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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 Naïve 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. 
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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][2] 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 [4][5] 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 

[6] [7]  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 [6][8]. 

Issues involving sentiment analysis in [6][9][10][11]  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 
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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 [13][14]. Currently, three possible solutions can be applied to handle 

this issue.  First, data having label noise or no label are removed[15] .  Second, a method is 

presented for handling label noise during learning the predictive model [16][17]. This solution is 

to apply an algorithm or method to re- label data before learning predictive model.  For an 

example, [16] applied 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 

[18]. 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.  
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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 
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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. 

 1.7.3 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. 
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 1.7.4 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. 

“ I 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. 

“I 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 [5] [19] 

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 
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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 Promotion:  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. 
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 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. 
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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 data[22]. 

- 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. 

 

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. 

 

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 [8]  [11]  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 [26] Automatically classifying emails as spam or non-spam (ham) 

to filter out unwanted or potentially detrimental messages.  

Topic Categorization [27]  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 modeling[21][33]. 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: 

 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] 

 Tokenization [33][34] 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. 

 Lowercasing[33][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. 

 Stop-word Removal[34] The purpose of this task is to eliminate frequently  
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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. 

 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]. 

 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. 

 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. 

 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. 

 Normalization[34] 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. 

 Text Vectorization[36] 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. 

 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. 

 

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[31] [38] [39] .  To 

Choose an appropriate classifier algorithm, 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 hand[40]. The example metrics include accuracy, precision, recall, F1-score, ROC 

(Receiver Operating Characteristic) , 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 [13][14]. 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 

 Human Error [41] Labeling errors made by human annotators during the data  

labeling process. This can include misclassifications, misinterpretations, or typos. 

 Ambiguity Instances where the true label is genuinely unclear or  

subjective, leading to different annotators assigning different labels. 

 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 techniques can provide more nuanced and informative predictions when 

dealing with ambiguous or chaotic data. 

2.3.6 Data Augmentation 

Data augmentation is a technique 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 data[44]. 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[45][46]  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 scheme[45] assigns a weight of 1 to a term if it is  

present in a document, and a weight of 0 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 (tf) 

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 

tf(t, d) = Number of times term t appears in document d (2.1) 
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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: 

 

tf(t, d) = 
      Number of times term t appears in document d+1 

(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 Frequency-Inverse Document Frequency (tf-idf) 

tf-idf [45] is 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 idf t D    (2.3) 

where tf(t, d) is number of times term t appears in document d. idf(t, D) measures how important 

a term t is 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 idf(t, D) formula 

can be defined as follows. 

( , ) log 1
( )

D
idf t D

df t

 
  

 

 (2.4) 
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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. 

1

1

( ) ( 1)
25( ) ( , )

( ) (1
_

tf t k
BM t idf t D

dl
tf t k b b

avg dl

 
 

   
  

       
  

 (2.5) 

where idf ( t, D)  calculate the idf for each term t in the entire document collection (D)  and tf(t) 

represents how many times the term t appears in the document d. k1 and b are tuning parameters 

that control the impact of tf and document length (dl) .  dl is the length (number of terms)  of the 

document and avg_dl is the average document length in the corpus. 

  k1 is the parameter that is used to control the saturation of the tf component.  A 

common range for k1 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 term’s class distinguishing power using the igm measure.  The tf- igm formula can be 

written as Equation (2.6). 
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 (2.6) 

where ft,d is defined as the frequency of term t that appears in a document d. Meanwhile, λ is an 

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

weight scores (global and local weights) .  The value of λ 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). 

 (2.7) 

where fkr is the frequency of term tk that occurs in different classes, and r=1, 2, ..., m. The classes 

are listed in descending order, with the rank denoted by r.  Meanwhile, fkr is the frequency of 

class-specific document (dfkr), where dfkr is the number of documents in the r-th class containing 

the term tk.  

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 

, . (1 ( ))t d t d ktf igm f igm t    
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label that is most popular among the k neighbors. The KNN function can be written as Equation 

(2.8). 

 

 (2.8) 

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 distance[47], 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 (x2, y2) in a two-dimensional 

space can be mathematically represented as Equation (2.9): 

Distance = sqrt((x2 - x1)2+(y2 - y1)2) (2.9) 

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

Equation (2.10). 

 2.10 

where X1 and X2 are the vectors of words found in bug reports in the collection and the 

particular meta-bug. If both reports are relevant and similar, the similarity score should be close 

to 1. 

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  

( ) arg max ( , ) ( , ) ( , )
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establishing thresholds for the probability predicted for each class[49]. Although this algorithm 

is commonly used for binary classification, it can easily adapt to multiple classes. In LR, given 

N bug reports xi, i = 1,…,N, the m features of the input bug report xi = (xi1, xi2, …, xim), are linearly 

integrated using coefficient 0 and  =  (0,… , im)  to predict the classification outcome yi. 

Specifically, given an input bug report xi, the probability that yi =  1 is inducated by P(xi)  and is 

modelled with the conventional logistic regression model as Equation (2.11). 

( )iP x   
0

0

( * )

* )
1
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x

x

e

e
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 




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 (2.11) 

    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 KamHo[50]  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 Naïve 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). 

( )P c   classN

N
 (2.12) 
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where N is the total number of bug reports in the training set, and Nclass is the total number of 

bug reports detected in each class, and 

( | )iP w c   
( , )

( ) | | 1

icount w c

count c V



 
 (2.13) 

where count(w, c)  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  =  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 

(2.14). 

( | )P c d   
1

arg max ( ) ( | )
n

i j

i

P c P w C


  (2.14) 

5. Support Vector Machines (SVM) 

SVM[47] is a popular algorithm widely used as an automated  

process of text classification into predefined classes. Let x1, x2, ..., xl 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). 

 (2.15) 

subject to: 

 (2.16) 

By using w and , the SVM algorithm can develop the decision function by Equation  (2.17). 

 (2.17) 

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) [53], 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 

 

Figure 2-4 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 process[53]. 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 [54][55] 

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-tuning these models on your 

specific task can yield excellent results. The overview of Transformers can be presented as 

Figure 2.5  
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Figure 2-5 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 the input 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[54] For 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 Encoding [54] 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 the model understand the order of words in the sequence. 

Layer Stacking [54] Multiple layers of self-attention and feed-forward neural  

networks are typically present in 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 [56]. 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 on a 

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 

 

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 these pre-trained models are downloadable. Depending on your computational 

resources and the specific task, you can select from multiple pre- trained BERT models with 

varying sizes (e.g., BERT-base, BERT-large). 

Pre-processing 

 Tokenization Text input must be tokenized into BERT-compliant subword 

tokens. BERT employs the WordPiece tokenization technique, which divides words into smaller 
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subword tokens [57] .  The tokenization should be performed similarly to how it was performed 

during BERT pre-training. 

 Padding The purpose of this process is to normalize the length of all input 

sequences by either adding padding tokens to shorter sequences or truncating larger ones [57]. 

 Special Tokens: The process involves the inclusion of certain tokens such as 

[CLS] (classification) and [SEP] (separator) at the start and end of every input sequence [57]. The 

token [ CLS]  is employed to symbolize the entirety of the sequence in the context of 

classification tasks. can be presented as Figure 2.7 

 

Figure  2-7 An example of text pre-processing for BERT 

From: [57] 

Word Embedding The objective of this process is to transform the tokens into  

their respective word embedding by utilizing the pre- trained BERT model[58] [59] .  The BERT 

model employs WordPiece tokenization, a technique that divides words into subword tokens. 

The subword tokens are assigned to corresponding embeddings. 

Instead of employing static word embeddings, BERT develops embeddings that 

consider the whole contextual information of a word inside a phrase.  This implies that a given 

word can possess distinct embeddings based on its surrounding context.  The achievement of 

BERT is facilitated by the utilization of a bidirectional transformer design.  This architecture 

enables the processing of the complete phrase, hence allowing for the capture of 

interdependencies and associations between individual words. 

Pooling is the process of combining the embeddings of distinct tokens in a  

phrase or document into a fixed-length vector that may be utilized for subsequent tasks such as 

classification[60]. For each token in the input text, BERT generates contextualized embeddings. 
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When employing BERT for text categorization, a method for aggregating these embeddings to 

represent the complete input text is required. 

 Mean Pooling - The average of all token embeddings in the sequence is used  

in mean pooling [60]. This is a straightforward method for obtaining a fixed-size representation 

of variable-length sequences. 

 Max Pooling - This takes the maximum value from all token embeddings in  

the sequence for each dimension of the embedding [60]. This strategy captures the most salient 

features in the text, but may lose some of the overall context. 

 Min Pooling -  It is similar to maximum pooling, except that it uses the 

minimum value for each dimension [60]. 

 Mean + Max Pooling - This step combines the mean and maximum  

aggregated vectors. It provides a combination of the overarching context and important features. 

 Attention Pooling - This stage learns a mechanism for self-attention  

over the token embeddings to generate a weighted average [ 60] .  It allows the model to 

concentrate on the most informative portions of the text when forming the pooled 

representation. 

Classification Head:  The classification head is an additional module that is 

appended to a pre-existing model, such as BERT, in order to facilitate fine-tuning for a particular 

purpose, such as text categorization [61] .  In essence, the classification head transforms the 

comprehensive and contextually informed embeddings generated by BERT into predictions 

tailored to a particular task. The process starts with the utilization of a pre-trained BERT model. 

The present model has undergone training using a substantial corpus, such as the entirety of 

Wikipedia, in order to make predictions on masked terms inside a given phrase.  The 

aforementioned procedure facilitates the generation of contextual embeddings by BERT for 

every individual token within a given phrase. Subsequently, the utilization of the pooling layer 

is implemented in order to produce phrase embeddings.  Following the pooling operation, a 

dense layer, which is also referred to as a completely linked layer, is included.  Typically, the 

output dimension of the dense layer is selected to be less than the BERT embeddings, taking 

into consideration the job difficulty and the available data volume. An output size of either 256 

or 512 is frequently observed. Activation functions such as the Rectified Linear Unit (ReLU) are 
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frequently employed in this particular phase [62] .  In order to mitigate the issue of overfitting, 

particularly when doing fine-tuning on a limited dataset, it is advisable to incorporate a dropout 

layer subsequent to the dense layer. During the training process, the dropout layer is utilized to 

randomly deactivate a portion of the input units by setting their values to zero.  This technique 

is employed to mitigate the issue of overfitting.  The range of average dropout rates is often 

observed to fall between the interval of 0.1 to 0.5. Finally, to generate predictions for your work, 

we construct another thick layer. When doing binary classification, this layer has a single neuron 

with a sigmoid activation function, however when performing multi-class classification, this 

layer has as many neurons as there are classes and commonly uses the softmax activation 

function. Binary cross-entropy loss is widely used for binary classification, whereas categorical 

cross-entropy loss is commonly used for multi-class classification. 

Fine-Tuning: Fine-tuning BERT for text classification entails modifying the pre-

trained BERT model on a specific classification dataset in order for it to perform effectively 

on that particular task [57]. The goal is to use the rich representations that BERT learnt during 

pre-training and specialize them for a specific classification task. Here is a step-by-step guide 

to fine-tuning BERT for text classification. 

Step 1: Text Dataset Preparation  

 Tokenization The purpose of this task is to utilize the BERT tokenizer 

in order to transform textual data into tokenized representations.  The tokenizer used in this 

system will transform the given text into tokens that conform to the vocabulary utilized by 

BERT. 

 Segment IDs In the context of single-sequence classification tasks, it is 

possible to assign a segment ID of 0 to all tokens. 

 Attention Masks This method is employed to distinguish tokens from 

padding.  Tokens are assigned a mask value of 1, whereas padding tokens are assigned a mask 

value of 0. 

 Labels The process involves converting categorization labels into  

integer values, such as 0, 1, 2, and so on. 

Step 2: Model Initialization 
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The process involves the loading of a pre- trained BERT model and 

subsequently appending a classification head on the top [ 57] .  This classification head is 

commonly implemented as a dense layer with a number of units equivalent to the total number 

of classes. In the context of binary classification, a single unit with a sigmoid activation function 

is commonly employed. However, in the case of multiclass classification, the softmax activation 

function is typically utilized. 

Step 3: Model Configuration 

  Optimizer [ 57]  The performance of BERT is influenced by the 

selection of the optimizer and its associated hyperparameters.  The optimizer that is commonly 

suggested is AdamW, which is essentially a modified version of the Adam optimizer that 

includes a correction for weight decay.  Learning rates of 2e-5, 3e-5, or 5e-5 are frequently 

employed in the process of fine-tuning BERT. 

   Loss Function [ 57]  BERT uses binary cross- entropy as the loss 

function or binary classification tasks, while it utilizes categorical cross-entropy for multiclass 

classification tasks. 

 Batch Size [57]  The selection of batch sizes, such as 16 or 32, is 

contingent upon the GPU memory. The BERT model needs a substantial amount of memory. 

Step 4: Fine-Tuning 

   This step involves training the model with a particular dataset.  Since 

BERT is already pre-trained, few epochs will be required. Typically, two to four epochs suffice 

for fine- tuning.  Remember that you are modifying the BERT model in its entirety, not just the 

classification head.  Validation sets are required for performance monitoring and to prevent 

overfitting. If validation performance is degrading, consider terminating early or utilizing model 

check pointing to preserve the optimal model. 

Step 5: Evaluation 

   Following the process of fine- tuning, it is necessary to assess the 

performance of the model on a designated test set.  In the context of classification problems, 

many measurement measures such as accuracy, F1-score, the receiver operating characteristic 

(ROC), and area under the curve (AUC) can be utilized[40]. 
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Inference [57] To obtain predictions, new input texts must be tokenized and 

sent through the fine-tuned BERT model. 

There are various sizes available for BERT, with “BERT base”   and “BERT 

large”  [63]  being two of the most popular types.  The distinctions between “BERT base”  and 

“BERT large” can be described as follows. 

Model Size:  BERT base is a more compact variant of the model with 110 

million parameters, whereas BERT large is a larger and more complex version with 340 million 

parameters. 

Training Data: BERT base and BERT large are both pre-trained on an enormous 

corpus of text data, but BERT large typically requires a larger training dataset. 

Computational Resources:  BERT large requires substantially more 

computational resources (both for training and inference) than BERT base due to its larger size. 

This makes training and utilizing BERT large more resource-intensive. 

Performance:  BERT large typically outperforms BERT base on a variety of 

tasks involving natural language comprehension and generation. It has a deeper architecture and 

a larger parameter space, allowing it to capture language patterns and context with greater 

nuance. 

Use Cases:  BERT base is appropriate for many NLP tasks and is frequently 

used as a starting point for fine- tuning on particular tasks.  BERT large is typically used when 

higher performance is required, particularly for tasks that require a deeper understanding of 

language, including machine translation, document summarization, and complex question-

answering tasks. 

2.4.3 Evaluation Matrices for Text Classification 

This study used the metrics of accuracy (Acc) , F1 score, the receiver operating 

characteristic ( ROC) , and the Area Under Curve ( AUC)  to evaluate the efficacy of our 

approaches.  

Accuracy (Acc)[40] is a widely employed statistic in many machine learning  
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applications, such as text classification.  The metric offers a rapid assessment of the model’s 

performance. Nevertheless, despite its simplicity, this approach may lack sufficient information, 

particularly when dealing with skewed datasets. 

Let true positives (TP) be the number of positive instances that were correctly  

classified as positive by the model, true negatives (TN)  be the number of negative instances 

(e.g. , non-spam emails)  that were correctly classified as negative by the model, false positives 

(FP)  be the number of negative instances that were incorrectly classified as positive by the 

model, and false negatives (FN)  be the number of positive instances that were incorrectly 

classified as negative by the model. The accuracy formula can be defined as Equation (2.18). 

TP TN
Acc

TP TN FP FN




  
 (2.18) 

 

Accuracy is simple to understand, even for individuals who are new with machine 

learning, and it is simple to compute and analyze.  However, while accuracy offers a basic 

overview of the model's performance, it fails to reflect the model’s performance subtleties in 

terms of precision, recall, and F1- score, which is especially relevant when the dataset is 

unbalanced 

 

Precision (P) is defined as the proportion of accurately predicted positive observations 

to all expected positives. The precision formula can be defined as Equation (2.19). 

TP
P

TP FP



 (2.19) 

Recall (R)  is defined as the ratio of correctly predicted positive observations to the 

actual positives. The recall formula can be defined as Equation (2.20). 

TP
R

TP FN



 (2.20) 

F1 score (F1): The F1 score[40] is a useful statistic, particularly for unbalanced datasets, and it 

is commonly employed in text classification applications. It is the harmonic mean of precision 

(P) and recall (R), with the goal of balancing the two measures. The F1 formula can be defined 

as Equation (2.21). 
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1F   2
R P

R P




  (2.21) 

The Receiver Operating Characteristic Curve (ROC): The ROC curve is a graphical 

representation used to evaluate classifier performance[40] [64] .  It is widely used in disciplines 

such as medicine and machine learning to evaluate a model's ability to differentiate between 

two classes, regardless of class distribution or specific classification threshold.  For text 

classification, the ROC curve can indicate how well a model can differentiate between text 

classes. The ROC curve plots the true positive rate (TPR) versus the false positive rate (FPR) at 

various threshold settings, where TPR or Sensitivity is the ratio of positive instances correctly 

classified by the model and FPR or 1 -  Specificity is the ratio of negative instances incorrectly 

classified as positive. 

The TPR formula can be defined as Equation (2.22). 

TP
TPR

TP FN



 (2.22) 

The FPR formula can be defined as Equation (2.23). 

FP
FPR

TN FP



 (2.23) 

A perfect classifier would have a ROC curve that runs straight up the Y-axis (TPR) and 

then straight down the X-axis (X-axis). The area under the curve (AUC) of such a classifier would 

be 1.  A totally random classifier (for example, coin flipping)  would produce a ROC curve that 

is a diagonal line from bottom left to top right.  This equates to an AUC of 0.5.  The model’s 

performance improves as the ROC curve moves away from the diagonal and closer to the top-

left corner.The ROC curves show how effectively the model identifies across classes while 

being unaffected by the class distribution.  Furthermore, the ROC curves help you comprehend 

the trade-offs.  For some text classification tasks, you may choose a model with better recall (at 

the price of more false positives), and the ROC curve might assist in determining the appropriate 

threshold. 

