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Abstract: Numerous goods and services are now offered through online platforms due to the recent growth of 
online transactions like e-commerce. Users have trouble locating the product that best suits them from the 
numerous products available in online shopping. Many studies in deep learning-based recommender systems 
(RSs) have focused on the intricate relationships between the attributes of users and items. Deep learning 
techniques have used consumer or item-related traits to improve the quality of personalized recommender 
systems in many areas, such as tourism, news, and e-commerce. Various companies, primarily e-commerce, 
utilize sentiment analysis to enhance product quality and effectively navigate today's business environment. 
Customer feedback regarding a product is gathered through sentiment analysis, which uses contextual data to 
split it into separate polarities. The explosive rise of the e-commerce industry has resulted in a large body of 
literature on e-commerce from different perspectives. Researchers have made an effort to categorize the 
recommended future possibilities for e-commerce study as the field has grown. There are several challenges in 
e-commerce, such as fake reviews, frequency of user reviews, advertisement click fraud, and code-mixing. In 
this review, we introduce an overview of the preliminary design for e-commerce. Second, the concept of deep 
learning, e-commerce, and sentiment analysis are discussed. Third, we represent different versions of the 
commercial dataset. Finally, we explain various difficulties facing RS and future research directions. 

Keywords: e-commerce; sentiment analysis; natural language processing; deep learning; spam; 
product reviews 

 

1. Introduction 

Due to the ongoing COVID-19 virus, which led to numerous nations' directives for their 
populations to stay home, e-commerce has increased significantly. E-commerce has supplanted 
traditional retail outlets as the primary way for consumers to meet their consumption demands due 
to the closure of most physical stores and concern over COVID-19 infections. It is normal practice for 
online merchants to ask for feedback on goods and services through text reviews and ratings [1]. 
Today's e-commerce websites serve as a sizable marketplace for the purchase and sale of goods, and 
many of them offer a review section where customers may express their opinions on the value of the 
goods they've purchased [2].  

The number of online retailers implementing sophisticated personalization algorithms is 
steadily rising in the global e-commerce market. The only e-commerce behemoths with access to 
Amazon.com and other pioneers using recommendation systems in retail stores like its own. 
Recently, e-commerce websites like Amazon, eBay, and Alibaba have altered how people consume 
goods due to the growth of digital applications and websites. Due to the massive growth in vendors 
that have recently begun creating goods, major and small online retailers can now afford to 
personalize their services [3]. The primary channel of e-commerce transactions has evolved to become 
the Internet. From banks offering Internet banking to hotels, airports, and airline tickets, consumer 
businesses of all types and industries strive to reach millions of online customers. More and more 
businesses rely on e-commerce [4]. 
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Most e-commerce platforms allow customers to give reviews for goods and services to glean 
data, such as the customer's assessment of the items and a description of any unfavorable reviews. 
Sentiment analysis must be performed on the customer reviews and ratings [5]. The advantages of 
using e-commerce websites to do business online, such as loyalty, faster delivery, simple setup, time 
savings, cost-effectiveness, and flexibility, are depicted in Figure 1 [6]. 

 

Figure 1. Advantages of e-commerce platforms. 

Consumer delight has been enhanced by business needs that involve sentiment analysis through 
improved consumer satisfaction with products and market distinctiveness. The importance of 
sentiment analysis to organizations cannot be overstated since it enables them to comprehend how 
consumers feel about their brands. Customer satisfaction analysis with sentiment analysis occurs 
when customers can express their thoughts and experiences about products in comments made in 
natural language [7]. 

Deep learning, defined as neural networks with numerous layers of perceptrons, has been 
demonstrated to be beneficial for feature presentation, sentence categorization, word representation, 
and text synthesis. Evaluating sentiments requires well-known algorithms, such as convolution 
neural networks (CNNs), long short-term memory networks (LSTM), recurrent neural networks 
(RNN), bidirectional-LSTM (Bi-LSTM), and integrated deep-learning approaches [8]. 

Through applying a nonlinear structure, deep learning extracts the high dimensional 
representations from data and applies them to various issues. Additionally, it can manage large 
amounts of data and other high-dimensional data types, such as audio and visual data. The best 
results have been produced by deep learning in several areas, including speech recognition, natural 
language processing (NLP), and recommendation systems (RSs). Several deep learning has 
performed more convolutional recommender systems in terms of performance [9].  

This paper is organized as follows. Section 1 introduced the importance of enhancing the quality 
of products and the advantages of e-commerce. Section 2 introduced the overall analysis 
methodology as preprocessing, feature extraction, feature selection, and literature overview. Section 
3 demonstrated a recommendation based on the review's sentiment, especially in e-commerce. 
Section 4 introduces some applications of recommendation systems in different domains. Section 5 
presents a recommendation system based on deep learning and summarizes some deep learning 
algorithms for reviews. Section 6 contained word embedding technologies such as word2vec and 
how to improve the big dataset's performance. Section 7 presented some popular datasets in the field 
of e-commerce. Section 8 introduced performance evaluation techniques to measure the performance 
of methods. Section 9 presented difficulties and challenges for RSs in general and e-commerce 
reviews and future directions. Finally, Section 10 concludes the paper. 
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2. Methods and Literature Overview 

The RS is an effective technological tool that seeks to anticipate consumers' needs by giving them 
the data or services they need without directly asking them. Most social media platforms and e-
commerce applications utilize RS to increase user efficiency. For users, RS facilities choose 
exploration and reduce information overload. Figure 2 demonstrates the stages of this research, 
beginning with the e-commerce dataset to analyze and evaluate reviews. 

 

Figure 2. The overall methodology analysis of E-commerce reviews. 

