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Examining Consumer Sentiments in Online
Purchase Reviews on Social Media Platforms

Abstract

Consumers are increasingly turning to online product
reviews for direction when it comes to making decisions
about the products they want to purchase. Reviewing
products and providing feedback on those reviews is
becoming more popular on social media. It is possible
that looking at consumer product evaluations on social
media might prove to be a highly beneficial resource for
businesses. This is because consumers post reactions
on social media regarding their most recent purchases.
Nevertheless, it is challenging to scan social media for
evaluations and gather them all together in one place.
A conceptual framework called 4A (anxious, apart,
ardent and active) is presented in the research to
classify results into one of four possible categories. The
framework’s flexibility makes it simple for businesses
to use, since it effectively classifies results into one of
four categories. This allows businesses to gauge the
public’s reaction and adjust their marketing strategy
accordingly. Despite the fact that businesses have not
yet embraced the proposed framework, the findings
are favourable.

Keywords: 4A Framework, Naive Bayes Algorithm,
Amazon India, Flipkart, Snapdeal, Myntra, eBay

Introduction

It is anticipated that the Indian e-commerce business can
reach $350 billion by 2030 (Forbes, 2022). The growth of
e-commerce in India is due to an increase in the number
of smartphones, and it is expected that one billion of these
devices will be in use by the year 2026 (Outlook, 2022).
Mobile phone usage has become so pervasive in India
that the devices are now widely recognised as the single
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most democratic method of accessing technology in the
country. More than that, it has helped in many ways to
foster the expansion of electronic commerce in India. As
a result, mobile phones and especially smartphones, have
become a crucial medium for fostering the development
of e-commerce in India (Chawla & Kumar, 2022;
Nougarahiya et al., 2021; Rathod, 2020).
have difficulty matching the consumer interactions
they have with their business plans as a result of the
continuous maturing of mobile shopping (Vaidyanathan
& Henningsson, 2022). As a consequence of this, they
use social media to strengthen their interactions with
consumers and increase brand recognition via digital
marketing (Appel et al., 2020; Dwivedi et al., 2021;
ElAydi, 2018). Because social media has such a large
presence, it is reasonable to anticipate that it may increase
sales. In addition, when these companies communicate
with their consumers through social media platforms, they
are able to gain instant feedback, which provides them
with a fast grasp of what it is that their consumers desire
(Kumar & Pradhan, 2018; Ogunmola & Kumar, 2019;
Susanto et al., 2021). Consumers are not only venting
their annoyance or irritation on social media, rather also
use them as a source to provide feedback (Verhoef et al.,
2021; Vidili, 2021). Social media is becoming a favoured
avenue for consumer service interactions; nevertheless,
this also presents a unique set of challenges. Consumers
are growing more demanding of prompt replies at all
hours of the day and night. As stated, when consumers
have a negative experience, half of them complain about
it openly on social media. And if they don’t get a response
at all, 81% of consumers say they won’t recommend that
business to their friends (Johansen et al., 2016).

Businesses

The current study focuses on an analysis of the responses
by consumers on Twitter for India’s five most successful
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online retailers: Amazon India, Flipkart, Snapdeal and
Myntra, as well as eBay India. The feedback research
used the tweets made by these companies on Twitter from
January 1, 2022, through August 31, 2022, as its primary
source of data. The investigation model is referred to
as the 4A (anxious, apart, ardent and active) conceptual
framework. The experiment employs 1,500 tweets and the
Naive Bayes algorithm to categorise the responses into
one of the four quadrants of the model. These companies
may choose to accept and implement the general social
media tactics presented in the research, which were
adopted based on the results presented in the study.

The remainder of the components of the paper at the
beginning with the introduction, are going to be organised
as follows: In the second section, we conduct a review of
the literature that is presently accessible about the usage
of social media by the Indian retail sector to respond to
customer feedback and apprehensions. This was done so
that the research gap could be identified, and progress
could be made towards the overall goal of the study. The
next section (Section 3) is then offered, and it is in this
section that our proposed conceptual framework for 4A
is outlined. The results are shown in Section 4, with a
breakdown that takes into account whether the tweets
had a positive or negative polarity. Section 5 of the study
contains the recommendations that have been compiled.

