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Abstract

With the growth of the e-commerce sphere, analysing clients’ customer reviews and social media
impressions have been termed as one of the most important tools of business — sentiment analysis —
the process of extracting and understanding the inner meaning of emotions expressed in text. This
piece discusses different techniques of Al based sentiment analysis in e-commerce lexicon based,
Machine learning, deep and transformer neural networks. A review of major applications is provided
such as real-time sentiment analysis, categorization, recommendation systems, and enhancement of
product design. The authors also summarize practical experiences while developing a tweet-sentiment
scoring tool for Snapdeal, analysing what issues still need to be tackled and what directions are
possible for further development.
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I. Introduction

In order to proactively compete, an e-commerce company has to learn the mood of the potential customer by
analysing the reviews posted on various platforms. Customers are more empowered than before because
they can express their opinions regarding a completed purchase on the internet, so much so that their
feedback covers virtually every facet of the transaction including the quality of the item, how long shipping
took, what the customer's service experience was, and even how satisfactory the returns procedure is. E-
commerce companies have access to massive amounts of UGC nowadays which also happens to be very
beneficial. The challenge, however, lies within how to turn all this copious amounts of textual data into
comprehensible format.

Sentiment Analysis (SA) is a subsection of Natural Language Processing (NLP) that requires thorough
examination, and it claims to provide SA features as a powerful means to gauge public mood, detect issues
related to the product, and even identify consumer preferences. The sophistication of artificial intelligence
(Al influences SA even more as it enables modern and complex data-driven methodologies. Through
lexicon-based methods, machine learning (ML), deep learning (DL), and transformer-based techniques, e-
commerce companies can grasp the subtle nuances of sentiment better than before.

This review article brings together the most important selected works regarding Al sentiment analysis and
their application in the e-commerce world. In particular, we connect basic theoretical works with applied
ones, plus our practice in developing a tool for scoring sentiments in tweets for Snapdeal, one of the leading
Indian eCommerce websites. This blend of theory and practice illustrates the power of these SA techniques
in the field.
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I1. Background

A. Role of Sentiment Analysis in E-Commerce

It is now a common practice for customers to consider peer reviews more than any other form of marketing,
and businesses do the utmost to make those reviews work for them in moulding their marketing strategies,
products, and the overall user experience. In our modern world dominated by the digital sphere, the ability
to capture real-time sentiment is central. With the help of sentiment analysis, organizations can monitor
shifts in sentiment, manage PR issues, and even make decisions concerning the product roadmap.

B. Historical Development

The first attempts of SA in e-commerce were often automated. Hu and Liu [1] proposed a pioneering
approach for extracting product features such as camera quality, battery life and summarizing the overall
sentiment towards it. As time progressed, lexicon methods improved to account for context and handle
polarity shifts. Ding, Liu, and Yu [2] built upon Hu & Liu’s work to create a sophisticated lexicon-based
technique to manage negation and sentiment shifts.

More recent progress emphasizes data-driven machine learning, employing techniques such as Naive Bayes,
Support Vector Machines (SVM), and deep neural networks. The selection in these cases usually involves a
tradeoff between the type of data and its language, as well as the available computational power. Since
modern e-commerce systems tend to have vast, global user bases, there has been wide acceptance of more
language-independent models, especially transformers.

Timeline of Al-Powered Sentiment Analysis Techniques (2003-2022)

Early Lexicon Approaches Fuzzy Decision Model
(Hu & Liu [31) (i etal [7])

Context-Aware Lexicon CNNILSTM]Approaches
(Ding et al. [41) (Alzahrani et al_[13])

2002.5 2005.0 2007.5 2010.0 2012.5 2015.0 2017.5 2020.0 2022.5
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Fig 1: Timeline of Al-powered sentiment analysis techniques (2003-2022)

I11. Lexicon-Based Approaches
A. Principles

With lexicon-based sentiment analysis, positive and negative words are extracted from the dictionary and
attached to the text being reviewed. In products’ reviews or tweets, the aggregated score is calculated based
on the total value of the selected set of words. This approach has a straightforward implementation, is easy
to interpret, and is beneficial where sufficient datasets for training are not present.
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B. Representative Studies

The concern of sentiment analysis was first taken up by Hu and Liu [1], where they manage to explain how
product attributes sentiment can be refined and polarized at a granular level. This technique helps uncover
which elements are responsible for forming positive or negative sentiments.