2.1. Preprocessing 

More training time is required for big datasets, and stop words reduce prediction accuracy. Text 
preprocessing is necessary to reduce the use of computer resources and improve prediction accuracy. 
The model's performance is improved and more accurate predictions are made because of text 
preprocessing. As indicated in Figure 2, the preprocessing phase involves the following processes: 

• Tokenization: For a computer to understand the text, it is essential to decompose words into a 
machine-understandable one. Word, character, and partial word tokenization are the three main 
categories that broadly classify tokenization. Tokenization is used to obtain tokens. A 
vocabulary is created using tokens [10]. The technique of breaking up uninterrupted text into 
words, symbols, and components, like rewriting sentences into words, is called tokenization. It 
should be accurate and effective because it greatly affects how well the subsequent analysis 
performs [11]. 

• Stemming: Breaking down words into their base form to reduce the number of word groups or 
classes in text data. It lessens the amount of inflection in speech. Stemming helps us to quality 
and effectively classify data [12]. Stemming shortens word suffixes or prefixes without 
considering the meaning of the word. For example, the word "driv" is taken from "driving," 
which is not a legal word [13]. Stemming is applied to improve the performance of classifiers 
while reducing the number of features present in the feature space and rooting different 
configurations of features to unique properties. Stemming works quickly and eliminates 
multiple errors that improve index size [14]. 

• Lemmatization:  It is the process of transforming tokens into the base word lemma by 
performing morphological analysis to eliminate infections [15]. It maps words to either their 
original form or a meaning statement. This is crucial for determining if words are the description 
of products or opinions [16]. It may be enforced using the utils framework's lemmatize 
functionality. Just the optimal template package has had to be activated for this functionality. To 
convert the lemma into a sequence of bytes, create a clone of the preferred lemma. The 
relationship between the normalized form of a word and one of the words in a phrase is called 
lexeme [17].  

• Part of Speech (POS) tagging: Following tokenization, each word is given a lexical, such as a 
noun, verb, adjective, or adverb [18]. An adjective is denoted by "JJ," whereas a noun is denoted 
by the tag "NN," an adverb by "RB," and a verb by "VB." The relevant characteristics are easily 
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detected and retrieved since tagging is a crucial component of the data preprocessing phase [13]. 
POS provides details of word usage in sentences. In this process, tokens such as nouns, 
pronouns, adjectives, and verbs are tagged with POS. Adjectives are essential in understanding 
the opinions expressed in comments. POS tagging marks the words with the correct POS tagging 
to know the sentiments and opinions in the sentence or the comments for further processing 
[19]. 

• N-grams: For the classifier to forecast the words that will appear next, N-grams (bigrams were 
utilized) is a method of grouping n-words [20]. Text features in supervised machine learning 
algorithms are shaped via-gram. This is n consecutive tokens taken from the provided text. N 
can have values such as 1, 2, and 3. A value of n equal to 1 is called a unigram, n equal to 2 is 
called a bigram, and n equal to 3 is called a trigram [21]. 

• Padding: Because there are short and very long evaluations in the consumer reviews databases, 
sentiment analysis presents challenges for the classifier. CNN-related padding is the number of 
pixels that were added to reviews by a network. Padding is just the last addition of zeros to our 
input review to guarantee that each customer review has the same length [22].   

2.2. Feature Extraction 

Documents must be transformed as vectors. This procedure, also known as vectorization, is 
crucial for examining text. It is a feature extraction approach in which a document is divided into 
sentences, which are divided into words, and then a feature map or matrix is generated [23]. Words 
are encoded as floating-point values or integers depending on the approach employed and fed into 
machine learning (ML) algorithms [24]. The following paragraph discusses a few techniques: 

• Term frequency and inverse Document Frequency (TF-IDF) 

The TF-IDF vectorizer technique weights each word according to its frequency in the text and 
its frequency of occurrence. TF-IDF statistic aims to reveal a word's importance inside a text or set of 
articles [25]. This method is a standard method for sentiment analysis and is mainly used in the 
information retrieved to rank how essential a term is to a specific text in a corpus. The IDF score of a 
term decrease as its occurrence in more document [26]. The formula TF*IDF is used to indicate the 
weighted average of each score. The high TF*IDF represents a rare occurrence [5]. The TF-IDF 
equation is shown in Eq. (1) where N is the total number of documents, tfi,j j indicates how many 
times i occurred in the document, and dfi is the number of documents that included i [10]. 𝑢𝑖,𝑗 = 𝑡𝑓𝑖.𝑗  ×  log( 𝑁𝑑𝑓𝑖) (1) 

• Count vectorization 

One of the most straightforward and generally successful strategies is the count vectorizer. A 
word's weight is established by counting the number of times it appears in a document. While 
tokenizing the text documents, the count vectorizer method builds a word vocabulary. In contrast to 
the TF-IDF vectorizer, which scores words and produces floats, the count vectorizer delivers integers 
after counting words [27]. 

• Bag of Words (Bow) 

The Bow model is one of NLP's most often utilized knowledge models. A unigram model of 
each word is constructed by tracking how frequently it appears in the text. When the bag of words 
approaches, each word is given a unique subjective score and is only considered [28]. Text 
categorization is done using count vectorization and term frequency algorithms. The BoW model is 
among the earliest and most used methods for converting text into a numerical vector. As a result of 
not taking into count word order, sentence structure, or grammatical construction and instead 
focusing simply on the presence of a word, it has the drawback of causing the text's syntactic 
information to be lost [29]. 
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2.3. Feature Selection (FS) 

Feature selection work is categorized using the filter, embedding, and wrapper models. These 
categories are discussed as follows: 

• Filter model 

This method of feature selection is the most popular. This model uses correction matrices to 
selectively remove pertinent elements that strongly correlate to the target. The filter model measures 
the overall features of the input variables based on distance, dependency, and consistency to choose 
pertinent subsets [30]. 