Literature Review

In previous research, the concept of sentiment analysis
has been described as a method for deducing information
about the feelings of consumers. It does it by examining
the responses that consumers provide to surveys (positive
or negative). It has been shown that sentimental analysis
may be put to use in a wide variety of settings, some
of which have already been covered. Mamgain et al.
(2016) stated that consumers commonly use Twitter
to voice their thoughts. Twitter data is very valuable,
but its size and disorganisation make analysis difficult.
Ranjan et al. (2018) did the Sentiment analysis was
performed on 153,651 tweets mentioning five major
Indian telecom brands: Aircel, Bharti Airtel, Idea
Cellular, Reliance Jio and Vodafone India. Businesses
may utilise the findings of sentiment analysis to take
prompt action to enhance future customer experiences
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and reduce customer turnover. According to research
(Khajuria & Rachna, 2017), the impact of Facebook on
brand communication among Indian consumers is far-
reaching. There is a lack of study on how social media
strategies affect consumers’ perceptions of a business,
despite the fact that these platforms routinely provide
very effective tools for organisations to communicate
with their target audiences. Thomas et al. (2018)
examines the mediating role of trust in the relationship
between online website cues (such as product display and
perceived engagement) and Generation Z’s propensity to
make a purchase. The study’s findings indicated that all
the relevant signals taken into account had a significant
effect on purchase intent when trust was a moderating
variable. Wase et al. (2018) conducted research on data
mining by using sentiment analysis for three firms in
India that are involved in electronic commerce. They
analysed the reviews of products that were purchased
online and posted on popular e-commerce websites such
as Amazon, Rediff.com and Flipkart.com. According
to the findings of the research, a negative reaction has
a significant influence on the purchasing decisions of
consumers. According to Gupta et al. (2020), text mining
is becoming an increasingly important field of study in
the business realm of finance. This article takes a text-
mining approach to examine a variety of financial issues,
including financial forecasting, banking and corporate
finance among others. In addition to this, it undertakes
an examination of the existing literature on text mining
in financial applications and provides a summary of some
recent research that has been published. Rendering to the
findings of the study, investigating how customers react
to content posted on social media that relates to financial
apps is an important field of research. Rajeswari et al.
(2020) conducted research on the opinions of customers
on products that are both kind to the environment and
contribute to a shift in the consumer attitudes towards
safer products. The relevance of reviews and demographic
data to a consumer’s experience is two factors that impact
their replies. Sundaram (2020) evaluated the sentiment
of investors on mutual funds in the Indian market using
assets under management (AUM) as an indicator to
analyse the impact of news items referring to the mutual
fund business during the COVID-19 epidemic. This was
done using AUM. By evaluating the sentiment score, the
study goes on to demonstrate a considerable statistical
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correlation between sentiment scores and AUM. This is
in addition to the previous finding, which demonstrates
that sentiment scores are related to AUM. P & Sivakumari
(2021) constructed a model that employs sentimental
analysis to help stock market investors make decision
making techniques for Sensex stocks in India. We
hypothesise that, sentiment analysis of news headlines
and tweets has an effect on the value of stocks and other
securities. Wankhade et al. (2022) presents an in-depth
description of the process through which sentiment
analysis is carried out. In the findings, it was contended
that natural language processing and text mining are used
in sentiment analysis in order to recognise and retrieve
opinion information from the text. Modi et al. (2022) did
the research that seeks to generalise Twitter sentiment
analysis. Support Vector Machines, Naive Bayes and
Decision Tree Classifiers analyse sentiment for three
sectors: enterprises and sports clothing and multimedia.
The research found that social media involvement boosts
brand growth. Ahmed et al. (2022) concentrated on the
performance of businesses, and we will use Al techniques
in the form of machine learning (ML) and deep learning
(DL) and paying particular attention to sentiment
analysis. The findings showed that doing sentiment
analysis for consumer response on social media enhances
the business performance. Dixit et al. (2022) mentioned
that because data is both free and available to the public,
Twitter is frequently utilised as a tool for gaining insights
on popular mood. The purpose of this article is to give a
lexicon-based sentiment analysis of the top competitors
operating within the electronics industry in India. They
stated that comments and opinions posted by customers
through social media platforms have a great deal of
weight, both for end users and for businesses that operate
on such platforms. Adak et al. (2022) used food delivery
service (FDS) providers as a case study and collected
feedback and complaints from consumers through social
media. The purpose of this study was to investigate
ML and DL models to better anticipate the feelings of
consumers in the FDS sector. According to the findings
of the research, consumers are highly active on social
media and generating information that have to be taken
into account while maintaining a constructive frame of
mind. Yaqub et al. (2022) did the study to investigate,

