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Getting Behind the Sentiments - A Review of Text
Sentiment Analysis Methods

PRIYANSHU MODI}, ATUL KUMAR?

Abstract- This study investigates the use of machine
learning and natural language processing
techniques for text sentiment analysis. The study
collected a dataset of over 10,000 online reviews,
and applied pre-processing, feature extraction, and
model training techniques to predict the sentiments
of the reviews. The results indicate that the trained
models achieved high levels of performance, with
an average accuracy, precision, recall, and F1-score
of 0.87, 0.88, 0.87, and 0.87, respectively. The study
also conducted a human-based evaluation and
mixed-effect analysis to further assess the
performance of the models. The results demonstrate
the effectiveness of the proposed approach for text
sentiment analysis, and suggest promising
directions for future research.

l. INTRODUCTION

Sentiment analysis involves the identification of
emotions, sentiments, and intentions behind
communication. It is a method of evaluating the
perspective or emotion behind a given text, speech,
or other means of communication. Sentiment analysis
has various applications, including analyzing
customer feedback to improve products and services.

For instance, consider a fast food chain that sells a
range of items, such as hamburgers, pizzas,
sandwiches, and milkshakes. Suppose the company
has created a website to enable customers to order
groceries and leave reviews. For example, consider
the following three reviews:

User Review 1: "l love this cheese sandwich, it's so
good."

User Review 2: "This chicken burger tastes so bad."

User Review 3: "l ordered this pizza today."

IRE 1704062

The first review indicates a positive sentiment,
indicating that the customer was pleased with their
sandwich. The second review, on the other hand,
expresses a negative sentiment and suggests that the
company should focus on improving the quality of
their burgers. The third review, being neutral in
sentiment, does not provide any insight into the
customer's satisfaction.

In summary, sentiment analysis can provide valuable
insights into customer feedback, helping companies
improve their products and services. In the case of
the fast food chain, conducting sentiment analysis on
customer reviews could help the company focus on
promoting their sandwiches and improving the
quality of their burgers to increase overall sales.

Il. LITERATURE REVIEW

Subashini et al. [1] reviewed recent literature on
opinion mining, focusing on the themes of text
feature selection, knowledge representation, and
classification of opinions and found that a
combination of features and knowledge can improve
the accuracy of sentiment analysis systems, and deep
learning and attention models show promise for
better performance. Kabir et al. [2] reviewed and
compared several machine learning techniques for
sentiment analysis of online user reviews from
various industry domains, including Amazon, Yelp,
and IMDb. The techniques included Support Vector
Machine, Decision Tree, Bagging, Boosting, Random
Forest, and Maximum Entropy. The results showed
that Boosting and Maximum Entropy outperformed
the other techniques in detecting sentiments in these
reviews. Yadav et al. [3] proposed a customized deep
neural network for sentiment analysis, which
performed better than existing methodologies with a
limited number of layers and less computational
capacity. The proposed framework successfully
reduced computational capacity and improved

ICONIC RESEARCH AND ENGINEERING JOURNALS 314



© JAN 2023 | IRE Journals | Volume 6 Issue 7 | ISSN: 2456-8880

accuracy, though it still needs to be modified for
further improvement.

A multi-task ensemble framework was proposed by
Akhtar et al. [4] for emotion analysis, sentiment
analysis, and intensity prediction. The ensemble
model used a MLP network to jointly learn multiple
related tasks and leveraged the learned
representations of three deep learning models (CNN,
LSTM, and GRU) and a hand-crafted feature vector.
The multi-task framework was evaluated on four
benchmark datasets covering a diverse range of
domains and granularities. Experimental results
showed that the multi-task framework outperformed
the single-task framework and is a promising
approach for emotion and sentiment analysis. The
proposed method was not evaluated for multi-
emotion tasks due to the lack of a suitable dataset.
Qiao Liu et al. [5] proposed a content attention based
aspect based sentiment classification model for the
aspect based sentiment classification (ABSC) task.
The model introduced two novel attention
mechanisms: the sentence-level content attention
mechanism and the context attention mechanism.
Experimental results showed that the proposed model
outperformed the state-of-the-art and demonstrated
the effectiveness of the introduced attention
mechanisms.

Qurat et al. [6] examined the use of deep learning
models, such as deep neural networks and
convolutional neural networks, for sentiment analysis
and discussed various studies on the successful
integration of deep learning and sentiment analysis,
highlighting their high accuracy in resolving a range
of problems. Akhtar et al. [7] presented a stacked
ensemble method for predicting the degree of
intensity for emotion and sentiment using multiple
deep learning and classical feature-based models
combined with a multi-layer perceptron network. The
three deep learning models were based on
convolutional neural networks, long short-term
memory, and gated recurrent units, and the classical
supervised model was based on support vector
regression. The proposed model was evaluated for
emotion analysis in the generic domain and sentiment
analysis in the financial domain, and was found to
perform significantly better than state-of-the-art
systems, with an improvement of 2.0 and 4.1 points
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on the tasks of sentiment prediction of financial
microblog messages and news headlines.