• Wrapper model 

The machine learning technique may be used as a performance indicator. FS performance may 
be effective. If reducing the classifier's error rate is the primary objective using the ML algorithm as 
a performance measure makes sense. As a part of the feature evaluation function, the wrapper model 
constructs the feature subset using ML techniques. Two steps were used to make the wrapper model 
operate: 

1. The training data and the best feature subset found by the subset of the search method are 
combined to evaluate the classifier's accuracy. 

2. In the second training and testing phase, the classifier is evaluated using the best subset of 
features and test data [31]. 

• Embedded model 

The feature selection procedure is carried out iteratively by embedded algorithms as part of the 
model training. As a consequence, the model carefully emphasizes just the most crucial elements that 
have the greatest impact on the model training process [30]. 

3. Recommendation Based on the Sentiment of the Review 

Sentiment analysis (SA), often known as opinion, is an NLP process that entails sifting through 
abstract data and text sources to extract subjective information. To classify user input as either good 
or negative, emotion categorization is the goal. For instance, the word "wonderful" had a good 
connotation; however, when combined with a word that denotes something negative such as "not," 
the meaning may drastically change. Reviews of products, films, and accommodations have all been 
explored in circumstances where emotion classification has been used [32]. SA has been widely used 
in different platforms in social media like Facebook and Twitter, blogs websites like Medium, 
recommendation systems like Amazon and Netflix, and other open discussion forums like Reddit. 
The value of sentiment analysis is generally acknowledged in various application domains, including 
business and biomedicine. Businesses can analyze consumer feedback in business intelligence and e-
commerce to enhance customer services, create a better product, or enhance marketing campaigns to 
bring more consumers [33]. Figure 3 shows the main approaches to sentiment analysis. Technological 
advancement significantly impacted this profession and assisted in its further growth [34].  
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Figure 3. Sentiment Analysis approaches [34]. 

A different e-commerce platform website that has a wealth of data on it and uses tremendous 
forecast sentiment. Products become more profitable as the products learn from the dataset and are 
improved. These days, users are also attempting to forecast user attributes on social media platforms 
[35]. Sales may be impacted by the connections between the product's amount of sales, the number 
of user reviews, the quality of those reviews, the number of online comments, and the emotional 
content of user feedback [1]. Sentiment analysis may acquire data from various sources, including 
Twitter, Facebook, and blogs, provide quantifiable outcomes, and get around corporate intelligence 
challenges. The sentiment analysis effectively catches the grammatically accurate material. However, 
sentiment analysis does not capture slang, colloquial language, unusual acronyms, and misspelled 
words. Furthermore, social media texts are typically brief and evaluated singly. In certain situations, 
a single word might have a distinct polarity [36]. 

4. Applications of Recommendation System 

Over the last few decades, RSs have been an essential component of the majority of the web-
based on many domains such as e-commerce, healthcare, e-tourism, e-learning, research, and social 
media monitoring.  

• E-commerce 

RS benefits the customer and product communities in an e-commerce environment. RSs are 
required to obtain pertinent items and more individualized recommendations of products. In recent 
years, the client has received more relevant and engaging recommended products thanks to the user 
of demographic recommendation [37]. To suggest products to customers, e-commerce companies use 
recommendation mechanisms. The product recommendations are based on the top sellers on the 
websites, the demographics of the target market, or an analysis of historical data. Using the behavior 
of purchasing customers as a guide to future purchases [38]. Wang et al. [39] used clustering 
representation to design a new e-commerce product RS. A fundamental issue with k nearest neighbor 
methods is the selection of surrounding object sets. Choosing the neighboring object sets created the 
innovation neighbor factor and leveraged the dynamic selection approach. Then, the e-commerce-
based product RS was created by combining the attention process with the recurrent neural network. 
Large e-commerce databases have problems with data sparsity and information overload due to the 
system's structure. 

Patro et al. [40] presented a hybrid action related K-nearest neighbor (KNN) similarity of the 
product RS. The suggested technique combines hybrid filtering to add feature vectors to the user 
behavior matrix. The KNN approach requires a lot of computing time because it must determine the 
distance between each review and each training sample. 
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Users can post reviews about any product or subject on social media and e-commerce websites. 
The purpose of reviews written by sincere customers is to share their positive or negative experiences 
with a product with the hope that it will help other customers make a decision [41]. 

• Healthcare 

Users are discouraged from finding timely access to reliable and helpful information for 
improving their health due to the vast data generated on Internet medical platforms [42]. Because 
medical records are so sensitive, the enormous volume of data created every second presents a 
significant potential for analysis to aid healthcare professionals in making patient-centered choices 
and raises privacy and security issues. As a result, it has become essential to use RSs to make effective 
decisions on patient care [43]. 

• E-tourism 

E-tourism systems aim to provide the best deals for expanding vocation and travel possibilities. 
The advisory system for travel dining, lodging, and tourist attractions has been implemented in this 
area. Scalability, rarity, new users, and goods have all been addressed in RSs by creating a hybrid 
system. 

• E-learning 

E-learning advice systems created based on conventional e-learning systems have gained 
popularity among educational institutions. These programs help students choose classes, topics, and 
learning resources they are interested in and provide an engaging learning environment and online 
discussion forums [44]. 

• Research 

• The recommender system is more effective than traditional information approaches in the 
research field. It is a key component of many successful websites on the Internet, including 
Amazon, Youtube, and Yahoo. This characteristic prevents the researcher from multiple points 
of entry. Additionally, it allows the researcher to stay within the list of significant studies 
pertinent to the research point [20]. 

• Social media monitoring 

Gathering and evaluating a sizeable amount of text-based data from various social media sites 
is possible. SA is applied to understand the final data and derive meaningful conclusions from the 
massive and distributed social media data [45]. 