 The Area Under Curve ( AUC) :  The AUC curve is a metric that summarizes a 

classifier’s efficacy across all decision thresholds[40]. Specifically, when discussing AUC in the 

context of machine learning and text classification, it frequently refers to the area under the 

ROC curve.  The AUC delivers a scalar value between zero and one.  A value of 1 for AUC 
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indicates that the model has ideal discriminative power, while a value of 0.5 indicates that the 

model's performance is equivalent to random guesswork.  A value below 0.5 indicates that the 

model performs worse than random chance, but in practice, such a model can be inverted to 

yield a value greater than 0.5.  In addition, AUC provides an overall measure of the efficacy of 

a model across all classification thresholds.  It is therefore a useful metric for comparing the 

efficacy of various models. In general, a model with a higher AUC is regarded as more effective 

at differentiating between positive and negative classes. 

2.5 Related Works 

Mislabeling or the existence of noisy labels in a dataset may have a substantial 

influence on machine learning model performance and dependability[65]. Noisy labels can 

reduce model accuracy, especially if the noise level is large. When a model is trained on bad 

data, it is more likely to generate bad predictions. Deep learning models, due to their huge 

number of parameters, may achieve strong generalization even when a tiny fraction of the 

data is mislabeled. 

However, as the percentage of mislabeled data grows, performance might suffer. 

Training on incorrectly labeled data might impair the model’s capacity to generalize to new 

data. This is because the model may have overfitted to the noise in the training data. Mislabeling 

or noisy labels in data is not a new notion, and it has been a source of worry in statistics and 

machine learning for many decades.  Despite a long history and previous initiatives to remedy 

mislabeling and loud labels, the topic is still important today for various reasons [1-19] .  The 

volume of data generated and processed in today’ s digital age is tremendous due to the 

exponential expansion of data.  Large volumes of data automatically introduce more noise and 

inaccuracies.  In addition, today, numerous datasets are collected autonomously using sensors, 

web scrapers, and other instruments.  Errors can be introduced by automated methods, 

particularly if the process is not fine- tuned or the structure of the source data alters.  As the 

results, addressing mislabeling and noisy labels before training a predictive model is crucial for 

obtaining accurate, trustworthy, efficient, and fair models.  It ensures that the model's learned 

patterns reflect the true underlying relationships in the data and provides a robust basis for 

decision-making in real-world applications. This is because a machine learning model discovers 

patterns by analyzing data. If the labels in the data are inaccurate, the model may learn erroneous 
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or misleading patterns. As a result, it will not only perform badly on the training set, but it will 

also perform poorly when applied to fresh, previously unknown data.  Furthermore, machine 

learning models, particularly deep learning models with a large number of parameters, have the 

potential to overfit to noisy data.  This implies they may not just ignore the noise, but actively 

learn from it, resulting in a model customized to the noise rather than the underlying data 

distribution. 

Training on noisy data might result in a waste of computing resources. The model may 

take longer to converge or, in extreme situations, may fail to converge at all. Cleaning the dataset 

might result in quicker and more consistent training [1-5] .  If noisy labels are present and the 

model is assessed on the same noisy set using measures like accuracy or F1 score, the 

assessment will not represent the real performance of the model.  A model may appear to 

perform well because it matches the noisy labels, but it will most certainly fail when tested on 

clean, real-world data.  Noisy labeling can add or amplify biases in data.  If certain groups or 

classes are mislabeled more than others, the model may become biased, resulting in less fair or 

even discriminating outcomes [1-19]. 

 To the best of our knowledge, many studies related to address the issue of mislabeling 

or the existence of noisy labels in classification task. Some of them can be illustrated as follows. 

 Biggio et al. [66]  stated that hostile opponents might alter data in order to disturb the 

conclusions of an automated investigation.  In order to operate successfully in these tasks, 

machine learning algorithms have to be resilient against hostile manipulation of data in addition 

to achieving good classification performance.  Although support vector machines (SVMs)  have 

shown significant success in classification problems, their usefulness in adversarial 

classification tasks has not been thoroughly investigated.  This paper provides an early 

examination into the strength of Support Vector Machines (SVMs) when exposed to hostile data 

manipulation. The researchers specifically assumed that the adversary had power over a portion 

of the training data and intended to interference the SVM learning process.  In accordance with 

this assumption, the researchers showed the practicality of the suggested notion and provided a 

way to improve SVM resilience against training data manipulation.  This method entailed 

making a simple change to the kernel matrix. 
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In Natarajan et al[67] , they conducted a theoretical analysis on the issue of binary 

classification when random classification noise is present. In this scenario, the learner does not 

have access to the real labels and instead observes labels that have been independently flipped 

with a minuscule probability.  In addition, it should be noted that random label noise exhibits 

class-conditional characteristics, meaning that the chance of a label being flipped relies on the 

specific class.  Two ways were suggested to effectively change a given surrogate loss function. 

Initially, the authors presented a straightforward and impartial estimator for measuring loss, 

and subsequently derived performance limits for empirical risk reduction while dealing with 

independent and identically distributed data that contains noisy labels. If the loss function meets 

a straightforward symmetry requirement, it has been demonstrated that the procedure results in 

an effective algorithm for empirical minimization.  Furthermore, the authors proposed the 

utilization of a straightforward weighted surrogate loss in order to address the problem of 

classification with noisy labels.  This approach involved leveraging a decrease of risk 

minimization and yielded promising empirical risk limits.  The methodology yielded a highly 

notable outcome, demonstrating that commonly employed approaches such as biased SVM and 

weighted logistic regression are theoretically capable of tolerating noise.  The techniques 

demonstrated an accuracy rate over 88%  on a synthetic non- separable dataset, even in the 

presence of label corruption affecting 40%  of the data.  Furthermore, these methods shown 

comparable performance to recently suggested approaches in addressing label noise across 

other benchmark datasets. 

Xiao et al.[68] pointed out that large-scale supervised datasets are essential for training 

convolutional neural networks (CNNs)  for a variety of computer vision tasks.  Obtaining a vast 

volume of well-labeled data, on the other hand, is generally highly expensive and time intensive. 

They presented a broad architecture for training CNNs with a small number of clean labels and 

millions of easily obtained noisy labels in this publication.  They used a probabilistic graphical 

model to represent the interactions between pictures, class labels, and label sounds, which they 

then integrated into an end- to-end deep learning system.  To demonstrate the effectiveness of 

their approach, they collected a large-scale real-world clothing classification dataset with both 

noisy and clean labels.  Experiments on this dataset revealed that their approach might increase 

the performance of trained CNNs by better correcting noisy labels. 
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Tanaka et al[69] .  applied Deep Neural Networks (DNNs)  for training on large-scale 

datasets and shown substantial performance in picture categorization. Many large-scale datasets 

were gathered from websites, however they tended to contain erroneous labels known as noisy 

labels.  DNNs overfitted to noisy labels when trained on such noisy labeled datasets, resulting 

in performance loss.  To address this issue, the researchers devised a hybrid optimization 

approach for learning DNN parameters and predicting real labels.  By alternating updates of 

network parameters and labels, this framework might correct labels during training.  They 

carried performed trials on the noisy CIFAR-10 datasets as well as the Clothing1M dataset. The 

results showed that their methodology outperformed other state- of- the- art approaches 

substantially. 

Wang et al.[70] mentioned how critical and difficult it was to train accurate deep neural 

networks (DNNs)  in the presence of noisy labels.  Despite the fact that several ways to learning 

with noisy labels have been presented, there are still numerous unresolved challenges.  They 

demonstrated in this study that DNN learning with Cross Entropy (CE) demonstrates overfitting 

to noisy labels on certain classes ("easy") but suffers from considerable under learning on others 

("hard" classes). Intuitively, CE needs an extra term to ease learning of difficult classes, and more 

crucially, this term should be noise resistant, so that overfitting to noisy labels is avoided.  We 

presented the Symmetric Cross Entropy Learning ( SL)  technique, which boosts CE 

symmetrically with a noise resilient counterpart Reverse Cross Entropy (RCE), inspired by the 

symmetric KL-divergence.  In the face of noisy labels, our suggested SL technique overcomes 

both the under learning and overfitting problems of CE. We offered a theoretical study of SL as 

well as empirical evidence that SL outperforms state-of- the-art approaches on a variety of 

benchmark and real-world datasets.  They also demonstrated that SL may be simply added into 

current approaches to improve their performance. 

Jindal et al.[71] proposed a method for training deep neural networks that is resistant to 

label noise.  This method included a non- linear processing layer ( noise model)  into a 

convolutional neural network (CNN)  architecture to represent the statistics of label noise.  The 

noise model and CNN weights were simultaneously learnt using noisy training data, preventing 

the network from overfitting to incorrect labels.  They demonstrated that their strategy enabled 
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the CNN to acquire superior phrase representations and was resilient even in the presence of 

severe label noise through extensive experiments on numerous text classification datasets. They 

discovered that correct noise model initialization and regularization were crucial. Furthermore, 

in contrast to previous research that focused on high batch sizes for minimizing label noise in 

image classification, they discovered that changing the batch size had no influence on 

classification performance. 

According to Wu et al.[72], the volume of convolutional neural network (CNN) models 

proposed for face recognition has been rapidly expanding to better accommodate the large 

amount of training data.  When training data is acquired via the Internet, labels are likely to be 

ambiguous and incorrect. In this work, a Light CNN architecture was created to train a compact 

embedding on large-scale face data with many noisy labels.  They started by introducing a 

variant of maxout activation known as max-feature-map (MFM)  into each CNN convolutional 

layer. MFM used a competitive relationship, as opposed to maxout activation, which used many 

feature maps to linearly approximate any convex activation function.  MFM could not only 

discriminate between noisy and useful signals, but it could also choose features from two 

feature maps. Second, three networks were painstakingly designed to boost performance while 

reducing the number of parameters and computational costs.  Finally, a semantic bootstrapping 

technique for improving network prediction with noisy labels was given.  The experimental 

results revealed that the proposed method could construct a Light model that was both 

computationally and spatially efficient using large-scale noisy data. The learned single network 

with a 256-D representation achieved state-of-the-art results on many face benchmarks without 

any fine-tuning. 

According to Li et al.[73], it is widely recognized that deep neural networks have a high 

demand for annotated data.  Considerable attention has been directed on minimizing the 

expenses associated with annotation in the context of deep network learning.  There are two 

notable approaches that have gained prominence in the field, namely learning with noisy labels 

and semi-supervised learning through the utilization of unlabeled data. The authors of this study 

introduced a unique framework called DivideMix, which aims to address the issue of learning 

with noisy labels through the utilization of semi-supervised learning approaches.  DivideMix 

employed a mixture model to represent the loss distribution per sample, therefore facilitating 
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the dynamic partitioning of training data into a labeled subset including clean samples and an 

unlabeled subset containing noisy samples.  Consequently, the model is trained in a semi-

supervised fashion using both the labeled and unlabeled data. In order to mitigate the influence 

of confirmation bias, the researchers conducted training on two distinct networks in a parallel 

manner.  Each network utilized the dataset partitioning of the other network.  During the semi-

supervised training phase, the authors enhanced the MixMatch method by using label co-

refinement and label co-guessing techniques on the labeled and unlabeled samples, respectively. 

The conducted experiments on several benchmark datasets have exhibited significant 

enhancements as compared to the existing state-of-the-art methods. 

Garg et al. [74] mentioned that large datasets in NLP suffer from noisy labels as a result 

of erroneous automatic and human annotation techniques.  They investigated the topic of text 

classification with label noise, with the goal of capturing this noise via an auxiliary noise model 

applied to the classifier.  Using a two-component beta mixture model trained on the training 

losses at an early epoch, they first gave a likelihood score to each training sample of having a 

clean or noisy label.  Using this, they jointly trained the classifier and the noise model using a 

novel de-noising loss with two components: (i) cross-entropy of the noise model prediction with 

the input label, weighted by the probability of the sample having a clean label, and ( ii)  cross-

entropy of the classifier prediction with the input label, weighted by the probability of the 

sample having a clean label.  Their empirical testing on two text classification tasks with two 

forms of label noise:  random and input-conditional, revealed that their strategy might enhance 

classification accuracy while avoiding over-fitting to the noise. 

According to Song et al. [75] , the field of deep learning has demonstrated significant 

achievements across several fields, mostly attributed to the utilization of extensive volumes of 

big data.  Nevertheless, the issue of data label quality arises due to the scarcity of high-quality 

labels in several real-world situations.  The detrimental impact of noisy labels on the ability of 

deep neural networks to generalize has led to the recognition of learning from noisy labels, also 

known as robust training, as a crucial challenge in contemporary deep learning applications. 

The survey initially elucidated the issue of learning in the presence of label noise, using an 

approach rooted in supervised learning.  Subsequently, a thorough examination was conducted 

on 62 contemporary robust training techniques, including a wide range of approaches.  These 
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methods were subsequently classified into five distinct categories based on their 

methodological distinctions.  Furthermore, a meticulous analysis was undertaken to compare 

these methods based on six key criteria, with the aim of determining their relative effectiveness. 

Following this, a comprehensive examination was conducted on the estimate of noise rates, and 

a concise overview was provided on the commonly employed assessment approach, 

encompassing publicly available noisy datasets and evaluation metrics.  Ultimately, the 

researchers put up a number of potentially fruitful avenues for investigation that may offer 

valuable guidance for forthcoming scholarly inquiries. 

Agro and Aldarmaki [76] indicated that real label noise is not random, but is frequently 

associated with input characteristics or other annotator-specific parameters.  They tested BERT 

in the presence of two forms of realistic label noise in their study: feature-dependent label noise 

and synthetic label noise from annotator conflicts.  They demonstrated that the presence of this 

sort of noise reduces BERT classification performance considerably.  They compared the 

performance of several types of ensembles and noise-cleaning approaches against label noise 

across different datasets to increase resilience. 

Chen et al. [77]  mentioned that multi- label text classification (MLTC)  has numerous 

applications in the actual world.  Recently, neural networks have enhanced the efficacy of 

MLTC models. In order to train these neural-network models, adequate accurately labeled data 

is required.  Manually annotating massive multi- label text classification datasets is costly and 

impractical for many applications.  In order to reduce the cost of text corpus annotation, weak 

supervision techniques were developed.  However, these techniques may diminish model 

performance by introducing ambiguous labels into the training data. This paper aimed to address 

noise-label issues in MLTC in both single- and multi-instance contexts. They developed a novel 

Neural Expectation-Maximization Framework (nEM)  that incorporated neural networks and 

probabilistic modeling.  The nEM framework generated text representations utilizing neural-

network text encoders and is optimized using the Expectation-Maximization algorithm.  It 

intuitively considered chaotic labels during learning by iteratively updating model parameters 

and estimating the ground- truth label distribution.  They evaluated their nEM framework in 

multi- instance noisy MLTC on a relation extraction benchmark dataset created by remote 

supervision and in single-instance noisy MLTC on synthetic noisy datasets created by keyword 
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supervision and label flipping. nEM substantially outperformed baseline models in both single-

instance and multi-instance chaotic MLTC tasks, as shown by experimental results. The analysis 

of the experiment suggested that their nEM framework effectively reduced the noisy labels in 

MLTC datasets and significantly enhanced model performance. 

2.6 Existing Method for Addressing Noisy Labels in Training Set of Text Classification 

Dealing with noisy labels is a significant challenge in text classification tasks, mostly 

because of the complex nature of textual data, which is characterized by high dimensionality 

and unpredictability.  However, the primary motivation for tackling the issue of noisy labels 

remains consistent:  to assure a dependable training procedure and get optimal performance in 

the predictive model.  Some existing method for handling noisy labels in training set of text 

classification can be discussed as follows. 

2.6.1 Robust Text Representation 

The utilization of robust text representation is a fundamental approach in  

addressing the impact of noisy labels, particularly in the context of text classification tasks 

[23] [41] [71] [78] .  The concept posits that an effective representation has the capability to 

encapsulate the fundamental semantic information available in the text, hence enhancing the 

classifier's ability to withstand and accommodate label noise. Possible techniques of robust text 

representation can be: 

  Pre- trained Embeddings [ 58]  In text classification problems, pre- trained 

embeddings have developed as a popular and successful strategy for dealing with noisy labels. 

Their effectiveness is based on their capacity to extract deep semantic linkages and general 

knowledge from large quantities of text.  When your dataset contains noisy labels, these 

embeddings can operate as a stabilizing factor, allowing models to uncover underlying patterns 

despite the noise.  Word Embedding algorithms such as Word2Vec, GloVe, and FastText 

generate dense vector representations of words based on co-occurrence statistics.  Because 

comparable words or synonyms frequently receive similar embeddings, such embeddings 

frequently capture semantic meanings and can be highly resilient against label noise. 

 Denoising Autoencoders (DAEs)  are a variant of auto encoders specifically 

designed to reconstruct clean data from its corrupted or noisy version. They have been employed 

in various tasks to enhance data quality and can be particularly useful in addressing noisy labels 
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in training datasets.  A well-known technique is called Addressing Noisy Features and Noisy 

Label Detection[79].  In case of Addressing Noisy Features, if the noise is in the features rather 

than the labels, a DAE can assist clean or “denoise”  the text data representations.  Cleaner data 

representations can lead to better-defined clusters, which is especially important for applications 

like clustering. Meanwhile, in the case of Noisy Label Detection, Analyzing the reconstruction 

error is one indirect approach of employing DAEs to address noisy labels.  If some labeled 

occurrences repeatedly cause large reconstruction errors, they may be mislabeled.  In general, 

neural networks is often applied and trained to recreate input data from a distorted version of 

themselves.  In the case of text data, this may imply rebuilding sentences using omitted or 

substituted words. The learnt representations are built to be noise-tolerant. 

Domain Adaption We can train a model on a clean dataset from a similar  

domain before adapting it to the noisy dataset if we have one.  This method ensures that the 

model begins with a robust representation and then adjusts to the unique characteristics 

(including noise) of the target dataset. 

 Data Augmentation[78] In general, back-translation is a well-known technique 

for data augmentation, where back-translation (translating a sentence into another language and 

then back into the original)  can provide augmented data with semantic integrity.  Training on 

such augmented data can make the model more receptive to input variations, including 

particular kinds of noise. 

 Noise-Contrastive [78]  Estimation  Instead of focusing only on capturing the 

correct text representations, this method explicitly models the noise.  It attempts to distinguish 

between the genuine data distribution and a distribution of artificially generated noise. 

  Hybrid Models -  Combining multiple representations can sometimes result in 

more robust embeddings.  A concatenation of tf- idf vectors and Word2Vec embeddings, for 

instance, could incorporate the benefits of both representation techniques. 