display and evaluate the most recent findings in the field
of sentiment analysis as it relates to the tourist business.
There was a notable rise in the amount of emphasis placed
on sentiment analysis for the tourism industry.

The current body of research on the subject of sentiment
analysis with alignment of business offerings and
responses is taken into consideration and subjected to an
assessment with Indian context. Through recent study, a
number of publications associated with the application of
sentiment analysis to the financial markets and the stock
market and macroeconomics or the tourism sector have
been unearthed. There hasn’t been a lot of study done on
the subject of sentiment analysis in the retail business
in India, especially in regard to the feedback customers
provide about purchases or the after-sales assistance they
experience.

Table 1 gives the detail listing of the research gap and
objective that is carried out in the study.

Table 1: Research Gap and Objectives for the Study

Research Objective

Research Gap

There does not seem to | The purpose of this research is to inves-
be a sufficient amount of | tigate, with the help of the 4A frame-
work that has been established, how the

reactions of customers on social media

published research on the
sentiment analysis of the
industry’s
presence on social media.

Indian retail impact businesses.

A Conceptual Framework

According to the findings, the objective of the research
is twofold: first, we need to categorise the feelings and
perspectives of customers using sentiment analysis.
During the course of this investigation, it was found
that each of these businesses keeps two separate Twitter
accounts updated (except for eBay). The first is the official
source, which is where these firms post new information,
bargains, and offers; the second is for giving customers
with assistance when they have issues about a product or
service. Table 2 outlines the current standing of all of these
companies’ Twitter accounts, which can be seen here.
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Table 2: Twitter Status (as on 31/08/2022)

Volume 11 Issue 1 April 2023

Company Twitter Account(s) Tweets (n=1500) Total Tweets Total Followers
(Feedback Collected)
(@amazonIN 1500 21.7K 637K
Amazon @AmazonHelp 1500 1.31M 103K
@Flipkart 1500 32.8K 1.48M
Flipkart @Flipkartsupport 1500 332K 63.4K
(@Snapdeal 1500 26.2K 696K
Snapdeal @Snapdeal Help 1500 217K 24K
@Myntra 1500 80.9K 350K
Myntra @MyntraSupport 818 29.4K 16.7K
eBay (@ebayindia 1199 84K 210K

Steps for Sentiment Analysis

The procedures involved in analysing social media
are divided into two distinct parts in Fig. 1. The first
section is a compilation of the tweets from all five of the
aforementioned firms’ Twitter accounts. Because tweets

often include a lot of noise and bits that aren’t very
helpful, they need to be cleaned up using pre-processing.
This is accomplished in Part 2 of the framework, and it
consists of five phases. The Naive Bayes theorem is used
in the analysis of the texts that are presented in Part 2.

Flipkart

Amazon India

Twitter Data
Extraction — Myntra
Flipkart
eBay India

Preprocessing of

Text Sentiment Analysis

Fig. 1: Steps for Sentiment Analysis

Preprocessing Steps

In pre-processing, the initial step is to remove all words
(not the texts, as some texts contain a mix of English and
other language words). An in-depth description of the five
stages procedure of pre-processing.

Step 1: Transformation

All of the gathered texts are raw and unprocessed. The
process of transformation takes this raw, unstructured
data and transforms it into something more suitable for
analytical purposes.