5. Recommendation System Based on the Deep Learning 

Building recommendation models has benefited from the advancement of deep learning in 
recent years, particularly neural network-based models. Since Deep learning has recently shown 
phenomenal success when used in NLP. Since it employs several nonlinear processing unit layers, it 
can efficiently learn a variety of representations and abstractions from the raw data [46]. Numerous 
neural networks have been employed in sentiment categorization up to this point, including the 
LSTM, Bi-LSTM, CNN, RNN, Autoencoder, and gated recurrent unit (GRU). CNN and RNN-based 
hybrid networks perform better than either type of network when used alone, as presented in Figure 
4 [47]. 

• Long Short-Term Memory (LSTM) 

LSTM is an RNN that detects order dependency in sequence prediction problems. RNNs have 
difficulties with short-term memory. The vanishing gradient problem and gradient exploding 
problem, which were significant problems of simple RNN, were overcome by LSTM [47]. 
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Figure 4. Architectural classification of deep learning. 

• Bi-directional Long Short Memory (Bi-LSTM) 

An adaptation of LSTM is Bi-LSTM. It is a sequence processing model that employs two LSTMs 
per layer, one receiving the input sequence in the forward direction and the other in the reverse 
direction. Bi-LSTM efficiency increases the quantity of information that is available to the network. 

Balakrishnan et al. [48] presented a prediction model CNN-RNN-Bi-LSTM using many 
transformers. Compared to supervised machine learning, the study demonstrates that deep learning 
of word embedding techniques and Bidirectional Encoder representations are more effective at 
analyzing the sentiments contained in the text. The advantages and disadvantages of deep learning 
algorithms are given in Table 1. 

Table 1. Pros and cons of the different deep learning algorithms. 

Technique Advantage Disadvantage 

CNN [49] 
-Accuracy in identifying images. 

-Quick trainning 
-Depends on data for images. 

RNN [50] -Capture sequential data. -Need more time than other models 

DNN [50] 
-Simple to implement 

-Less time is needed for training 
-Overfitting problem 

Autoencoder [51] -constructing dense representations. -expensive to compute. 

LSTM [51] 
 -Overcome the drawback of RNN. 

 -long-lasting memory. 

-Unable to save data that far away from the 

current location. 

 

Bi-LSTM [52] 

  -extrapolate the structural characteristics 

from the tree's structure. 

-computation time is high. 

-high cost for double LSTM cells 

 

BERT [53] 

 -The capacity to capture the context and 

bidirectional flow. 

-Massive computational resources are needed 

for pretraining due to the enormous number of 

parameters. 

• Convolutional Neural Network (CNN) 

CNNs are deep neural network-based architectures that use a grid based on a structure to 
analyze input. Convolution, pooling, and fully linked layers, among others, are some of the layers 
that make up CNN's hidden layer. In one or more convolutional layers, the convolutional operation 
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has been used. Using the convolutional procedure, feature maps were created from input data for 
convolutional layers [54]. Onan et al. [54] built a unique deep-learning system to examine the 
sentiment of product evaluations gathered from the Twitter network. The categorization sentiment 
network used the CNN with LSTM after obtaining a feature vector from Twitter data using TF-IDF 
weighted glove word embedding. Lazib et al. [55] combined a bidirectional LSTM and a CNN. The 
CNN model captures the relevant syntactic features between tokens and cues along the shortest 
syntactic path of the constituent and dependency analysis tree. At the same time, the Bi-LSTM learns 
contextual expressions along sentences. The F-score of the model was 90.82%. 

• Autoencoder (AE) 

AE is a feedforward neural network trained to transform input into a reconstructible 
representation. Using autoencoder to learn low-dimensional representations in bottleneck layers or 
directly filling gaps in interaction matrices in reconstruction are two main applications of 
autoencoders in RSs [56]. Tsai et al. [57] created a collaborative filtering predictor using a neural 
network and a cold start item-rating-based denoising autoencoder. In contrast to the neural network 
collaborative filtering (NNCF) predictor, which predicts ratings in the sparse user-item matrix, 
features are extracted from the textual description of the item. Finally, the user-item matrix learning 
is completed by adding the multiplayer perceptron.  

• Recurrent Neural Network (RNN) 

RNNs also contain input, output, and hidden layers like a regular neural network. RNNs vary 
in that they can be in different states at different times. Sequential data processing with RNNs is 
efficient. Model training usually makes use of two of them that were created to overcome the problem 
of disappearing gradients for LSTM and GRU networks [22]. 

• Gated Recurrent Unit (GRU) 

Although LSTM outperforms ordinary RNNs in terms of performance, it requires more 
processing since it employs larger weight matrices. The GRU cell is intended to reduce the 
computational complexity of the LSTM by merging the input and forget gate into a single update 
gate and the hidden cell states into a single state [58].  

• RNN-CNN 

A model combines RNN and CNN models is known as the RNN-CNN model. Both LSTM-CNN 
and GRU-CNN are included in the combined RNN-CNN model architecture. The input is processed 
using the RNN layer to learn to represent and order the feature in the data. The CNN layer will then 
utilize the output from the RNN layer as input and search for pairs of key characteristics [59]. Table 
2 gives some of the studies that used deep learning algorithms.  

Sangeetha and Kumaran [60] used support vector machines (SVM) and RNN with LSTM to 
analyze sentiment analysis in online products. NLP enables the extraction of meaningful information 
from online reviews by allowing SA through the use of NSP on the Internet. It designates an entity's 
positive or negative polarity. The feature words were supplied to the SVM classifier and RNN-LSTM 
techniques for determining the sentiment direction reviews using asymmetrical weighting. 

