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Abstract
Sentiment Analysis is the process by which opinions are defined 
and categorized as positive, neutral, or negative in a given 
piece of text. It is a vital part of every strategy for tracking social 
media. It helps to understand what someone is thinking behind 
a social media post. Knowing the emotion will provide valu-
able background for the businesses to move further and react. 
Over the last decade, numerous studies have been carried out 
on how businesses can use Sentiment Analysis to understand 
and quantify the feelings of their consumers about their brand, 
products, and services. An in-depth analysis of the existing 
empirical literature on SA regarding social media campaigns 
is provided using a systematic review of the literature. This pa-
per presents the findings according to the preferred report-
ing items for systematic reviews and meta-analysis (PRISMA). 
The aim is to create a resource of the methods and techniques 
used in the studies to assist both researchers and academia. 
We subsequently identified the corpus trends, challenges, and 
implications. We suggested avenues for further research in the 
application of SA in social media campaign design and analysis.
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1 Introduction
Social Media offers a platform for people to share 

their opinions, thoughts, and feelings. The rapid pop-

ularity of Social Networks paved the way for business-
es to reach out to their potential customers [1]. The 
social media campaign is a coordinated marketing 
initiative by an organization to boost or promote a 
business goal through one or more social media chan-
nels. Campaigns vary from regular activities in social 
media due to their increased emphasis, targeting, and 
measurability. A huge amount of information is pro-
duced every day through social media. The need of the 
hour is to search and retrieve the relevant information, 
mine them into knowledge with accuracy and timeli-
ness so that action could be taken upon it.

According to Lui, “Sentiment Analysis systems are 
being applied in almost every business and social do-
main because opinions are central to almost all human 
activities and are key influencers of our behaviours.” [2]

In today’s ever-evolving technological era, Senti-
ment Analysis is becoming a significant tool for busi-
nesses. Such Social Media monitoring tools help busi-
nesses to gain insights into their customers ‘ brand, 
products, and business. Sentiment Analysis provides 
aid in the Social Media campaign process, starting 
from design to analysis. It helps identify the correct 
audience for the product, creating relevant content to 
attract their attention, and then monitoring the impact 
of the campaign and respond accordingly. Capitalizing 
on social media can create a viral sensation and assist 
in the engaging tech-savvy audience [3].

Sentiment Analysis is when opinions are identified 
and classified in a certain text as positive, neutral, or 
negative. It is needed to identify relevant data. E-mail 
services currently use sentiment Analysis in filtering 
out spam e-mails by various websites to recommend 
new content like films or TV shows. Sentiment classi-
fiers have been built to review social media text such 
as product reviews, messages, and discussions [4]. The 
data generated from Social Media is usually unstruc-
tured, fragmented, and informal.

Social Media Engagement is the interaction of the 
audience with the social media accounts. It measures 
engagement in likes, comments, and shares of a busi-
ness’s social media efforts. At its core, it is the mea-
surement of the social media performance that does 
not necessarily convert to sales. 

Table 1 Show each social media platform has its 
mechanisms for engagement and expressing its views. 
They are measured differently across each platform:
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Table 1
Social media platform and their metrics

Social Media Platform Metric
Face book Shares, likes, and followers

Twitter Retweets and followers
Instagram Likes and followers
Pinterest Pins, Repines, Visitors, Clicks
Snap chat Views, Visitors
YouTube Subscribers, Views
LinkedIn Likes, Shares, and followers

1.1 Study description
Despite the increasing importance of SA (Senti-

ment Analysis) in social media campaigns designing 
and analysis for firms, there is no existing systemat-
ic review of the antecedent causes of the phenomena 
[5]. In order to redress this knowledge gap, a system-
atic review of the literature was carried to identify 
antecedent causes identified through empirical study 
and subsequently provide a qualitative synthesis of the 
contemporary engagement literature. In the following 
section, the method used to generate a corpus of the 
extant literature is outlined.

The following research questions are addressed in 
the study:
1. What is the trend of the study of Sentiment Analy-

sis in Social Media Campaigns?
2. What are the challenges of Sentiment Analysis in 

Social Media Campaigns design and analysis?
3. What are the implications derived from the cor-

pus?
This contribution to the literature of this study is 

that it deepens the knowledge of SA that is applied in 
social media campaigns [6]. This study is applicable in 
numerous fields, such as for companies, to understand 
their target audience, to perceive their feelings about 
their products and their level of satisfaction; for gov-
ernment organizations, to help propagate campaigns 
in the interest of the general public; in politics, to un-
derstand and manage the opinions of citizens; in the 
media, to post public opinion based articles, and for 
academic organizations, for research purposes [7].

The remaining paper is structured according to the 
following:

Section 2 ‘Methods’ outlines the literature review 
techniques used in this analysis based on PRISMA 
statements; Section 2.2: Sources of data; Section 2.3: 
Criteria for inclusion & exclusion; Section 2.4: Search 
Strategy; Section 2.5: Data Presentation;

Section 3 ‘Results & Discussion’ presents the re-
sults of a systematic analysis and explanation of main 
findings in literature;

Section 4 ‘Areas for future research’ deals with the 
areas for further study;

Section 5 ‘Conclusion’ provides assumptions and 
limitations.

2 Method

2.1 Study design
PRISMA guidelines were implemented to stan-

dardize the features of this systematic literature review, 
which is a well-known framework used in systematic 
reviews of diverse scientific fields. This systematic re-
view includes 42 studies.