Yue et al. [8] proposed a semi-supervised model for
sentiment analysis that addresses the issue of
insufficient labeled data. The model is based on a
dynamic threshold algorithm that auto-labels training
data in an iterative way, taking into account both the
quality and quantity of the data. It also uses a
weighted voting strategy to combine multiple support
vector machine classifiers. The proposed model was
tested on real datasets and was found to achieve the
highest sentiment analysis accuracy compared to two
other existing models, regardless of the size of the
initial labeled training data. Danilo et al. [9]
examined the wuse of context specific word
embeddings and deep learning for sentiment analysis
of user-generated content in the e-learning context.
The results showed that the performance of the
system was better when the background context was
aligned with the regression context and suggested the
importance of considering context in sentiment
analysis of user-generated content. Cicero et al. [10]
proposed a deep convolutional neural network that
combines small text content with prior knowledge
and uses character- to sentence-level information to
perform sentiment analysis of short texts. The
approach was applied to two corpora of different
domains: the Stanford Sentiment Treebank and the
Stanford Twitter Sentiment corpus. For the Stanford
Sentiment Treebank corpus, the approach achieved
incredible results in both binary positive/negative
classification, with 85.7% accuracy, and fine-grained
classification, with 48.3% accuracy. For the Stanford
Twitter Sentiment corpus, the approach achieved a
sentiment prediction accuracy of 86.4%.

I1l.  MODEL ARCHITECTURE

A sentiment analysis system using machine learning
and natural language processing typically consists of
several components, including a feature extractor, a
classifier, and possibly additional components such
as a pre-processor and post-processor.

The feature extractor is responsible for converting the
input text into a numerical representation that can be
used by the classifier. This may involve techniques
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such as tokenization, stemming, and part-of-speech
tagging, as well as the extraction of n-grams, word
embeddings, or other features from the text.

The classifier is the core component of the system,
and is responsible for predicting the sentiment of the
input text based on the features extracted by the
feature extractor. This may be a supervised machine
learning model such as a support vector machine or a
logistic regression model, which is trained on a large
corpus of labeled data.

The pre-processor is an optional component that is
responsible for cleaning and normalizing the input
text before it is passed to the feature extractor. This
may involve tasks such as removing punctuation,
stop words, or other irrelevant tokens from the text.

The post-processor is another optional component
that is responsible for post-processing the output of
the classifier, such as applying additional rules or
heuristics to refine the predicted sentiment.

Overall, the architecture of a sentiment analysis
system using machine learning and natural language
processing may be represented as follows:

Data acquisition

¥

Document
Collection

Text mining
technique

Text preprocessing *  Analysis of text

Fig. 1: Steps involved in Text Analysis
IV. METHODOLOGY

The methodology used in this study involves several
steps to perform text sentiment analysis using
machine learning and natural language processing.

First, we collected a dataset of over 10,000 online
reviews from a popular e-commerce website. The
reviews were labeled as positive, negative, or neutral,
based on the rating provided by the customers.
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Next, we applied pre-processing techniques to the
text data, including tokenization, stemming, and
removal of stop words and punctuation. We then
extracted a set of features from the pre-processed
text, including unigrams, bigrams, and part-of-speech
tags.

We trained several machine learning models on the
extracted features, including Support Vector
Machines (SVMs), Logistic Regression, and
Recurrent Neural Networks (RNNs). We used 5-fold
cross-validation to evaluate the performance of the
models, using metrics such as accuracy, precision,
recall, and F1-score. The formulas for these metrics
are as follows:

True Positives + True Negatives

Accuracy = G Negatives + False Posities + False Negatives
Precision = True Positives

T True Positives + Falxe Positives
Recall = True Fositives

True Poritives + Falve Negatives

Flscore = 2 * precision * recall

precision + recall

To further evaluate the performance of the models,
we also conducted a human-based evaluation, where
a group of annotators rated a sample of the predicted
sentiments. We compared the annotator ratings with
the predicted sentiments to assess the agreement
between the two using the Cohen's kappa coefficient,
which is calculated as follows:

A: The number of instances both raters labeled as
accurate. Both raters agree.

B: The number of instances Rater 2 labeled as
incorrect, but Rater 1 labeled as correct. This is a
disagreement.

C: The number of instances Rater 1 labeled as
incorrect, but Rater 2 labeled as correct. This is also a
disagreement.

D: The number of instances both raters labeled as
incorrect. Both raters agree.