Hu et al. [61] modeled a user profile for an online Rs for the product based on SA and reviewer 
credibility. The five modules that comprise the strategy-enhanced recommendations offered include 
trait Extraction, candidate trait sentiment assignment, user interest mining, and recommendation 
modules. The proposed recommendation approach employs numerical rating and sentiment 
expressions about features, consumer preference profiles, and reviewer credibility of quantitative 
analysis of alternative numerical items. It offers a smaller MAE and a smaller F-score.  

Xu et al. [62] devised a continuous naïve Bayes technique to classify user attitudes regarding 
online items using customer reviews. The simulation research demonstrates how well the advised 
technique addresses customer reviews for online product SA on Amazon products. Zhao et al. [63] 
employed a web scrapping method to extract useful reviewer comments for the product. They used 
feature selection and sentiment prediction, the earth warm algorithm, and the neural network 
technique were used. Improvements are made to the classifier's operating system and time 
complexity. 
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Table 2. A summary of the studies that depend on deep learning algorithms. 

Study Techniques Advantages Disadvantages 

 

Hajek et al. [64] 

Deep feedforward neural 

network 

(DFFNN) 

Created a deep feedforward neural 

network and convolutional model to 

identify fraudulent positive and 

negative reviews in Amazon datasets. 

Features that are specific to 

reviewers and products 

weren't properly utilized. 

 

Gandhi et al. 

[65] 

LSTM combined with word2vec 

Long short memory and worword2vec 

efficient word representations, both of 

which aid in effective sentiment 

analysis. 

The model's performance is 

around 93% to improve the 

model by using bidirectional 

LSTM. 

 

Meng et al. [66] 

Feature Enhanced Attention 

CNN-Bi-LSTM 

Using Bi-LSTM to capture local 

aspects of phrases enhances the 

quality of context encoding and 

product semantic information. 

 

Need more layers. 

 

Dhariyal and 

Ravi et al. [67] 

 

Probabilistic Neural Network 

(PNN) 

CNN-Probabilistic Neural Network 

(PNN) with word2vec gave better 

accuracy 81.9% than CNN. 

Load all data into RAM and 

use a lot of memory. 

6. Word Embedding 

A technique for language modeling and feature learning that also uses words with related 
meanings. With neural networks, value learning is possible [68]. Using word embeddings to create 
dense word vectors that extract and convert more information from sparse inputs by translating high 
dimensional data onto a low dimensional vector space. Using statistical patterns of the language 
found in the corpus, it displays the semantic links between phrases in geometric space. While the 
context may be inferred from nearby words, word connections in the three dimensions can also be 
detected  [69]. There are several methods like word2vec, Glove, and Fast text. 

• Word2vec 

This approach depicts words as continuous vectors in N-dimensional space to compare words. 
It adopts the idea of interpreting a word's meaning according to the context in which it appears [24]. 
This context is used to represent the words in a vast corpus. Words are represented as vectors in 
word2vec, a two-layer neural that analyzes a text. Two models, Continuous Bags of words (CBOW) 
and Skip Gram (SG), make up most of word2vec. The CBOW model uses context words to predict 
target words are used to predict target words. The larger dataset, the better performance of the SG 
model [7]. 

• Glove  

Glove represents the word according to the coexistence statistics of the dataset. The main flow 
of word2vec and Glove is the ability to create random vectors within vectors within the word rather 
than the dataset [70]. 

• FastText 

Word2vec's successor, FastText, can get around this drawback. In the representation stage, 
FastText generates a word using the n-gram technique. Because of this, embedding a word that is not 
present in the corpus is improved. Its key drawback is this method's higher memory usage while 
operating [71]. 
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• Embedding language models (ELMo) 

A deeply contextualized text representation is ElMo. ElMo aids in addressing the shortcomings 
of traditional word embedding techniques like TF-IDF, Latent Semantic Analysis, and n-gram 
models. Based on the circumstances in which words are used, ELMo creates embeddings to words to 
capture the word's meaning and obtain extra contextual data [7]. 

Table 3. Summarizes sentiment analysis for e-commerce reviews. 

Study Techniques Advantages Disadvantages 

 
Jain and Roy et al. 
[72] 

LSTM encoder-decoder model 

-Locating and fixing any 
misspelled or short-form terms. 
-Calculating a single sentiment 
score by averaging the ratings of 
all reviews of all product 
evaluations. 

Taking into account two user 
reviews to predict a single 
sentiment score. The algorithm 
won't be able to estimate the 
sentiment score for a product 
that hasn't received any user 
reviews. 

Misztal-Radecka 
et al. [73] 

Meta-user2vec 

-Using the user2vec technique for 
new users and creating 
embedding of users' metadata 
label of item representation. 

Shorten the training period for 
complex RS when meta 
embedding is employed as 
input. 

Vijayaragavan et 
al. [74] 

Kano model 

-Using an approach based on part-
of-speech criteria to overcome the 
word segmentation problem in 
sentiment orientation detection. 

Depend only on qualitative 
examination of customer 
demands. 

 
Yang et al.  [75] 

Convolutional Neural Network 
and Bi-directional Gated 
Recurrent unit 

-Sentiment lexicon and deep 
learning methods are combined in 
the model. The sentiment and 
context features are extracted 
using CNN and GRU to weigh the 
result.  

Positive and negative categories 
alone do not meet high 
preferences for sentiment 
refining. 

Sasikala and 
Mary et al. [76] 
 

Conv2D 

-A hyperparameter has to be 
specified since deep learning-
modified neural networks 
outperform traditional 
classification methods. 

It cannot provide the reader with 
all the details needed to 
understand the context of the 
entire work. 

Xu et al. [62] BERT model 

-Classifying user opinions of 
products based on customer 
reviews using product sentiment 
analysis of Amazon product 

Depending on old domain and 
new domain knowledge. 

