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ABSTRACT

Sentiment classification is crucial in natural language processing, but noisy or
mislabeled data can significantly degrade model performance. This study proposes an

automated label correction method to improve training data quality before applying sentiment
classification models. The research introduces the Polarity Label Analyzer, a predictive model

developed using sentence-level sentiment analysis, which detects and corrects mislabeled
sentiment data to enhance classification accuracy. Three datasets of TripAdvisor hotel reviews
were used in this study. The first dataset, manually validated by linguistic experts, was used to
train the Polarity Label Analyzer. The second dataset, containing a mix of correctly and

incorrectly labeled reviews, was used to analyze the impact of label noise on model
performance. The third dataset, also validated by experts, served as a test set to assess the impact

of label correction on various sentiment classification models. The study applies seven

classification models KNN, Logistic Regression, Multinomial Naive Bayes, Random Forest,
SVM with a Linear Kernel, CNN, and BERT Base to evaluate the effect of label correction. The

results show significant improvements in accuracy and F1-score across all models when trained
on corrected data. SVM performed best among traditional models, while BERT Base achieved
the highest accuracy (0.95) and F1-score (0.94), highlighting the importance of label quality for
deep learning models. Findings suggest that correcting noisy labels before training significantly

enhances sentiment classification models, especially for deep learning architectures like CNN
and BERT. The Polarity Label Analyzer proves to be a valuable tool for improving training set

quality, reinforcing the importance of data reliability in sentiment analysis tasks.

Keyword : Sentiment classification, Noisy label correction, Polarity Label Analyzer, Machine
learning, Deep learning
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Chapter 1

Introduction

1.1 Background

Nowadays, people have easy access to online electronic media. Using the Internet to
surf social media, search for information, check e-mails, watch television, listen to music or for
online shopping are normal daily activities (1)12) Consequently, many businesses have turned to
e-commerce to present data related to their products or services over the Internet to a global
audience. Electronic buying or selling of products and services also has an immediate impact
on revenue [3]

Effective and efficient e-commerce systems require recognition and comprehension of
customer feedback to further fine-tune business opportunities. Accurate measurement of

customer satisfaction can be used to develop the best customer experience, improve customer

retention, provide satisfactory information for other consumers and optimize business decision-
making (41151 Therefore, many e-commerce systems provide a channel for customers to express
their feelings (or opinions)as feedback about products and services.

Recognizing consumer needs and values can lead to business advantage. To recognize
the customer need or feedback, it can be done by the process of sentiment analysis (or opinion
mining) as the process of detecting positive or negative sentiment from text messages on social

media sites to help a business understand consumer sentiment of their brand, product or service

(61171 This study field is an ongoing field of research in text mining field and it has been
extensively studied and applied in business domains, including related fields (61(81.

Issues involving sentiment analysis in (611911101111} include data sparsity, multilingual
aspects, emotion detection, subject detection-and sarcasm detection. However, most previous

studies concerning ‘sentiment analysis concentrated on developing more accurate sentiment

classifiers to predict the sentiment polarity of segmentation. When analyzing the classification

of predictive modeling problems, training sets are very important for developing effective

model data. A training set consists of examples collected from the problem domain, including
input observations and output class labels. In sentiment classification (e.g. customer review

classification), data collected from the problem domain can be mislabeled (12; , with customers



giving a rating score for a product or service that is inconsistent with the review content. If

business owners are only interested in the overall rating picture that includes mislabeling, this

can lead to misunderstandings and erroneous business decisions.

In the domain of automatic sentiment analysis, if the training set contains mislabeling
or noisy label, this may also lead to ineffective sentiment classifiers that return poor results of

opinion polarity predictions(13j14;. Currently, three possible solutions can be applied to handle
this issue. First, data having label noise or no label are removedi15). Second, a method is
presented for handling label noise during learning the predictive model (161;171. This solution is
to apply an algorithm or method to re-label data before learning predictive model. For an
example, (161applied the k-nearest neighbor for re-labelling data. Lastly, labels of noisy training
data are automatically validated and corrected before learning the predictive model.

Unfortunately, different noisy label datasets may require different methods for solving the issue
(181. A solution that is suitable for some datasets might not be suitable for other specific datasets,

including textual sentiment datasets. Consequently, this challenge is addressed here. We
consider that if customer reviews with noisy or mislabeled) labels in training data are validated

and corrected before the learning process, that training set might be used to generate a predictive

model that can return a better result for the sentiment analysis or classification process.

1.2 Research Question

If a dataset including consumer reviews with noisy or mislabeled labels in the training
data is validated and corrected prior to the learning process, can the updated training set build
a predictive model that yields improved results for sentiment analysis or sentiment

classification?
1.3 Contribution of Research

The use of text classification techniques may have the potential to address the issue of
mislabeling or noisy labels by correcting the data with erroneous labels prior to its utilization

in the development of a classifier model.

1.4 Objectives of Research

This work aims to present a classification method of automatically correcting data with

noisy labels for improving training set of sentiment classification domain.



1.5 Scope of Research

1.5.1 This work aimed to present. a method for automatically correcting noisy labels

for improving quality of training set in domain-specific sentiment classification.

