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Abstract - Sentiment analysis and opinion mining are vital
methods of analyzing user sentiment at this modern age with
enormous amount unstructured written data being made
every day. This paper analyzes the practices of sentiments
analysis, text mining with focus on the approaches and
frameworks that enable the extraction and interpretation of
emotional tones from varied channels like social media
channels, product reviews, and online forums. Starting by
analyizing the fundamental principles of sentiment analysis,
pointing multiple methods such as machine learning methods,
lexicon-based methods and many more. Strengths and
weaknesses of every method. Opinion mining and sentiment
analysis have been established as powerful tools to quantify
user-generated content on various web sources such as review
sites, social media, and forums in a way that corporations can
feel the pulse of the people, conclude, and make sound
decisions [1]. Techniques used thus far are supported by
inherent prejudices such as data limitation, reliance on
annotated data sets, and non-generalizability in a manner that
steps involved are time-consuming. In order to improve
processing of such issues, this paper proposes a new multi-
model fusion transfer learning strategy, an ensemble of
ERNIE for contextual word embedding, Text CNN for local
feature extraction, and BiGRU for global contextual feature
extraction, combined with an attention mechanism to attend
to sentiment-conveying words [6]. Experimental results
confirm that the proposed new method is significantly
superior to other baseline sentiment analysis models in terms
of accuracy, precision, recall, and Fl-measure, exhibiting
generalizability across different datasets and domains [4].
Keywords - Classification levels, Data sparsity, Machine
Learning, Natural Language Processing (NLP), Opinion
Mining, Sentiment Analysis, Text Mining.

[. INTRODUCTION

In an age marked by accelerated growth in electronic
communication, increasingly, it is imperative for
corporations, researchers, and politicians alike to
understand and monitor user sentiment. Sentiment
analysis as well as opinion mining are areas
concerned by tapping subjective information out of
text content for the purposes of helping stakeholders
judge consumer demand, public mood, and emotive
reactions The need for effective tools and methods
to process the vast amounts of unstructured data
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produced by discussion boards, web postings, and
social media platforms has never been greater.
sentiment analysis is machine-based analysis of
opinion, emotion, and sentiment expressed in text.
Sentiment analysis attempts to label a given piece of
content as like neutral sentiment, positive sentiment
or negative [1]. It is continued and a clearer
understanding of user attitudes is obtained by the
closely related field of opinion mining, which is
focused on specific attributes or properties of issues,
services, or products [1] Collectively, the methods
produce qualitative data concerning market trend,
customer actions, and attitude of the brand. The
validity of sentiment analysis is testified to by the
various sectors of use it has applicability in.
Marketing agencies use applications of sentiment
analysis in monitoring brand image, customer
sentiment tracking, and modifying strategy to reflect
changing needs of the target audience [3]. Through
what proposals and candidates are liked and
disliked, sentiment analysis can shape political
choice and campaign tactics. For actors in industries
such as healthcare and finance, sentiment research
also assists in understanding what the public is
thinking about economic climates or disease [4].
There remain issues despite the evolution in
sentiment analysis methods. Effective sentiment
interpretation is highly affected by human language
nuances, idioms, and cultural variation. Such
complexities must be dealt with by more advanced
models because sarcasm, irony, and context-based
terms could create misinterpretations. To certain the
use of technology ethically for sentiment analysis,
algorithmic bias ethical issues and data privacy need
to be considered. Opinion mining traits have been
revolutionized through the implementation of latest
phases of art. To exemplify, aspect-based sentiment
analysis (ABSA) provides us with a more refined
appreciation of opinions pertaining to particular
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qualities of products or services, and sentiment
classification identifies sentiment as such. Similarly,
emotion detection recognizes the nature and
intensity of emotions expressed, giving us wider
understanding than sentiment polarity. There are
two kinds of sentence classification subjective
classification of sentences and objective
classification of sentences [1]. we usually overlook
objective sentence as this hold factual content that
do not have any emotions within them. Fig.1
presents the flow diagram of the process.