    Karn, Arodh 
Lal, et  al. [4] 

Growing Hierarchical Self-
Organizing Map (GHSOM) 

-The effectiveness of the Hybrid 
recommendation model for 
developing customized 
recommendations in e-commerce. 

Need more information from 
user reviews. 

Zhao et al.  [77] 
Deep learning modified neural 
network 

-Analyzing online product 
reviews using deep learning 
modified neural network (DLMN) 
with a significant mean absolute 
error and minimum accuracy. 

Understand the meaning a word 
conveys. It usually lacks all the 
information needed to fully 
understand the context. 
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7. Datasets 

There are various datasets with various sizes and versions of user-item interaction records, as 
listed in Table 4. 

• Public Amazon review: A helpful resource for evaluating items based on consumer reviews is 
the dataset from Amazon.com. Anytime consumers buy online, by leaving a review expressing 
why it is great or bad and rating it with a star in the system [78]. The dataset includes 2.5 million 
reviews annually and eight attributes (product ID, review text, review time, reviewer ID, 
reviewer name, helpful rating, overall Rating, and Unix review time). It involves 373.699 
products. 1.755.144 consumers have given those product reviews, which include reviews and 
ratings of various products and product metadata (descriptions. Price, brand, and image 
features) and links( viewed/bought graphs) [79]. It contains product reviews and metadata for 
the categories of jewelry, clothes, and shoes [12]. 

Table 4. List of popular e-commerce datasets. 

Sparsity 

(%) 

[80] 

Average 

No. of 

actions per 

item 

Average No. 

of actions 

per user 

No. of 

items 

No. of 

actions 
No. of users Dataset Name 

99.9993 - - 9k 1m 941k Amazon Electronic [81] 

99.9993 - - 6m 143m 20m Amazon 1 [82] 

99.9994 32.47 3.57 71k 2.6m 1.5m 
Amazon video game 

[83] 

99.9992 6.9 7.6 57k 0.3m 0.052m Amazon Beauty [83] 

99.9987 48.1 2.3 182k 8.7m 3.8m Amazon movies& tv [83] 

- - 4.05 296k 922k 22k Epinions [82]    

- - 4.21 107k 484k 12k Ciao [84] 

- - - 40k 18m 57k Tmall[85]            

- - - 412k 848k 10k Taobao [86]              

- 60.858 55.989 33m 50k 9.5m Yoochoose [82] 

- - - 49.221k 2.260.923k 1506.850k Aliexpress [87] 

• Amazon-Electronics: Dataset was utilized by Capgemini in a data science competition. It offers 
statistics about electronics sales on Amazon, including customer reviews of various electronics 
products as well as information on each item's category and sale time [81]. The dataset contains 
four categories of users, items, brands, and categories. The Amazon Electronic dataset contains 
183.807 user-item interaction records with 6 types and 6 relationships. Additionally, the rating 
for the dataset range from 1 to 5 [88]. It contains 192.403 users, 63.001 items, and 1.689.188 
interactions [89]. Table 5 depicts the Amazon dataset applied in some techniques with 
limitations. 

Table 5. Explanation of most prevalent evaluation metrics. 

Metric Calculation explanation 

Accuracy 
TP+TN

FP+FN+TP+TN
  

The most popular statistic for classification issues is called 

accuracy, and it measures the proportion of properly predicted 

examples of all examples. 
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Recall 

(Sensitivity) 

TP
TP+FN

  
The proportion of positive samples correctly identified as all 

positive samples.  

Precision 
TP

TP + FP
 

The proportion of samples correctly classified as positive 

compared to the total number of samples expected to be 

positive. 

Specificity 
TN

TN+FP
  The recall metric's inverse is called specificity. 

F-score 2*Precision  ×sensitivity
Precision+sensitivity

  Calculates the harmonic mean of these two measures, which 

helps to quantify both recall and precision. 

ROC curve ------  

An illustration of the connection between FPR and TPR. A 

graphic representation of the precision/recall performance 

outcomes. 

AUC Area under ROC 
Determines the probability that a relevant item will receive a 

higher rating than an irrelevant one picked randomly. 

• Tmall: The e-commerce data was gathered utilizing interactions with the Tmall.com website for 
the previous years. For Tmall, the number of events in a day as a whole was considered while 
setting event session timestamps [90]. Between May and November 2015, this dataset documents 
user activity on the Tmall e-commerce platform, including actions like viewing, buying, adding 
to a cart, and adding favorites. Alibaba is the supplier. There are 27.155 items, 22.014 users, 
44.717 add-to-chart behavior, and 485.483 click behaviors [88].  

• Taobao: One of China's biggest e-commerce platforms, provided user behavior between 25 
November and 3 December 2017.  The dataset includes a variety of user actions, such as clicks 
and purchases. It includes sequences of user behaviors. Taobao records contain Taobao 
transaction records of real users, some of which have been flagged as fraudulent by real offline 
research and industry experts. It contains 42.182 users, 27.664 items, and 284.138 records [91]. 

8. Performance Evaluation 

As shown in Table 5, ture positive (TP), false positive (FP), true negative (TN), and false negative 
(FN) are used to evaluate a method's performance and utility [96]. The higher the classifier value, the 
better classifier will perform. 

9. Challenges and Future Research Directions 

This section's main goal is to provide light on the direction that reaches into recommender 
systems are going as well as the obstacles that will stand in the way of that progress in the near and 
distant future. 