The steps can be represented mathematically by equation
(1) as:
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i (t11) 7] [ '(Woranordlz ...Wordlj)' 1
(t12) (Word, Word,, ... Wordzj)
n m _ m : —_ \1n m :
e [ty = Xizq 11721 : = i=1|llj=1 _ (1)
. L(tam)] | ((Word, Word,, ... Word,,,)]1 |

Where, i is number of texts where each texts contain j  Step 3: Normalisation
words. Notice from equation (1) that each word of texts is

not disjointed and are embodied as sentences. In the third step, all of the words that are referenced in the

second equation are taken as input and then stemming and
Step 2: Tokenisation lemmatisation are performed. The process of stemming
is an iterative continuation of removing affixes that are
derived from other words. After stemming, there is a
possibility that certain words may look unimportant
while having been significant all along. Lemmatisation
accomplishes this goal by using word analysis that is both

In their basic state, when all possible texts are available
in digital forms and have no specific value and texts
generated in step 1 are inappropriate for processing. Now,
we may rewrite equation (1) as equation (2):

(Wordy))(Wordy,) ......(Word, ;) morphological and vocabulary-based. In this stage, the
(Wordy,)(Wordyy) ... ...(Word,;) Porter 2 Stemmer, which is also known as the Snowball
=Y, 1T, : 2) stemmer is used. The words are made more complicated

| | : | | by adding affixes, and then they are stemmed and
| l(Wor d.)(Wor d1;1) ..... (Wor dnm)J | lemma-tised as al result. The procedure is described by the
following equation (3):
Observe that each text has been divided into expressive

tokens.
[ [ (Word,1)(Word,,) ... ... (Wordy ;)11 [ (Win, Wizs oo oo ,Wim) < X1 ]
(Word,,)(Word,,) ... ... (Wordzj) (Wa1, Wagz, e oo \Wam) < X,
—yn |pm : - : )
= Li=1|llj=1 _ = .
: (Wn1, Wna, wee e ,Wim) < Xy
i |(Word,,)(Word,;) .. ... (Word,,,)11 L V1, U2 eeevee s Um .
Where w,,w;s, ... ... , W, are words that have comparable ~ any positive affixes, and as a result it continues to be
affixes and are translated to x;, wy,Wy,, ... ... , Wy, are  invariant.

words that are allocated to x,, and the words v;, v,, ...

..., v, are words that are mapped to x; does not possess The equation might also be phrased as the following

equation (4):

[ (WSH, WS12, cov oun ) WSlm) 1
(WSZII WS22, e one rWSZm)

“

L (WSy1, WSp2, con ene , WSpm)
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Step 4: Filtering

Eliminating frequent words from an equation, commonly
known as stopwords, is an essential part of the filtering
process (equation 4). As can be seen in (equation 5), the
addition of stop words results in a considerable decrease
in the total amount of words.

I [ (WS11, WS12) cor oe ,WS1i) 11
(Wsy1, WSyp, . ... ,WS51)
—_\yn k :
= Ai=1|11j=1 . Q)
i L (WSp1, WSp2, o e ,WSpi) Ll

Notice in equation (5) that amount of words are
substantially concentrated from k to m, where k£ << m.

Step 5: ngram

The next stage is referred to as “ngram,” and it is a series
of n words that is utilised for filtering in order to extract
essential phrases. In order to extract key phrases, a mix
of statistical features (based on weighted betweeness
centrality scores of words) and the strength of co-location
relationships is used (based on nearest neighbour). As
a consequence of the analysis, a combination of words
is generated. These combinations of words are mostly
comprised of a collection of words that appear together,
and when calculating the ngram, normally one word
is advanced. The following is an example of a generic
encoding of ngram:

ngram,=k—(t—1) (6)

where,

k = numbers of words in a text t, then
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The study makes use of bigrams, often known as 2-grams
and since it comprises characteristics consisting of sets
of two adjacent words taken from the text. It has been
discovered that unigrams are unable to capture phrases
and other multi-word utterances, thereby discarding any
word order dependencies. As an example, phrases such
as “not enthusiastic” and “not satisfied” unequivocally
communicate a negative attitude and yet, a unigram may
fail to recognise this while a bigram is able to differentiate
between these two meanings while conveying the precise
mood of the text.