Ding, Liu, and Yu [2] described a more sophisticated, context-aware approach that deals with negation and
sentiment shifters, such as transforming “not good” to a full negation. Zhang et al. [3] advanced these
methods using particular dictionaries, arguing that some words in e-commerce were domain-dependent. For
example, “lightweight” is usually a positive word in electronics, but neutral for other items.

Hakkinen et al. [4] provided further evidence of the application of lexicon sentiment analysis in social media
data, specifically tweets for real-time monitoring, just like the Snapdeal sentiment-scoring tool | developed.
Their results highlight the importance of real-time issue detection, which allows marketers to implement
targeted campaigns or address consumer complaints immediately.

C. Benefits and Limitations

One prominent drawback of lexicon-based approaches is the absence of user feedback on the captured
results, which makes the approach less appealing. Any significant training material is required to achieve
any meaningful results, which brings additional limitations. However, on the other hand, lexicon-based
approaches can produce interpretable results so they are easier to deploy. Lexicon-based approaches can
miss contextual elements like sarcasm, or capture domain-specific jargon differently than intended. Getting
focused on dictionaries is another time-consuming effort that may not be worth it for complicated tasks.

IV. Machine Learning & Hybrid Approaches

A. Overview

There are certain methods of machine learning that a classifier model is constructed based on annotated
data. Algorithms like SVM, Naive Bayes and even Logistic Regression can be utilized with a Sentiment
Analysis system. In an e-commerce context, sophisticated models that incorporate lexicon with ML
techniques tend to outperform the rest.

B. Key Models and Studies

1. Fuzzy Decision Support Models: Ji, Zhang and Wang [5] developed a fuzzy SA decision model for
polyhedral item comparison on the PConline.com website. The system was designed with fuzzy
logic to process sentiment signals incorporates uncertainty that exists in consumer language.

2. Real-Time SA: Jabbar et al. [6] designed and deployed an automated sentiment analysis tool for
real-time classification of sentiment in texts targeted for the e-commerce sector. The example
demonstrates the use of machine-learning based classification techniques aimed at the “ready-to-use”
materials, which are critical for fast-paced marketing schemes.

3. Multilingual Classification: Munna et al. [7] analyzed SA in different languages considering the
worldwide aspect of e-commerce. In a similar way, Akter et al. [8] employed a KNN strategy for
Bengali product reviews. The studies focused on language dependent classification conditioning
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such as tokenization, transliteration and stopword deletion to improve classifier efficiency.

4. Feature-Based ML: Devi et al [9] showed a SVM based pipeline where features of the reviews are
extracted prior to classification. They proved that product features alone helps produce more useful
insights. Karthik and Ganapathy [10] improve the concept by adding ontology based semantics to
increase the accuracy of the recommendation system, so that there is no text and product knowledge
disjunction issue.

C. My Experience at Snapdeal

In developing a tool for scoring tweet sentiment for Snapdeal, we found that precision was particularly high
in hybrid approaches that combined ML classifiers and lexicon features. For example, words like,
"discount,” or, "delivery," greatly influenced consumer sentiment towards offers and shipments, which were
pivotal in capturing consumer sentiment. Along with this, and other domain specific dictionaries enhanced
the model recall and interpretability, which aligned closely with the findings of other studies.

V. Deep Learning Approaches

A. Emergence of Deep Learning

Deep learning is being heavily utilized for SA through the adoption of new Convolution Neural Networks
(CNNSs) and Recurrent Neural Networks (RNNs), specifically the Long Short Term Memory ones. These
networks learn representations of text automatically. Their strength lies in the fact that they capture minute
details of language, which is important in telling apart different sets of consumer opinion statements.

B. CNN and LSTM Implementations

To solve the SA problem based on e-commerce reviews, Mohammadi et al. [11] proposed a CNN/LSTM
model, which did well in capturing local textual features, such as phrases, using the CNN layers, and word
dependencies within sentences and paragraphs using the LSTM layers. Carter et al. [12] concentrated on an
improved LSTM model, citing the difficulty of scaling the algorithm on larger datasets.

C. Product Feature Improvement

Maeda et al. [13] explored deep learning on product reviews and tied sentiment insights to product feature
refinements. Using attention mechanisms or other complex architectural forms, companies can capture and
analyze persistent issues raised by customers. Take, for example, the negatively repeated “battery life” that
indicates that something should be done to the product. Such information is useful commercially to inform
R&D strategy, making use of the insights into the synergy between SA and NPD.
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Fig: System Architecture Diagram for a Hybrid Sentiment Analysis Tool

VI. Transformer-Based Approaches

A. Contextual Language Representations

The BERT architecture and other transformers changed the scope of natural language processing. To put
context, they use self-attention mechanisms which enables them to outperform most existing sequence
models. As sequence models are modified and improved upon, they become more complex and resource
intensive. Sequence models can serve a primary function for language understanding. Pretrained language
models are a step further, which can be fine-tuned for specific tasks, making them highly adaptable to
different domains.