9.1. Main Challenges in RSs 

Despite a significant advancement in recommender system development, several problems still 
prevent the formulation of reliable recommendations. It specifically highlights the main challenges 
and commercialization concerns raised in the area of recommender systems. This section briefly 
introduces the most prevalent: cold start, sparsity, scalability, synonymy, privacy issue, shilling 
attack, and gray sheep.  
• Cold start: The system has a cold start when new users or products are introduced, making it 

possible to make predictions. Two circumstances can lead to a cold start: 

1. Cold start issue for new users: As a result, the recommender cannot find items that are 
similar to the user's favorites [97]. 

2. Cold start issue for new items: disrupt the market since it is expensive for firms to sell new 
products. There is no natural way for people to suggest them [98].   
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• Sparsity: the users' restricted intent to rank a small number of things leads to data sparsity. As 
a result of the lack of user awareness or incentives to evaluate objects, the reported user-item 
matrix includes empty or unknown ratings, which is contrary to the majority of RSs. Therefore, 
the RSs may make irrational suggestions to users who don't leave feedback or rate anything [99]. 

• Scalability: due to the millions of people and products on the web, it takes a lot of processing 
power to analyze user similarity and generate suggestions. Scalability problems have increased 
significantly due to the quick expansion of the e-commerce industry. Modern RS techniques are 
required to offer quick results for large-scale applications. RSs can seek a large number of 
potential neighbors in real-time, but contemporary e-commerce websites demand that users look 
for a large number. When consumers have many data, algorithms also struggle with 
performance issues [100].  

• Synonymy: This issue occurs when the same items are represented by two or more names in the 
system or when the same item has distinct entries or names. Many recommender systems fall 
short of recognizing these distinctions, which lowers the accuracy of their recommendations. 
Numerous techniques address this issue, including demographic filtering and singular value 
decomposition [101]. 

• Privacy issue: Along with the difficulty of maintaining user privacy, the privacy of the user's 
personality presents a new challenge. Because it is even more sensitive than other information 
in the user's profile, personality information is included in the user's profile. At least some 
phases can lead to privacy problems, first when data is gathered or shared without the user's 
express consent. Data sets may be exposed to de-anonymization attempts or leak to outside 
parties after being kept [102]. 

• Shilling attack: In a specific kind of attack called a shilling attack, a malicious user profile is 
added to an existing collaborative filtering dataset to change the results of RSs. Shellers update 
the rating database's suggestions by adding a few dishonest "shilling profiles" and, as a result, 
the system certain inappropriate items [103]. This issue occurs when a malicious person joins the 
system by pretending a bad individual tries to sway public opinion about a certain thing in one 
of two ways. Either by making that object more or less popular. The system is significantly less 
reliable as a result of shilling attacks. Finding the attackers immediately and removing the bogus 
user accounts and ratings from the system is one way to deal with this issue [101].  

• Gray sheep: is unique to collaborative filtering systems when the input one user provides does 
not match any user neighborhood. In this case, the system cannot forecast pertinent items for 
that user with any degree of accuracy. This issue can be solved by using content-based methods 
where predictions are based on the user profile and item features [43]. 

9.2. Challenges in E-Commerce Reviews 

• Fake Review Detection 

Fake reviews and other misleading content have seriously threatened users in recent years. 
Users have suffered dramatically as a result of fraudulent and misleading evaluations. Initiated a few 
years ago, the phony problem is rapidly developing in the field of study [12] .crowdsourced fake 
reviews have more verbs, adverbs, pronouns, and antecedents [104]. When a review is written or 
produced without the author using the goods or services being reviewed, the review is called fake. 
In Figure 5, fake reviews may be categorized as opinion-based misinformation created and spread by 
malicious actors-reviews review spammer to confuse and defraud consumers [38]. There are two 
primary methods for producing fake reviews. First, using a human-generated approach by paying 
people to produce material for human websites that appears legitimate but isn't. In this scenario, the 
reviewer hasn't even seen the product but writes about them. Second, by automating the 
development of fake reviews using text generation algorithms in a computer-generated approach. 
Therefore, technological advancement greatly encourages and provides both possibilities and 
incentives for manipulating consumer decisions [105]. 
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Figure 5. Review types of detecting spam [87]. 

Some businesses employ reviewers to fabricate reviews and use them to either promote their 
goods or disparage those of rival brands. Untruthful reviews, reviews of only certain brands, and 
non-reviews were the three criteria in Figure 5 they used to classify spam reviews [106]. The goal of 
fake reviewers' rapid influence on the review object's overall score and manipulation of the review's 
emotional tenor was achieved by having them write many reviews in a short time. In addition, review 
metadata such as review length, purchase history, time, and location are crucial sources of 
information for behavioral analysis.  

• Frequency of user review 

A real reviewer would not be seen as normal if they posted too many reviews of the same 
product. According to recent research, just 5-8% of spammers publish reviews more frequently than 
once every day [107]. 

• Reviews using Hashtags 

Hashtags were formally used to group social posts into categories. The hash sign is used even 
in informal written expressions, such as reviews, after more than 10 years of social media. Numerous 
reviews include emotional signs that indicate the customer's feelings about the product favorably 
and negatively [108]. 

• Grammatical mistakes 

Informally written texts frequently contain grammatical faults, which may be repaired to a 
limited extent. Identifying users' spelling errors consistently is quite challenging. If these mistakes 
can be addressed and fixed, the precision of sentiment analysis and NLP jobs may increase. 
According to earlier studies, a review's usefulness was negatively impacted by poor writing, 
including repetition, poor grammar, and spelling errors. Usefulness review is significantly influenced 
by its presentation, such as its style, language, grammar, and structure [109]. 