II. LITERATURE REVIEW

Sentiment analysis is utilized for extracting
subjective information from text data. With the
growing amount of user-generated content, it has
also become critical that various stakeholders, such
as business organizations, researchers, and
policymakers, are well aware of the sentiment of the
users. This literature review gives overview of the
background of analysis of sentiments, prominent
methodologies, applications, challenges, and new
developments in the field. In the early 2000s,
sentiment analysis was devised in a bid to
mechanize the process of extracting opinions from
text. Pang and Lee (2008) define sentiment analysis
as computational evaluation of attitudes, opinions,
and emotions expressed in text. Finding and
classification of subjective information, such as
users' ratings and preferences, is the goal of opinion
mining, the same activity with a different name.
Opinion mining and sentiment analysis are quite
similar, but sentiment analysis leans towards
encompassing a broader range of emotional states.

(A) Subjectivity Classification
The primary issue is classifying. General motive is
to differentiate sentences, documents in categories
like objective category and subjective.

In sentiment analysis, subjectivity cite to the method
for differentiating subjective and other text. Data of
subjective writing contains judgments, opinions,
and feelings, while objective writing has objective,
factual data [1]. However, not all sentimental
statements actually convey an opinion. For example,
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in product reviews, take a statement "The battery of
Samsung lasts 08 hours on a full charge" is objective
since it is a fact that can be calculated, however “I
love long lasting battery of samsung" is subjective
because it is a personal opinion [1]. Without
subjectivity categorization, sentiment analysis tools
can misclassify factual information as opinion-
based, and as a result, make wrong sentiment
predictions [2].

Several methods are employed to classify
subjectivity. Ready-made dictionaries that contain
both objective and subjective vocabulary are
employed in lexicon-based methods. Subjective
texts, for example, would tend to employ words such
as '"amazing," "dreadful," and "love," while
objective assertions would tend to employ words
such as "measured," "confirmed," and
"documented."[1]. Lexicon-based systems are poor
at dealing with contextual words, or words that have
multiple meanings. By learning models on tagged
data that contains both subjective and objective
phrases, machine learning-based methods overcome
this limitation.

(B) Objectivity Classification

Sentiment analysis relies on the capability to
identify objective and subjective sentences in a way
that accurate sentiment expressed through a text can
be identified. Objective sentences are facts given
objectively without sentiments, subjective views, or
emotional flavours. They are used to report
independently verified facts, figures, or simple
observations.

Monetary or statistical data can be used in factual
sentences such as "The company registered a 10%
revenue growth in the last quarter." The
stakeholders can make an informed decision since
the statement gives them a clear and quantifiable
image of the company's financial position.

All things being equal, objective language is
important in sentiment analysis as it offers a fact of
reference that can be examined divorced from the
emotional response or personal opinion. Sticking to
the objective facts, analysts are in a better position
to gauge the context and sense of offered
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information and come to more valid determinations
and conclusions of sentiment.

(C) Classification Levels

This is possible for such research to draw on
multiple levels of classification, which provide
varying information and granularity. These levels
are of utmost importance in the appropriate use of
sentiment analysis in a number of applications,
from market research and social media monitoring
to customer opinion. sentiment analysis could be
divided into three main levels. The first level for
analysis is document level. The middle level is
sentence-level, and another is phrase-level [2].

Input Sources
(tweets reviews feedback)

v

Preprocessing Of Data
Data cleaning ( noise
removal )
Tokenization ( words
breakdown )
Handling missing
values

v

Classification Levels

Document Level Sentence Level

Fig.1. Flow diagram

Phrase Level

When sentiment of an entire document or a set of
text, like a product evaluation, news unit, or written
media update, being measured, this level analysis is
referred as first level of analysis for sentiments. first
level generally employs two most basic kinds of
classification: binary and multi-class classification
[3]. In binary, sentiments are marked positive or
negative, hence it can readily spot the overall

(D)Document level sentiment analysis
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sentiment. A sample product review, "This product
exceeded my expectations," would be positive; a
reading, "I was disappointed with the quality,"
would be negative. Document-level sentiment
analysis is ideally suited to use in applications where
overall sentiment of most concern is, for instance,
when aggregating customers' views or tracking
public sentiment for a company or event. Multi-
class classification introduces a neutral class to this
method and enables better sentiment understanding.
For example, if a review says, "The product is ok,
but it can be better," it would be label as neutral.