2.2 Sources of data
For the systematic review, two repositories were se-

lected: Scopus and IEEE CSDL. Scopus covers a wide 
range of journals and conference proceedings. It offers 
a wide range of more than 25,100 titles from more than 
5,000 publishers. IEEE CSDL has been chosen as it en-
compasses all computing fields and is the best source 
for covering new and emerging technologies [8].

2.3 Inclusion and exclusion criteria
The below-mentioned inclusion and exclusion cri-

teria were applied for the database search:
Inclusion Criteria included:

• Studies describing the use of SA in SMC
• Any population
• Any date
• Papers are written in English

Exclusion Criteria included:
• Papers irrelevant to the above research questions
• Book Chapters

2.4 Search strategy
The literature was searched through Scopus and 

IEEE CSDL by topic with the key strings of “sentiment 
analysis in social media campaign” and “opinion min-
ing in social media campaign.”

Articles were identified in the “article title, ab-
stract, and keywords” section of the database. The 
identified 1195 articles were documented in Microsoft 
Excel, and duplicate articles were removed, leaving 
683 articles for further screening [9]. The 683 articles 
were screened according to the “Title,” “Abstract,” and 
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“Conclusion,” guided by dependent variable and study 
context. 

By screening 683 articles, 467 articles were excluded 
because they were not explicitly relevant, and 216 articles 
remained. A detailed eligibility evaluation of 216 articles 
was conducted (full papers were read) to ascertain the 
relevance of the articles to the theoretical focus of the re-
view. Following the full-text analysis of the research, 175 
studies were excluded, resulting in a final collection of 
41 studies for qualitative synthesis [10]. The exclusion of 
so many articles is based on the fact that a broad search 
strategy was used to ensure no relevant studies were ex-
cluded. Figure 1 provides an overview of the process and 
shows that most of the articles were deemed irrelevant 
due to the dependent variable and study context (n = 
121). The remainder of the studies were irretrievable (n 
= 54). Table 2 shows final search strings.

Table 2
Final search strings

Block Search term entered in the topic field
Dependent Variable “Sentiment Analysis” OR “Opinion 

Mining” AND
Study Context “Social Media Campaign” OR “Social 

Media Campaign Design and 
Analysis”

Further, Figure 1 shows the flow diagram relating 
to recognition, screening, eligibility evaluation, and 
inclusion.

2.5 Data presentation
With the emergence of Web 2.0 and social media 

content, a great deal of anticipation has been generat-
ed along with ample opportunities to understand gen-
eral public and customer sentiment regarding social 

Selection of articles in PRISMA

Fig.1. Flow diagram of studies included in the systematic analysis Preferred reporting items for systematic reviews and meta-anal-
ysis (PRISMA)
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issues, political activities, business strategies, market-
ing campaigns, and product preferences. Since there 
is plenty of information available to the public, busi-
nesses need not opt for surveys and focus groups any 
longer to collect customer feedback regarding their 
products and competitors, according to Chen & Zim-
bra. Digging this data is a difficult challenge; however, 
there are multiple sources with immense amounts of 
opinionated text [11].

Research suggested a model for the manufacturers 
to understand the interaction between online custom-
ers beyond simple ratings. Using a lexicon-based clas-
sifier, the model received a positive and negative score 
for each review relating to emotional content instead 
of the star rating to help advertisers understand how 
to maximize consumer loyalty and assess their mar-
keting campaigns’ emotional effect observed by Gar-
cia & Schweitzer. Another study used both qualitative 
and quantitative methods to identify secret trends in 
the feelings about global brands among customers, as 
studied by Mostafa.

A study focused on Markov Random Fields (MRF) 
to identify the secret promoters of the movement on 
Twitter [12]. Campaign promoters seek to manipulate 
people’s attitudes in a secret or tacit manner without 
disclosing their true purpose. The users are not aware 
that the articles they view are targeted marketing posts 
to persuade them to buy target products and services. 
Users consider these campaign posts from the general 
public as pure organic posts. Thus, finding these cam-
paigns, their promoter accounts, and how the cam-
paigns are coordinated and executed is important, as 
studied by Li, Mukherjee, Liu, Kornfield, & Emery. A 
study was conducted in which 10,000 raw twitter mes-
sages were collected from the official Twitter campaign 
accounts of three mobile phone providers to collect 
opinion and process the sentiment using three classi-
fier algorithms (Decision Tree, SVM& Naïve Bayes) to 
answer the problem of brand reputation measurement 
based on customer satisfaction through SA of Twitter 
data of the customers. The experiment revealed that 
SVM provides better output in time processing and 
accuracy than the other two classifiers, as researched 
by Vidya, Fanany, & Budi [13].

Furthermore, Mahmud & Gao found that by send-
ing targeted messages to followers with strong sen-
timents towards the campaign issue, the campaign 
can be more successful. An algorithm was proposed 
by Raamakirtinan & Livingston using SWPR (Senti-

ment Weighted Page Ranking Algorithm) to classify 
the prominent users reliably. The results found that 
as recognizing prominent users increase, campaign 
and product ads hit the target members more quickly. 
Marketers must know the specifics about their clients 
and their world before preparing a social media cam-
paign. Fuzzy logic in this context is an excellent meth-
od to apply to marketing issues. A study by Howells 
& Ertugan focused on the same principle to build a 
model that can analyze a microblog’s content to de-
termine the user’s perception [14]. The authors not-
ed that marketers should use the model in confidence 
to build a timely and accurate representation of con-
sumers’ views on a product or service. Diaz-Garcia, 
Ruiz, & Martin-Bautista proposed a non-query-based 
method for sentiment analysis using generic rules of 
association to discover sentiment patterns in an enor-
mous collection of microblogging text based on Plut-
chik’s8 emotions.