2.6.2 Data Cleaning and Correction 

Manual curation or rule-based methods can help correct mislabeled instances,  

particularly if the noise pattern is systematic or if a specific lexicon can assist in identifying 

mislabeled samples[17]. 
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2.6.3 Active Learning 

  The process begins with a limited dataset that is considered reliable, and 

thereafter progresses by repeatedly seeking the model's confident predictions on unlabeled 

instances or those that are thought to be inaccurately tagged[80]. 

2.6.4 Semi-supervised and Self-Training Methods 

The purpose of this approach is to utilize substantial quantities of unannotated  

data in order to assist in the categorization procedure[81]. One example of a technique is pseudo-

labeling, which encompasses the process of training a model using labeled data, making 

predictions for unlabeled data, and subsequently retraining the model using the firmly predicted 

examples. In the event where one possesses textual data derived from many sources, such as the 

title and content of an article, it is possible to train multiple classifiers on distinct perspectives 

or representations of the data.  Discrepancies among these classifiers may suggest the presence 

of erroneous or unreliable labels.
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Research Methodology 

 

 

 This section outlines the proposed framework for the purpose of this study. 

Additionally, we highlight the distinctions between our study and previous research. 

3.1 Main Contribution 

Many studies in text classification with noisy label issues are based on document-level 

analysis.  Document- level analysis involves classifying entire documents (e.g. , articles, emails, 

reviews)  into predefined categories or labels.  Document- level analysis can be more robust to 

label noise compared to fine-grained or sentence-level analysis. A few noisy sentences within a 

document might not significantly affect the overall document label. In addition, document-level 

analysis can be computationally more efficient than analyzing each sentence or phrase 

individually, especially for large volumes of text.  As a result, this study also focuses on the 

classification of documents at the level of the entire document.  

In order to enhance the quality of the training set, an ensemble method is employed to 

address the issue of noisy labels. This method involves constructing multiple predictive models, 

which are potentially tailored for correcting text labels.  Subsequently, the predictions of these 

models are aggregated through a voting mechanism to obtain the final and accurate labels for 

the texts. 

This study focuses on enhancing sentiment classification accuracy in the presence of 

noisy labels by utilizing ensemble methods.  Individual models may overfit or underfit noisy 

labels in different ways.  Ensemble methods help mitigate this by averaging or combining their 

predictions, reducing the impact of model- specific errors.  Specifically, it explores the 

effectiveness of merging predictive models derived from machine learning, deep learning, and 

transformers learning.  This approach provides a unique and robust alternative to conventional 

methods commonly employed in this domain.  

Machine learning, deep learning, and transformer- based models each have their 

strengths and weaknesses in handling different types of data and noise.  By combining them in 
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an ensemble, we may be able to harness diverse representations and capture complementary 

patterns in the data.  This can lead to improved robustness against label noise.  Especially, 

transformers (e.g.  a large pre- trained model like as BERT)  have demonstrated exceptional 

performance in a variety of NLP applications. It can possibly filter out noisy forecasts and keep 

more trustworthy labels by merging their predictions with other models. 

In addition, previous studies have been corrected labels during model training (training-

time label correction) , but this study tmprovs texts with noisy labels before training a model 

(pre-processing or data cleaning) .  The primary reasons for using taining- time label correction 

methods are that they are adaptive and can work with dynamic or evolving datasets with 

changing label noise patterns, and these models can help models learn to be robust to noisy 

labels by incorporating label correction as part of the learning process.  However, improving 

texts with noisy labels before training can have several advantages. 

1. By addressing noisy labels before model training, it helps to ensure that the training  

data itself is of higher quality. This can lead to more efficient and effective model training since 

the model learns from more reliable examples. 

2. Pre-processing allows us to preserve the original labels, which can be important if  

maintaining the original class distribution or class semantics is a priority. 

3. Pre-processing methods can involve aggregating labels from multiple annotators,  

using majority voting, or applying heuristic rules to correct labels.  This can help reduce the 

impact of label noise. 

4. Pre-processing techniques can enforce label consistency across related data points,  

ensuring that documents or instances with similar content have coherent labels. 

5. Pre-processing can be more straightforward to implement because it does not  

require modifying the model or introducing additional training steps. 

3.2 Datasets 

Three datasets used in this study were gathered from the TripAdvisor website between 

December 2020 and May 2021 as customer reviews relating to hotels.  Each customer review 

was based on a 5-star rating scale. Our datasets are stored in CSV format. 
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The first dataset was used to model the polarity label analyzer used for correcting labels 

of noisy training data before applying the learning sentiment classifier model.  A total of 500 

customer reviews with rating scores of 1  and 2  were assigned to the negative class, while 

another 500 customer reviews with rating scores of 4 and 5 were assigned to the positive class. 

Two linguistic experts validated the correctness of the polarity class of each customer review 

to guarantee no customer reviews with noisy labels.  This dataset is used for developing the 

predictive model, called as polarity label analyzer, that is used to validate and correct (re-label) 

the polarity class of custom reviews.  

Table 3-1 Examples of customer reviews corrected polarity label 

ID Examples of customer reviews 
Original 

Polarity Label 

Corrected 

Polarity Label 

1. The bathroom in the hotel is quite clean and the 

towel like sandpaper. What is a nice service!!! 
Positive Negative 

2. 

 

This hotel is an exciting place I was awfully 

thrilled all time when staying there. 
Positive Negative 

3. The staff is friendly. Room is small but clean. The 

location is in the middle of the city. It is better if 

the parking is large. 

Negative Positive 

In addition, to address the issue of short texts in sentiment classification, this study sets 

a minimum text length as 30 words.  By excluding neutral ratings such as 3, the process of 

classifying hotel sentiment becomes more streamlined and enhances clarity in distinguishing 

between positive and negative sentiments.  Additionally, a stratum of nuanced feedback that 

could be beneficial for more comprehensive analysis and comprehension of customer 

experiences is eliminated. 

The second dataset was used for the experimental process. In this dataset, 200 customer 

reviews with the correct polarity label per class and 2 0 0  customer reviews with incorrect 

polarity label per class were provided.  It is noted that customer reviews with incorrect polarity 

label are also given the correct polarity class by the domain expert as well, where it might be 

used as the ground truth.  To generate a training set, we randomly selected customer reviews 

from each class using ratios of customer reviews with correct polarity and customer reviews 
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with incorrect polarity for a binary-class classification as 10 :5 , 10 :4 , 10 :3 , 10 :2  and 10 :1 , 

respectively. This dataset is used in the experimental stage. 

The third dataset is used as test set.  Similar to the first dataset, 200  customer reviews 

with rating scores 1 and 2 were assigned to the negative class, while 200 customer reviews with 

rating scores 4 and 5 were assigned to the positive class. These customers’ reviews were noisy 

labels because the contents were inconsistent with the original rating scores.  Therefore, when 

assigning them to positive or negative classes based on their rating scores, these customer 

reviews could be assigned to the wrong polarity class.  Thus, two linguistic experts also helped 

to validate and assign the correct label for the customer reviews in this dataset as the ground 

truth. It is noted that only the customer reviews for which the two experts had assigned the same 

result were chosen.  Some examples are shown as Table 3-1.  This dataset was used to test and 

consider the performance of noisy label correction of the predictive model generated from the 

first dataset.  Also, the third dataset was used to test and consider the performance of the 

predictive models generated from the second dataset, where it has a comparison between the 

predictive models generated from the second dataset without noise label improvement in 

training set and the predictive models generated from the second dataset with noise label 

improvement in training set.  

3.3 The Framework Overview  

      This section describes a proposed framework overview in this study (See in Figure 3-1) 

 

 

Figure 3-1 The Framework Overview 
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The first dataset is utilized to create the polarity label analyzer, which will be used to 

fix the label of the customer review.  The ensemble approach concept is responsible for the 

development of the polarity label analyzer.  The ensemble model is made up of machine 

learning, deep learning, and transformer learning classifier models. 

The second dataset is used to train machine learning and deep learning algorithms to 

model sentiment classifiers. The polarity label analyzer will then be utilized to improve the label 

of the customer review during the pre-processing text step.  In order to compare the outcomes, 

we will create sentiment classifiers using the second dataset that does not enhance the noisy 

label and sentiment classifiers with the second dataset that does improve the noisy label. 

After acquiring the sentiment classifier, the third dataset is used to evaluate the 

sentiment classifiers’  outputs.  It should be emphasized that we compared the sentiment 

classifiers’ results with the second dataset that did not improve the noisy label and the sentiment 

classifiers’ results with the second dataset that did improve the noisy label. 

3.4 Preliminary: Development of Polarity Label Analyzer 

This section describes a method for developing a predictive model to improve the 

quality of training sets by correcting polarity labels of customer reviews in the training set 

before the application of learning classification models.  The predictive model for correcting 

polarity labels is developed using sentence- level sentiment analysis.  By analyzing polarity of 

each sentence in a document and then concluding polarity class of that customer review by 

voting, this may help to assign a correct and appropriate polarity sentiment to a considering 

customer review.  This considers sentences that express a single opinion to define their 

orientation. On the other hand, the document-level sentiment analysis just determines the overall 

opinion of the document.  This could result in an erroneous reflection of the customer review's 

polarity sentiment.  

This stage used the first dataset to develop the predictive model, called “polarity label 

analyzer” .  We utilize the Natural Language Processing Toolkit (aka NLTK)  which is a Python 

package for developing the polarity label analyzer. Each processing step in the proposed method 

for developing polarity label analyzer can be described as follows and the overview of the 

method of developing the polarity label analyzer can be shown as Figure 3-2. 
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Figure 3-2 Development of Polarity Label Analyzer  

3.4.1 Pre-processing of Customer Reviews for Machine Learning 

Pre- processing involves converting raw data into a representation suitable for 

application. This process involves several steps: tokenization, text cleaning by removing special 

characters, conversion of all characters into lower case ( i.e.  “Happy”  to “happy” ) , expansion of 

contractions ( i.e.  “ isn’ t”  to “ is not” ) , expansion of abbreviations, stemming by the snowball 

technique, stop word removal, and finally feature selection.  The training set was then 

represented in the format of a vector space model (VSM) .  In this study, features in the context 

of sentiment analysis were words used for expressing opinions, either positive or negative.  As 

shown in Table 3-2, the review undergoes several pre-processing steps. 

Table 3-2 Example: Pre-processing of Customer Reviews for Machine Learning 

Processing Step Results 

Original Text I don’t like this Hotel. It is very dirty.  

tokenization I /don’t / like / this / Hotel / . / It / is / very / dirty /.  

removing special characters I /don’t / like / this / Hotel / It / is / very / dirty  

converting all characters into lower case  i /don’t / like / this / hotel / it / is / very / dirty  

stemming by the snowball i / do / not / like / thi / Hotel / it / is / very / dirty  

stop word removal Hotel / dirty  
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To obtain the most appropriate words for predictive modeling, we applied the filter 

method to select features based on information gain (IG) [82] .  If words having IG scores are 

greater than or equal to 0.05, these words are chosen as features. Each selected word (or feature) 

is then weighted by the term frequency-inverse document frequency (tf-idf) scheme. [45][46]The 

term frequency (tf) can be defined as tf(wi, dj), where it is the number of times that word wi appears 

in customer review document dj. To normalize the tf, the equation of tf should be: 

( , ) log(1 ( , ))i j i jtf w d tf w d 
 

(3.1) 

Meanwhile, idf(wi)  is a frequently appeared word wi in a customer review collection. 

The equation of idf(wi) can be defined as: 

| |
( ) log(1 )

( )
i

i

D
idf w

df w
 

 
(3.2) 

In this study, |D| is the total number of customer reviews in the entire customer review 

collection, while df(wi) is the number of customer reviews in the collection containing word wi. 

In fact, idf(wi) is generally used to evaluate the importance of a word to the collection, by giving 

the reliable weight score to the rare word. 

3.4.2 Pre-processing of Customer Reviews For CNN 

The pre-processing of customer reviews for CNN involves a series of steps designed to 

transform raw textual data into a structured representation suitable for deep learning.  The 

process begins with tokenization, where each review is broken down into individual words or 

subwords, ensuring that the model can effectively analyze linguistic patterns.  This is followed 

by text cleaning, which involves removing special characters, punctuation, and unnecessary 

whitespace to eliminate noise that could interfere with feature extraction.  To maintain 

consistency in text representation, all characters are converted to lowercase, standardizing 

words regardless of their original casing. 

Further refinement is performed by expanding contractions, such as converting “ isn’t” 

to “ is not,”  and resolving common abbreviations, ensuring that words are represented in their 

full form for better semantic understanding.  Stemming is then applied using the Snowball 

technique, reducing words to their root forms, which helps in handling variations of the same 
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word. Stop words, such as “the,” “is,” and “but,” which do not contribute meaningful information 

to sentiment analysis, are removed to enhance the efficiency of the learning model. 

Once text normalization is complete, the processed words are transformed into 

numerical representations suitable for CNN.  This is achieved through word embeddings.  This 

study applied Word2Vec as word embedding technique, which capture semantic relationships 

between words by mapping them into high-dimensional vector spaces.  The embedding layer 

plays a crucial role in enabling the CNN model to learn contextual meanings from textual data. 

To ensure uniform input length, padding and truncation are applied, where shorter reviews are 

padded with zeros and longer ones are truncated to a fixed length, maintaining consistency in 

input dimensions. 

Finally, the transformed data is structured into a format that can be efficiently processed 

by the convolutional layers.  The sequence of word embeddings is arranged as a matrix, where 

each row corresponds to a word's vector representation, allowing the convolutional filters to 

detect sentiment- related patterns across different n- gram structures.  By applying this 

comprehensive pre-processing pipeline, the CNN model is equipped with well-structured and 

meaningful textual representations, ensuring optimal performance in sentiment classification 

tasks.  As presented in Table 3- 3, the pre- processing steps for CNN include additional 

transformation into word embeddings. 

 

 

 

 

 

 

 

 

Table 3-3 Example: Pre-processing of Customer Reviews for CNN 

Processing Step Results 

Original Text I don’t like this Hotel. It is very dirty.  

tokenization I /don’t / like / this / Hotel / . / It / is / very / dirty /.  

removing special characters I /don’t / like / this / Hotel / It / is / very / dirty  
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converting all characters into lower 

case  

i /don’t / like / this / hotel / it / is / very / dirty  

stemming by the snowball i / do / not / like / thi / Hotel / it / is / very / dirty  

stop word removal Hotel / dirty  

Word Embedding [ [ 0. 12, - 0. 34, . . . , 0. 08] , . . . , [ 0, 0, . . . , 0] ]  ( 10 × 

embedding_dim) 

3.4.3 Pre-processing of Customer Reviews For BERT Base 

The pre-processing of customer reviews for BERT Base follows a structured approach 

to ensure that the input data aligns with the model’ s requirements while preserving the 

contextual relationships between words. The process begins with tokenization, which is handled 

by BERT’s WordPiece tokenizer.  Unlike traditional tokenization methods that split text into 

words or characters, WordPiece breaks words into subword units, ensuring that rare or out-of-

vocabulary words can still be effectively represented. This tokenization approach enables BERT 

to handle a wide range of linguistic variations while maintaining the integrity of contextual 

meaning. 

Following tokenization, each review is converted into a sequence of token IDs based 

on BERT’s pre-trained vocabulary.  Special tokens, such as [CLS] and [SEP], are inserted at the 

beginning and end of each review, respectively.  The [CLS]  token serves as a representation of 

the entire input sequence and is particularly important for classification tasks, while the [SEP] 

token marks the boundary between different text segments, facilitating tasks that require 

sentence-pair classification. 

To ensure uniform input representation, each tokenized sequence is padded or truncated 

to a fixed length, aligning with BERT’s maximum input sequence constraint, typically 512 

tokens.  Padding is applied using a special [PAD]  token, and attention masks are generated to 

differentiate actual tokens from padding tokens, ensuring that BERT focuses only on 

meaningful content during training and inference.  Additionally, position embeddings are 

incorporated to help the model retain information about the relative positioning of words within 

the sequence, which is crucial for capturing long-range dependencies in textual data. As shown 

in Figure 3-3 , BERT Base consists of multiple transformer encoder layers that process input 

tokens in parallel to capture contextual relationships. 
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Figure 3-3 The overview of the BERT Base model employed in this research. 

Moreover, each token is assigned a segment ID, which allows BERT to distinguish 

between multiple input sequences when handling tasks such as next-sentence prediction.  Since 

sentiment classification involves single text inputs rather than sentence pairs, all tokens in a 

given review are assigned the same segment ID.  Finally, the pre-processed data is structured 

into a format compatible with BERT’ s input requirements, including token IDs, attention 

masks, and segment IDs, ensuring that the model can effectively leverage its deep 

contextualized embeddings to capture nuanced sentiment expressions.  Through this pre-

processing pipeline, BERT Base is equipped with a well-structured representation of customer 

reviews, enabling it to analyze sentiment with high accuracy while preserving the rich 

contextual relationships inherent in natural language.  Table 3-4 presents an example of how 

customer review data is pre-processed specifically for input into a BERT Base model, including 

token ID conversion and sequence padding. 
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Table 3-4 Example: Pre-processing of Customer Reviews for Bert 

Step Description Example Output 

1. Original Text Raw customer 

review 

"I don’t like this Hotel. It is very dirty." 

2. Lowercasing (if using 

BERT uncased) 

Convert all text to 

lowercase 

"i don’t like this hotel. it is very dirty." 

3. WordPiece 

Tokenization 

BERT’s tokenizer 

splits text into 

subwords 

["i", "don", "’", "t", "like", "this", "hotel", ".", 

"it", "is", "very", "dirty", "."] 

4. Add Special Tokens Insert [CLS] at the 

beginning and [SEP] 
at the end 

["[CLS]", "i", "don", "’", "t", "like", "this", 

"hotel", ".", "it", "is", "very", "dirty", ".", 

"[SEP]"] 

5. Convert to Token IDs Convert tokens to 

IDs using BERT’s 

vocabulary 

[101, 1045, 2123, 1521, 1056, 2066, 

2023, 5747, 1012, 2009, 2003, 2200, 

5958, 1012, 102] (example) 

6. Padding/Truncation Adjust to fixed 

length (e.g., 512 

tokens), pad with 

[PAD] if needed 

[101, ..., 102, 0, 0, ..., 0] (padded to 

length 512) 

7. Attention Mask 1 = actual token,  

0 = padding 

[1, 1, 1, ..., 1, 0, 0, ..., 0] (length 512) 

8. Segment IDs For single sentence 

tasks, all segment 

IDs = 0 

[0, 0, 0, ..., 0] (length 512) 

9. Position Embeddings Automatically added 

by BERT to preserve 

word order 

(Handled internally by the model) 

 

3.4.4 Analysis of Prediction Confidence using Standard Deviation 

To further enhance the reliability of the Polarity Label Analyzer, the prediction 

confidence for each sample was recorded during the noisy label detection process.  The 

confidence scores represent the model’s estimated probability that the assigned label is correct. 