1.5.2 The datasets were gathered from the TripAdvisor website between December
2020 and May 2021. Each customer review was based on a 5-star rating scale. Our datasets were

stored in CSV format. Two linguistic experts also helped to validate and assign the correct labels
for the customer reviews in this dataset as the ground truth.

1.5.3 We utilized the Natural Language Processing Toolkit aka NLTK)which is a
Python package for our study.

1.5.4 The proposed framework is based on the notion of domain adaptation, which

aims to provide robust text representation.
1.5.5 The experimental design is driven on document-level text classification. Both of
binary and multiclass classification are considered.

1.5.6 Polarity label analyzer that is employed for correcting noisy label in training set
is developed using the single model method based on document-level text classification.
1.5.7 The measurement metrics used in this study are F1, accuracy, and Area Under

the ROC Curve (AUC).

1.6 Research Significance

In the domain of automatic sentiment analysis, training a classifier on a dataset that
contains mislabeling or noisy labels can indeed lead to ineffective sentiment classifiers that

produce poor results in predicting opinion polarity. Mislabeling refers to cases where the

sentiment labels assigned to the training data are incorrect or inconsistent with the actual

sentiment expressed in the text. Noisy labels, on the other hand, occur when the sentiment labels
are inherently subjective or ambiguous, making it difficult to assign accurate labels consistently.

When training-a sentiment classifier, the model learns patterns and features from the labeled

data to make predictions on new, unseen text. If the training data is noisy or contains mislabeled
instances, the model may learn.incorrect patterns or generalize based on inaccurate labels. As a

result, the classifier's performance may be compromised, leading to poor sentiment predictions.

To mitigate the negative impact of mislabeling or noisy labels, it is crucial to carefully

preprocess and curate the training data. This may involve manual inspection and correction of



mislabeled instances, removal of noisy instances, or employing techniques such as

crowdsourcing or expert annotation for obtaining reliable sentiment labels. Data augmentation

methods, such as generating additional training examples using techniques like synonym

replacement or back-translation, can also be employed to enhance the quality of the training
data. Moreover, using robust machine learning techniques and algorithms that are less sensitive
to noisy labels, such as active learning or semi-supervised learning approaches, can help

improve the effectiveness of sentiment classifiers even when training data contains mislabeling

or noisy labels.

1.7 Terminologies

1.7.1 Sentiment Classification: Sentiment classification, also known as sentiment
analysis or opinion mining, is a natural language processing (NLP) task that involves
determining the sentiment or subjective opinion expressed in a piece of text. It aims to

automatically classify text documents, such as reviews, social media posts, or customer

feedback, into different sentiment categories, typically positive, negative, or neutral. The goal

of sentiment classification is to understand and interpret the underlying sentiment or attitude of

the text's author towards a particular topic, product, service, or event. This information can be

valuable for various applications, such as brand monitoring, market research, customer

feedback analysis, reputation management, and personalized recommendation systems.
1.7.2 Mislabeling or Noisy Labels: Mislabeling or noisy labels in the context of

sentiment analysis refer to instances where the sentiment labels assigned to the training data are

incorrect, inconsistent, or unreliable. These labels may not accurately reflect the actual
sentiment expressed in the text, leading to a decrease in the performance of sentiment classifiers.

173 Hotel Reviews: Hotel reviews are written assessments or evaluations of a hotel by
clients or consumers who have stayed there. These evaluations typically-include personal

opinions, experiences, and feedback regarding various aspects of their stay, including service

quality, sanitation, amenities, location, and overall satisfaction. On various online platforms,

travel websites, and booking platforms, visitors can share their opinions and provide ratings or

comments about their hotel stay. These evaluations are frequently regarded as beneficial for

other travelers in making informed decisions regarding their hotel selection.



174 Polarity Label Analyzer: It is a sentiment classifier model that is utilized to correct
mislabeling or noisy labels within a training set.
1.7.5 Improvement of training set: It refers to the process of enhancing the quality and

effectiveness of the dataset used to train a model by machine learning, deep learning, and
transformer learning. Noisy labels are indeed a significant issue in training sets that require

attention for improvement.



Chapter 2

Literature Review

2.1 Customer Reviews

2.1.1 Definition

Customer reviews [5) are the opinions and comments of individuals who have
purchased and utilized a product or service. Typically, these evaluations are written by
consumers and can be found on various platforms, such as e-commerce websites, social media,
review websites, and others. An example of customer reviews for a restaurant can be shown as
follows.

<] had a wonderful dining experience at XYZ Restaurant last night. The food was
exquisite, and the service was top-notch. I highly recommend trying their signature dish, it's a
flavor explosion?

An example of customer reviews for a product can be shown as follows.

«| purchased the XYZ Smartphone, and I'm thrilled with it. The camera quality is
amazing, and the battery life exceeded my expectations. It's definitely worth the

price.”

2.1.2 Benefits of Customer Review

The benefits of customer evaluations may include (5119
1. -Information and Insight: Customer reviews enlighten future purchasers
about a product or service from the perspective of people who have already used it. This

information may contain specifics regarding the product's features, quality, performance, and

durability, among other things.