(E)Sentence level sentiment analysis
The middle one is sentence level. This method
allows one to study sentiment in finer detail
since sentences may represent different
sentiments even from the same text. A movie
review with the first sentence, "The
cinematography was stunning, but the plot was
weak," for instance, would be good while the
second sentence would be negative.

This technique is very useful when the tone of a
paper may vary, for instance, in exams where
there may be praise as well as criticism [12].
Sentiment analysis at the sentence level can
helps researchers to identify particular text
features that might contribute to overall
sentiment.

(F) Word/Phrase level analysis

Identifying emotion of the individual words in
particular text is focus of word level analysis, a
more precise form of sentiment testing. This
research helps in improvement of knowledge
about emotional value for individual words and
the way they contribute to making a total impact on
a sentence or body of text [11]. This approach relies
on existence of the sentiment within words
themselves, either positive or negative, or even
neutral. Because words are being analyzed one by
one, scholars are able to discover the emotional tone
of the text and how single words contribute to the
overall sentiment. Word-level sentiment most
commonly uses a sentiment dictionary or lexicon
that contains a sentiment score for specific words.
Lexicons order words on an affective dimension.
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The term "happy," "excellent," and "love" would
receive a positive score, but "sad," "terrible," and
"hate" could receive a negative score [1]. Context of
usage of a word must be considered even in word-
level sentiment analysis targeted towards individual
words. Sentiment of the word will vary with what
sentences or words it is used with. For instance, the
word "sick" will have negative or positive context in
regular usage such as in "That trick was sick!" and
"I feel sick."

ABSA

ABSA is highly advanced sentiment analysis
process which attempts with the aim to identify
sentiments expressing opinions about real-world
aspects or attributes of a product or service. ABSA
makes an inference of sentiment polarity extraction
and opinion expression on such aspects and thereby
improves consumer opinion comprehension. ABSA
starts with aspect identification where specific
features like quality, price, or customer service are
identified so that businesses will understand what
the customer likes or does not like. Sentiment
polarity measurement comes next to identify if the
opinion being expressed towards each feature is
positive, negative, or neutral and gives a clearer
picture about customers' satisfaction.

The analysis picks out opinion words, i.e.,
adjectives, adverbs, and opinion phrases connoting
qualification of opinion towards an attribute.
Typical sources of data to ABSA are customer
opinions, social media, and survey responses, all of
which are routed through processing for relevant
feature and opinion extraction. Supervised and
unsupervised approaches, in which no training data
is used. Uses of ABSA are diverse, in which firms
use it to enhance products and services, optimize
marketing practices, and track brand reputation.
Entity- level sentiment analysis

Other important level is entity-level sentiment
analysis, which attempt to detect sentiments towards
certain entities present in text, like companies,
products [4]. The study requires name entity
recognition and sentiment detection about each of
them in order to be able to get context-dependent
sentiment that may differ based on how an entity is
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addressed. The statement "Apple's latest iPhone got
rave reviews but its cost got criticized" reflects a
combination of sentiments against the pricing
strategy of Apple and the iPhone.

Entity-level sentiment analysis applies particularly
well to public relations, competitive intelligence,
and brand tracking, where your knowledge of the
sentiment against or in favour of specific entities can
become the deciding factor. By performing entity-
level sentiment analysis, businesses can find out
what the public perception of their brand is
compared to others and how they can enhance [3].
Resources for SA

The data collection process, whether from Amazon
or any other sites such as facebook, using present
resources, like easily available datasets, is always
the initial step in sentiment analysis (SA). Based on
the source domains—review sites, news stories,
social networks, or blogs—sentiment analysis is
classified.

Forums and Blogs

Researchers have used blogs and Web forum threads
for their studies of sentiment analysis. Users of
discussion boards or forums need to register prior to
being allowed to submit publication papers. Forums
usually focus on a particular issue; therefore, using
forums as a objects make sure analysis done in one
area [1] [12].