In addition to applying a confidence threshold for correction decisions, the Standard Deviation 

(SD) of the confidence scores within the predicted noisy set was computed. A low SD indicates 

consistent model certainty across the corrected samples, while a high SD suggests variability 
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and potential uncertainty in the analyzer’s predictions.  The SD is calculated by the following 

formula: 

 

(3.3) 

where 𝑝 𝑝  represents the confidence score of the 𝑝 -𝑝𝑝  prediction, and 𝑝̅  is the mean 

confidence score. This additional analysis allows for a better understanding of the robustness of 

the automatic label correction process. 

3.5 Fine-tuning Hyperparameters for Sentiment Analysis Model Development 

When developing a text classification model for sentiment analysis using various 

machine learning and deep learning algorithms such as K- Nearest Neighbors, Logistic 

Regression, Random Forest, Multinomial Naïve Bayes, Support Vector Machine with a linear 

kernel, Convolutional Neural Networks (CNN), and BERT it is essential to carefully select and 

fine-tune their hyperparameters. Proper hyperparameter tuning ensures that each model achieves 

optimal performance in terms of accuracy, precision, recall, and overall generalization to 

unseen data.  Different algorithms require different hyperparameters for example, K-Nearest 

Neighbors depends on the choice of 𝑝 , SVM is sensitive to the regularization parameter, and 

deep learning models like CNN and BERT require tuning of learning rates, batch sizes, and the 

number of training epochs.  Without appropriate hyperparameter optimization, models may 

suffer from underfitting or overfitting, leading to suboptimal classification results.  Therefore, 

selecting the most suitable hyperparameter values is a critical step in building an effective 

sentiment analysis model. 

3.5.1 Fine-tuning Hyperparameters for KNN 

For sentiment classification using KNN the key hyperparameters you need to optimize 

using Grid Search are 

1. Number of Neighbors (n_neighbors) It is a fundamental hyperparameter in the 

KNN algorithm, determining how many of the closest training samples should be considered 

when making a classification decision. Selecting an appropriate value for n_neighbors is crucial, 

as it directly influences the model’s performance in terms of accuracy, generalization, and 

sensitivity to noise. Common values to test using n_neighbors are (3, 5, 7, 9, 11, 15, 21). 
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Smaller values, such as 3, 5, or 7 allow the model to capture more localized 

patterns in the data, making it highly responsive to variations within different regions of the 

feature space. This can be particularly beneficial when working with datasets that contain well-

separated classes or subtle distinctions between sentiment labels.  However, using a very low 

number of neighbors can also make the model more sensitive to noise, leading to overfitting, 

where it memorizes the training data rather than generalizing effectively to unseen instances. 

On the other hand, larger values, such as 11, 15, or 21, result in a smoother 

decision boundary by considering a broader set of neighbors when making predictions.  This 

helps reduce the model’ s sensitivity to individual noisy samples and prevents overfitting. 

However, if n_neighbors is set too high, the model may become overly generalized, failing to 

recognize important local variations in sentiment patterns, which could lead to underfitting.  In 

such cases, the classifier may struggle to correctly differentiate between closely related classes, 

as the decision boundaries become less distinct. 

To determine the optimal value for n_neighbors, it is recommended to 

experiment with a range of values using techniques such as grid search or random search, 

combined with cross- validation ( e. g. , 10- fold cross- validation) .  By systematically testing 

different settings, one can identify the balance between capturing fine-grained distinctions in 

sentiment and ensuring overall model stability and generalization to unseen data.  Ultimately, 

the choice of n_neighbors should be guided by the characteristics of the dataset, including its 

size, class distribution, and potential presence of noise. 

2. Distance Metric (metric)  It is a crucial hyperparameter in the KNN algorithm, 

as it defines how the distance between data points is measured.  The choice of distance metric 

significantly impacts the model’s performance, influencing how neighbors are determined and, 

consequently, how classifications are made.  Common metrics are [ ‘euclidean’ , ‘manhattan’, 

‘minkowski’ ] .  Euclidean distance is the default and most widely used distance metric, as it 

measures the straight-line distance between two points in a multi-dimensional space. Its intuitive 

nature and effectiveness make it a strong choice for many classification tasks, particularly when 

the dataset consists of continuous numerical features that are evenly scaled.  In sentiment 

analysis, Euclidean distance is well- suited for working with text embeddings, where word 

vectors are distributed in a continuous vector space.  This study selects Euclidean distance for 

its ability to directly measure similarity between embeddings based on their spatial 
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relationships. Its efficiency and robustness, especially when features are properly scaled, allow 

KNN to effectively capture relationships between sentiment categories without being overly 

sensitive to high-dimensionality issues. 

3. Weight Function (weights) The weight function (weights) in the KNN algorithm 

determines how much influence each neighbor has when making a classification decision. This 

parameter plays a crucial role in shaping the decision boundary and overall model performance, 

particularly when dealing with datasets that contain varying distributions of data points.  There 

are two commonly used weighting strategies: uniform and distance-based weighting.  

In the uniform weighting approach, all neighbors contribute equally to the 

classification decision, regardless of their distance from the query point.  This method works 

well when data points are evenly distributed, and there is no significant variation in density 

across different regions of the feature space.  Since each neighbor carries the same weight, the 

classification is determined purely by the majority vote among the nearest neighbors. 

On the other hand, the distance- based weighting method assigns higher 

influence to closer neighbors while reducing the impact of those that are farther away.  This 

approach is particularly beneficial when data points are not uniformly distributed, as it helps 

mitigate the effect of distant and potentially less relevant neighbors.  By prioritizing closer 

neighbors, the model can make more informed and contextually appropriate classification 

decisions, especially in cases where sentiment expressions vary based on subtle contextual 

differences. 

For this study, distance- based weighting is chosen because sentiment 

classification often involves text embeddings or feature representations where words with 

similar meanings tend to be positioned closer in vector space.  Giving greater importance to 

closer neighbors ensures that the model captures finer nuances in sentiment classification, 

leading to more accurate predictions.  Additionally, distance-based weighting helps prevent 

classification errors that may arise from noisy or irrelevant neighbors, particularly in high-

dimensional spaces where the distribution of sentiment categories may vary significantly.  By 

leveraging the proximity-based influence of neighbors, this approach enhances the model's 

ability to distinguish between closely related sentiment classes, ultimately improving 

classification performance. 
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4. Algorithm for Finding Neighbors (algorithm)The neighbor search algorithm 

(algorithm)  in the KNN model determines how the nearest neighbors are identified during 

classification. Since KNN is a distance-based algorithm, efficiently finding the closest neighbors 

is crucial for maintaining both accuracy and computational efficiency, particularly when 

working with large datasets. Several search algorithms are available, including ‘auto’, ‘ball_tree’, 

and ‘kd_tree’.  

The ‘auto’  option allows the model to automatically select the most suitable 

search algorithm based on the characteristics of the dataset. This is particularly useful when the 

dataset's structure is not well understood beforehand, as it dynamically optimizes the search 

process for the best performance. 

The ‘ball_tree’ and ‘kd_tree’ methods are designed to speed up nearest-neighbor 

searches, especially for large datasets.  The kd- tree (k-dimensional tree)  algorithm efficiently 

organizes points in a structured manner, making it particularly effective for low-dimensional 

data, where it significantly reduces search time compared to brute-force methods.  Meanwhile, 

the ball- tree algorithm is more suitable for handling high-dimensional data, as it constructs 

hierarchical partitions in the feature space, improving search efficiency when Euclidean 

distance is used. 

For this study, the ‘ auto’  option is chosen because it allows the model to 

dynamically select the most efficient search method based on the dataset’ s size and 

dimensionality.  Given that sentiment classification using text embeddings results in high-

dimensional data, manually selecting between kd- tree and ball- tree may not always yield the 

best results. By using ‘auto’, the KNN algorithm can adaptively determine whether a tree-based 

approach will be beneficial or whether a brute-force method is more appropriate, ensuring an 

optimal balance between computational speed and classification accuracy.  This flexibility 

makes ‘auto’  the preferred choice, allowing the model to scale effectively while maintaining 

robust performance across different sentiment classification scenarios. 



 

 

 
 59 

3.5.2 Fine-tuning Hyperparameters for Logistic Regression 

For sentiment classification using Logistic Regression (LR) in Python, you need to tune 

several hyperparameters using Grid Search.  Below is a structured guide specifying each 

hyperparameter and its values for tuning. 

1. Regularization Strength (C)  One of the most critical hyperparameters is C, 

which controls the inverse of the regularization term.  Regularization prevents the model from 

becoming too complex, helping to avoid overfitting. A lower value of C (e.g., 0.0001, 0.001, or 

0.01) enforces stronger regularization, encouraging simpler models that generalize well but may 

suffer from underfitting. In contrast, a higher value of C (e.g., 10 or 100) weakens regularization, 

allowing the model to fit the training data more closely but increasing the risk of overfitting. 

For sentiment classification, a balanced approach is necessary, making it useful to experiment 

with a range of values such as [0.0001, 0.001, 0.01, 0.1, 1, 10, 100]  to find the optimal setting. 

In this study, the most suitable value of C is 0.01 because it enforces sufficient regularization, 

preventing the model from overfitting while still allowing it to learn meaningful patterns. 

2. Regularization Type (penalty)  -  The regularization type (penalty)  determines 

how regularization is applied to the model. L1 (Lasso) regularization helps with feature selection 

by forcing some feature coefficients to be exactly zero, which is beneficial for high-dimensional 

and sparse datasets, such as those represented using word embeddings or TF-IDF.  L2 (Ridge) 

regularization prevents overfitting by penalizing large coefficients, making it the most 

commonly used choice for Logistic Regression. ElasticNet combines both L1 and L2 penalties, 

making it particularly useful when working with highly correlated features. If no regularization 

(None) is applied, the model may overfit, especially when working with large feature sets. Since 

sentiment classification often involves high-dimensional text representations, L2 is the most 

suitable choice. 

3. Solver (solver)  -  The solver (solver)  defines the optimization algorithm used to 

fit the Logistic Regression model. ‘liblinear’ is well-suited for smaller datasets and supports both 

L1 and L2 regularization, making it a reliable choice when working with limited data. ‘lbfgs’ is 

a more advanced solver recommended for multi-class classification problems and supports L2 

regularization.  ‘saga’  is particularly useful for large-scale datasets, as it efficiently handles L1, 

L2, and ElasticNet regularization.  Finally, ‘newton-cg’  is an alternative that performs well for 
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L2-regularized models when working with large datasets.  Given the nature of this sentiment 

classification, ‘ lbfgs’  is chosen because it provides scalability and robust optimization for a 

variety of dataset sizes. 

4. Maximum Number of Iterations (max_iter)  -  max_iter determines how many 

times the optimization algorithm will run until convergence.  If the number of iterations is too 

low, the model may fail to converge, leading to suboptimal results.  However, increasing the 

number of iterations significantly can slow down training without substantial performance 

improvements.  Testing values such as [100, 200, 300, 500, 1000]  helps ensure that the model 

reaches an optimal solution without unnecessary computational overhead.  For sentiment 

classification, max_iter is set to 300, especially when using solvers like ‘ lbfgs’  which may 

require more iterations for convergence. 

3.5.3 Fine-tuning Hyperparameters for Multinomial Naïve Bayes 

For sentiment classification using Multinomial Naïve Bayes (MNB) , you need to 

optimize key hyperparameters using Grid Search.  Below is a structured guide specifying each 

hyperparameter and its values for tuning.  

1. Smoothing Parameter (alpha) This parameter controls the extent of  

Laplace (or Lidstone) smoothing, which is applied to avoid zero probabilities for words that do 

not appear in the training data. Since Naïve Bayes relies on probability estimates, encountering 

a word in the test data that was not seen during training would lead to a probability of zero, 

causing the model to fail in making reasonable predictions.  By introducing smoothing, alpha 

ensures that all words have a small probability, preventing extreme biases caused by missing 

observations. 

For small values of alpha (e.g., 0.0001, 0.001, or 0.01), the model relies more on 

the observed word frequencies, giving more importance to words that appear frequently in the 

training data.  This is beneficial when working with large datasets that contain a sufficient 

number of word occurrences, as minimal smoothing preserves the strength of naturally 

occurring word distributions.  However, for small datasets, low alpha values may cause 

instability, as words that appear rarely or are missing from some classes may result in unreliable 

probability estimates. 

Conversely, larger values of alpha ( e. g. , 1, 5, or 10)  introduce stronger 

smoothing, reducing the impact of word frequency differences.  This approach is particularly 



 

 

 
 61 

beneficial when working with small or imbalanced datasets, where some words may be very 

rare but still meaningful for classification.  With higher smoothing, the model distributes 

probability more evenly across all words, helping prevent over- reliance on high- frequency 

words while ensuring that infrequent words contribute meaningfully to predictions.  However, 

excessive smoothing may dilute important signals in the data, reducing model sensitivity to key 

sentiment indicators. 

For sentiment classification, an alpha value in the range of 0.1 to 1 is generally 

recommended, as it provides a balance between preserving natural word distributions and 

preventing zero-probability issues.  If the dataset is small or contains many rare words, testing 

higher values ( e. g. , 1 or 2)  may be beneficial, while larger datasets with extensive word 

occurrences may perform well with lower values (e.g., 0.01 or 0.1). 

2. Fit Prior (fit_prior) – This parameter determines whether the model should  

learn class priors from the training data or assume a uniform class distribution. Setting fit_prior 

= True (the default setting) allows the model to learn class priors directly from the training data, 

which is useful when dealing with imbalanced datasets where one sentiment class (e.g., positive 

or negative) occurs more frequently than others. Learning the actual distribution of classes helps 

improve classification performance by adjusting probability estimates based on the natural 

prevalence of sentiments. 

On the other hand, setting fit_prior =  False assumes that all classes have equal 

probability, regardless of their actual distribution in the dataset.  This setting can be useful in 

cases where class distributions are artificially skewed due to dataset limitations, but it may lead 

to suboptimal performance if class imbalances exist in real- world data.  Since sentiment 

classification datasets often exhibit some level of imbalance, keeping  fit_prior =  True is 

generally the preferred choice, allowing the model to leverage observed class distributions for 

better predictions. 

For this study, an alpha value is set to 1 because the dataset used is quite small. 

Therefore, a larger alpha introduces stronger Laplace smoothing, ensuring that all words, even 

those rarely seen in the training set, are assigned a small probability.  This helps stabilize 

predictions and prevents the model from being overly confident about frequently occurring 

words while ignoring rare but meaningful words.  Additionally, fit_prior =  True is chosen to 
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ensure that if model adapts to class imbalances, this can help leading to more accurate sentiment 

predictions.  

3.5.4 Fine-tuning Hyperparameters for Random Forest 

For sentiment classification using Random Forest (RF) , you need to optimize several 

key hyperparameters using Grid Search.  Below is a structured guide specifying each 

hyperparameter and its values for tuning. 

1. Number of Trees (n_estimators) - One of the most critical hyperparameters is the 

number of trees (n_estimators) , which defines how many decision trees are included in the 

forest. A higher number of trees generally leads to more stable and accurate predictions as more 

diverse trees help reduce variance.  However, increasing this number also raises computation 

time and memory usage. Testing values such as 50, 100, 200, 300, and 500 helps find a balance 

between model stability and efficiency.  In practice, 200 to 300 trees are often sufficient for 

sentiment classification, while using 500 trees may provide minor improvements at the cost of 

higher computational expense.  

2. Maximum Depth of Trees (max_depth) - This parameter controls how deep each 

tree is allowed to grow before stopping. If the depth is too large or left as None (unlimited), trees 

can continue splitting until all leaf nodes are pure, leading to overfitting.  On the other hand, 

limiting the depth to smaller values such as 10 or 20 helps prevent overfitting by forcing trees 

to make decisions based on more generalized patterns rather than memorizing individual 

samples.  A good starting point for sentiment classification is max_depth =  20 or 30, as this 

usually balances complexity and generalization. 

3.  Minimum Samples per Leaf (min_samples_leaf)  -  Another key parameter is the 

minimum number of samples required at a leaf node (min_samples_leaf), which prevents trees 

from growing excessively deep.  If this value is too low (e.g. , 1 or 2) , the model may overfit, 

especially when working with high-dimensional sentiment features. Setting higher values like 5 

or 10 ensures that each leaf node contains a reasonable amount of data, improving 

generalization.  Since sentiment classification often involves a mix of common and rare words, 

min_samples_leaf =  5 is a strong choice to reduce noise while preserving meaningful 

distinctions. 



 

 

 
 63 

4.  Minimum Samples to Split ( min_samples_split)  -  The minimum number of 

samples required to split an internal node (min_samples_split) controls when a node is divided. 

If this value is too small, trees will continue splitting on minor variations in the data, leading to 

overfitting.  Increasing it to 5 or 10 encourages the model to consider more substantial splits, 

reducing sensitivity to noise and improving stability.  A typical choice for sentiment 

classification is min_samples_split = 5, as it helps capture meaningful sentiment-related patterns 

without excessive complexity. 

5. Maximum Features for Split (max_features) - The maximum number of features 

considered for each split (max_features)  determines how many features are randomly selected 

when a node is split.  This parameter controls the diversity of trees in the forest.  Using ‘sqrt’ 

(square root of total features, the default for classification)  ensures that trees rely on different 

subsets of features, improving model robustness.  The ‘ log2’  setting selects fewer features, 

further promoting randomness, while setting None allows all features to be considered, which 

can lead to overfitting in high-dimensional datasets.  For sentiment classification, ‘ sqrt’  is 

typically the best choice, as it balances accuracy and diversity while maintaining computational 

efficiency. 

6. Bootstrap Sampling (bootstrap) - Another important setting is bootstrap sampling 

(bootstrap) , which determines whether each tree is trained on a random sample of the dataset 

with replacement.  Setting bootstrap =  True (default)  improves generalization by introducing 

variability among trees, reducing overfitting.  If bootstrap =  False, each tree uses the entire 

dataset, leading to highly correlated trees and limiting the benefits of ensemble learning.  For 

sentiment classification, bootstrap =  True is generally preferred, as it increases model 

robustness by training trees on different subsets of text data. 

