networks
FNR
False Negative Rate
ASCF
Aspect Sentiment Collaborative Filtering
NPV
Negative Predictive Value
GWO
Grey Wolf Optimization
MCC
Matthew’s Correlation Coefficient
BHA
Black Hole Algorithm
KNN
K-Nearest Neighbour
PSO
Particle Swarm Optimization
NN
Neural Network
WOA
Whale Optimization Algorithm
NGM
N-Gram Machine
SPMM
Sparse Matrix Multiplication
OMSA
Opinion Mining and Sentiment Analysis
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