Moreover, bloggers give their opinions on everyday
happenings in their neighbourhood, nation, or the
world in their blogs. Most of these blogs have
testimonials regarding various goods, issues, and
occurrences. Most of the sentiment analysis studies
have stressed the importance of blogs as a medium
for individuals to voice their opinions news.
Reviews

Many studies have concentrated on the various
reviews due to ease of access and richness in
sentiment. Specifically, product and film reviews
were the most researched. Since the views (reviews)
are meant to show how good something is, it is a
subject of a particular field. Companies and
potential customers gain from sentiment analysis of
reviews in the meantime [13]. It helps businesses
forecast the sales of a product. It is also simple to
identify which points the critics liked and disliked.
Social Networks

News stories, particularly business news stories, are
a great choice for sentiment analysis. News stories
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have properly written, professionally collated
content. Another problem one faces with text
extraction in this category is that news stories use
graphical presentation in news stories. Data in
graphs and charts in some articles is not given in the
article. Therefore, using the above approaches, all
such material would be neglected.[11]

Twitter: Twitter is a social networking and
microblogging site. tweets are characters that are
posted online and can be seen by other user as well
as other user can react or reply on it. Twitter
sentiment analysis reflects a recent trend in polling
trend estimation. [1]

Facebook: Founded in 2004 as social networking
site. It ever since has also become widely known
social networking site sentiment analysis.
Professionally written and well-worded news report
is normally composed in news releases [9]. It is a
platform where users are allowed to have their own
personal accounts and post videos, images, and
other content. Other individuals can see the friend
list of the owner, which includes images, videos, and
profiles. Social media is the most convenient and
effective method for searching on the Internet since
it unites individuals from across the globe. People
can now influence one another with ease and in a
convenient manner.

[II. METHODOLOGY

There are only two general types of widely practiced
sentiment analysis (SA) approaches. The first one is
using the machine to solve SA's problems. The first
type utilizes several approaches to discover
dominant features that more convey information
about sentiment polarity. Because the process
requires a manually tagged corpus, the approach is
supervised in a persistent fashion. Another category
utilizes linguistically inspired approach known as
the approach based on lexicon. Citing, study starts
with sentences or words [4] displaying semantic
polarity features. There is another group that
involves both the Lexicon group and machine
learning. The combination group or semi-supervisor
is the name given to this group. Fig. 2 below enlist
the polarity methods.

1. Machine learning methods

Opinion mining and sentiment analysis require to
get user attitudes from text data. Machine learning
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(ML) techniques are applied on constant basis to
enhance and automatize them. These below
mentioned techniques are most significant
techniques.

A. Naive Bayes

Naive Bayes is the algorithm based on probability
that uses Bayes' Theorem and is applied for goals
like text classification example, sentiment analysis,
filtering of based, and classification of document.
This approach works on the "naive" assumption that
features (such as text words) are conditionally
independent to make computation simple [4]. Text
documents are commonly classified using the Naive
Bayes (NB) classification algorithm.

This method, which takes the input in the form of a
text file, uses a model based on probability and
determines the probability of a particular group with
the cooperative probabilities of some words and
their corresponding group [4]. Text features or
words are considered as individual variables in
sentiment analysis, and the algorithm reaches its
decision whether the text belong to any sentiment
category based on words that are there.

Adjectives like "good" or "awesome" are likely be
associated with positive sentiment, but adjectives
like "poor" or "bad" can be considered negative
sentiment. Naive Bayes is very well adapted to the
job of sentiment analysis on social media, where the
most frequently used are short and informal words
[5]. But when deep sentence structures or context
dependencies like negation or sarcasm come into
play, then the feature independence assumption gets
in the way.

B. SVM (Support Vector Machine)

Support Vector Machines is a powerful analysis
technique under assumption like high-dimensional,
sparse text data. SVM does this by finding the best
hyperplane to discriminate text input into various
classes of sentiment of maximum margin [6]. For
instance, SVM can classify reviews or tweets into
positive, negative, or neutral categories cost-
effectively through patterns of text data. Because it
has such high generality and non-overfitting, it is
very suitable for tasks such as aspect-based
sentiment analysis, where one desires to find out
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sentiments about some of attribute of a product.
SVM can be computationally expensive for the large
datasets and requires sensitive tuning of kernel,
regularization other parameters.