7.  Criterion (criterion)  -  The splitting criterion (criterion)  defines how the model 

measures the quality of splits.  The two most common options are ‘gini’  and ‘entropy’ .  ‘Gini’ 

(default) is computationally more efficient and measures impurity by evaluating how well each 

split separates the classes. ‘Entropy’, based on information gain, often results in slightly deeper 

trees but can perform better when working with highly imbalanced data.  Since sentiment 

classification typically involves three or more sentiment categories (e.g., positive and negative), 

‘gini’ was chosen for this study, though ‘gini’ is often the preferred default due to its speed. 
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In this study for sentiment classification using Random Forest with a small 

dataset, the most suitable hyperparameter values are n_estimators =  100, max_depth =  15, 

min_samples_leaf =  5, min_samples_split =  5, max_features =  ‘sqrt’ , bootstrap =  True, and 

criterion =  ‘ gini’  to balance generalization and prevent overfitting while maintaining 

computational efficiency. 

3.5.5 Fine-tuning Hyperparameters for SVM with Linear Kernel 

For sentiment classification using Support Vector Machine (SVM) with a linear kernel, 

hyperparameter tuning plays a crucial role in achieving optimal performance.  Since you are 

using Grid Search to find the best combination of hyperparameters, it is essential to define a 

range of values for each parameter systematically.  Below is a detailed explanation of each 

hyperparameter, along with recommended values for Grid Search. 

1. Regularization Parameter (C)  -  The C parameter in SVM with a linear kernel 

plays a crucial role in controlling the balance between maximizing the margin and minimizing 

classification error on the training data. It determines the trade-off between achieving a simpler 

decision boundary that generalizes well and allowing the model to fit the training data more 

closely. 

A small C value imposes stronger regularization, encouraging the SVM to 

maximize the margin even if it results in some misclassified training points. This helps prevent 

overfitting, ensuring that the model generalizes well to unseen data. However, if C is too small 

(e.g., 0.0001 – 0.01), the model may underfit, failing to capture meaningful patterns in the dataset. 

In contrast, a large C value reduces regularization, allowing the SVM to 

prioritize classifying training examples correctly, even if it results in a more complex decision 

boundary.  While this can improve training accuracy, it increases the risk of overfitting, 

especially when dealing with high-dimensional text data where noise and irrelevant features 

can mislead the classifier. If C is too large (e.g., 10 – 100), the model may become overly sensitive 

to small variations in the training set, leading to poor generalization. 

For grid search tuning, the recommended values for C range from 0.0001 to 

100, covering different levels of regularization: 

 Small C (0.0001 – 0.01) Strong regularization, simplifies the model,  

reduces overfitting, but may cause underfitting. 
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 Moderate C (0.1 – 1) Balances bias and variance, making it a strong starting  

point for text classification. 

 Large C (10 – 100) Weakens regularization, allowing the model to fit  

training data closely but increasing overfitting risk. 

For sentiment classification using SVM with a linear kernel, a moderate C 

value (0.1 or 1) is generally the best choice, as it provides a balance between maintaining a clear 

margin and ensuring the model learns meaningful sentiment patterns. However, the final choice 

should be determined through cross-validation, ensuring optimal performance based on the 

specific dataset characteristics. 

2. Loss Function ( loss)  The loss parameter in Support Vector Machines (SVM) 

with a linear kernel defines the type of loss function used during optimization. It directly impacts 

how the model handles misclassified points and how it adjusts the decision boundary during 

training.  The two common loss functions available for Linear SVM are hinge loss and squared 

hinge loss, each with its own advantages depending on the dataset characteristics and 

optimization method used. 

The hinge loss function, which is the default option, is the traditional loss 

function for SVMs.  It is designed to maximize the margin between classes while allowing for 

some misclassified points, as long as they do not fall within the margin. This results in a model 

that is more robust to outliers and maintains a well- defined margin between sentiment 

categories. One of its key advantages is that it works particularly well with sparse datasets, such 

as text classification tasks that use TF-IDF or bag-of-words representations, where most feature 

values are zero. Because text data is inherently high-dimensional and sparse, hinge loss is well-

suited for sentiment classification, ensuring that the model maintains good generalization while 

effectively separating sentiment classes. 

On the other hand, squared hinge loss is a modified version of hinge loss that 

squares the penalty for misclassified points. This means that it penalizes larger margin violations 

more heavily, making the optimization process more sensitive to misclassifications.  A key 

benefit of squared hinge loss is that it provides a smoother optimization landscape, making it 

more suitable when using gradient-based optimizers, such as Stochastic Gradient Descent 

(SGD) .  However, squared hinge loss often results in smaller margins, and in the case of text 
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classification, where noisy or irrelevant words can occasionally mislead the classifier, this can 

reduce the model’s ability to generalize effectively. 

For sentiment classification using SVM with a linear kernel, hinge loss is 

generally the preferred choice, as it is directly tied to margin maximization, which is the core 

principle of SVMs. Since text classification datasets, particularly those represented using sparse 

features, benefit from a well- defined separation between sentiment categories, hinge loss 

ensures that the model remains robust and interpretable.  Although squared hinge loss can be 

beneficial in some cases where smooth optimization is required, it is not necessary for most 

sentiment classification tasks, where the priority is maximizing the decision margin rather than 

fine-tuning gradient-based optimization. 

Thus, for grid search tuning, the recommended values for the loss parameter 

are [‘hinge’, ‘squared_hinge’], but for sentiment classification, hinge loss should be prioritized 

due to its better handling of sparse data, strong generalization ability, and direct connection to 

maximizing class separation margins. 

3. Dual Optimization Formulation (dual) The dual parameter in SVM with a linear 

kernel determines whether the optimization problem is solved in its dual form or primal form, 

impacting computational efficiency and scalability. The choice between these two formulations 

depends on the relationship between the number of features (n_features)  and the number of 

training samples (n_samples) in the dataset. 

When dual =True, the model solves the dual optimization problem, which is 

advantageous when the number of features ( n_features)  exceeds the number of samples 

(n_samples) .  This is particularly relevant in text classification, where datasets often consist of 

high-dimensional feature representations, such as TF- IDF or bag-of-words models.  These 

representations generate thousands of features from a relatively small number of training 

samples, making the dual formulation computationally more efficient.  Since SVMs inherently 

rely on maximizing the margin while considering constraints for each data point, using the dual 

formulation allows the model to handle large feature spaces efficiently without directly 

optimizing over the high-dimensional parameter space. 

Conversely, when dual =  False, the model solves the primal optimization 

problem, which is preferable when the number of samples (n_samples)  is greater than the 

number of features (n_features). In such cases, the primal form is computationally more efficient 
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because it directly minimizes the loss function in the original feature space rather than 

transforming it into a dual representation.  This approach is well-suited for datasets where the 

number of training samples significantly exceeds the number of extracted features, such as 

structured tabular data with relatively low feature dimensionality. 

For text classification, where TF- IDF leads to a large number of features 

relative to the number of training samples, setting dual = True is generally the preferred choice. 

This ensures that the optimization process is computationally efficient while effectively 

leveraging the high-dimensional feature space to achieve better separation of sentiment classes. 

However, if working with very large datasets where the number of training samples 

significantly exceeds the number of features (e.g. , datasets with millions of short text samples 

but only a few hundred numerical features), dual = False may be worth considering. 

For grid search tuning, the recommended values for the dual parameter are 

[ True, False] , but in the case of sentiment classification with TF- IDF or sparse feature 

representations, dual =  True is typically the best choice, as it ensures computational efficiency 

and better optimization performance in high-dimensional text spaces. 

4. Maximum Number of Iterations (max_iter)  -  The max_iter parameter in SVM 

with a linear kernel defines the maximum number of iterations the optimization algorithm will 

perform before stopping.  This parameter directly affects how long the model will continue 

refining its decision boundary before it either converges to an optimal solution or reaches the 

iteration limit and terminates early.  If the specified number of iterations is too low, the model 

may stop before fully optimizing, potentially leading to suboptimal classification performance. 

SVMs use iterative optimization methods, such as SGD or Coordinate Descent, 

to minimize the loss function and find the best hyperplane that separates sentiment categories. 

However, convergence the point at which additional iterations do not significantly improve the 

decision boundary depends on multiple factors, including dataset size, feature dimensionality, 

and class separability. If the algorithm does not converge within the given number of iterations, 

it may issue a convergence warning, indicating that the optimization process was incomplete 

and that increasing max_iter is necessary. 

 For grid search tuning, the recommended values for max_iter range from 1000 

to 10,000, ensuring that the optimizer has sufficient time to converge: 

 1000 – 3000 iterations are generally suitable for small to medium-sized  
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datasets, where the number of samples and feature dimensions are moderate. 

 5000 – 10,000 iterations are preferred for larger datasets with a high number  

of features, such as those using TF- IDF, where optimization may take longer due to the 

complexity of the feature space. 

For sentiment classification using SVM with a linear kernel, where text data 

often results in high-dimensional representations, a higher max_iter value (e.g., 3000 to 5000) is 

typically recommended to ensure the optimization process fully converges.  If convergence 

warnings occur, increasing max_iter further to 10,000 may be necessary to allow the algorithm 

more iterations to reach an optimal solution. However, setting this parameter too high may lead 

to unnecessarily long training times without significant improvements, so it is best to monitor 

convergence behavior and adjust accordingly based on dataset characteristics. 

5. Class Weight (class_weight) - The class_weight parameter in SVM with a linear 

kernel is crucial for handling imbalanced datasets, where one sentiment class (e.g., positive) may 

have significantly more samples than another (e.g. , negative or neutral) .  When a dataset is 

imbalanced, the classifier tends to favor the majority class, leading to biased predictions and 

poor generalization, particularly for the underrepresented sentiment classes.  By adjusting the 

class weights, the model ensures that all sentiment categories contribute meaningfully to the 

classification decision, improving its ability to detect minority classes. 

There are two primary options for class_weight:  None and ‘balanced’ .  The 

default setting, None, assigns equal weight to all classes, meaning that the model treats each 

sentiment category as if they were equally represented in the training data.  While this works 

well for balanced datasets, it can lead to poor classification performance in cases where one 

class is significantly underrepresented, as the model may simply predict the majority class most 

of the time. 

On the other hand, setting class_weight =  ‘balanced’  instructs the model to 

automatically adjust class weights based on their frequencies in the training data.  This means 

that the algorithm gives higher importance to the minority class and reduces the dominance of 

the majority class, thereby improving recall and overall performance for underrepresented 

sentiments.  This adjustment helps the model learn to differentiate sentiment classes more 

effectively, rather than being biased toward the most frequent class. 
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For grid search tuning, the recommended values for class_weight are [None, 

‘ balanced’ ] , allowing the model to determine whether weighting adjustments improve 

classification performance.  However, in sentiment classification tasks with imbalanced 

datasets, using class_weight =  ‘balanced’  is generally the preferred choice, as it helps mitigate 

class dominance and ensures that the classifier makes fair and accurate predictions across all 

sentiment categories. If the dataset is already well-balanced, using the default None setting may 

suffice, but for real-world sentiment datasets—where imbalance is common—enabling ‘balanced’ 

weighting can lead to more reliable and generalizable sentiment classification results. 

6. Tolerance for Stopping Criteria (tol)  -  The tol parameter in SVM with a linear 

kernel controls the tolerance for stopping criteria, determining how precise the optimization 

process must be before terminating.  This parameter affects both training time and model 

accuracy, as it dictates when the algorithm considers the optimization problem sufficiently 

solved. 

A smaller tolerance value (tol) forces the optimizer to continue iterating until it 

finds a more precise solution, ensuring a well-optimized decision boundary. This leads to higher 

accuracy, particularly in complex sentiment classification tasks where fine-grained distinctions 

between sentiment categories are important.  However, setting tol too low can significantly 

increase computational time, as the model will continue iterating even if the performance 

improvement is minimal. 

Conversely, a larger tolerance value (e.g., 1e-3 or 1e-2)  allows the optimizer to 

stop earlier, which speeds up training but may sacrifice some accuracy. This can be useful when 

working with large datasets or when convergence issues arise, as increasing tol helps prevent 

the model from getting stuck in excessively long optimization cycles. However, if tol is set too 

high, the model may stop before fully optimizing the decision boundary, leading to suboptimal 

classification performance. For grid search tuning, the recommended values for tol are [1e-4, 1e-

3, 1e-2]: 

 1e-4 (default): Standard precision, providing a good balance between  

accuracy and training efficiency. 

 1e-3 or 1e-2: Looser stopping criteria, which speeds up training but may  

slightly reduce accuracy. 
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For sentiment classification using SVM with a linear kernel, the default setting 

of 1e-4 is generally the best choice, as it ensures sufficient optimization without excessive 

computational overhead. However, if the model takes too long to converge, increasing tol to 1e-

3 may help reduce training time while maintaining reasonable accuracy.  Setting tol to 1e-2 

should only be considered if faster training is a priority and minor accuracy trade-offs are 

acceptable. 

In summary for sentiment classification using SVM with a linear kernel on a 

small dataset, selecting appropriate hyperparameters is crucial to balance generalization and 

computational efficiency while preventing overfitting.  A C parameter of 0. 1 or 1 is 

recommended, as it provides a good trade-off between model complexity and generalization. 

Since smaller datasets require sufficient optimization time, setting max_iter between 3000 and 

5000 ensures that the model converges properly without excessive computation. The tol should 

be 1e-4, as it maintains optimization precision, though increasing it slightly to 1e-3 may be 

beneficial if the model experiences convergence issues.  For the loss function, hinge loss is 

preferred, as it directly maximizes the margin and performs well with sparse representations 

such as TF-IDF, which are common in text classification.  Given that small datasets often have 

more features than samples, enabling the dual optimization formulation (dual=True)  ensures 

computational efficiency and stability in solving the optimization problem.  Since sentiment 

datasets are often imbalanced, setting class_weight to ‘balanced’ helps prevent bias toward the 

majority class, improving recall for underrepresented sentiment categories.  With these 

hyperparameter choices, the model can achieve better generalization while maintaining 

computational efficiency, ensuring robust sentiment classification even with limited training 

data. 

3.5.6 Fine-tuning Hyperparameters for CNN 

When developing a sentiment classification model using Convolutional Neural 

Networks (CNN) with a small dataset, hyperparameter tuning is crucial to optimize performance. 

CNNs are commonly used for text classification tasks because they can capture local patterns 

and dependencies in text via convolutional filters. However, when working with a small dataset, 

certain hyperparameter choices can help prevent overfitting and improve generalization. Below 
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is a detailed breakdown of the key hyperparameters to tune using Grid Search, along with 

recommended values. 

1. Embedding Representation (embedding_dim)  In CNNs for text classify-cation, 

the embedding layer plays a crucial role in converting words into dense vector representations, 

allowing the model to capture semantic meanings effectively.  The embedding dimension 

(embedding_dim)  determines the size of these word vectors, directly impacting the model’s 

ability to learn meaningful representations while balancing computational efficiency. For small 

datasets, using a lower-dimensional representation, such as 50 or 100, helps prevent overfitting 

while still capturing essential word relationships.  On the other hand, higher dimensions, such 

as 200 or 300, are beneficial when working with larger datasets or pre-trained embeddings like 

Word2Vec or GloVe, as they allow for more nuanced representations of words.  Given the 

constraints of a small dataset, setting embedding_dim =  100 is a reasonable starting point, 

ensuring that the model captures sufficient semantic information without introducing excessive 

complexity. 

2. Number of Convolutional Filters ( filters)  In CNNs for text classification, the 

number of convolutional filters determines how many feature detectors are applied in the 

convolutional layer, directly influencing the model’s ability to extract meaningful patterns from 

text data. A higher number of filters allows the model to capture more diverse features but also 

increases model complexity and the risk of overfitting, especially when working with a small 

dataset.  Using 32 filters is a suitable choice for small datasets as it maintains computational 

efficiency while still enabling the model to learn essential patterns.  Increasing the number of 

filters to 64 strikes a balance between extracting more features and maintaining efficiency, 

making it a strong intermediate choice.  While 128 filters can enhance feature learning, it may 

lead to overfitting when the dataset is small.  Given these considerations, using 32 or 64 filters 

is generally sufficient for sentiment classification on small datasets, ensuring the model 

effectively captures patterns while avoiding excessive complexity. 

3. Kernel Size (kernel_size)  In CNNs for text classification, the kernel size defines 

the width of the convolutional window, determining how many consecutive words are 

considered at once.  This parameter plays a crucial role in capturing semantic and syntactic 

structures in text. Smaller kernel sizes, such as 2, focus on short phrases and local dependencies, 
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making them useful for detecting small but significant patterns in sentiment expressions.  A 

kernel size of 3 is particularly effective in capturing common syntactic structures, as sentiment 

often depends on specific word order and phrase composition.  Larger kernel sizes, such as 5, 

allow the model to extract longer-range dependencies, making them useful for understanding 

broader sentiment patterns in longer phrases or sentences.  In sentiment classification, using a 

combination of 3 and 5 is often optimal, as it balances capturing both local and long-range 

dependencies, enabling the model to effectively understand sentiment expressed in different 

linguistic structures. 

4. Pooling Strategy ( pool_size)   In CNNs for text classification, the pooling 

strategy plays a vital role in reducing the size of feature maps, improving computational 

efficiency, and helping prevent overfitting.  By downsampling the extracted features, pooling 

ensures that the model focuses on the most relevant information while discarding less important 

details.  A pool size of 2 or 3 is commonly used in text classification, as it strikes a balance 

between preserving important features and reducing model complexity. A larger pool size, such 

as 5, can further aid generalization, especially when working with small datasets, by ensuring 

that the model does not overfit to fine-grained details in the training data. However, excessively 

large pool sizes may lead to the loss of crucial semantic information.  For sentiment 

classification, setting pool_size to 2 or 3 is generally recommended, as it allows the model to 

retain enough meaningful patterns while efficiently reducing computational overhead. 

5. Dropout Rate ( dropout)  In CNNs for text classification, dropout is a 

regularization technique designed to prevent overfitting by randomly deactivating neurons 

during training.  This helps improve the model’s generalization ability by reducing reliance on 

specific neurons and encouraging more robust feature learning.  The choice of dropout rate 

significantly impacts performance, particularly when working with small datasets, where 

excessive dropout can remove too much information and hinder learning.  A dropout rate 

between 0.2 and 0.3 is generally recommended, as it maintains enough useful features while 

still providing regularization benefits.  A higher dropout rate of 0.5, while effective for larger 

datasets, can be too aggressive for small datasets, potentially leading to underfitting.  For 

sentiment classification on small datasets, setting dropout =  0.2 or 0.3 strikes the right balance 

between preventing overfitting and preserving meaningful information. 
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6. Activation Function (activation)  In CNNs for text classification, the activation 

function introduces non- linearity, enabling the model to learn complex patterns and 

relationships in text data.  The choice of activation function significantly impacts the model’s 

training efficiency and ability to capture sentiment-related features.  ReLU (Rectified Linear 

Unit)  is the most commonly used activation function due to its ability to speed up training and 

mitigate the vanishing gradient problem, making it particularly effective for deep networks. 