A study by Saxena, Chaturvedi, & Rakesh conduct-
ed to evaluate customers’ reactions to company pro-
motional campaigns and assess whether SM (Social 
Media) promotional campaigns have successfully in-
creased customer engagement and scope. The research 
was conducted on 18,659 advertisement tweets by 
three major cell phone companies selling their phones 
in India, the results of which revealed that Xiaomi ap-
pears, in every aspect, to be the winner of all the three 
brand names - Xiaomi, Honor, and OnePlus, irrespec-
tive of the scope of SM. In the same year, a study by 
Fernández-Gavilanes, Juncal-Martínez, García-Mén-
dez, Costa-Montenegro, & González-Castaño pro-
posed the combination of the position prediction 
approach with an unmonitored SA strategy to assess, 
automatically, the presence in various countries of so-
cial network users during an event of global impact 
[15]. A study was done to examine users’ or potential 
consumer preferences to evaluate users’ emotional re-
sponses to different types of posts (images or video) 
distributed through SM channels. Users’ emotional 
responses are major variations in the emotions and 
feelings of the users expressed on various blogs. It was 
also found by Păvăloaia, Teodor, Fotache, &amp; Da-
nileţ that brands’ online operation has an emotional 
effect on current and future consumers, along with the 
creation of new sources of data [16]. Another research 
was performed to consider Maggi’s view of customers 
through the review of Twitter sentiments. The find-
ings revealed that the positive responses to Maggi’s 
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re-entry into the Indian market were more than the 
negative ones. Showing, thus, that the SA can provide 
marketers with better insights into the consumer psy-
che and assist them in determining how their product 
would be doing on the market or, if necessary, in mak-
ing mid-course corrections, according to Fernandes, 
Sharma, & Vidyasagar.

A tool, GiF (GlobaliFusion), was introduced by 
Sand, Tsitouras, Dimitrakopoulos, & Chatzigiannakis 
to turn aggregated SM consumer feedback into busi-
ness decisions and marketing plans to identify the 
need for a clear structure on how to respond to people 
engaging on SM. Another media monitoring platform 
is called SI. A (Social Intelligence Advisor) was intro-
duced by Perakakis, Mastorakis, & Kopanakis for data 
micro-analysis and efficiently tracking online credibil-
ity and competition [17].

Describing the value of SA as a critical tool for 
conducting political movements, numerous studies 
have been undertaken. One study proposed by Ibra-
him, Abdillah, Wicaksono, & Adriani suggested an ap-
proach for predicting the Presidential Election of In-
donesia using Twitter as its main source. Throughout 
the election campaign, a dataset of 10 million political 
tweets was collected. Automated buzzer detection was 
performed on the dataset to delete the buzzers (noise) 
in the data. Each tweet was then divided into many 
sub-tweets [18]. Then, each sub-tweet was allocated 
to one of the candidates and their polarity of senti-
ment. At last, the number of positive sub-tweets for 
each candidate was leveraged to predict election re-
sults. Another research by Watts, George, Kumar, & 
Arora suggested introducing an asset price model for 
molding political candidates’ campaigns. Research re-
garded marketing campaigns as a business process. It 
assessed their success based on their effect on Twit-
ter, using a given politician’s dataset. The method used 
time-dependent reconstruction of Twitter graphs 
based on user reactions to marketing events. It used 
group detection algorithms to classify the scale of the 
group that followed, as studied by Kafeza, Makris, & 
Rompolas, 2017.

A study proposed an approach focused on neural 
networks for analyzing the feelings conveyed in polit-
ical tweets to determine how opinions (positive and/
or negative) spread on SM and how significant events 
affect public opinion [19]. It was concluded by Pota, 
Esposito, Palomino, & Masala that the neutral tweets 
are an important index of a topic’s popularity, allowing 

the hunt for information relevant to particular days of 
interest to be refined. A fascinating study by Santos, 
Paes, & Bernardini used data sets for sentiment analy-
sis from other fields to prepare a sentiment-based clas-
sifier to predict voters’ sentiments. The study tackled 
a problem in sentiment classification in the election, 
to predict the sentiments of Twitter texts, explored 
the possibility of the adoption of existing (from other 
areas) labeled data sets in order to forecast a feeling 
within the election scenario on the assumption that 
no labeled domain information is available, which is 
typically valid at each election. Some researchers, such 
as Belcastro, Cantini, Marozzo, Talia, & Trunfio, sug-
gested a technique for discovering actions of users on 
SM during the election campaigns by analyzing us-
ers’ posts via an automated incremental mechanism 
based on feed-forward neural networks. Throughout 
the same year, a method was suggested by Kamal et al. 
called Crowd-Sourced Sensing using Twitter (CSST) to 
use Twitter’s real-time data mining for crowdsourced 
sensing by classifying emotional tweets using a lexi-
con-based approach. A report by Terán & Mancera 
focused on introducing dynamic candidate profiling 
using Twitter data and SA as an additional feature to 
VAAs static profile generation. Following this, a study 
was conducted to understand public opinion. Twitter 
was used for data collection, emphasizing the value of 
understanding public opinion. The study Teran & Yir-
gu inferred that Twitter could also be used to collect 
data in surveying. Another technique was proposed 
to discover the polarization of SM users during the 
election campaigns marked by political factions. The 
technique used an automated incremental process for 
evaluating the posts published by SM users based on 
a feed-forward neural network, as observed by Belcas-
tro, Cantini, Marozzo, Talia, & Trunfio [20].