2. Trust and. Credibility: Positive evaluations can-increase a product or
company's credibility and trustworthiness. When prospective consumers observe the positive
experiences of others, they may be more inclined to make a purchase.

3. Decision-Making: Reviews play a crucial role in enabling customers to

make well-informed decisions. Individuals have the ability to evaluate the advantages and



disadvantages of a product by considering the experiences of others, enabling them to ascertain

its compatibility with their specific requirements and expectations.

4. Feedback for Improvement: Customer reviews may offer organizations with
useful information. This input may be used by businesses to discover areas for improvement,
address client issues, and.improve their goods or services.

5. Marketing and Promation: Positive feedback may be utilized in marketing
and promotion. Businesses frequently highlight positive evaluations in promotional materials
in order to attract more consumers.

6. Community and Interaction: Customer testimonials can cultivate a sense of
community among consumers. People frequently read and respond to reviews in order to share
their own experiences, pose queries, or offer advice.

7. Rankings and Search Engine Optimization: Many online platforms use user
evaluations as part of their ranking algorithms. Products or services with higher ratings and

more favorable evaluations may be prioritized in search engine results.

2.1.3 Hotel Customer Reviews
Hotel customer reviews (20 refers to the feedback and opinions expressed by
those who have remained at a specific hotel. Customers can share their experiences,

impressions, and evaluations of a hotel's amenities, services, sanitation, staff, location, and

overall quality on a variety of online platforms, travel websites, and booking platforms. An
example of hotel customer review cab shown as follows.

<My stay at the ABC Hotel was fantastic. The room was spacious and clean, and the
staff was incredibly helpful and friendly. The hotel's location was convenient for exploring the
city»

Hotel customer. reviews are essential for both hospitality: businesses and potential
guests. Here is a'more in-depth examination of their significance and potential impact:

1. Influence on Booking Decisions:When selecting a hotel, many travelers rely

on customer feedback. Negative reviews can deter potential visitors, while positive reviews can
increase bookings. Reviews provide travelers with vital information for making informed

decisions.



2. Trust and Credibility: Authentic reviews from former customers increase a
hotel's confidence and trustworthiness. Potential visitors are more inclined to trust fellow
travelers' comments and experiences than promotional materials from the hotel itself.

3. Feedback for Improvement. Reviews provide hotels with valuable
information regarding their services, amenities, and overall guest satisfaction. This feedback

can assist hotels in identifying areas for enhancement and implementing the necessary

adjustments to increase client satisfaction.
4. Guest Engagement: Responding to both positive and negative evaluations
demonstrate a hotel-s dedication to ensuring client satisfaction. This type of interaction with

visitors can result in enhanced relationships-and brand loyalty.

5. Quality Control: 'Reviews function as a quality control mechanism.

Consistently positive evaluations can be used as evidence of a hotel's dedication to providing a

positive visitor experience.
6. Insights into Guest Preferences: By analyzing reviews, hotels can gain insight

into guest preferences, such as which amenities are most essential to them, which can inform

future business and marketing decisions.

7. Competitive Advantage: Positive reviews can provide a hotel with a
competitive edge over its competitors. /A hotel's ratings and evaluations can distinguish it from
others in the same location or price range.

8. Marketing Tool: In marketing materials and on their websites, hotels can
demonstrate the quality of their services by highlighting positive consumer feedback. This can
be particularly effective in attracting new guests.

9. Risk Management: Negative reviews can alert hotels to potential issues that

need to be addressed, allowing them to better manage risks and prevent the emergence of larger

problems.
10. Long- Term Reputation: A hotel's reputation is established through the
accumulation of consumer reviews over time. Consistently positive reviews can build a solid,

positive reputation, whereas a history of negative reviews can be detrimental.



2.2 Sentiment Classification

2.2.1 Definition
Text classification is a widely employed approach in the field of natural language
processing (NLP) that involves the use of machine learning and computational linguistics to

assign predetermined labels or categories to a given text or document (21). The objective of text

classification is to-autonomously assess and categorize textual material into pertinent

classifications, taking into consideration the content and context of the text.

Sentiment classification is an is a specific use case of text classification. In sentiment
classification, the sentiment is often classified as good, negative, or neutral. As a result,
sentiment classification can employ the text classification approach. Today, sentiment

classification is a critical method in a wide range of applications, including social media

monitoring, customer feedback analysis, and market research.

2.2.2 Types of Text Classification
Text classification can be classified into three distinct approaches to categorizing and

analyzing text datar22;.
Document-based Text Classification (23) The objective of document-

based text classification, also known as document classification, is to classify entire

documents or text passages into predefined categories or labels.
Sentence-based Text Classification[24; Sentence-based text classification

focuses on classifying individual sentences within a document according to predetermined

categories or labels. It analyzes sentences individually as opposed to the entire document.

Sentence 1
"'1

Text

Document
Classitier

Jojendag 2ouanuag

Score 4

Sentence n

Figure 2-1 The overview of Sentence-based text classification

Aspect-based Text Classification (25) Aspect-based text classification
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takes a step further by classifying text based on particular aspects or characteristics mentioned

in the text. This generally pertains to the classification of sentiments in order to determine the

sentiment or opinion expressed toward each aspect.