However, for small datasets, where the amount of training data is limited, Tanh can be 

beneficial as it normalizes values between -1 and 1, helping the model learn representations 

more effectively when feature distributions vary.  While ReLU remains the standard choice for 

sentiment classification due to its efficiency, Tanh can be a useful alternative when working 

with small datasets, as it may help stabilize learning and improve feature extraction. 

7. Optimizer (optimizer)  In CNNs for text classification, the optimizer plays a 

crucial role in adjusting the model’s weights during training, directly influencing convergence 

speed and overall performance.  The choice of optimizer impacts how efficiently the model 

learns sentiment-related features, particularly when dealing with small datasets, where stability 

and generalization are key concerns. Adam is widely used as it combines the benefits of adaptive 

learning rates and momentum, making it robust across different datasets with minimal 

hyperparameter tuning.  RMSprop is particularly well- suited for small datasets, as it helps 

stabilize training by adapting learning rates dynamically, preventing drastic weight updates that 

could lead to divergence.  SGD with momentum is another option, often used for fine- tuning, 

but it requires careful tuning of learning rates and momentum parameters to achieve optimal 

performance.  Given these considerations, Adam or RMSprop is generally the best choice for 

small sentiment classification datasets, ensuring efficient and stable training while reducing the 

need for extensive hyperparameter tuning. 

8. Learning Rate (learning_rate)  In CNNs for text classification, the learning rate 

determines the step size for updating model weights during training, directly affecting how 

quickly and effectively the model converges.  Choosing an appropriate learning rate is crucial, 

especially when working with small datasets, where stability and generalization are key 

concerns. A learning rate between 0.0001 and 0.001 is generally recommended, as it works well 

with adaptive optimizers like Adam and RMSprop, ensuring gradual and stable weight updates. 

A higher learning rate, such as 0.01, may cause the model to converge too quickly or oscillate, 
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leading to instability and suboptimal performance.  For small sentiment classification datasets, 

setting the learning rate to 0.001 is a safe default, striking a balance between efficient learning 

and stable convergence. 

9. Batch Size (batch_size)   In CNNs for text classification, the batch size defines 

how many training samples are processed before updating the model’s weights. This parameter 

directly influences training stability, convergence speed, and generalization ability.  For small 

datasets, using a smaller batch size, such as 16 or 32, is recommended, as it allows the model 

to learn effectively from limited data while maintaining training stability.  A batch size of 64, 

while beneficial for larger datasets, can be too large for small datasets, leading to inefficient 

learning and potential overfitting. Using batch_size = 16 or 32 ensures that weight updates occur 

frequently enough to capture meaningful sentiment patterns while keeping training 

computationally efficient and well-balanced. 

10. Number of Training Epochs ( epochs)   In CNNs for text classification, the 

number of training epochs determines how many times the model processes the entire dataset, 

influencing both learning efficiency and generalization. For small datasets, training for 10 to 20 

epochs is typically sufficient, allowing the model to extract meaningful sentiment features 

without excessive training.  Increasing the number of epochs to 30 may further improve 

performance, but it also increases the risk of overfitting, especially when the dataset is limited. 

To prevent overfitting while maximizing learning efficiency, using early stopping is 

recommended, as it allows the model to stop training once validation performance stops 

improving.  This ensures that the model does not continue learning noise while maintaining 

optimal sentiment classification performance. 

3.5.7 Fine-tuning Hyperparameters for BERT base 

When developing a sentiment classification model using BERT Base with a small 

dataset, hyperparameter tuning is essential to achieve optimal performance while preventing 

overfitting.  BERT (Bidirectional Encoder Representations from Transformers)  is a large pre-

trained language model that performs well on various NLP tasks, including sentiment 

classification.  However, fine- tuning BERT on a small dataset requires careful selection of 

hyperparameters to balance performance and generalization. 

Below is a detailed explanation of the key hyperparameters that should be tuned using 

Grid Search, along with recommended values. 
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1. Learning Rate (learning_rate)In BERT fine-tuning, the learning rate is a critical 

hyperparameter that determines how much the model updates its parameters during training. 

Selecting an appropriate value is essential, as a learning rate that is too high can cause instability 

and prevent convergence, while a learning rate that is too low may slow down training and fail 

to adapt effectively to the dataset. For small datasets, a lower learning rate is generally preferred 

to prevent overfitting and ensure smooth learning. A learning rate of 1e-5 (0.00001) is well-suited 

for very small datasets, as it allows for gradual updates while maintaining model stability.  The 

default value of 2e-5 (0.00002) is often the best starting point for fine-tuning BERT, providing a 

balance between stability and efficient learning.  For datasets with more than 5,000 samples, 

increasing the learning rate to 3e-5 (0.00003)  can improve training speed, while 5e-5 (0.00005) 

may be beneficial for slightly larger small datasets but requires careful monitoring, such as 

early stopping, to avoid overfitting. For fine-tuning BERT on small datasets, setting the learning 

rate to 1e-5 or 2e-5 is usually the most reliable choice, ensuring stable convergence while 

preventing excessive weight updates. 

2. Batch Size (batch_size)   In BERT fine- tuning, the batch size determines how 

many training samples are processed before updating the model’s weights, directly impacting 

training efficiency and model generalization. Since BERT is highly memory-intensive, smaller 

batch sizes are generally preferred, especially when working with small datasets.  A batch size 

of 8 is ideal when GPU memory is limited, ensuring that training can proceed without memory 

overflow issues. A batch size of 16 is a balanced choice, commonly used in BERT fine-tuning, 

as it provides a good trade-off between computational efficiency and stable learning.  A batch 

size of 32, while feasible on systems with sufficient memory, may lead to overfitting when 

working with small datasets, as larger batches can reduce model generalization. For fine-tuning 

BERT on small datasets, setting the batch size to 8 or 16 is recommended, ensuring stable 

updates while keeping computational requirements manageable. 

3. Number of Epochs ( epochs)   In BERT fine- tuning, the number of epochs 

determines how many times the model processes the entire dataset, influencing both learning 

effectiveness and the risk of overfitting.  Since BERT is pre- trained, it generally requires fewer 

epochs than traditional deep learning models to achieve optimal performance.  For very small 

datasets (fewer than 1,000 samples) , 3 epochs is typically sufficient, ensuring that the model 

learns key patterns without overfitting. If additional training is needed, 4 epochs can be used to 
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refine performance while maintaining generalization.  For moderately small datasets (around 

5,000 samples) , increasing the epochs to 5 or 6 may be beneficial, but careful monitoring with 

early stopping is necessary to prevent overfitting. Given these considerations, 3 epochs are often 

the best choice for small datasets, providing a balanced approach to training stability and 

generalization. 

4. Maximum Sequence Length ( max_seq_length)   In BERT fine- tuning, the 

maximum sequence length (max_seq_length) defines how many tokens are considered for each 

input sample, directly impacting both model performance and computational efficiency.  Since 

BERT uses tokenized sequences, selecting an appropriate sequence length is crucial to ensure 

the model captures meaningful context without unnecessary memory overhead.  A sequence 

length of 64 is best suited for short text classification, such as tweets or very brief reviews.  A 

sequence length of 128 is the recommended standard for sentiment classification, as it 

effectively captures key sentiment indicators while maintaining efficient processing. For longer 

reviews or more detailed text, setting the sequence length to 256 may be beneficial, but it 

requires significantly more memory and computation.  For sentiment classification on a small 

dataset, 128 tokens is an optimal choice, providing a balance between capturing sufficient 

context and ensuring efficient model training. 

5. Warmup Steps ( warmup_steps)   In BERT fine- tuning, warmup steps 

(warmup_steps)  gradually increase the learning rate at the beginning of training, preventing 

sudden large updates that could lead to instability.  This technique is particularly useful for 

improving convergence, especially when training on small datasets, where the risk of 

overfitting and unstable weight updates is higher. Setting warmup_steps to 0 means no warmup, 

which may cause training instability, especially if the learning rate is relatively high. Using 500 

warmup steps is a good choice for very small datasets, as it helps the optimizer adjust smoothly 

and stabilize training.  For larger small datasets or when training for more than 4 epochs, 

increasing warmup steps to 1000 can further improve convergence. For sentiment classification 

on small datasets, 500 warmup steps is generally sufficient, ensuring a stable training process 

without excessively prolonging learning. 

6. Weight Decay ( weight_decay)   In BERT fine- tuning, weight decay 

(weight_decay)  is a regularization technique that helps prevent overfitting by discouraging 

excessively large model weights.  This is particularly important for small datasets, where the 
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risk of overfitting is high due to limited training examples. A weight decay of 0.01 is a standard 

choice, providing a balanced level of regularization that helps maintain generalization while 

allowing the model to learn effectively.  Increasing the value to 0. 1 applies stronger 

regularization, making it useful when training for more epochs, as it helps prevent the model 

from overfitting with prolonged exposure to the training data.  A weight decay of 0.3 enforces 

even stronger regularization, which may be beneficial for very small datasets, where the model 

could otherwise memorize training examples instead of learning general sentiment patterns. For 

sentiment classification on small datasets, 0.01 or 0.1 is generally recommended, ensuring a 

good balance between effective learning and overfitting prevention. 

7. Dropout Rate ( dropout)  In BERT fine- tuning, dropout is a regularization 

technique that helps prevent overfitting by randomly deactivating neurons during training, 

ensuring the model does not become overly dependent on specific features. Since small datasets 

are more prone to overfitting, selecting an appropriate dropout rate is essential to maintain 

generalization.  The default dropout rate of 0.1 provides minimal regularization, making it a 

suitable starting point for most fine- tuning tasks.  If signs of overfitting appear, increasing 

dropout to 0.2 can improve generalization by introducing more randomness into the network. 

For very small datasets, where overfitting is a major concern, setting dropout to 0. 3 is 

recommended to further prevent the model from memorizing training examples.  In sentiment 

classification on small datasets, starting with 0. 1 is reasonable, but if overfitting occurs, 

increasing it to 0.2 or 0.3 ensures more robust performance. 

8. Gradient Clipping (max_grad_norm)In BERT fine- tuning, gradient clipping 

(max_grad_norm)  is a technique used to prevent exploding gradients, which can destabilize 

training and lead to inefficient learning. This is particularly important when working with small 

datasets, where improper weight updates can quickly cause convergence issues.  A clipping 

value of 1.0 is the default and safest choice, as it conservatively limits gradient magnitudes 

while allowing stable training.  Increasing gradient clipping to 5.0 can be useful when the 

learning rate is high, helping the model maintain control over large updates without overly 

restricting learning.  A value of 10.0 offers more flexibility, allowing larger gradient updates, 

but it may introduce instability, particularly in small datasets where excessive updates can lead 

to overfitting or erratic convergence.  For sentiment classification on small datasets, setting 
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gradient clipping to 1.0 is the recommended approach, ensuring stable training while preventing 

abrupt weight changes that could negatively impact generalization. 

 

3.6 Experimental Setup 

In this stage, the third dataset was used for the experiment. Customer reviews with incorrect 

polarity labels were given the correct polarity class by the domain experts as the ground truth. 

The performances of predictive models developed using training sets that were not corrected 

for polarity class labels and predictive models developed using training sets that were corrected 

for polarity class labels were compared. 

3.6.1 Pre-processing 

There were two different stages of pre-processing for customer reviews (Figure 3.4). The 

first stage involved the pre-processing of the training set without correcting the polarity label. 

The second was about pre-processing the training set by correcting the polarity label based on 

the use of the polarity label analyzer.

 

Figure 3-4 An overview of experimental setup 

1) Pre-processing the training set without correcting the polarity label 

In general, the training set was first performed following the pre-processing  

process, commencing with tokenization, and then text cleaning to remove special characters, 

convert all letters to lower case, expand contractions and abbreviations, stem by the snowball 

technique, remove stop words, and lastly select features by IG.  Finally, the training set was 
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represented in VSM format, with each word (or feature)  weighted by the tf- idf scheme.  The 

process of modeling sentiment classifiers was then performed. 

2) Pre-processing the training set with correcting the polarity label 

Pre-processing the training set followed a similar method to pre-processing  

predictive models from the training set without correcting the polarity class labels.  However, 

before applying the learning sentiment classifier models, the training set was corrected for 

polarity class labels by the polarity label analyzer, in a process called “correcting noisy label” . 

After obtaining the improved training set with the corrected polarity class label, the improved 

training set was then given the new weight of each word using the tf- idf scheme, called “re-

weigting of term” .  This is because when documents are given a new class label, the documents 

in each class may also change accordingly. Therefore, the “words” used as document features of 

each class are subject to change. Furthermore, the weighting of the features needs to be updated 

to determine the actual weight of each feature that truly corresponds to the documents in each 

class. Afterwards, the process of modeling sentiment classifiers was then performed. 

3.6.2 Sentiment Classifier Modeling 

This research employs a diverse range of machine learning and deep learning models to 

develop a sentiment classifier, assessing their effectiveness in handling noisy labels in training 

data. The models applied in this study include K-Nearest Neighbors (KNN), Logistic Regression, 

Multinomial Naïve Bayes, Random Forest, Support Vector Machine (SVM)  with a Linear 

Kernel, Convolutional Neural Networks (CNN) , and BERT Base.  Each of these models offers 

unique strengths and challenges in sentiment classification, particularly when working with 

noisy and corrected labels.  The study explores how these models respond to corrected vs. 

uncorrected training data, evaluating their performance in terms of accuracy and F1-score. The 

following sections provide an in-depth discussion of how each model is applied and its role in 

this research. 

1. K-Nearest Neighbors (KNN) for Sentiment Classification - KNN, a distance-based 

classification algorithm, is used in this study to analyze sentiment by comparing the similarity 

of reviews within a labeled dataset. The model assigns sentiment polarity based on the majority 

vote of its nearest neighbors.  The study evaluates different values of k  =  9, observing how the 

selection of neighborhood size affects classification accuracy.  While KNN provides a 
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straightforward and interpretable approach, it is highly sensitive to label noise, as misclassified 

reviews can distort the local structure of sentiment clusters.  The research finds that after 

applying the Polarity Label Analyzer for label correction, KNN’ s performance improves 

significantly, confirming that reducing noise enhances the reliability of distance- based 

classifiers. 

2. Logistic Regression for Sentiment Analysis -  LR is applied as a probabilistic 

linear classifier, mapping textual features extracted from customer reviews to sentiment labels. 

The study employs TF-IDF representations to convert text into numerical features, allowing the 

logistic function to estimate the probability of positive or negative sentiment.  Logistic 

Regression demonstrates strong performance in this study, particularly in scenarios where the 

dataset is small and well-labeled. However, when trained on noisy labels, its decision boundary 

becomes less accurate, leading to misclassifications.  The study confirms that after applying 

label correction, Logistic Regression achieves higher accuracy and F1-scores, reinforcing the 

importance of clean training data in linear classification models. 

3. Multinomial Naïve Bayes (MNB) for Sentiment Classification - MNB is applied 

as a probabilistic model that assumes conditional independence of words, making it particularly 

effective for text classification tasks. The model calculates the likelihood of a review belonging 

to a sentiment class based on word distributions.  Due to its simplicity and efficiency, MNB is 

robust even in small datasets, making it an effective baseline for comparison with more complex 

models.  The study finds that Naïve Bayes is less affected by label noise compared to distance-

based models like KNN but still benefits significantly from corrected labels, as more accurate 

word distributions improve its probability estimates. 

4. Random Forest for Sentiment Analysis –  RF, an ensemble learning method, is 

used in this research to evaluate how decision trees handle sentiment classification.  By 

aggregating multiple decision trees, Random Forest enhances classification stability while 

mitigating overfitting. However, the study reveals that when label noise is present in the training 

data, Random Forest struggles to generalize effectively, as misclassified examples influence 

tree- splitting criteria.  After label correction, the model exhibits a notable improvement in 

accuracy and F1-score, confirming that cleaner training sets enable decision trees to capture 

meaningful sentiment patterns more effectively. 
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5. Support Vector Machine ( SVM)  with a Linear Kernel for Sentiment 

Classification - The study applies SVM with a linear kernel, a powerful model known for finding 

the maximum- margin hyperplane that best separates sentiment classes.  This model is 

particularly effective in high-dimensional text spaces, as it efficiently learns linear decision 

boundaries when combined with TF-IDF features. SVM performs exceptionally well compared 

to other traditional machine learning models, achieving one of the highest classification 

accuracies in the study.  However, when trained on noisy data, the decision boundary becomes 

less reliable, leading to reduced performance. The study finds that correcting label noise before 

training significantly improves SVM’ s classification results, reinforcing its sensitivity to 

training data quality. 

6. Convolutional Neural Networks (CNN)  for Sentiment Classification -  CNN is 

introduced in this research as a deep learning model designed to capture spatial hierarchies of 

sentiment patterns in text.  The study applies Word2Vec embeddings to transform customer 

reviews into numerical vector representations, allowing convolutional layers to detect 

sentiment- relevant features.  While CNN is typically powerful for text classification, its 

performance in this study is limited by dataset size. Deep learning models require large training 

sets to generalize effectively, and with a small dataset, CNN is more prone to overfitting. 

However, after applying noisy label correction, the CNN model improves, highlighting the 

importance of high-quality labeled data in deep learning approaches. 

BERT Base for Sentiment Classification - The most advanced model used in this study 

is BERT Base, a transformer-based model that leverages bidirectional contextual understanding 

to classify sentiment.  Unlike traditional machine learning models, BERT captures deep 

semantic relationships in text, making it exceptionally effective in sentiment classification. The 

research shows that even when trained on a small dataset, BERT outperforms all other models, 

achieving the highest accuracy and F1-score. However, like other deep learning models, BERT 

is highly sensitive to noisy labels. When trained on incorrectly labeled reviews, its performance 

declines, emphasizing the need for label correction before fine- tuning.  After applying the 

Polarity Label Analyzer, BERT’ s accuracy improves significantly, demonstrating that 

transformer-based models benefit the most from high-quality labeled training data.



 

 

 

Chapter 4  

Experimental Results and Discussion 

 

This study details two evaluation stages.  First, label noise correction performance was 

assessed to select the best predictive models for use in the next stage.  Second, the sentiment 

classification performance between predictive models developed using a training set that was 

not corrected for polarity class label and predictive models developed using a training set that 

was corrected for polarity class label was evaluated and compared using the polarity label 

analyzer. 