The outcome of equation (6) considering all the words
from text is shown in equation (7).

[ [ (WDy11, WDy, ... ... WD)
(WDy1, WDy, ... ... ,WDy;)
= Xic1 5‘:1 )
| |(WDp1, WDy, ... ... ,WDy;) 1.

k .
Where, [ = 5 as two words in the corpus are now
combined into one word.

When constructing a lexicon, firstly, seed words are
generated which then identifies the mood state of
responses grounded on these seed words. For the study,
the lexicon analysis was done on the basis of sentiment
scoring. The sentiments P(f) maps each text to a three-
dimensional mood vector p € R® [positive, negative,
neutral]. P(f) matches the term extracted from of tweets,
and set the sentiment adjectives for dimensions i,j, as
denoted by set p;;. Thus, sentiment scoring function can
thus be defined as follows:

[  (WDy; N p11, WDy3 N Py3, e e, WDy 0 p1) Tl
(WD31 N P21, WDa3 N Pag, e . WDy 0 p21)
P(t)=p € R®= Y™ |[].. :
( ) p =1 ]—1 (8)
| {((WDy,1 N Pp1, WDys N Prg, e e WD, 0 pp) Ll

The outcome of equation (8) can be then normalised to a
vector p for each text z, to produce the unit mood vector,

o Ll
P = ©

Equation (9) may be easily deciphered thanks to the fact
that the matrix was converted into a vector. This is one of
the many advantages of this transformation (considering
A and B as two events for sample space).
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P(B|A)P(4)

P(AIB) = 2

(10)
where,

P(A|B) Is the probability of A (class), given B (tweet).
P(B|A4) Is the probability of B (tweet), given A (class).

P(A) Is the probability of A (class), and is independent of
each other.

P(B) Is the probability of B (tweet), and is independent
of each other.

Based on equation (10), positive and negative tweet are

represented as:

P(tweet|positive)P(positive) (11)
P(tweet)

P(positive|tweet) =

P(tweet|negative)P(negative)
P(tweet)

P(negative|tweet) =

(12)

It is observed that probability of tweets, P(tweet) is
constant, and can thus be ignored. Thus, equations (11)
and (12) can be represented as:

P(positive|tweet) = P(tweet|positive)P(positive)

(13)

P(negative|tweet) = P(tweet|negative)P(negative)
(14)

The more precise notation of each class is thus given in
equations (12), (13) and (14) respectively.

P(positive) = YL, ¥i=1 P(Ti|positive)  (15)
P(negative) = YiL, ¥irq P(Ti|negative) (16)
P(neutral) = 1 — [P(positive) + P(negative)]

(17)
Where,

i = 1..n — Total number of words for each tweet
j = 1..m — Total number of tweets

Proposed 4A Framework Explanation

The input of customers is a vital element in the
operation of a profitable company, and the participation
of customers via various social media platforms is
becoming an even more significant role in the operation
of profitable enterprises. One of the marketing tactics that

has traditionally shown to be one of the most successful
for organisations is word of mouth. However, “e-word of
mouth,” which refers to customers chatting to each other
and offering more feedback via social media, has now
eclipsed word of mouth as the most successful marketing
method. This is because consumers are more likely to
share their positive experiences on social media. As
was discussed before, the importance of social media to
organisations is expanding, and as was described earlier
volume and impact and sentiment are three fundamental
approaches that are nevertheless crucial for analysing
social media. The method that was suggested is now
being used in the investigation of the replies of customers
that was carried out. This technique makes use of the idea
of positive polarity in order to determine the degree of
engagement, which these businesses now have with their
customers. The criteria for evaluating the suggested 4A
conceptual framework may be found in Table 3.