1 2 3 4 5 6 7 8
[Moules] were excellent, [lobster ravioli] was very salty.

Aspect: moules Aspect: lobster ravioli
Start Index: 1 Start Index: 4
End Index: 1 End Index: 5
Polarity: positive Polarity: negative

Figure 2-2 The overview of aspect-based text classification

From: (25

2.2.3 Applications of Text Classification

Text classification has numerous applications in numerous industries and fields. Here
are some frequent uses of text classification.

Sentiment Analysis (81 111 Determine the sentiment conveyed in text data, such as

product evaluations, social media posts, or customer feedback, in order to measure public

opinion or customer satisfaction.

Spam Email Detection (261 Automatically classifying emails as spam or non-spam cham)

to filter out unwanted or potentially detrimental messages.

Topic Categorization (275 The classification of news articles, blog posts, and documents

into predefined-topics or categories, which facilitates content retrieval.

Fake News Detection(28) Automatically identifying and categorizing news articles or

social media postings as authentic, misleading, or fraudulent, thereby assisting in the fight

against misinformation.

Medical Diagnosis 29 Classifying medical texts, such as patient records or medical

literature, in order to facilitate disease diagnosis, treatment recommendation, and research.
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Document Summarization (30; Categorizing sentences and paragraphs within a document

to automatically generate document summaries.

2.2.4 A Generic Framework for Sentiment Classification
A generic framework for sentiment classification employs a systematic methodology
that can be adapted to various text classification tasks. Here is a step-by-step classification

framework for texts 31;.

Data Collection: The objective of this step is to assemble a representative dataset of
labeled text examples for training, validation, and testing. It needs to guarantee that the dataset

is well-balanced and accurately represents the classes(32].

Text Data Preprocessing: Text data preprocessing is a crucial stage in natural language
processing (NLP) consisting of the cleansing and transformation of unprocessed text data into a
format suitable for analysis or modelingi211331. The integrity of your text data and the efficacy
of your NLP models can be enhanced through proper preprocessing. The following are typical
text data preprocessing steps:

[1 Text Cleaning The initial stage involves the elimination of HTML tags,

XML tags, and any other appropriate markup. Additionally, it involves the removal of
special characters, symbols, and punctuation. The process encompasses many stages, including
the management of contractions (e.g., transforming «I-m- into <I am»), addressing non-standard
characters like emoji or non-ASCII characters, and converting accented letters to their
corresponding ASCII counterparts. (32

[J. Tokenization (331134 refers to the process of dividing a given textual input
into discrete parts known as tokens. Tokens encompass many linguistic units, including
individual words, phrases, and even entire sentences. During the ‘tokenization process, some
characters like as punctuation marks. may be omitted.

1 Lowercasingi331:34; In order to maintain consistency, it is necessary to
transform all text to lowercase. This measure aids in mitigating any problems arising from the
model's potential differentiation between «Sentiment~ and «sentiment~ as distinct entities.

[J Stop-word Removali34; The purpose of this task is to eliminate frequently



12

occurring words, known as stop-words, such as <and,” <a,” <an,” and «<on,” which have limited
semantic significance. The NLTK and spaCy libraries include collections of stop-words.

[1 Stemming or Lemmatization The initial phase is the process of reducing

words to their base or root form. Stemming, which involves transforming words such as
«sleeping~ into «sleep,”is considered a heuristic method that may provide non-words;34;. On the
other hand, lemmatization, which converts «sleeping~ to «<sleep,” is.a more advanced technique
that generates legitimate words but can be computationally demanding(35;.

1 Handling Numerical Values[34; This stage involves determining the
appropriate approach for managing numerical values, such as years and prices. One possible

approach to address this issue is by substituting the numerical values with placeholders such as
“NUM?~ or by converting them into their corresponding word forms.

[1 Removing or Replacing Rare Words(34) This particular stage involves the

elimination of words that have a very low frequency of occurrence, as they are unlikely to

contribute substantial information. Additionally, it entails substituting misspelled or out-of-
vocabulary terms with a recognized token or the closest analogous word.
[1 Handling Short and Long Word(34; The purpose of this inquiry is to

determine the appropriate approach for handling terms that are exceptionally brief or

excessively lengthy. Short words may be removed, while long words can be truncated or split.
[ 'Normalization341 The purpose of this process is to standardize text by
implementing regulations that are tailored to the individual field of study. An instance of this

would be substituting product codes with corresponding product names or establishing

uniformity in date formats.

[T Text Vectorization(361 The purpose of this step is to transform the

preprocessed text.into numerical or vector representations that are appropriate for utilization in

machine learning models. Common techniques often-employed in natural language processing
(NLP) research including Term Frequency-Inverse Document Frequency (tf-idf) and word
embeddings, such as Word2Vec and GloVe.

[0 Feature Extraction(36] The objective of this task is to transform textual data

into numerical or vectorized representations, such as tf-idf or word embeddings.
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Data Splitting: The purpose of this process is to partition the dataset into three distinct
subsets, namely training, validation, and testing(37;. The training set is utilized for the purpose
of training the model, while the validation set is employed to fine-tune the hyperparameters.