• Code mixing 

Code mixing is the practice of combining words and sentences from other languages in a single 
statement. New language models are needed to conduct sentiment analysis on code-mixed data [96]. 
The difficulty in language modeling for texts written in the Hindi and English language combination 
known as Hinglish. 
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• Advertisement click fraud 

One of the key sources of income for websites now comes from online advertising. For each click 
that results in a visitor visiting the advertiser's website, advertisers pay the publisher a 
predetermined amount. Due to the high financial stakes involved in Internet advertising, malicious 
actors attempt to gain an unfair advantage [110]. By measuring the click-through rate, you can 
determine whether a person is legitimate or illegal to ensure security [111]. When a human or 
computer program clicks on a certain link, numerous models look for click fraud to determine if the 
user is legitimate or not by analyzing the click-through rate to offer security. 

• Federated learning 

Federated learning is an area of research rapidly gaining community interest in machine 
learning because it enables collaborative training while maintaining the privacy of the nodes that 
contribute data to the task. Federated learning helps to find distributed solutions that protect data 
security and privacy [47]. 

• Cross-domain based on deep neural architectures 

Because users have different interests across multiple domains, a single domain RS is to be made 
while learning from the source domain in the target domain. Transfer learning is often recommended 
across domains because it is the best approach for tasks in one domain when using knowledge 
transfer mechanisms from other domains. According to experts, deep learning is the best option for 
transfer learning because it can learn at a high level across different domain variants [48]. 

• Word sense disambiguation (WSD) 

Words can have different meanings depending on the context and domain in which they are 
used. As an illustration, the word "curved" has a favorable connotation when used on tv and a 
possible negative connotation when used on mobile [96]. 

9.3. Future Directions 

• Artificial intelligence in the Recommender system 

The application of artificial intelligence (AI) methods, tools, systems, or algorithms to assist 
online product and service transactions is known as AI in e-commerce. AI in e-commerce is a 
fundamental prerequisite for knowledge progress since it provides the context required to describe, 
interpret, or explain events to construct and test new theories. Following the development of 
explainable AI, "Explainable Recommendation systems" aim to provide customers with helpful 
recommendations accompanied by the justification that typically pertains to the justifications for 
making these recommendations or the benefits of choosing the proposed alternatives. These factors 
are crucial because they will increase the system's persuasion, customer comprehension, and 
satisfaction while providing an immediate benefit for the user [46]. 

• Blockchain 

Using blockchain technology is the best option to create a centralized RS in this direction. It is a 
centralized, distributed public ledger that guarantees high security and privacy. Blockchain has 
recently been proposed as the foundation for building efficient decentralized infrastructure that can 
provide various functions and diverse services such as secure transactions, cryptocurrencies, identity 
management, and supply chain management [42]. Current RSs are based on data from online users, 
which includes both good and bad users, making them susceptible to fraud in the real world. The 
truth of RSs will differ from the real truth due to the rising number of fake ratings or feedback. The 
ease with which information from publicly accessible sources is a crucial factor in fraudulent actions. 
The strategies of RSs will be impacted by fraudulent actions. The strength of RSs will be impacted by 
fraudulent users' ability to conceal their purpose and undermine detection mechanisms with the help 
of learning from regular users. Utilizing blockchain concepts of RS trust management is one such 
approach. A similar understanding of reality is shared by all users of the shared ledger technology 
known as blockchain [112]. 
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• Transfer learning 

One of the most advanced AI approaches is transfer learning which enables a trained model to 
impart its knowledge to an untrained model. The problems caused by a lack of human labeling and 
a lack of data can be effectively handled through transfer learning. This is because it transfers the 
information learned in one area to another by finding tagged data from related fields when the target 
field has less data [113]. The data, distribution, and task similarity are used in transfer learning. The 
new model employs the previously learned characteristics without specific training data. Training 
data may be employed to adapt the model to a new task. Using this method, information from one 
domain may be applied to another. This technology has developed as a transfer learning technique 
because it may provide excellent accuracy and outcomes while needing substantially less training 
time than training a new model from the start [7]. 

• Increasing the system's accuracy 

By adding reviewer-centric features to increase accuracy. To determine the frequency of spam 
reviews originating from a spammer by adding timestamps to comments. Word2vec and Glove are 
two examples of deep learning algorithms that might be used to improve accuracy. TF-IDF is an 
option for accounting for additional characteristics. It is possible to get information from other 
websites to improve the model's capacity for training. 

• Using metamodeling strategies 

Combining deep learning and unsupervised learning techniques has been a major study area. 
Systems designed to establish their objectives and create problem-solving strategies while navigating 
a new environment are producing intriguing results and showing signs of excellent effectiveness 
while reducing or even doing away with the requirement for data-hungry supervision. The strategy 
maximizes the capacity to learn a variety of tasks learning. Using fewer training data and including 
automated model creation and decision-making skills [114]. 

10. Conclusion 

As the services grow, it is essential to provide a variety of RS that may assist consumers in 
effectively receiving item information and making selections amidst the quickly rising volume of item 
information. Particularly in e-commerce, recommender systems are being researched as technology. 
An overview of deep learning and related methodologies was offered in this study. The primary 
research focuses in the field of RS are sentiment analysis, word embedding, and some challenges that 
face RS. In recent years, sentiment analysis has developed into an essential instrument for collecting 
and analyzing various forms of data, assisting in the decision-making processes that result in the 
advancement of corporations, for both individuals and businesses are crucial. Before purchasing a 
specific product, customers utilized them to make informed judgments, and businesses benefited 
from their use and how satisfied customers were with their offerings. For instance, word2vec, 
word2vec with bigram, and Glove, TF-IDF with (unigram, Bigram, Trigram). One of the most 
significant tools, customer feedback, is made available to an online business via product reviews. An 
online company like Amazon withespectable number of product reviews from consumers 
dispdisplays Reviews of a product currently influence decision-making in a significant way. In future 
studies, researchers will look at sophisticated methods for opinion and product feature extraction 
models that can handle the property in review prediction. With the significant increase in false 
reviews, the e-commerce community has paid close to reducing false reviews. 
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