An interesting study by Weichselbraun, Gindl, 
Fischer, Vakulenko, & Scharl relating to aspect-based 
extraction was conducted, where the automotive indus-
try was used as a model domain for the extraction of 
information from Twitter and Google+ SM channels to 
capture the opinion on particular aspects along multiple 
emotional dimensions. It was concluded that Emotion 
Analysis offers comprehensive input on a company’s 
public perception. Only a granular analysis that consid-
ers all relevant aspects will expose such secret informa-
tion essential for the preparation and evaluation of cor-
porate communication campaigns. Further, research 
by Srivastava shed some light on a less researched field 
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that hash tags impact customer engagement. The study 
analyzed how Indian brands use hash tags across SA. In 
the experiment, hash tags were collected from top In-
dian brands to identify the hash tag’s overall sentiment 
polarity. The results of the experiment were split into 
two parts - polarity of sentiments and the demographic 
analysis. These two findings gave the brands an inter-
esting strategy to place their content following age and 
gender to get full reach and commitment.

Explaining the lack of blog tracking tools and their 
necessity, some authors argued that the analysis of blog 
data helps understand the pulse of the society, know 
what resonates with a community, and recognize a 
group’s grievance. Analyzing the gap, a tool called Blog 
Tracker was introduced, which can be used to analyze 
blogs to help an analyst gain awareness of the situa-
tion, as stated by Obadimu, Hussain, and Agarwal.

Research suggested using Adverbs to consider the 
users’ true sentiment to delve deeper into the Senti-
ment Analysis problems. To test the proposed ap-
proach, the researchers used three evaluation tools, 
Accuracy, Recall, and F-measures. While the tech-
nique could process different types of textual informa-
tion, the downside was its inability to process sarcasm, 
as observed by Vidya, Fanany, & Budi. A survey was 
done to address the significance of sentiment chal-
lenges, difficulties in determining emotions, and how 
to choose the right challenge to improve accuracy to 
understand the challenges in the Sentiment Analysis 
domain. To sum up, many social media information 
challenges mainly revolve around feelings/opinions 
that social media users communicate, according to 
Păvăloaia et al., Howells & Ertugan. Table 3 shows 
classification scheme applied to the corpus.

Table 3
Classification scheme applied to the corpus

Author Year Objective Domain SM platform 
used

Data Set Technique used

Hsinchun Chen 
and David Zim-
bra,

2010 To identify the relation-
ship between online 
opinions and real-world 
events

the stock perfor-
mance of Wal-
Mart

Yahoo Fi-
nance Wal-
Mart forum

433,325 messages 
collected from 4 
January 1999 to 10 
July 2008

Predictive Regres-
sion Models

David Garcia
Frank Schweitzer

2011 To guide manufacturers 
to increase customer 
satisfaction and to 
measure the emotional 
impact of marketing 
campaigns.

Amazon.com Amazon.
com public 
API

Product reviews 
from Amazon.com

Lexicon-based clas-
sifier for classifying 
emotions

Mohamed M. 
Mostafa

2013 To understand how 
companies can rede-
fine their advertising 
campaigns with the 
blogosphere and use 
SA techniques to detect 
hidden patterns in con-
sumers’ sentiments

Mobile phone 
companies

Twitter 3500 tweets ex-
pressing attitudes 
to sixteen global 
brands

lexicon-based 
approach for sen-
timent orientation 
identification

Yoosin Kim, 
Seung Ryul 
Jeong

2014 Proposes an integrated 
and practical method-
ology for social media 
opinion mining (SMOM)

Instant noodle 
product of Korea

Blogs, Fo-
rums

14,202 items of 
content in social 
media from January 
2012 to June 2013, 
including blogs, 
coffee forums, and 
media reports

t-test and ANOVA 
Test to determine 
the significance of 
sentiment

Huayi Li et al 2014 To identify hidden 
campaign
promoters on Twitter 
promoting some tar-
get products, services, 
ideas, or messages

Healthcare 
(Anti-smoking 
campaign)

Twitter Not applicable Markov Random 
Field (MRF)

Greg Sand et al. 2014 Proposes a platform for 
transforming customer 
insights aggregated from 
SM into business actions 
and marketing plans

General Face book, 
Twitter, 
Blogs, Linke-
dIn, Tumblr, 
etc.

As-needed basis ICT-based frame-
work; SentiWord-
Net 3.0 to assign 
sentiment scores to 
English words



Issue 22. May 2022 | Cardiometry | 357

Author Year Objective Domain SM platform 
used

Data Set Technique used

Mochamad 
Ibrahim et al.

2015 To use Twitter to un-
derstand public opinion 
and predict the out-
come of the Indonesian 
Presidential Election.

Politics Twitter Throughout the 
vote, ten million 
political tweets

Lexicon and key-
word-based ap-
proaches to reveal 
the political senti-
ment and Buzzer 
account detection 
to remove buzzers 
from Dataset

Nur Azizah 
Vidyaa et al.