C. Decision trees

Interpretable models such as decision trees are
generally employed in opinion mining and
sentiment analysis for sentiment class mapping from
text input. The approach constructs a tree-model
where an internal node is a conclusion inferred
based on some feature or phrase, and a leaf node is
a sentiment class (such as positive, negative, or
neutral. Decision trees are suits well for rule-based
sentiment tagging and exploratory study because
they provide clear and simple decision conditions
[3]. Decision trees are easy target for overfitting but,
if the tree is very deep or dense. This bias is
prevented by using multiple techniques such as
Random Forest or tree pruning.

D. Random forest

It is a group learning method that creates multiple
decision trees to add strength for sentiment analysis
and opinion mining. The algorithm selects a random
subset of features to split and constructs a tree on
sample of the data that is used for training in an
attempt to diversify the trees. Random Forest
decomposes the multi-tree prediction into text data
categorization into positive, negative, or neutral
opinion [15].

It can, for instance, read reviews of customers to
gather opinions on a product or service in general or
regarding specific features. Random Forest
minimizes the overfitting of a single decision tree
and is less prone to noise and outliers; hence, it is
ideal for big and complex data.

It might be less interpretable and more
computationally costly than one decision tree. In
spite of all these drawbacks, Random Forest is being
used rather extensively in sentiment analysis since it
is rather efficient and can deal with text data as well.
It might be employed primarily in any scenario
where one employs multiple decision trees.
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2. Deep Learning Approaches

Deep learning transformed opinion mining and
sentiment analysis because it contains extremely
strong capacity to learn tough language designs and
contextual relationships from text. Hierarchical text
representations can automatically be built by deep
learning models, and in its turn, this can make more
accurate and complex sentiment classification than
usual machine learning techniques feasible.

A. Recurrent Neural Networks (RNNs)

RNNs in particular is most applicable to text
operations of analysis as RNN can process
sequential inputs natively. RNN holds an internal
state from one step in time to the next step in time
and can thus be employed to learn temporal patterns
within text. Such a property is useful while
performing sentiment analysis, where the meaning
of a word usually depends on context within a
sentence [8]. Applications: RNNs are often applied
to label the sentiment of tweets, reviews, and similar
text data, especially when there is a need to preserve
contextual data.

B. LSTM

LSTM networks can be considered as RNNs which
overcome the vanishing gradient issue by means of
gates and memory cells (input, forget, and output
gates). The architecture of LSTMs allows them to
remember essential information and discard
unnecessary information in long sequences. Some of
the applications include sentiment analysis of long
pieces of text such as articles or product reviews and
analyzing intricate patterns of phrases such as
negation and sarcasm. These kinds of applications
are tailor-made for LSTMs.

3. Lexicon Based approaches
These methods
inventory of phrases (lexicons) those are mapped to
different emotions which can be either neutral, can
be positive also, and negative emotions. Among the
examples SentiWordNet is a WordNet
extension that assigns words sentiment scores.

make use of pre-established

arec:
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Value Aware Dictionary and Sentiment Reasoner,
or VADER: It considers the context and intensity of
words and is designed specifically for social media
Unsupervised learning on
classification tasks utilizes

usage. sentiment

lexical rules. and
WordNet is the primary lexical resource used in a
semi-supervised learning method. Seed set
employed in this model was taken from WordNet
[1],[9]. This concept postulates that related words
can have same lustre glosses. it also provide a
method of identifying semantic orientation of seed
phrases through categorization by gloss. They

released a framework which uses k-means.

4. Combination Method

Combination methods of sentiment analysis are the
combination of two or more methods, models, or
attributes for enhancing the accuracy, stability, and
generalization capability of sentiment classification
systems [8]. These methods utilize the strengths of
specific methods and are not handicapped by their
weaknesses by producing more effective sentiment
analysis [8]. Many individuals discovered that
sentiment classification can potentially be greatly
improved by merging dictionary-based and
machine-learning methods.