Table 3: Evaluation Table for 4A Framework

Positive Polarity (in %) 4A States
0 30 Anxious
31 60 Apart
61 80 Ardent
81 100 Active

An explanation of the following analysis is included in
Fig. 2, which can be found here. The number of positive
polarities present in the model is used to identify which
of the four quadrants each part belongs in when the model
is divided up. It is easy to assess the current stage of the
adoption of social media and the approaches that should
be implemented in the event that they are required when
the findings are put into these quadrants.

ARDENT ACTIVE
(61%-80%) | (81%-100%)
POLARITY
ANXIOUS APART
(1%-30%) (31%-60%)
Fig. 2: Feedback Analysis
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Results and Discussion

Based on equations (15), (16), and (17), Fig. 3 reveals the
polarity of tweets.

Twitter Polarity
Account(s)
@amazonIN 66.87% 14.80% 18.33%
@AmazonHelp 54.87% 17.73% 27.40%
@Flipkart 66.60% 8.20% 25.20%
@Flipkartsupport 46.67% 20.00% 33.33%
@Snapdeal 56.20% 16.73% 27.07%
@Snapdeal Help 54.93% 18.87% 26.20%
@Myntra 76.67% 11.67% 11.67%
@MyntraSupport 72.13% 14.67% 13.20%
(@ebayindia 78.32% 12.93% 9.17%

Fig. 3: Polarity Status
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Using data that is freely accessible to the public through
the Twitter API, the Twitter graphs for each business are
pieced together in phases. Only the comments on which
consumers have provided feedback are gathered from the
list of tweets sent by each company. This eliminates the
possibility of gaining insight from unidentified customers
who did not submit feedback and is ,thus unlikely to
provide helpful information. Also, because of the high
pace of growth on Twitter, the polarity tends to spread
swiftly. As a result, the overall polarity is a representation
ofthe firms’ current social standing rather than the specific
status that existed at the time that the tweet was posted.
The feedback from these customers was collected during
the course of the time period beginning on June 1, 2022
and ending on August 31, 2022, with a maximum of 1500
tweets being received.

Fig. (3-8) shows the feedback polarity breakdown for
these companies.

Sentiment Analysis of Tweets about amazonIN
(classification by polarity)
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Fig. 4: Amazon

Twitter Status

Sentiment Analysis of Tweets about Flipkart
(classification by polarity)
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Fig. 5: Flipkart Twitter Status
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Sentiment Analysis of Tweets about snapdeal
(classification by polarity)
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Fig. 6: Snapdeal Twitter Status

Sentiment Analysis of Tweets about Myntra
(classification by polarity)
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Fig. 8: eBay India

Implication of 4A Framework for the Observed
Outcomes

The section highlights the implication of results in the
proposed 4A framework. Fig. 9 depicts the results of the
experiment undertaken.

Surprisingly, the response for tweets is just in two states—
apart and nervous. Also, none of these businesses fall
into an “anxious” condition, which suggests that these
companies have adopted Twitter and utilise it for updates
and comments relatively often. However, curiously, none
of these firms have achieved an “active” condition, even
after years of Twitter adoption which is astounding.
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@ebayindia

@hIyntra

@MyntraSupport

%muazonm

L Flipkart

| ARDENT | || ACTIVE

POLARITY

@ Snapdeal
{@Snapdeal Help
@Flipkartsupport
@AmaronHelp

ANXIOUS | | APART

Fig. 9: Outcomes of Twitter Adoption by Indian E-Commerce Retail Sector

Also, the average response for ardent state is 72.12% and
for other state is 53.17%. The research further emphasises
that consumers are not content with the response they
are receiving online from these businesses. Thus, the
help/support component of Twitter accounts by these
businesses is not benefiting consumers. A social media
strategy should be in place to help these businesses to deal
with consumer queries and respond appropriately.

Recommendations

There were several observations obtained throughout the
research. Based on the findings, various recommendations
include the following:

e Online rating and review systems allow users to
make decisions on the basis of peer reviews.

e Documentation of consumer experiences on social
networks. These networks foster peer-to-peer con-
sumer engagement and let consumers communicate.

e Inclusion of social media plugins may be introduced
to a website to expand the advantages beyond the
social networking arena.

e Content management may be used to enhance con-
sumer connection via social media.
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