2015 To measure brand repu-
tation through Twitter 
data SA based on 
customer satisfaction

Mobile Phones 
Providers

Twitter 10,000 raw twitter 
posts from three 
Indonesian mobile 
phone providers’ 
official Twitter cam-
paign accounts

SVM, Naïve Bayes 
and Decision Tree

Jalal Mahmud 
and Huiji Gao

2014 To explore whether 
followers’ sentiment 
towards the campaign 
topic is correlated with 
their engagement level 
with the campaign.

 Not applicable Twitter 1.68million tweets Regression analysis 
and a classification 
study using WEKA

Dimitris Proios 2015 To create a model 
supporting aspect 
mining and customized 
advertising

Restaurant Product Re-
view Sites

Uses data from the 
Yelp platform- over 
than 40,000 busi-
nesses and 250,000 
users

Combined lexicon 
based on AFFIN-111 
and Harvard Gener-
al Inquirer

David Watts et al 2016 To evaluate the poten-
tial of Twitter data as 
an ex-ante indicator of 
impacts by shaping the 
political dynamics of the 
campaign.

Politics Twitter Tweets collected 
two weeks prior 
and two weeks 
after the Mid-term 
Election (4 Novem-
ber 2014) 

Sentiment Indicator 
(SI), Curvature In-
dicator (CI), Growth 
Indicator (GI), AFFIN 
model for sentiment 
computations

Ameya Prabhu 2016 To introduce the Sub-
Word Memory model 
to learn sentiments in 
a noisy Hindi-English 
Code-Mixed dataset.

General Face book User comments 
from popular pub-
lic Face book pages 
in India

Multinomial Naïve 
Bayes, SVM

S. Raamakirtinan 
and L. M. Jenila 
Livingston

2016 Proposes a hybrid ap-
proach using Sentiment 
Weighted Page Ranking 
Algorithm (SWPR) to 
calculate the influential 
rank of a user 

General/User 
Influence

Face book Users’ data like the 
shared post, reply 
to the post posted, 
and status updates.

Microsoft Azure 
ML to calculate 
sentimental score 
and lexicon-based 
approach for SA

Karen Howellsa, 
Ahmet Ertugana

2017 To build a model that 
can evaluate a mi-
croblog’s content (like 
tweets on Twitter) and 
analyze feedback or 
customers’ perception.

General Twitter As-needed basis Fuzzy logic

Eleanna Kafeza 
et al.

2017 Proposes a new way of 
quantifying the Twitter 
follow-up relationship 
based on users’ reac-
tions to the marketing 
campaigns and using 
time-series and sentiment 
analysis to assess success.

Politics Twitter Collected data 
from 01/01/2017 
until 28/01/2017

Keep-up graph, 
Louvain method for 
community detec-
tion, DTW algorithm 
for the distance 
calculation.

Albert Weichsel-
braun et al.

2017 Introduces an approach 
to analyze brand and 
company associated 
emotional values

Automotive 
Industry

Twitter and 
Google+

1,000 Twitter and 
Google+ posts, 
which contain the 
term “car,” and 
4,000 referring

Sentiment-target 
linking, Dependency 
graph enrichment 
and sentiment 
parsing.
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Author Year Objective Domain SM platform 
used

Data Set Technique used

to one of the car 
brands Porsche, 
Audi, Daimler, and 
Volkswagen, pub-
lished between 
28 September and 
28 November 2015

Marco Pota et al. 2018 To study the spread of 
positive and negative 
opinions on SM and 
the effects of significant 
events on public opin-
ion.

Politics Twitter Tweets for UK Gen-
eral Elections from 
18 April
From 2017 until 14 
June 2017

Neural Network and 
lexicon-based ap-
proaches for Sen-
tence classification

Anant Saxena 
et al.

2018 To analyze reactions of 
customers on compa-
ny campaigns and to 
measure the success of 
promotional campaigns

Mobile Phones 
providers

Twitter 18659 tweets POS categoriza-
tion-based thematic 
analysis, Harvard-IV 
lexicon-based SA 
& SM index-based 
reach analysis

Milagros 
Fernán-
dez-Gavilanes 
et al.

2018 Proposes a method for 
estimating consumer 
sentiment during major 
global events

Public event Twitter 2016 UEFA Cham-
pionship- 310,981 
tweets monitored 
during the event

Unsupervised SA 
with automatic geo-
location techniques

Emmanouil 
Perakakis et al.

2019 Proposes a platform to 
analyze insights into the 
effective online reputa-
tion and the monitoring 
of competitors

Digital Market-
ing

Social Media 
and online 
review web-
sites

Real-time data AI algorithms en-
riched with seman-
tic information

Vasile-Daniel 
Pavaloaia et al.

2019 To investigate the 
emotional responses to 
images or video posts 
distributed by two well-
known global brands in 
the beverage industry 
through primary social 
media channels

Beverage (Co-
ca-Cola and 
Pepsi)

FB, Insta-
gram, Twit-
ter, Pinterest, 
Google+, 
YouTube

Photo and video 
posts of Coca-Cola 
and Pepsi

t-test, Chi-square 
test, and Wilcoxon 
test

Riktesh Sri-
vastava, Meraj 
Naem

2019 To determine how Indi-
an brands use the hash 
tags to build customer 
interaction through SA

Brand engage-
ment

Twitter 5611 texts and 
154472 tokens 
from the selected 
brands between 
01/08/2019 and 
30/09/2019 

Sentiment Polarity 
& Demographic 
Analysis

Semila Fer-
nandes et al.