IV.RESULT AND ANALYSIS

This section contains review of the results of
different algorithms used in process that were
studied and implemented in multiple papers. A
glimpse at sentiment analysis research papers is
provided in the table, depicting the heterogeneity of
the data source, methodology, and used techniques.
Most of the studies employ supervised learning
methods, like some of the methods are Support
Vector Machines (SVM), Naive Bayes, Boosting
are the most common techniques. For example,
Kaiguan Xu achieved 61% accuracy with multiclass
SVM on Amazon reviews, and M. Ravichandran
and G. Kulanthavel applied SVM in Twitter data
and achieved 95% high accuracy. Gang Li achieved
78% accuracy from film reviews utilizing
unsupervised approaches like dictionary-based
approaches and K-means clustering [3].
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With precision difference from a low of 59.6%
(Boosting) to the best of 95% (Maximum Entropy
on Twitter data and SVM),[2][7] the performance
comparison table indicates that sentiment analysis
performance is very different across models. This is
the parameter which controls the role played by
nature, structure, and quality of input data in
improving the algorithm's performance. Most
prominently when used on social networking sites
like Twitter, where user content abounds in
subjective opinions, supervised machine learning
techniques like SVM, Naive Bayes, and Maximum
Entropy are the front runners. Unsupervised
dictionary model-based techniques and K-means
clustering are seen when labeled data is not available
or would be too costly to be acquired. Through the
merging of statistical and lexicon approaches,
combination or hybrid models have relatively stable
outputs, thereby proving the ability of ensemble
methods to provide solidity with diverse datasets.
With its remarkable 90% accuracy level, the
Centroid Classifier provides evidence that even
more infrequent algorithms can outshine hip ones if
they are applied using painstakingly chosen
datasets. While the encouraging outcomes, it is
noteworthy that there are no measurement measures
for evaluation other than accuracy; instead, it is the
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case where measures like precision, recall, and F1-
score are discounted, which affects thorough
evaluation, especially where imbalance of class is
the problem. This work points to the importance of
domain-specific model calibration, careful data
preprocessing, and a large amount of reporting on
the performance for the development of more
reliable and generally applicable sentiment analysis
systems.
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Overall, the comparative results suggest that there is
no model superior to others in all cases; instead,
performance lies in having a similar approach
matching the domain of data and the application
target. To enhance consistency in performance,
hybrid methods and extensive metric reporting must
be prioritized in subsequent research. Fig. 3 presents
the Graphical representation of these algorithms

Title/ Author/ Publication Type Technique Data Source Accuracy
Used

M.Ravichandran, G.Kulanthaivel Supervised SVM Social 95%

Publication: Journal of Theoretical media(twitter)

and Applied Information

Technology, 2014 [7]

Methodoligical study of opinion Supervised Naive bayes Reviews 76%

mining and sentiment analysis [8]

Lexicons-Based study of opinion unsupervised Dictionary Based | Reviews, tweets | 67% -68.6%,

mining [9] 81.2%

International Journal of Science and | Combined Mixed algorithm | Reviews, tags 73.25% - 77.60

Research (IJSR) ISSN (Online):

2319-7064 [ 10]

Gang 1i (2010) [11] Unsupervised K- means Movie review 78%
clustering

Kaiquan Xu (2011) [11] Supervised Multiclass SVM | Amazon reviews | 61%

Kudo and Matsumoto [12] Supervised Boosting Review’s 59.6% - 90.2%

Songho tan (2009) [11] Supervised Centroid Chnsenticorp 90%
Classifier

M.Ravichandran, G .Kulanthaivel Supervised Maximum Social 95%

Publication: Journal of Theoretical Entropy media(twitter)

and Applied Information

Technology, 2014 [ 7]

Table I Summary of techniques.
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Graphical Representation
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Fig.3. Graphical representation of algorithms
V. FUTURE SCOPE

The suggested multi-model fusion transfer learning
method to sentiment analysis has several promising
directions of future R&D. The most important one
is an extension of this architecture to multilingual
sentiment analysis so that the model can be trained
to recognize and analyze sentiments in various
languages and cross-cultural environments. This
would entail utilizing multilingual pre-trained
models such as m BERT or XLM-R and addressing
language-dependent sentiment expression
problems and cross-lingual transfer learning.
Adding contextual features, i.e., user features,
temporal trend, and location, to the model to
strengthen it in its detection of sentiment dynamics
in real-world environments is another area of study.
For example, figuring out how sentiment changes
over time on event horizons such as product
launches or campaign season could give a more
accurate picture of mood [15]. Subsequent research
can try domain adaptation to learn how to apply the
performance of the model to domain-specific
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domains such as medicine, finance, or education,
where the sentiment will be phrased in completely
different ways than in general-purpose data.
Further, more advance analysis can be done on text
when polarity of out input data is obtained like
ABSA, LDA and many more as shown in Fig. 4.