Lastly, the testing set is utilized to assess the performance of the model.

Feature Extraction

- Learning
Training Data
. = Algorithm
ﬁ
g Lexicon-based l .
F:L Features Sentiment Label
r Sentiment
=8
Testing Data M — —) Mode| M) g

Figure 2-3 The overview of generic framework for sentiment classification

From: (37;

Sentiment Classifier Model Development: The development of a sentiment classifier

model involves the creation and training of a machine learning or deep learning model with the

ability to categorize or classify input into predetermined categories or classes(31113811391. To
Choose an appropriate classifieralgorithm, it depends on the nature of the data and the problem.
Common algorithms include Logistic Regression (LR), Support Vector Machines (SVM),
Decision Trees (DT), Random Forests (RF), k-Nearest Neighbors (KNN), Gradient Boosting
methods, Neural Networks (NN), deep learning, and transformer-based learning algorithms.
Model Evaluation: The purpose of this assessment is to evaluate the performance of

the model by employing suitable evaluation measures, which may vary depending on the nature
of the issue at hand401. The example metrics include accuracy, precision, recall, F1-score, ROC
(Receiver Operating Characteristicy, and AUC. Subsequently, the testing dataset is utilized to

get a conclusive assessment of the model's performance.

2.3 Mislabeling or Noisy Label Issue
The noisy label issue, also known as label noise or mislabeling, is the occurrence of
incorrect, inaccurate, or unreliable labels in-a labeled dataset used for supervised machine

learning tasks[1311141. In other words, a portion of the labels assigned to the data samples in the

dataset are inaccurate or noise, which can negatively impact the performance and dependability

of machine learning models trained on such data. Label noise can originate from a variety of
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sources and manifest in a variety of ways, posing difficulties for model training and evaluation.

Here are some essential aspects of the issue of noise labels:

2.3.1 Sources of Label Noise

[0 Human Error 41} Labeling errors made by human annotators during the data
labeling process. This can include misclassifications, misinterpretations, or typos.

(1 Ambiguity Instances where the true label is genuinely unclear or

subjective, leading to different annotators assigning different labels.

[1 Automated Labeling Errors: In cases where labels are generated by
automated methods e.g., web scraping), errors can occur due to inaccuracies in the data source
or extraction process.

[ Malicious Labeling in some cases, labels may be intentionally

manipulated or poisoned by malicious actors to mislead machine learning models.

2.3.2 Impact on Model Training
The presence of chaotic identifiers within a dataset can have a substantial effect on

the training of machine learning models (12). These impacts can be detrimental, leading to
reduced model performance and reliability.
2.3.3 Handling Noisy Labels

Handling chaotic labels is essential for enhancing the performance and reliability of

machine learning models trained on datasets with inaccurate or unreliable labels;42;. Noisy
labels can have a negative impact on-model training and result in subpar generalization. Here

are a number of strategies for dealing with chaotic labeling.

2.3.4 Evaluation Considerations
Several essential considerations must be kept in mind when evaluating machine learning

models, particularly in real-world scenarios, to ensure a meaningful and reliable assessment of
model performance. These evaluation considerations are applicable to a variety of machine
learning tasks, including classification, regression, and others.

2.3.5 Label Confidence and Probabilistic Modeling

In machine learning, label confidence and probabilistic modeling are used to manage

situations in which labels are not merely binary, but instead represent degrees of confidence or
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probabilities;43) These technigues can provide more nuanced and informative predictions when
dealing with ambiguous or chaotic data.

2.3.6 Data Augmentation
Data augmentation is a technigue commonly employed in machine learning and deep
learning to augment the size of a training dataset by constructing modified or augmented

versions of the extant dataj441. The purpose of data augmentation is to enhance the performance,

robustness, and generalizability of machine learning models, particularly when labeled data is

scarce. Data augmentation entails performing minor, meaningful modifications to the original

data while retaining the underlying information.

2.4 Related Theorems, Algorithms, and Techniques
This section provides an overview of the relevant theorems, methods, and

approaches that can be utilized in the present study.

2.4.1 Term Weighting Schemes
Term weighting schemes(4511461 are methodologies employed in the field of NLP and

information retrieval to allocate significance or weight to terms (words or tokens) inside a text
or collection of documents. The weights are employed to denote the importance of phrases
inside a document or a corpus of documents. Various word weighting systems play a crucial
role in enhancing the precision and efficacy of many NLP activities. Here are some common
term weighting schemes.
1. Binary Weighting
The binary weighting scheme45j assigns a weight of 1 to a term if it is

present in a document, and a weight of O if it is not included. The aforementioned weighting

method is a commonly .employed and straightforward approach in the context of text

classification.
2. ~Term Frequency f)

tf is a metric that quantifies the frequency of occurrence of a specific phrase

inside a given document. (45; The metric measures the frequency of a phrase inside a specific

document, without taking into account the significance of the term throughout the full collection

of documents. The tf formula can be written as

tfit, d) = Number of times term t appears in document d Q2.0
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However, to handle the issue of zero term frequencies in text data, add-one

smoothing or Laplace smoothing, is applied to tf formula. The tf formula can be modified as:

Number of times term t appears in document d-+1
tfit, dy= 2.2)
Total number of term in document d + Vocabulary size

where t represents the term (word) of interest and d represents the document in which you are
calculating the tf. The «+1~ in the numerator represents the smoothing term, which is typically
set to 1. The denominator includes the total number of terms in the document plus the size of

the vocabulary (the total number of unique terms across all documents).