2019 To demonstrate, SA can 
be used as a descriptive 
tool to analyze the per-
ceptions of consumers.

Maggi Twitter 500 Twitter posts 
containing «Mag-
gi.»

Lexicon based text 
analysis 

Luis Terána, José 
Mancera

2019 Evaluates the dynamic 
application of candidate 
profiling with Twitter 
data and SA as an addi-
tional factor in generat-
ing static VAAs.

Politics Twitter Candidate’s an-
swers, Expert Opin-
ions, and Twitter 
Feeds

SA Candidate Vec-
tor (SACV)

Loris Belcastro 
et al.

2019 To discover SM users’ 
behavior during the 
election campaigns

Politics Twitter Real-time data Neural networks

J´essica S. San-
tos et al.

2019 To train a senti-
ment-based classifier 
to predict sentiments 
of elections using data 
sets from other con-
texts.

Politics Twitter Datasets of differ-
ent domains.

Jaccard Distance, 
Domain similarity 
using word embed-
dings
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 3 Results and discussion
In this section, the results obtained as answers to 

the Research Questions (RQs) defined in the SLR are 
discussed in detail.

RQ1. The trend of incorporating 
sa in designing and analysis 
of social media campaigns

In the past decade, a significant amount of work has 
been done on analyzing social media content using Senti-
ment Analysis to support marketing campaigns. A review 
of the papers in the journals selected shows that SA has 
provided ample opportunities to understand customers’ 
views on current issues, political movements, business 
strategies, marketing campaigns, and product preferences. 
While it is difficult to pinpoint the evolution on an annual 
basis, the major aspects of the usage/applications of senti-
ment analysis have been identified repeatedly.

Earlier, when the organizations wanted to know the 
general public’s opinions about their products and ser-
vices, they conducted polls, surveys, and focus groups. 
Nevertheless, the world has been transformed in the past 
few years with the exponential growth of social media ma-
terial on the Internet. The immense amount of data came 
with the daunting task of seeking the true sentiments in 

the opinionated file. Therefore, experiments were per-
formed to use qualitative and quantitative approaches to 
identify the hidden patterns in the customers’ opinions.

Recently, SA is also used to automatically assess social 
network user participation in public events in various 
countries globally. The governments also started using it 
to gather public views on health and well-being promo-
tions. SA is being used for policy purposes as a critical 
tool. In the corpus, 11 out of 42 studies revolved around 
politics. Interestingly since 2015, studies with SA have 
increased for a broad range of political agendas, from 
outcomes prediction, evaluation of campaign success, 
comprehension of the behaviors, the sensation of crowd 
sourcing to the use of micro-blog-data sentiment analy-
ses to boost VAAs. Interestingly most of the studies doc-
umenting this aspect used Twitter data for their analysis.

Out of the 42 studies examined, four studies came 
up with proposed frameworks and tools to use Senti-
ment Analysis for micro-analysis of social media data, 
aspect based-opinion mining, to identify influential 
users, to translate data from different languages to En-
glish for gathering sentimentally analyzed insights as 
well as blog tracking tools.

The articles that have been examined have also 
been evaluated to determine the nature of the social 

Author Year Objective Domain SM platform 
used

Data Set Technique used

Rashid Kamal 
et al.

2019 Proposes a framework 
for crowd sourced 
sensing and the classi-
fication of emotions in 
Tweets posted 

Movie, Politics Twitter Real-time data Lexicon-based ap-
proach to classifying 
emotions

Luis Ter´an, 
Kidus Yirgu

2019 To analyze Twitter pub-
lic opinions and com-
pare with the official 
results of the election 
after the vote. 

Politics Twitter Collected unique 
tweets daily from 8 
December 2017 to 
4 February 2018

Random forest clas-
sifier for the user 
and content-based 
metrics for spam-
mer detection.

Jinan Fiaidhi, 
Sabah Moham-
med

2019 Focuses on growing 
paradigm of Thick Data 
analytics 

Healthcare Twitter Real-time data Network X algo-
rithms

Jose Angel Di-
az-Garcia et al.

2020 To develop a system 
capable of obtaining 
both textual and opin-
ion descriptive patterns 
in an unsupervised 
manner. 

Politics Twitter In the course of the 
American pre-elec-
tion campaign, 
an initial set of 1.7 
million tweets was 
used.

Association rule 
mining algorithms: 
Apriori,

Loris Belcastro 
et al.

2020 To discover the po-
larisation of SM users 
during electoral cam-
paigns marked by the 
competition between 
political parties.

Politics Twitter Tweets posted by 
21,833 users during 
2018 Italian General 
Election; 2.5 million 
tweets posted by 
521,29 users during 
2016 US Presiden-
tial Election

Neural Networks
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network. Ironically, Twitter data was used for their 
study most of the studies reported. Twitter constant-
ly produces different views on every particular sub-
ject, including social problems, marketing issues, etc. 
The other networks that gained exposure from the 
reviewed publications include Face book, Instagram, 
Google+, and Pinterest &YouTube.

RQ2. Challenges of SA IN SMC design 
and analysis as identified from the corpus

As shown in Table 4 challenges identified through 
the analysis of the corpus have been listed out. The 
first column talks about the challenges as explained by 
the authors. The second column specifies the author’s 
names and the year of publication of the correspond-
ing study referred.