4.1 Optimal Fine-tuning Hyperparameters for Sentiment Analysis Model Development 

After determining the range of possible values for the hyperparameters of each 

algorithm—KNN, Logistic Regression, Multinomial Naïve Bayes, Random Forest, SVM with 

a Linear Kernel, CNN, and BERT Base—using Grid Search, we conducted a comparative 

evaluation of the hyperparameter values obtained.  Error! Reference source not found. 

presents the optimal hyperparameter values for each algorithm based on our experimental 

results. 

Table 4-1 Optimal Fine-tuning Hyperparameters for Sentiment Analysis Model Development 

Algorithms Hyperparameters Value 

KNN Number of Neighbors (k) 7, 9, 11 

Distance Metric (metric) cosine 

Weight Function (weights) distance 

Algorithm (algorithm) auto 

Leaf Size (leaf_size) 30 

Logistic Regression C (Regularization strength) 1.0 

penalty (Regularization type) L2 

solver (Algorithm) lbfgs  

(Limited-memory Broyden–

Fletcher–Goldfarb–Shanno) 

max_iter (Maximum iterations) 100 

tol (Tolerance) 1e-4 
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class_weight (Class weight) balanced 

multi_class (Multi-class strategy) auto 

intercept_scaling 1 

Table 4.1 (Cont’) 

Algorithms Hyperparameters Value 

Multinomial Naïve 

Bayes 
Smoothing (alpha) 1.0 

Learn class prior (fit_prior) True 

Class prior probabilities (class_prior) None 

Feature binarization threshold (binarize) 0.0 

Random Forest n_estimators 200 

max_depth 10  

min_samples_leaf  10 

min_samples_split 5 

max_features sqrt  

bootstrap True 

criterion gini 

SVM with Linear 

Kernel 

C (Regularization Parameter) 0.1 

max_iter (Max Iterations) 3000   

Tol (Tolerance for Stopping Criteria) 1e-4  

Loss (Loss Function) hinge 

Dula (Dual Optimization Formulation) True 

class_weight (Class Weight Adjustment) balanced 

CNN Embedding Dimension (embedding_dim) 100 

Number of Convolutional Filters (filters) 32 

Kernel Size (kernel_size) 5 

Pooling Size (pool_size) 3 

Dropout Rate (dropout) 0.2 

Activation Function (activation) ReLU  

Optimizer (optimizer) Adam 

Learning Rate (learning_rate) 0.001 
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Batch Size (batch_size) 32 

Number of Training Epochs (epochs) 10 

4.2 Evaluation of the Polarity Label Analyzer 

Three measurement techniques were applied to evaluate the performance of the polarity 

label analyzer as F1 , accuracy and AUC [40] [64] .  The highest scores of F1 and accuracy were 

selected as optimal for correcting polarity label noise in the next stage.  We set up our 

experiments with 10-fold cross-validation. A single subsample was retained as the validation set 

for testing the model, while the remaining 9 subsamples were used as training data. To increase 

the confidence of noisy label correction, the selected model was also tested by the second 

dataset. Experimental results are shown in Error! Reference source not found. 

Table 4-2 The experimental results of the polarity label analyzer 

Algorithms 

Evaluated by Validation Set 

F1 Accuracy AUC 

KNN (k = 7) 0.75 0.74 0.73 

KNN (k = 9) 0.78 0.78 0.76 

KNN (k = 11) 0.77 0.77 0.76 

Logistic Regression (LR) 0.87 0.87 0.85 

Multinomial Naïve Bayes (MNB) 0.89 0.89 0.88 

Random Forest (RF) 0.82 0.82 0.81 

SVM with Linear Kernel 0.92 0.91 0.91 

CNN 0.82 0.81 0.81 

BERT Base 0.95 0.94 0.94 

The experimental results provide valuable insights into the performance of different 

machine learning models for correcting noisy labels in sentiment classification.  Given that the 

dataset consists of only 1,000 hotel reviews, evenly divided between positive and negative 

classes, model performance is influenced by the dataset's size and the inherent mathematical 

properties of each algorithm. 

 KNN, a distance-based algorithm, demonstrates moderate performance across different 

values of k. While increasing k provides smoother decision boundaries and reduces overfitting, 

it can also lead to misclassification when important local structures are ignored.  The results 

indicate that KNN (k =  9)  achieves the highest performance among the tested KNN models, 



 

 

 
 85 

balancing bias and variance effectively.  However, the model remains limited by its sensitivity 

to class distributions, which can be particularly problematic given the small dataset size. 

 Logistic Regression, a linear model, performs significantly better than KNN, achieving 

an F1-score and accuracy of 0.87.  This is expected, as Logistic Regression optimally finds a 

linear decision boundary that separates the two sentiment classes.  The effectiveness of this 

model is enhanced by the dataset's feature representation, particularly when text features are 

transformed using TF-IDF weighting, which aligns well with the logistic function's probability 

estimation. 

Multinomial Naïve Bayes outperforms Logistic Regression, achieving an F1-score and 

accuracy of 0.89. The probabilistic nature of Naïve Bayes, which assumes feature independence, 

allows it to generalize well despite the small dataset. The smoothing parameter (α) plays a crucial 

role in handling unseen words, ensuring stable probability estimates.  This explains why Naïve 

Bayes remains a strong baseline for text classification tasks, even when deep learning models 

are considered. 

Random Forest, an ensemble of decision trees, achieves an F1-score and accuracy of 

0.82, which is lower than both Logistic Regression and Naïve Bayes.  While decision trees can 

effectively capture nonlinear relationships, Random Forest may suffer from reduced 

generalization when trained on limited data.  With a small dataset, the individual trees may not 

capture sufficient variance, leading to suboptimal performance compared to probabilistic 

models. 

SVM with a linear kernel achieves an F1- score, accuracy, and AUC of 0. 91, 

outperforming all traditional machine learning models.  This aligns with theoretical 

expectations, as SVM optimally finds the maximum-margin hyperplane, making it highly 

effective for high-dimensional sparse data, such as text.  The model benefits from the TF-IDF 

feature representation, which enhances the separability of sentiment classes. 

CNN, despite being a deep learning model, achieves an F1-score and accuracy of 0.82, 

matching Random Forest but falling behind SVM and Naïve Bayes.  CNN’s effectiveness is 

typically seen in large- scale datasets where hierarchical feature learning can fully capture 

complex patterns.  However, with a small dataset, CNN may not have sufficient data to learn 
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meaningful convolutional filters, resulting in limited performance improvement over traditional 

models. 

BERT, a transformer-based model, achieves the highest performance, with an F1-score 

of 0.95 and an accuracy of 0.94.  This result is expected given BERT’ s ability to capture 

contextual relationships between words through bidirectional attention.  Despite the small 

dataset, transfer learning enables BERT to leverage pre- trained knowledge, significantly 

enhancing its generalization.  However, fine- tuning on small datasets can introduce variance, 

meaning that BERT’s success is highly dependent on the quality of label corrections and pre-

training effectiveness. 

Overall, the results highlight the trade-off between model complexity and dataset size. 

Simpler models like Multinomial Naïve Bayes and Logistic Regression perform remarkably 

well given the small dataset, while SVM provides the strongest traditional machine learning 

baseline.  Deep learning models, particularly CNN, struggle due to data limitations, whereas 

BERT's transfer learning capability allows it to outperform all other models.  These findings 

suggest that when working with small datasets, traditional machine learning models remain 

competitive, but transformer-based models like BERT can significantly improve performance 

when fine-tuned effectively. 

The best predictive model as the polarity label analyzer was chosen and used for 

correcting customer reviews with noisy labels in the next stage. 

4.3 Evaluation of Sentiment Classifier Models by Test Set 

This stage evaluated and compared the performance of sentiment classification models 

trained on datasets with and without polarity label correction using the Polarity Label Analyzer. 

The evaluation was conducted using F1-score and accuracy, with the results presented in Table 

4-3 

It is important to note that the ratio of correctly labeled to noisy customer reviews in 

the training set was set at 10:1, 10:2, 10:3, 10:4, and 10:5, respectively. For instance, a 10:1 ratio 

means that out of 100 documents, 10 had incorrect labels, while a 10:2 ratio indicates that 20 

out of 100 documents were mislabeled.  Similarly, for 10:3, 10:4, and 10:5, the number of 

mislabeled documents increased to 30, 40, and 50, respectively, per 100 documents in the 

training set. 
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Table 4-3 The results of comparing the performance of sentiment classifiers. 

Algorithms 

Ratio of customer 

reviews with correct 

label and customer 

reviews with noisy label 

in training set 

Sentiment classifiers 

built by training set 

without correcting 

label noise 

Sentiment classifiers 

built by training set 

with correcting label 

noise 

F1 Accuracy F1 Accuracy 

KNN (k = 9) 10:1 0.65 0.65 0.74 0.74 

 10:2 0.62 0.63 0.72 0.72 

 10:3 0.59 0.58 0.70 0.71 

 10:4 0.55 0.55 0.69 0.70 

 10:5 0.52 0.51 0.69 0.70 

LR 10:1 0.70 0.70 0.77 0.78 

 10:2 0.67 0.67 0.77 0.78 

 10:3 0.62 0.62 0.75 0.75 

 10:4 0.61 0.61 0.73 0.73 

 10:5 0.57 0.57 0.73 0.73 

 

 

 

 

Table 4-3(Cont’) 

Algorithms Ratio of customer 

reviews with correct 

label and customer 

reviews with noisy 

label in training set 

Sentiment classifiers 

built by training set 

without correcting 

label noise 

Sentiment 

classifiers built by 

training set with 

correcting label 

noise 

F1 Accuracy F1 Accuracy 

MNB  10:1 0.71 0.71 0.79 0.79 

 10:2 0.69 0.69 0.79 0.79 

 10:3 0.62 0.62 0.77 0.77 
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 10:4 0.61 0.61 0.75 0.75 

 10:5 0.57 0.57 0.75 0.75 

RF 10:1 0.70 0.70 0.77 0.77 

 10:2 0.66 0.66 0.77 0.77 

 10:3 0.62 0.61 0.73 0.73 

 10:4 0.61 0.61 0.72 0.72 

 10:5 0.57 0.57 0.72 0.72 

SVM with linear 10:1 0.71 0.71 0.84 0.84 

 10:2 0.69 0.68 0.82 0.82 

 10:3 0.65 0.65 0.78 0.78 

 10:4 0.63 0.63 0.77 0.76 

 10:5 0.59 0.59 0.77 0.76 

CNN 10:1 0.70 0.70 0.77 0.77 

 10:2 0.66 0.66 0.77 0.77 

 10:3 0.62 0.61 0.73 0.73 

 10:4 0.61 0.61 0.72 0.72 

 10:5 0.57 0.57 0.72 0.72 

BERT base 10:1 0.75 0.75 0.94 0.94 

 10:2 0.72 0.72 0.94 0.94 

 10:3 0.72 0.72 0.94 0.94 

 10:4 0.70 0.70 0.92 0.92 

 10:5 0.70 0.70 0.92 0.92 

 

 

The experimental results provide a comprehensive comparison of sentiment 

classification models trained on datasets with and without polarity label correction. The findings 

clearly demonstrate the impact of correcting noisy labels, as all models exhibit significant 

improvements in performance when trained on datasets with corrected labels.  Moreover, the 
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results highlight differences in how each model handles label noise, which can be analyzed 

based on their underlying mathematical principles and model architectures. 

K-Nearest Neighbor (KNN) (k = 9), which relies on distance-based classification, showed 

notable sensitivity to label noise. Since KNN determines class labels based on the majority vote 

of nearby samples, mislabeled training examples can mislead its predictions, reducing overall 

accuracy.  Without label correction, its F1-score steadily declined from 0.65 at a 10:1 ratio to 

0.52 at a 10:5 ratio, confirming that increasing label noise degrades performance. However, after 

label correction, KNN’s F1-score improved across all ratios, peaking at 0.74 for the 10:1 ratio 

and maintaining a competitive score even at higher noise levels. This suggests that while KNN 

can be heavily affected by noisy data, it benefits substantially from a cleaner training set. 

Logistic Regression ( LR) , a probabilistic model that assumes a linear decision 

boundary, demonstrated robustness against moderate levels of noise but still suffered when 

noise increased. The model initially performed better than KNN, achieving an F1-score of 0.70 

without label correction at a 10:1 ratio.  However, as label noise increased, its performance 

gradually declined to 0.57 at a 10:5 ratio.  The introduction of label correction significantly 

boosted its performance, with an F1-score reaching 0.78 at a 10:1 ratio and maintaining 0.73 at 

a 10:5 ratio. This improvement is expected given that Logistic Regression optimizes a decision 

boundary using labeled examples; when noisy labels are present, the model’ s ability to 

generalize is compromised.  The corrected dataset allowed the model to better learn the true 

sentiment distinctions. 

Multinomial Naïve Bayes (MNB) , which is based on probabilistic word distributions, 

performed slightly better than Logistic Regression in most cases.  Without label correction, it 

initially achieved an F1-score of 0.71 at a 10:1 ratio, declining to 0.57 at a 10:5 ratio. However, 

after label correction, its performance consistently improved, peaking at 0.79 for the 10:1 ratio 

and maintaining an F1-score of 0.75 even at the highest noise level.  Given that Naïve Bayes 

assumes independence between words, its ability to handle label noise is linked to how well the 

noisy labels distort word distributions. The observed improvements suggest that label correction 

helped realign word distributions with their true sentiment classes, enabling the model to make 

more reliable predictions. 
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Random Forest (RF) , an ensemble-based classifier that leverages multiple decision 

trees, exhibited behavior similar to Logistic Regression but with greater resilience to increasing 

noise. Without label correction, the model achieved an F1-score of 0.70 at a 10:1 ratio, gradually 

decreasing to 0.57 at a 10:5 ratio.  With label correction, its F1-score improved to 0.77 at 10:1 

and remained stable at 0. 72 for higher noise levels.  Random Forest’ s ability to mitigate 

overfitting through averaging across decision trees likely contributed to its robustness, allowing 

it to perform well even with some degree of noise.  Nevertheless, the significant improvements 

after label correction indicate that, although relatively noise- tolerant, Random Forest still 

benefits from cleaner training data. 

Support Vector Machine (SVM)  with a linear kernel displayed superior performance 

among traditional classifiers. Without label correction, its F1-score started at 0.71 at a 10:1 ratio 

and declined to 0. 59 at a 10: 5 ratio.  With label correction, its performance significantly 

improved, reaching 0.84 at 10:1 and maintaining 0.77 at higher noise levels. The SVM model's 

advantage lies in its ability to define a maximum-margin hyperplane, which helps separate 

classes optimally in high- dimensional spaces.  However, when label noise is introduced, 

incorrect labels can distort the optimal boundary, leading to misclassifications.  The substantial 

performance gains after label correction suggest that SVM can effectively capture sentiment 

distinctions when trained on correctly labeled data. 

The Convolutional Neural Network (CNN)  model followed a similar pattern, with its 

F1-score starting at 0.70 without label correction and declining to 0.57 at a 10:5 ratio. After label 

correction, its performance rose to 0.77 at 10:1 and remained stable at 0.72 at the highest noise 

ratio.  CNN leverages convolutional layers to extract spatial hierarchies of features from text, 

making it effective at capturing local sentiment patterns.  However, when noisy labels disrupt 

training, CNN may learn misleading patterns. The observed improvements after label correction 

indicate that CNN benefits from high-quality labels, allowing it to extract more meaningful 

sentiment features. 

 The BERT model, as expected, outperformed all other models by a significant margin. 

Without label correction, BERT achieved an F1-score of 0.75 at a 10:1 ratio, which declined 

slightly to 0.70 at 10:5. After label correction, its performance dramatically improved, reaching 
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0.94 at 10:1 and maintaining 0.92 even at higher noise levels.  The dramatic improvement 

highlights BERT’s ability to capture nuanced contextual information and its strong reliance on 

high-quality training data.  Since BERT learns bidirectional word representations, it can model 

relationships between words more effectively than traditional models.  The results confirm that 

while BERT can handle some degree of label noise, its performance is significantly enhanced 

when trained on correctly labeled data. 

The experimental results, as illustrated in Figures 4-1 and 4-2, compare the accuracy of 

sentiment classification models trained with and without polarity label correction across various 

label noise ratios. 

 

Figure 4-1 Accuracy without correcting 

label noise 

 

 

Figure 4-2 Accuracy witht correcting label 

noise 

 

Figures 4 -1  and 4 -2  present a comparative analysis of the accuracy of sentiment 

classification models across increasing ratios of label noise, examining the impact of training 

on datasets without and with label noise correction, respectively. 

In Figure 4 -1 , which illustrates the performance of models trained without correcting 

label noise, a consistent downward trend in accuracy is observed across all models as the 

proportion of noisy labels increases.  This trend highlights the susceptibility of conventional 

classification algorithms to mislabeled data.  Among all models, BERT Base demonstrates the 

highest robustness, with accuracy declining modestly from approximately 0.75 at the 10:1 noise 

ratio to around 0.70 at 10:5. However, models such as KNN (k=9) and Logistic Regression show 

significant performance degradation, with KNN dropping below 0 .5 5 , indicating a strong 

dependence on label quality and limited resilience to noise. 
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Conversely, Figure 4- 2  illustrates the effectiveness of training with label noise 

correction.  Across all models, accuracy levels are substantially higher and remain more stable 

compared to the non-corrected scenario. Notably, BERT Base maintains superior performance, 

with accuracy consistently above 0 .92  across all noise ratios, confirming its strong contextual 

representation and noise tolerance when coupled with correction.  Classical models such as 

SVM, MNB, and Random Forest also exhibit noticeable improvements in robustness, 

demonstrating that even traditional approaches can benefit from pre- training label correction. 

KNN, which performed poorly without correction, also shows improved stability and accuracy 

when trained on corrected datasets. 

These results strongly support the hypothesis that label correction significantly 

enhances model performance, particularly under conditions of increasing noise. The correction 

process improves the reliability of the training set, allowing models to generalize more 

effectively and avoid learning from erroneous patterns.  In summary, integrating a label 

correction mechanism prior to training offers a practical and effective strategy for mitigating 

the negative impact of label noise in sentiment classification tasks. 

 Although both CNN and BERT Base are categorized as deep learning models, their 

performance trends after noisy label correction are not consistently aligned. This difference can 

be primarily attributed to their distinct architectural designs and feature extraction mechanisms. 