Sentiment Categoaries
Positive
Negative
Neutral
Mixed Emotions

Advance Analysis
ABSA
LDA.LSA
Emotion Detection

Visualization
Sentiment Score
Reports
Charts

Fig.4. Advance analysis

Pre-training over the particular domain or even
adversarial training may be used to fine-tune the
model for such domain-specific application.
Another possible source of interest would be
multimodal sentiment analysis, text input along
with visual, audio, or video input to tap into
stronger emotional cues. For example, text as well
as image sentiment analysis in social media posts
would offer a deeper understanding of the
sentiments of the users [12]. In addition, the
creation of explainable Al (XAI) methods for
sentiment analysis can help in making the model
more explainable in terms of the predictions so that
transparency and authenticity are provided for end
users.
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VI. LIMITATION

In spite of the promising sentiment analysis results
of these models, we must look at various significant
limitations. The unequal use of the evaluation
measures is one of them. More information about
the performance of a model can be obtained by
applying other performance metrics, i.e., precision,
recall, and the Fl-score. The second issue is that
datasets are generally domain specific. For financial
or medical reporting, e.g., the movie review trained
model will not cut it. Secondly, a lot of tagged data
are needed for most supervised learning, which
sometimes is hard to get and is not necessarily
scalable. Apart from this, complex language
features are hard to handle for some algorithms, e.g.,
Naive Bayes. They were not even able to deal with
finesse typical of quality sentiment comprehension,
e.g., irony, negation, or cultural reference. This
speaks volumes about the need for more
sophisticated methods that can recover human
language richness in an efficient way.

Comparison results among different models indicate
the absence of a solution that was domain-
independent. To what degree the methodology
adopted is applicable to the specific data domain and
application goal is one of the significant drivers of
the performance of a sentiment analysis model.
More research must cope with a broad spectrum of
significant concerns. First, to demonstrate even
qualitatively the models' performance, greater
emphasis needs to be placed on extensive reporting
of metrics. Secondly, since sentiment analysis is
increasingly becoming mandatory in most linguistic
contexts, multilingual assessment must be
guaranteed. Finally, comparing hybrid solutions
involving two methods can produce more scalable
and flexible solutions. These results provide a good
foundation to create more scalable, flexible, and
fault-tolerant tools for sentiment analysis, which are
applicable in numerous business types. We can
enhance the impact of sentiment analysis and serve
consumers better in other markets by solving these
problems and enhancing these fields.

VII. CONCLUSION

In summary sentiment analysis is now some basic
methods at the age of big data that enable
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researchers and businesses to extract meaningful
information out of the humongous amounts of user-
generated text data. the methods are important to
understanding the opinions, thoughts, and feelings
of the users all of which are important in making
well-informed decisions across various industries.
Sentiment analysis also assists companies in
maintaining the reputation of the brand by allowing
them to be aware of public sentiments in real-time
and rectify criticism from the public in real-time so
that they can attain a good reputation. Sentiment
analysis assists in problem-solving for the
company as well as in enhancing the level of
satisfaction by identifying repeating trends in
customer feedback The review paper gave an
overview of the relevant research effort that is
conducted so far in area of different sentiments
analysis. Opinion mining and sentiment
classification models can be improved, according to
the studies contained within the papers. Also, Naive
Bayes (NB) and Support Vector Machines (SVM)
are most broadly utilized supervised machine
learning algorithms used in sentiment classification
or opinion mining. = Among the approaches
analyzed, Sentiment analysis is not without its
limitations, however. The most critical limitation is
the identification of contextual cues like sarcasm
and irony since they play a very big role in
interpreting sentiment. Linguistic and cultural
diversity is challenging because sentiment is
geography-to-language and language-to-geography
variable, meaning that culturally diverse and
multilingual data are more difficult to interpret.

Lastly, it has practically transformed way business
organizations and most of the researchers
understand user sentiments. Despite repeated failure
otherwise, the subject is getting better owing to
ongoing developments in natural language
processing, machine learning, artificial intelligence.
By overcoming current limitations and setting
others, sentiment analysis will increasingly
influence decision-making across most sectors and
disciplines.
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