RQ3. Implications derived from the corpus
Below are the comprehensive implications that 

have been derived from the literature review:
• Designing the campaign

Before planning or designing any social media 
campaign, marketers must learn about customers and 

their world. They must know their consumers’ tem-
perament, past experiences, responses, as stated by 
Howells & Ertugan. It is not enough to start a promo-
tional campaign. However, it is also necessary to in-
clude customers, connect with the local feelings, and 
build curiosity.

Social media posts do create an emotional impact 
on the users. They can make a substantial contribu-
tion to society and industry by achieving a social ben-
efit in user engagement with companies through SM 
posts, according to Păvăloaia, Teodor, Fotache, &amp; 
Danileţ, 2019. In the strategic decision-making pro-
cess, information obtained by SA can be used. Last-
ly, emotional reactions on SMs of the consumers in 
general and the customers will affect buying decisions 
considering that the number of people in the online 
world using mobile devices has almost exponentially 
increased.

Increasing accessibility and online interaction are 
used by most Indian brands in social media for in-
spiring brand promotions, as observed by Sociales-Sa-
mosa (Economic Times, 2019). It is necessary to use 
the hashtag to provide posts, images, and videos for 

Table 4
Challenges identified from the literature

Challenge Referred Study
To find relevant data (i.e., data integrating quantitative indicators with human 
experience & present decision-makers with an appropriate assessment 
framework).

(Fiaidhi & Mohammed, 2019)

Understanding and analyzing the unstructured texts generated constantly, 
identifying the relevant information, and transforming into actionable cognizance. (Fernandez, Sharma, & Vidyasagar, 2019)

To identify the right set of users in the social network who can disseminate 
knowledge effectively. (Raamakirtinan & Livingston, 2016)

To measure brand reputation based on people’s service quality responses. (Vidya, Fanany, & Budi, 2015)
Inherent problems such as contractions of words, use of slang, etc., are the 
Romanized language on social media. Lack of appropriate datasets. (Joshi, Prabhu, Shrivastava & Varma (2016)

Lack of concrete framework to listen to the people interacting on SM and to use 
the gathered insights to track integrated campaigns

(Sand, Tsitouras, Dimitrakopoulos, & 
Chatzigiannakis, 2014)

To approaching expressions having domain-specific terms, texts full of speech 
hatred, noisy and informal language, sarcasm, and irony; Loss of context on 
platforms like Twitter as a result of the character limits imposed on tweets.

(Santos, Paes, & Bernardini, 2019)

Biased answers from candidates and experts. (Terán & Mancera, 2019)
The consequences of information-based social strategies and the question of 
protecting individual privacy during SM investigation;
The problem of link-reference between various products; the question of relevance 
in ordering 
The problem of query classification
Inference of rating and ambiguity in the view presented by the customer.

(Mahalakshmi, Nandhini, & Kowsalya, 2018)

Hardship in geolocation detection for users. 
Low precision and inaccuracy due to the noise in data (Kamal et al., 2019)

Complex and technical approaches to opinion mining in different business sectors 
for decision-making and planning help analyze and visualize data. (Kim & Jeong, 2015)
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individuals and Indian brands (WebguruIndia, 2019). 
Such hashtags have had an immense effect on certain 
brands, just for a limited period, stated by Srivastava. 
In addition, user enthusiasm needs to understand the 
dynamics of participation, as studied by Garcia & Sch-
weitzer. A further demographic study of consumers 
allows business owners to carry out customized pro-
motions or deliver coupons to different user groups.
• Track the reaction to campaigns

In response to the marketing campaign, case, prod-
uct launch, or blog post, SA can be used to track peo-
ple’s reactions in real-time. It may help assess whether 
people have been positive or negative in their thinking 
and whether they need to continue, make improve-
ments or quit at once, observed Li, Mukherjee, Liu, 
Kornfield, & Emery.
• Track the Competitors

Companies must discover the strengths and flaws 
of their competitors. The strategy is based on an im-
portant aspect of knowing where competitors are 
lacking. SA helps to monitor competitors’ positive and 
negative statements, which could be used to construct 
an individual offer of a company. It helps monitor 
competitor campaign performance, in a study by Per-
akakis, Mastorakis, & Kopanakis.
• Track the sentiment towards your brand

Businesses can use social media content to gain in-
sight into customers’ opinions on their goods and ser-
vices. He also claimed that the control of social media’s 
brand awareness should be part of the constructive 
overall marketing strategy of the company, studied 
by Mostafa. The involvement with social media is an 
important part of the branding and promotional strat-
egies for the company in monitoring and communi-
cating with unsatisfied clients immediately. Stressing 
the value of critical feedback, marketers are advised to 
use it to determine what goes wrong with a product 
or service. SA may use the study by Vidya, Fanany, & 
Budi, Garcia & Schweitzer, Kim & Jeong in assessing 
the clients’ opinion to calculate brand credibility.