Add-1 smoothing is very helpful when you want to prevent zero
probability since it makes sure that no phrase has a tf of zero. It is frequently employed in
probabilistic language modeling, information retrieval, and text categorization. Although
various smoothing methods, such as add-k smoothing, are also employed in practice, it is

important to keep in mind that the choice of smoothing constant might have an impact on the

outcomes.

3. Term Freguency-Inverse Document Frequency df-idf

tf.idf (451is a metric that quantifies the significance of a term (word or phrase)
inside a document or corpus (collection of documents) and is used in information retrieval and
text mining. Text classification, document retrieval, and information retrieval systems like

search engines are prominent applications for tf-idf. The tf.idf formula can be defined as follows.

tf —idf (t,d, D) =tf (t,d) xidf (t, D) 2.3)
where tfit, dyis number of times term t appears in document d:idfit, Dy measures how important
atermtis across a collection of documents. It is calculated as the logarithm of the total number
of documents (D) divided by the number of documents containing the term t, denoted as df(t),

usually with a smoothing term.added to prevent division by zero when a term is not present in

the corpus. This helps identify the rarity of a term across the entire corpus. The idft, D, formula

can be defined as follows.

. D
idf (t,D) = Iog[l+m] Q24
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4. BM25 (Best Matching 25)

BM25(47;is a ranking function that assigns weights to terms in a
document based on their relevance to a query. BM25 is designed to solve some of the
shortcomings of previous ranking functions such as tf-idf. It considers the statistical distribution
of term frequencies in texts and provides a number of factors to govern the ranking behavior.
The BM25 formula for term weighting can be defined as follows.

tf () x (k, +1)

BM 25(t) = idf (t, D) x 2.5)

tf (1) +k, x (1—b+bx| !
avg _dl

where idf (t, Dy calculate the idf for each term t in the entire document collection (D) and tf(t)
represents how many times the term tappears in the documentd. ki and b are tuning parameters
that control the impact of tf and document length (dly. dl is the length (number of terms) of the
document and avg_dl is the average document length in the corpus.

ki is the parameter that is used to control the saturation of the tf component. A
common range for k; is typically between 1.2 and 2.0. Values below 1.0 tend to de-emphasize
term frequency, making documents less sensitive to term occurrences. Higher values like 2.0 or

above give more weight to term frequency and may be suitable when you want to prioritize

exact matches. b is the parameter that is used to control the normalization of document length.
It adjusts the impact of document length on the BM25 score. A value of 1.0 means no length
normalization, while values less than 1.0 (e.g., 0.75) reduce the effect of long documents and
values greater than 1.0 amplify it. A-.common range for b is often between 0.5 and 0.75 for
substantial length normalization. A value of 1.0 means no length normalization, which may be
suitable for some applications, while values less than 1.0 tend to reduce the effect of document
length, making longer documents less likely to dominate the ranking. In general, 0.75 is a

suitable default value for b.

5. Term Frequency-Inverse Gravity Moment (tf-igm)
tf.igm is a Supervised Term Weighting (STW) scheme(48;. It can
provide a terms class distinguishing power using the igm measure. The tf-igm formula can be

written as Equation (2.6).



18

tf —igm , = f, x(@+Axigm(t,)) 2.6
where fiqis defined as the frequency of term t that appears in a document d. Meanwhile, A is an

adjustable coefficient parameter which is utilized to maintain the relative balance between two

weight scores (global and local weights). The value of A should be between 5.0 to 9.0. The igm
is employed to measure a term-s interclass distribution concentration, and it can be defined as

Equation 2.7).

igm(t,) = =

> f-r

r=1

Q2.7

where fi is the frequency of term ti that occurs in different classes, and r=1, 2, .., m. The classes
are listed in descending order, with the rank denoted by r. Meanwhile, fi is the frequency of
class-specific document (dfi», where dfy, is the number of documents in the r-th class containing

the term tx.

2.4.2 Learning Algorithms for Sentiment Classification

Here are some of the most.common sentiment classification algorithms:

1. K-nearest Neighbor (KNN)

KNN;47;is an algorithm for text classification that is simple and intuitive. It is
a non-parametric, instance-based learning technique that classifies a data point according to the
majority class among its KNN in the feature space. When using KNN for text classification,
text documents must be represented as numerical feature vectors.

The selection of an acceptable value for the parameter k, which determines the
number of nearest neighbors to be considered during the classification process, significantly

affects the performance of the KNN algorithm: This is because it may be necessary to conduct

a series of experiments using various values of K in order to determine the most optimal value

for your dataset.