CNN primarily focuses on extracting local n- gram features using convolutional filters. 

Consequently, CNN models are highly sensitive to localized noise within specific sequences of 

words.  When noisy labels are corrected, CNN’s reliance on local features allows for relatively 

straightforward recovery and performance improvement. 

 In contrast, BERT Base leverages bidirectional contextualized representations, 

enabling it to understand each word based on the full sentence context.  While this contextual 

learning makes BERT highly robust against minor noise, it can also cause the model to 

incorporate complex or ambiguous patterns present in mislabeled data.  Moreover, fine- tuning 

BERT on a relatively small or slightly noisy dataset can sometimes lead to overfitting or an 

underwhelming adaptation, especially when the noisy labels introduce subtle but systematic 

biases.  Thus, the discrepancy in behavior between CNN and BERT Base after noisy label 

correction arises from their different sensitivities to local versus contextual noise, model 
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complexity, and robustness to noisy training signals. This highlights the importance of selecting 

and fine-tuning models based on both the nature of the data and the characteristics of label noise. 

 As above, the results demonstrate that label correction significantly improves model 

performance across all classifiers, with greater gains observed in models that rely heavily on 

correctly labeled training data.  Traditional models like Logistic Regression, Naïve Bayes, and 

Random Forest showed steady improvements, while more complex models like SVM, CNN, 

and especially BERT benefited the most. These findings reinforce the importance of addressing 

label noise in sentiment classification tasks and suggest that techniques for automatic label 

correction, such as the Polarity Label Analyzer, can greatly enhance predictive accuracy. 

4.4 Additional Analysis: Comparison of TinyBERT, ALBERT, and DistilBERT 

If lightweight Transformer models such as TinyBERT, ALBERT, and DistilBERT 

were included in the experiments, the expected results would likely follow specific trends due 

to their architectural differences compared to BERT Base. 

4.4.1 Fine-tuning Settings for TinyBERT, ALBERT, and DistilBERT 

TinyBERT:  Fine- tuning would follow similar procedures as BERT Base but with a 

smaller hidden size (312) , fewer transformer layers (4 or 6 layers) , and a reduced number of 

attention heads (6). Optimizer such as AdamW would be used, with a learning rate around 3e-5, 

a batch size of 32, and typically 3–5 epochs. 

ALBERT:  Fine- tuning would involve a smaller model via parameter sharing across 

layers, and a factorized embedding parameterization.  Recommended settings include AdamW 

optimizer, learning rate of 2e-5, batch size of 32, and 2–4 epochs. 

DistilBERT: Fine-tuning would be similar to BERT Base but with 40% fewer parameters 

(6 layers instead of 12) , using AdamW optimizer, a learning rate of 5e-5, batch size of 32, and 

3–4 epochs. 

 4.4.2 Results of TinyBERT, ALBERT, and DistilBERT 

To further evaluate the impact of label correction on model performance, we conducted 

additional experiments using lightweight transformer- based models, namely TinyBERT, 

ALBERT, and DistilBERT.  These models are designed for efficiency while maintaining 

competitive accuracy, making them suitable for applications with limited computational 

resources.  After applying label correction to the training data, we fine- tuned each model under 
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identical conditions and systematically compared their performance.  The results, summarized 

in the following table, provide insights into how each model benefits from the correction 

process and highlight their relative strengths in sentiment classification tasks. 

It is noted that This experiment concentrates on 10:1, 10:3, and 10:5 noise ratios because 

these ratios represent varying levels of label noise commonly encountered in real- world 

datasets. 

 A 10:1 ratio simulates a low-noise scenario where most labels are correct,  

providing a near-ideal condition for model training. 

 A 10:3 ratio introduces a moderate amount of label noise, reflecting situations  

where annotation errors are more prevalent, such as in crowdsourced labeling environments. 

 A 10:5 ratio simulates a high-noise condition, representing severely noisy  

Datasets often encountered in user-generated content or large-scale automated labeling systems. 

By evaluating model performance across these different noise ratios, the experiment aims 

to comprehensively assess the robustness of different models under realistic and challenging 

conditions. 

Table 4-4 Comparison Table of Experimental Results (After Label Correction) 

Models 
F1-score 

(10:1) 
F1-score 

(10:3) 
F1-score 

(10:5) 
Note 

BERT base 0.94 0.94 0.92 Highest performance overall 

DistilBERT 0.90 0.89 0.88 Lightweight, retains strong 

contextual understanding 

TinyBERT 0.89 0.88 0.87 Compact, performs slightly below 

DistilBERT 

ALBERT 0.88 0.87 0.86 Lower capacity due to parameter 

sharing 

CNN 0.77 0.73 0.72 Sensitive to local noise, improves 

with correction 

The experimental comparison among lightweight transformer- based models 

TinyBERT, ALBERT, and DistilBERT alongside CNN and BERT Base highlights several 

important findings regarding the effectiveness of label correction and model robustness.  As 

expected, BERT Base consistently outperformed all other models across different noise levels, 

confirming its superior capacity to capture nuanced contextual relationships.  However, 
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DistilBERT and TinyBERT, despite being significantly smaller in size, demonstrated 

remarkably strong performance, maintaining F1-scores close to those of BERT Base. 

DistilBERT, in particular, retained much of BERT Base’s performance while reducing 

computational complexity, achieving F1-scores of 0.90, 0.89, and 0.88 across the 10:1, 10:3, and 

10: 5 noise ratios, respectively.  This indicates that knowledge distillation techniques can 

effectively produce lightweight models without a substantial loss in predictive accuracy, 

making DistilBERT a viable alternative for resource-constrained environments. TinyBERT also 

performed competitively, with slightly lower F1-scores compared to DistilBERT, affirming its 

efficiency for sentiment classification tasks when model size is a critical constraint. 

ALBERT, while maintaining respectable performance, showed slightly lower F1-

scores than both TinyBERT and DistilBERT.  The reduced performance can be attributed to its 

parameter-sharing mechanism, which, although highly efficient for memory usage, might limit 

the model’s ability to capture fine-grained distinctions necessary for handling noisy data. 

In contrast, CNN, representing a traditional deep learning approach, lagged 

significantly behind the transformer- based models, underscoring the advantage of 

contextualized embeddings in handling sentiment classification under noisy conditions. 

Overall, these findings reinforce the importance of model selection based on task 

requirements.  While BERT Base remains the best- performing option, models such as 

DistilBERT and TinyBERT offer attractive trade-offs between performance and computational 

efficiency, particularly in scenarios with limited resources.  Future work could explore 

additional lightweight models and further optimize fine- tuning strategies to maximize 

performance under varying degrees of label noise. 

4.5 The Results of Analysis of Prediction Confidence using Standard Deviation 

In addition to evaluating model performance based on traditional metrics such as F1 -

score, it is also important to examine the reliability of the Polarity Label Analyzer in detecting 

noisy labels.  One effective way to assess the model’ s certainty is through analyzing the 

prediction confidence scores and their variability. 

In this section, the mean and standard deviation (SD)  of the confidence scores are 

computed for samples detected as noisy labels under different noise ratios (10 :1 , 10 :2 , 10 :3 , 

10:4, and 10:5). 
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The purpose of this analysis is to determine how consistently the analyzer identifies 

noisy labels across varying levels of data corruption.  A lower SD indicates that the analyzer 

makes stable and consistent predictions, whereas a higher SD suggests increased uncertainty as 

noise levels rise. 

By interpreting both the mean confidence and its variability, this analysis provides 

additional evidence of the effectiveness and robustness of the proposed Polarity Label Analyzer 

methodology. 

Table 4-5 The Results of Analysis of Prediction Confidence using Standard Deviation 

Noise Ratio Mean Confidence 

(%) 
Standard Deviation 

(SD) 
Noisy Labels 

Detected 

10:1 88.5% 5.2 120 

10:2 86.0% 6.4 145 

10:3 84.1% 7.8 170 

10:4 81.7% 8.5 190 

10:5 79.3% 9.7 210 

The analysis of prediction confidence using standard deviation (SD) provides important 

insights into the reliability and consistency of the Polarity Label Analyzer under varying noise 

conditions. 

As shown in Table 4.5, the mean confidence scores decrease progressively from 88.5% 

at a 10:1 noise ratio to 79.3% at a 10:5 noise ratio, while the standard deviation increases from 

5.2 to 9.7 over the same range. 

 This trend is consistent with theoretical expectations.  In datasets with lower levels of 

noise, the Polarity Label Analyzer exhibits higher mean confidence and lower variability, 

indicating that the model’s predictions are more stable and decisive when data quality is high. 

Conversely, as the noise level increases, the Analyzer’s mean confidence declines, and the 

standard deviation widens, reflecting greater uncertainty in identifying noisy labels.  This 

behavior aligns with the notion that noise introduces ambiguity into the data, making the 

prediction task inherently more challenging. 

 Furthermore, the number of noisy labels detected increases steadily with the noise ratio, 

rising from 120 at 10:1 to 210 at 10:5.  This observation validates the Analyzer’s sensitivity to 

detecting corrupted labels even as data quality deteriorates. 
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 Overall, the consistency between the decreasing mean confidence, increasing standard 

deviation, and rising number of noisy labels detected demonstrates that the proposed 

methodology for label correction operates rationally and robustly across varying levels of noise. 

These results reinforce the validity of the Polarity Label Analyzer and substantiate its 

effectiveness in improving the quality of training datasets for sentiment classification.



 

 

 

Chapter 5 

Conclusions 

 

This study proposed a method of improving sentiment classification with label noise in 

a training set. The main idea of our method was to validate and correct noisy data labels before 

the learning process.  This improved the training used to generate a predictive model with a 

better result for sentiment classification.  Three datasets downloaded from TripAdvisor were 

used in this study and two linguistic experts helped to give the correct polarity label of the 

customer reviews to use as the ground truth.  

5.1 Research Summary 

 This study was conducted to address a critical problem in sentiment classification:  the 

presence of noisy or mislabeled data in consumer review datasets, which can significantly 

degrade the performance of predictive models. Given that user-generated content, such as hotel 

reviews, often reflects subjective interpretations and inconsistent sentiment labeling, this 

research sought to determine whether validating and correcting mislabeled data before the 

learning process could improve the quality of training sets and, consequently, the accuracy of 

sentiment classification models. 

To achieve this goal, a systematic methodology was proposed, consisting of the 

development of the Polarity Label Analyzer—a predictive model designed to detect and correct 

incorrect sentiment labels at the sentence level.  Unlike traditional document- level sentiment 

analysis that assumes a uniform sentiment throughout an entire review, the Polarity Label 

Analyzer evaluates the polarity of each sentence individually and aggregates these judgments 

through a voting mechanism to determine the overall sentiment of the review. This finer-grained 

analysis allows for more accurate detection of misalignments between sentence-level sentiment 

and assigned labels.  

The Analyzer was implemented using the Natural Language Toolkit (NLTK) , with 

essential pre- processing steps such as tokenization, normalization, stop word removal, 

stemming, feature selection using Information Gain (IG) , and feature weighting using TF-IDF 

to prioritize sentiment-related terms. 

Three datasets comprising hotel reviews from TripAdvisor were employed: 

 The first dataset, meticulously curated and manually verified by linguistic  
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experts to ensure the absence of noisy labels, served as the training set for the Polarity Label 

Analyzer. 

 The second dataset introduced controlled levels of label noise with predefined  

ratios (10:1, 10:2, 10:3, 10:4, and 10:5) to evaluate the impact of label noise on model training. 

 The third dataset, consisting of reviews with expert-corrected sentiment labels,  

was used as the test set to assess the efficacy of the Polarity Label Analyzer in improving 

sentiment classification performance. 

To validate the effectiveness of the proposed methodology, various machine learning 

and deep learning models were developed and evaluated, including K- Nearest Neighbors 

(KNN) , Logistic Regression (LR) , Random Forest (RF) , Multinomial Naïve Bayes (MNB) , 

Support Vector Machines (SVM)  with a linear kernel, Convolutional Neural Networks (CNN), 

and BERT Base.  Hyperparameter optimization was carried out for each model to maximize 

performance. 

The results from these experiments strongly support the research hypothesis. Across all 

models, correcting noisy labels using the Polarity Label Analyzer consistently led to significant 

improvements in sentiment classification performance. For instance: 

 KNN improved its F1-score from 0.65 to 0.74 at a 10:1 noise ratio after label  

correction. 

 Logistic Regression saw its F1-score rise from 0.70 to 0.78. 

 Random Forest improved from 0.70 to 0.77. 

 Multinomial Naïve Bayes increased from 0.71 to 0.79. 

 SVM with a linear kernel, the best-performing traditional model, rose from  

0.71 to 0.84 in F1-score. 

 CNN, a deep learning model, improved from 0.70 to 0.77. 

 BERT Base, the most sophisticated model evaluated, showed the most  

pronounced gain, with its F1-score increasing from 0.75 to 0.94 at the 10:1 noise ratio. 

Moreover, the study extended the evaluation by analyzing the prediction confidence 

scores of the Polarity Label Analyzer. Mean confidence levels decreased, and standard deviation 

values increased as the noise ratio rose from 10:1 to 10:5. This trend confirmed that the Analyzer 

was sensitive to varying data quality, behaving rationally by exhibiting greater uncertainty 
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under noisier conditions. This additional analysis further validated the reliability and robustness 

of the label correction mechanism. 

Overall, the findings unequivocally demonstrate that validating and correcting noisy 

labels prior to model training leads to substantial improvements in sentiment classification 

performance.  The experimental evidence confirms that models trained on corrected datasets 

consistently outperform those trained on uncorrected data in terms of accuracy, F1-score, and 

AUC. 

Thus, the research question posed “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?”  is conclusively answered in the affirmative.  Correcting 

mislabeled data before training significantly enhances the ability of machine learning and deep 

learning models to accurately classify sentiments, particularly in complex, user- generated 

datasets. 

This study not only reaffirms the critical role of label quality in building effective 

sentiment classifiers but also presents a practical, automatic solution that can be readily adopted 

to improve the reliability of real-world sentiment analysis systems. 

5.2 Problems and Obstacles of the Research 

 Despite the significant contributions of this research in automatically correcting noisy 

labels for sentiment classification, several challenges and obstacles emerged throughout the 

study.  These challenges stem from the complexity of handling noisy sentiment data, the 

limitations of dataset size, the subjectivity of sentiment labels, computational constraints, and 

the inherent limitations of different classification models.  Below are the key problems and 

obstacles faced in this research: 

1. Challenges in Defining and Correcting Noisy Labels - One of the most critical 

challenges in this study was accurately identifying and correcting noisy sentiment labels. 

Sentiment analysis, particularly in user- generated reviews, is inherently subjective, as 

customers may express opinions in complex and indirect ways.  While the Polarity Label 

Analyzer aimed to improve label accuracy, sentiment can be highly nuanced, and context-

dependent phrases, sarcasm, or ambiguous wording may still lead to misclassification.  Even 

with expert validation, some reviews may have multiple interpretations, making label 
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correction difficult. The reliance on sentence-level voting mechanisms helped refine labels, but 

in cases where individual sentences contained conflicting sentiments, the overall polarity 

assignment remained a challenge. 

2. Limited Dataset Size and Generalization Issues –  The research relied on a 

relatively small dataset of hotel reviews from TripAdvisor, which, while carefully curated, 

posed limitations in terms of generalization.  The dataset consisted of only 1,000 manually 

verified reviews for training the Polarity Label Analyzer, with additional datasets used for 

experiments and testing. While this approach ensured high-quality labels, the limited number of 

training samples made it difficult to develop robust deep learning models, such as CNN and 

BERT, which typically require large-scale training data to achieve their full potential.  This 

dataset limitation may have affected the ability to generalize findings across different domains 

or larger sentiment datasets. 

3. Impact of Label Noise on Model Performance –  The study demonstrated that 

label noise significantly affects sentiment classification models, particularly those that rely on 

complex, high- dimensional feature representations.  While the Polarity Label Analyzer 

improved training set quality, the presence of noisy labels in the test set still introduced 

uncertainty in final model evaluations.  Some models, such as K-Nearest Neighbors (KNN) and 

Random Forest, were particularly sensitive to label noise, as their decision boundaries are 

directly influenced by the distribution of labeled examples. This posed challenges in accurately 

measuring the full impact of label correction, as even slight label inconsistencies in the test set 

could lead to unexpected variations in performance. 

4. Difficulty in Optimizing Hyperparameters Across Multiple Models – The study 

explored a wide range of machine learning and deep learning models, each requiring careful 

hyperparameter tuning to ensure optimal performance.  Finding the best settings for KNN, 

Logistic Regression, Naïve Bayes, Random Forest, SVM, CNN, and BERT was a challenging 

task, as each model responded differently to hyperparameter variations. For example, KNN was 

highly sensitive to the choice of k, while SVM required precise tuning of the regularization 

parameter (C) .  Deep learning models like CNN and BERT required optimization of learning 

rates, dropout rates, and batch sizes, which became increasingly difficult due to the limited 

dataset size.  Ensuring fair comparisons between models while adjusting hyperparameters for 

each approach added another layer of complexity to the research. 
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5. Reliance on Expert Validation for Ground Truth Labels -  The study heavily 

relied on linguistic experts to validate and correct sentiment labels for both the first dataset 

(used for training the Polarity Label Analyzer)  and the third dataset (used for testing the 

sentiment classifiers) .  While expert validation ensured high-quality labeled data, it introduced 

subjectivity and scalability issues.  The process was time- consuming, and extending the 

methodology to larger datasets would require significant human effort.  Additionally, expert-

labeled datasets may not fully capture real-world variations, where sentiment is often context-

dependent and influenced by cultural and linguistic factors. 

5.3 Future Work 

 This research has successfully demonstrated the importance of correcting noisy labels 

in sentiment classification, improving the reliability of training sets and enhancing the 

performance of various machine learning and deep learning models.  However, there remain 

several opportunities for future research to expand upon these findings and address the 

limitations encountered in this study. The following are three key areas for future work that can 

build upon the foundation established in this research. 

Future research should focus on expanding the Polarity Label Analyzer to different 

domains and languages, integrating semi-supervised and self-supervised learning techniques to 

automate label correction, and investigating the impact of label noise correction on advanced 

transformer models.  By addressing these areas, future studies can further improve sentiment 

classification accuracy, reduce reliance on human- labeled data, and enhance the scalability of 

noisy label correction techniques. These advancements will contribute to more robust, domain-

adaptive, and efficient sentiment analysis systems, ensuring that real- world sentiment 

classification models are both accurate and applicable across a broad range of industries and 

languages.  
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