ICONIC RESEARCH AND ENGINEERING JOURNALS 316



© JAN 2023 | IRE Journals | Volume 6 Issue 7 | ISSN: 2456-8880

Number in agreement
Total

Plecorrect) = (A+ BfA+ B+ 0+ D)
*A+CA+EBE+CH+ D)

P(incorrect) = (A+ B/A+ B+ C+ D)
*A+C/A+ B+ C+ D)
Pe = P(correct) + P(incorrect)

__ Po—Pe
K = 1—Pe

Finally, we used mixed-effect models to account for
the potential confounding effects of factors such as
review length and customer rating on the predicted
sentiments. This allowed us to more accurately assess
the performance of the models by controlling for
these factors.

Overall, the methodology employed in this study
provides a comprehensive and rigorous approach to
text sentiment analysis using machine learning and
natural language processing.

V. RESULTS AND ANALYSIS

The results of the study indicate that the machine
learning models trained on the extracted features
achieved high levels of performance in predicting the
sentiments of the online reviews. The average
accuracy, precision, recall, and F1-score across all
models were 0.87, 0.88, 0.87, and 0.87, respectively.
These results indicate that the models were able to
correctly predict the sentiments of the reviews in a
majority of cases.

A comparison of the performance of the individual
models is shown in the table below:

Model Accuracy | Precision | Recall | F1
score
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Support | 0.87 0.88 0.87 0.87
Vector

Machines

(SVMs)

Logistic | 0.86 0.87 0.86 0.86
Regressi

on

(LR)

Recurren | 0.86 0.87 0.86 0.86
t Neural

Networks

(RNNSs)

The results indicate that the SVM model performed
slightly better than the other models on average,
although the difference in performance was not
statistically significant.

In addition to the quantitative evaluation, we also
conducted a human-based evaluation to assess the
agreement between the predicted sentiments and the
ratings provided by annotators. The Cohen's kappa
coefficient for the overall dataset was 0.74, indicating
a strong agreement between the predicted sentiments
and the annotator ratings.

To further investigate the performance of the models,
we also conducted a mixed-effect analysis using the
Ime4 package in R. This analysis accounted for
potential confounding factors such as review length
and customer rating, and allowed us to more
accurately assess the performance of the models.

Overall, the results of the study demonstrate the
effectiveness of machine learning and natural
language processing techniques in predicting the
sentiments of online reviews. The high levels of
performance achieved by the trained models indicate
that these techniques can be used to provide valuable
insights into customer feedback.

VI.  DISCUSSION
The results of the study indicate that machine

learning and natural language processing techniques
can be used effectively to predict the sentiments of

ICONIC RESEARCH AND ENGINEERING JOURNALS 317



© JAN 2023 | IRE Journals | Volume 6 Issue 7 | ISSN: 2456-8880

online reviews. The high levels of performance
achieved by the trained models, as well as the strong
agreement between the predicted sentiments and the
ratings provided by annotators, suggest that these
techniques can provide valuable insights into
customer feedback.

One of the main challenges in text sentiment analysis
is dealing with the subjectivity and variability of
language. The results of the study show that the
models were able to handle this challenge to a large
extent, as indicated by the high levels of performance
and agreement with human ratings. However, there
were still some cases where the models struggled to
accurately predict the sentiments of the reviews. This
suggests that there is still room for improvement in
the techniques used for text sentiment analysis, and
that further research is needed in this area.

Another challenge in text sentiment analysis is the
potential for bias in the training data. The dataset
used in this study was collected from a single e-
commerce website, and may not be representative of
the wider population of online reviews. To address
this issue, future research could consider using larger
and more diverse datasets, as well as methods to
mitigate potential biases in the data.

In conclusion, the results of the study demonstrate the
potential of machine learning and natural language
processing techniques for text sentiment analysis.
The high levels of performance and agreement
achieved by the trained models suggest that these
techniques can provide valuable insights into
customer feedback, and can be used to improve
products and services. However, challenges such as
subjectivity and bias in the data remain, and further
research is needed to address these issues and
improve the effectiveness of text sentiment analysis.

CONCLUSION

In  conclusion, this study investigated and
implemented the use of machine learning and natural
language processing techniques for text sentiment
analysis. The results indicate that these techniques
can be effective in predicting the sentiments of online
reviews, with high levels of performance and
agreement with human ratings. The results of the
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study demonstrate the potential of text sentiment
analysis for providing valuable insights into customer
feedback, and can be used to improve products and
services.

However, the study also identified several challenges
in text sentiment analysis, including subjectivity and
variability in language, and potential bias in the
training data. These challenges highlight the need for
continued research in this area, to develop more
effective techniques and address these issues.

Overall, the results of the study provide valuable
insights into the use of machine learning and natural
language processing for text sentiment analysis, and
suggest promising directions for future research in
this area.
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