The findings of SA can determine the credibility of 
goods, services, and organizations and provide a com-
prehensive map of positive or negative characteristics 
classified by domain-specific according to Arora, Ban-
sal, Kandpal Aswani, & Dwivedi.
• Effective campaign influencers

The campaign goals are higher than a range of de-
partmental lines, such as random targeting and the-
matic targeting, as studied by Mahmud & Gao, based 

on their more positive perceptions of the campaign. By 
sending targeted messages to followers with a stronger 
understanding of the campaign subject, a camp can be 
more successful. The studies by Raamakirtinan & Liv-
ingston show that the rate of diffusion is directly pro-
portional to messages taken by friends by prominent 
Face book users. In addition to the users’ location to 
classify influential users, the user content (wall posts 
and their feelings) and the network structure should 
be considered.
• To detect hidden patterns in consumers.

The use of advertising in social media and, in par-
ticular, in review platforms for consumers and compa-
nies can be a powerful resource. Affective and accurate 
extraction of facts may be used to obtain views on par-
ticular issues along different emotional dimensions. 
Such secret information that is very important to de-
signing and analyzing corporate marketing strategies 
cannot be exposed without granular research consid-
ering all related aspects. To define different aspects of 
the target’s emotional burden and measure sentiment 
values per aspect that account for different user-relat-
ed properties, in an evaluator study by Proios, Eirina-
ki, & Varlamis.
• To track opinions for political campaigns.

The role of SM, such as Face book & Twitter, is now 
a key tool for policy activities. Campaigns now merge 
conventional media with social media channels to 
open up exciting new ways for parties and candidates 
to pursue better policy approaches and exposure. Sug-
gest candidates and political parties close to the citi-
zens ‘ political interests and build candidates and party 
profiles voting advice applications (VAAs).

It is useful to analyze how positive and negative 
views in SM propagate and how significant events af-
fect public opinion. In order to understand the politi-
cal audience, SA can use positive and negative tweets 
on Twitter to differentiate. SA can use the direction of 
the thoughts of voters during the elections in order to 
understand. The election outcome could be predicted 
by comparing the sentiments in texts posted on Twit-
ter during elections. In election campaigning, charac-
terized by competition between political parties, SA 
can discover SM users’ behavior and understand the 
polarization of public opinion in political events. In 
addition, the study by Obadimu, Hussain, & Agarw-
al acknowledged the value of the opinion analysis on 
Twitter because it provides insightful examples of the 
voters’ thoughts during the campaign.
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4 Areas of future research
The review emphasizes that SA is a rapidly growing 

and vital topic for researchers interested in taking a 
holistic and comprehensive approach to understand-
ing consumers’ sentiments. In the literature, however, 
the following areas were identified by evaluating the 
findings for added analysis.

Most studies did not concentrate much on the ac-
curate and efficient contact for business users of the 
opinion-mining tests. However, good visualization 
can clarify a large part of the empirical findings with 
an integrated visual image without additional explana-
tions, stated Kim & Jeong.

As studied by Muysken, Duran, and Gysels, Code 
Mixing means a natural phenomenon of the incorpo-
ration into another’s utterance of linguistic units like 
sentences, verbs, or morphemes. Multilingual soci-
eties such as India, which has 22 official languages, 
Hindi and English are the most popular, are widely 
used. The use of Hindi on the Internet has gradually 
increased with over 375 million Indians online, which 
opens up immense research opportunities for the 
culture of sentiment and opinion analysis to analyze 
patterns, surveys, incidents, human behavior, and lin-
guistic analysis, according to Joshi, Prabhu, Shrivas-
tava, & Varma. Twitter produces constantly different 
viewpoints on every specific subject, social issues, 
marketing issues, etc. The task is to understand and 
interpret these unstructured messages, to collect and 
turn relevant information into efficient knowledge, as 
observed by Fernandes, Sharma, & Vidyasagar. Last 
but not least, it is possible to research the social and 
geopolitical sense of opinions, as researched by Chen 
& Zimbra, and the lack and need for blog monitoring 
tools, as studied by Obadimu, Hussain, & Agarwal.

5 Conclusions
The Analysis of Traditional Sentiment gives the text 

a clear picture, not just positive or negative. SA, which 
is quicker than conventional marketing research, of-
fers advertisers an efficient way to gain instant input 
on their products and services and, thereby, to help 
them determine whether their product can perform 
on the market or to change it mid-term if appropriate.

The comprehensive analysis of the related scientific 
papers showed the need for organizations to track and 
examine social media platforms, including Twitter, Face 
book, Pinterest, blogs, news pages, forums, videos, and 
micro blogs. An organization must attract, maintain, 

fulfill and engage its customers efficiently to thrive and 
grow. Recent studies indicate that these channels are 
used between two and three hours a day by the average 
person. It provides a broad and rich pool of knowledge 
that could play a key role in corporate decision-mak-
ing, political campaigns, management, and welfare. 
Qualitative analysis is a fantastic approach to bridging 
the difference between perspectives given by quantita-
tive research and offers a detailed understanding of the 
reasons behind and inspiration for the phenomenon 
observed Fiaidhi & Mohammed to better understand 
the dynamics of consumers’ behavior. This information 
is then processed and integrated into decisions in the 
entire business cycle, including orchestration of pro-
motions, product creation, recruiting, customer sup-
port and interaction processes, feedback from sales, 
and much more. An organization that knows the ex-
perience of its consumers from social media analytics 
will act better, increasing consumer satisfaction with-
out relying on experiments (for example, ads, rebates, 
discounts, and exclusive offers) unnecessary.

To conclude, Sentiment Analysis provides a de-
tailed report on a company’s market perception. Un-
derstanding social media sentiments can assist in 
providing quick, simple, and better insights into pub-
lic views in a series of circumstances and for several 
applications.
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