B. Bangla and Other Low-Resource Languages

Rahman and Chowdhury [14] undertook a comparison of transformer based approaches in Bangla, and
found out that BERT based models vastly outperformed classical ML, primarily for idiomatic expression.
This has profound effects for e-commerce sites aiming to focus on diverse linguistics markets. This is highly
useful for websites that specialize in many regions as it enables digital marketing to be that much easier.

C. Ensemble and Advanced Techniques

Chen et al. [15] combined BERT with Bi-LSTM and through their work, advanced methods of boosting
accuracy with ensemble techniques were illustrated. In addition, real life uses of transformers in e-
commerce includes “nudge marketing”, where feeling changes prompt specific ads or push notifications.

IJIRMPS2203232243 Website: www.ijirmps.org Email: editor@ijirmps.org 5



https://www.ijirmps.org/

Volume 10 Issue 3 @ May - June 2022 IJIRMPS | ISSN: 2349-7300

VII. Applications and Impact

A. Pricing and Marketing

Archak, Ghose and Ipeirotis [16] have shown that sentiment analysis can be used to evaluate a product’s
features and to estimate the ideal pricing power. As with any other feature complaints or commendation, one
of the most dominant themes is the balance between cost and benefit. For e-marketers who maintain huge
catalogs e commerce product listings, price sensitivity related sentiments can aid in crafting dynamic pricing
policies.

B. App Store Analysis

In regard to e Commerce, mobile e-apps markets like the one covered by Liang et al. [17] also use SA. A
multi-dimensional sentiment analysis can consider performance and design of the app, as well as user
reviews and support. The relationship of these variables to sales made, or in-app purchases done is
invaluable for enhancing product development cycles.

C. Recommender Systems

One of the most effective ways to enhance user experience is the captions SA integrated straight into the
recommendation engines. Platforms can start with automatic sentiment analysis at the category of products
level and optimize collaborative filtering systems. Additionally, such systems can spot and respond to new
marketing trends and adjust targeted campaigns as is done commercially at Snapdeal.

VIII. Challenges and Future Directions

A. Sarcasm and Contextual Nuances

One of the most challenging tasks in the realm of deep learning is the processing of sarcastic and ironic
statements along with cultural allusions. Incorporating semantic and pragmatic features of sarcasm and
irony shall be attempted. More specialized sentiment lexicons and further refinements in attention
mechanisms might be necessary.

B. Ethical and Privacy Considerations

Always-on people counting tools for in-depth auto sentimenting can be advanced. However, user privacy
can easily be violated as therein lies the danger of coupling emotional indicators with personal or
demographic information. Consent, anonymization of data should always be prerequisites for any SA
initiative, especially in relation to e-commerce sentiment analysis tools.

C. Integration with Multimodal Feedback

The audiobook and video podcast industry is on the rise as people appreciate reviews in audio or video
format. Analyzing tone of voice as well as visual imagery in images and videos can be incorporated in
future SA research. Despite this, textual data shall remain the main component of the discourse; however,
perceptions of users or customers in the form of images and videos can definitely be utilized in multi-
dimensional sentiment analysis.
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D. Low-Resource Languages and Global Markets

Approaching language diversifying difficulties in the context of global business expansion is essential.
Some more regions can be appended to the list of those already possessing a certain degree of success with
transformer techniques applied to other low-resource languages like Bangla. The lack of annotated datasets
make the use of transfer learning, data augmentation, or crowdsourced labeling strategies imperative.

IX. Conclusion

The role of Al-powered sentiment analysis in e-commerce has undergone considerable progress, evolving
from basic lexicon-based approaches to the current advanced transformer-based techniques. The literature
outlined here reveals a multifaceted approach, demonstrating efficacy in real time monitoring, feature based
recommendations, and dynamic pricing.

As discussed in this paper, these techniques are applicable in e-commerce settings and were tested in a
sample Snapdeal sentiment analysis project. With the increasing number of online reviews, businesses will
always need to optimize their SA pipelines. Recently developed strategies such as zero-shot learning,
multimodal fusion, and hybrid rule-ML systems may serve as next generation answers to these challenges.
Future research needs to consider how to improve performance while balancing ethical issues such as
fairness and responsible use in various targeted markets.
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