The training stage of KNN consists primarily of storing the feature vectors and

their corresponding class labels for labeled training data. Traditional machine learning
algorithms do not involve explicit model training. It computes a feature vector and determines

the KNN among the training data using a distance metric, typically Euclidean distance or cosine

similarity, to assign a new text document. The test document should then be given the class
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label that is most popular among the k neighbors. The KNN function can be written as Equation

2.8

f(x) =argmaxS(x,C,) = >_ sim(x,d;)y(d;,C,) 08)

d; eKNN

The Euclidean distance is a metric that quantifies the shortest distance between

two places in Euclidean space. Euclidean space, alternatively referred to as Euclidean n-space,

is a mathematical construct that aligns with our innate comprehension of spatial dimensions in

two or three.
The Euclidean distance47), symbolized as «d,” in Euclidean space is

determined by employing the Pythagorean theorem to calculate the distance between two

points. The Euclidean distance «d~ between two points (x1, y1 and Xz, y2) in a two-dimensional

space can be mathematically represented as Equation (2.9:

Distance = sqrt(xz - Xn*(y2 - y1°) 2.9

The Cosine Similarity (CS) (47 is a simple similarity technique. Its formula is defined as

Equation (2.10).

X X,

Il |
where X; and X; are the vectors of words found in bug reports in the collection and the

SIMysga) (Xy, X5) = 2.10
particular meta-bug. If both reports are relevant and similar, the similarity score should be close
tol
2. Logistic Regression (LR)
For binary text classification, LR[49.can be utilized. It simulates the
likelihood of-a document pertaining to a specific class:When dealing with binary or multi-class
classification issues, it is a widely used approach for text classification jobs. It is a

straightforward yet efficient linear classification technique that simulates the likelihood that a

text item belongs to a specific class. However, it could be necessary to encode the class labels
for multi-class classification as numerical values, often integers, using methods like one-hot
encoding or label encoding.

The LR algorithm can be utilized to solve classification problems by
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establishing thresholds for the probability predicted for each classi491. Although this algorithm
is commonly used for binary classification, it can easily adapt to multiple classes. In LR, given
N bug reports x;, i =1,...,N, the m features of the input bug report Xi=Xi1, Xz, ..., Xim), are linearly
integrated using coefficient Bo and B = (Po,..., Bim to predict the classification outcome y;.
Specifically, given an input bug report x;, the probability that y; = 1 is inducated by P(xp and is
modelled with the conventional logistic regression model as Equation (2.11).

g(PotB™%)

P(Xi) — 11

1+ ghotF™x)

The LR classifiers employ a sigmoid function to process the weighted

combination of input features. By using the sigmoid function, any real value can be converted
to a number between 0 and 1.
3. Random Forest (RF)

This algorithm introduced by KamHor50; in 1995, is a machine learning based on ensemble
method for text classification. It was modified in 1999 by Breiman(51). The basic concept of RF
is to create multiple decision trees. This algorithm employs bagging and feature randomness
when building each individual tree to build an uncorrelated forest of trees. Using multiple trees
for class prediction is more accurate than that of any single tree. This study generated 100

decision trees for our forest.

4. Multinomial Naive Bayes (MNB)

The MNB algorithm is based on Bayes’ theorem and assumes that each feature
is independent(52. It is useful for classification tasks based on natural language processing and
can be used to multinomially distributed datasets. It considers a feature vector in which a certain
term denotes how frequently it appears. This algorithm first determines the percentage of
documents in each class, denoted as P(c), and then determines the likelihood of each word for a
certain class, dented as P’(w|c), to create the classifier model. These formulas can be written
as Equation 2.12).

N
PQ)= o 212
© \ 12
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where N is the total number of bug reports in the training set, and Ness is the total number of

bug reports detected in each class, and

count(w,,C) + &
count(c)+ |V |+1

P'(w |c) = 213

where count(w, ¢)-shows how many times the term w is found in the class c. In the meantime,
count(c) denotes the total number of training set classes, and |V/| denotes the total number of
distinct words inside the training set. Since some words have zero counts, Laplace smoothing
is performed with a low value of o = 0.001. Finally, the Bayes> rule is used to calculate an
estimate of P’(c|d) for the test documents. The prediction formula can be written as Equation

214,

P'(cld)= argmaxP()[[P'(w |C)) 2.14)
i=1

5. Support Vector Machines (SVM)
SVM47iis a popular algorithm widely used as an automated
process of text classification into predefined classes. Let xi1, X2, .., Xi be training examples
belonging to one class C, where C is a compact subset of RN. The SVM classifier can be built

using Equation 2.15).
Sl 14
min={w|| +— > & — 215
2|| [ +v|;§. P 2.15)
subject to:
w-o(xN)=zp-¢&=12,..,15>0 2.16)
By using wand £ , the SVM algorithm can develop the decision function by Equation 2.17).

f (X) = sign((w- #(x,)) - p) Q217

In this investigation, the radial basis function (RBF) kernel function is employed with SVM

parameters as cost and gamma 100.0 and 0.001, respectively.

6. Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) 531, also referred to as ConvNet,
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is a form of artificial neural network designed to process structured grid data, such as images

and videos. CNNs are extensively employed in computer vision tasks such as image
classification, object detection, and image generation. They are especially effective at encoding
spatial and hierarchical relationships within data. A basic CNN typically consists of the
following layers stacked sequentially and an overview of CNN can be presented as Figure 2-4

An overview of CNN for text classification
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Figure24 An overview of CNN for text classification

From: 53;

Input Layer The input layer of Convolutional Neural Networks (CNNs)

for text classification is typically designed to manage text data, which-is distinct from the

image data that CNNs typically processi531. The input layer is responsible for efficiently
encoding and representing textual information in text classification tasks. For the input layer
of text-based CNNs, word embedding and one-hot encoding are typical techniques. An

example of the input layer for text classification using CNNs can be Word Embedding (53.
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Convolutional Layers These layers use numerous filters to perform

convolution operations on the incoming data. Each filter extracts different characteristics from
the input. In a schematic, these layers are depicted as grids of small squares (representing
neurons) connected in a grid pattern to the previous layer.

Activation Layers After each convolutional layer, Rectified Linear Units
(ReLU) are typically utilized as activation functions. They give the network non-linearity.

Pooling Layers, the spatial dimensions of the feature maps generated by the
convolutional layers are reduced by pooling layers. Within the design, these layers are

frequently portrayed as smaller grids.

Fully Connected Layers Several convolutional and pooling layers are followed
by one or more fully connected layers. These layers are depicted as conventional neural network

layers, with nodes entirely connected to the layers below and above.
Output Layer The output layer produces the final predictions or classifications.

The number of neurons in this layer depends on the specific task, with each neuron typically

representing a class or category.

Dropout Layers (not always shown) To avoid overfitting, dropout layers might
be inserted in between fully connected layers. Typically, connections between these layers are
shown to be randomly dropping out.

7. Bidirectional Encoder Representations from Transformers BERT)

The Transformer model, published in 2017 by Vaswani et al (541155;
Transformer-based models, such as BERT, GPT, and their variants, have achieved state-of-the-
art results in various NLP tasks, including text classification. Fine-tuningthese models on your
specific task canyield excellent results. The overview of Transformers can be presented as

Figure 25
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Figure2-s The overview of Transformers
From: (54
Attention mechanisms play a vital role in the Transformer architecture,

which serves as the foundation for models such as BERT and has exerted a substantial

influence on many tasks within the field of natural language processing. Attention

mechanisms enable the model to assign varying degrees of significance to distinct segments

of an input sequence throughout the process of encoding and decoding. Here is how attention
generally functions in Transformers.
Self-Attention Mechanism(54) Transformers: self-attention mechanism is a

mechanism that enables the model to evaluate the relevance of other words in the input

sequence relative to each word in theinput sequence. «Self- attention refers to the computation
of attention scores within the same -input sequence. The self- attention mechanism in

Transformers is a key innovation that enables the model to capture complex relationships and

dependencies in input sequences, making it highly effective for a wide range of sequence-to-

sequence tasks, including machine translation, text classification, and natural language

understanding. It has become a foundational concept in the field of deep learning for NLP.
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Input Sequences [54; The input sequence is broken down into tokens, which
may be words, subwords, or characters depending on the tokenization scheme employed.

Query, Key, and Value[541For each token in the input sequence, three vectors
are computed: query, key, and value. These vectors are obtained through linear transformations
(learned weights) of the token embeddings. The query vector (Q) denotes the extent to which a
token contributes to the attention given to other tokens, whereas the key vector (K) signifies
how the token should be paid to. Ultimately, the value vector (V) serves as a repository for the

data that will be sent to future levels.

Attention Scores[54) The self-attention mechanism calculates attention scores
between the query vectors and key vectors for each token in the input sequence. The attention
score quantifies the degree of compatibility or resemblance between tokens. The attention
ratings undergo further scaling and are then subjected to a softmax function. This process

guarantees that the weights add up to 1, allowing them to be interpreted as probabilities.

Multi-Head Attention(54; Several Transformer-based models employ multi-

head attention, a technique that involves training several sets of query, key, and value

projections simultaneously. The incorporation of several heads in the model allows for the

capturing of many dimensions within token connections, hence improving the model's capacity

to represent intricate dependencies.

Positional Encoding54] Transformers do not have a built-in sense of word

order, so positional information is added to the token embeddings using learned positional

encodings. These encodings help thermodel understand the order of words in the sequence.
Layer Stacking (541 Multiple layers of self-attention and feed-forward neural
networks are typically presentin transformers. The model is able to incorporate hierarchical and
contextual information due to the stratification.
For Bidirectional Encoder Representations from Transformers BERT)it is
a revolutionary natural language processing (NLP) model introduced in 2018 by Google
researchers (561. BERT is designed to comprehend the context and semantics of a sentence’s

words by analyzing the words on both the left and right sides of each word. This bidirectional
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context modeling is a significant advancement in NLP and has led to significant

enhancements in a variety of language comprehension tasks.

BERT is a pre-trained language model that has revolutionized natural language
comprehension and processing tasks, including text classification[57;. BERT is pre-trained ona

massive quantity of text data and is based on the transformer architecture, allowing it to extract

rich contextual information from language. The following describes how BERT can be used to

classify text and an overview of BERT for text classification can be presented as Figure 2.6
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Figure 2-6 Example of a trained BERT for text classification

From: [(56;

Pre-trained BERT Model: BERT models are typically pre-trained on large text
data corpora, and the