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Abstract 
 

Natural Language Processing (NLP) encompasses a multitude of practical applications, 

including Information Retrieval, Information Extraction, Machine Translation, Text 

Simplification, Sentiment Analysis, Text Summarization, Spam Filtering, Auto-prediction, 

Auto-correction, Speech Recognition, Question Answering, and Natural Language Generation. 

Many of these applications are essentially classification tasks, which can be performed by 

machine learning models. Ensemble techniques within machine learning involve combining 

multiple models to improve predictive performance compared to individual models. This thesis 

explores the application of ensemble learning techniques to improve classification performance 

in NLP tasks.  

Various ensemble learning techniques, including bagging, boosting, random forest, and voting, 

are explored and experimented with. For each ensemble method, common base models, such 

as Support Vector Machines (SVM), Naive Bayes, Decision Trees, and K-Nearest Neighbor 

(KNN), are employed. Various evaluation metrics commonly used in NLP classification tasks 

are used, including accuracy, precision, recall, F1-score, and time complexity of the algorithms. 

The findings of the thesis suggest that ensemble methods, especially boosting, generally 

perform better than traditional machine learning methods for NLP classification tasks. The 

thesis also describes the modification of two ensemble models – firstly, majority voting is 

modified for the situation when a tie occurs, and secondly, bagging is modified with a different 

type of sampling. Both of these methods result in improved performances in the datasets. 

Overall, the research work provides a comprehensive overview of ensemble learning 

algorithms and their applications in improving classification performance in NLP tasks, backed 

by theoretical discussions, case studies, and experimental results. 
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CHAPTER 1: INTRODUCTION 

Classification is one of the fundamental operations of supervised machine learning, involving 

the categorization of objects into predefined classes using models or rules established from a 

dataset with known categories. Its primary objective is to forecast discrete output variables (y) 

based on input variables (X) by estimating a mapping function (f). An illustrative example is 

the task of differentiating spam from non-spam emails, a common binary classification 

challenge in email services. In this scenario, a classifier learns from a training dataset 

comprising pre-labeled junk mail and non-unsolicited mail emails to discern forms associations 

involving data input variables and class labels. Once trained effectively, classifier gains the 

ability to accurately classify new, unseen emails. Classification, as a subset of supervised 

learning, involves providing targets alongside input data and finds wide-ranging applications 

across industries. Examples include credit assessment, medical diagnosis, and targeted 

marketing, where accurately assigning items or individuals to predefined categories is crucial 

for decision-making processes. 

In recent years, ensemble techniques in machine learning have garnered significant attention 

from the computational intelligence and machine learning community (Gomes et al., 2017). 

These methods aim to enhance the performance of automated decision-making systems by 

leveraging weak learners or multiple learning algorithms, thereby reducing variation between 

them and improving prediction accuracy. Ensemble techniques find numerous applications, 

including incremental learning, feature selection, error correction, confidence estimation, 

handling missing features, data balancing, and adapting to concept drift. By amalgamating 

diverse viewpoints, ensemble methods excel at predicting data examples that have not been 

previously observed. It is proactively implemented with success in various real-time tasks such 

as information retrieval, object identification and tracking, data mining, scene segmentation 

and analysis, image recognition, computer security analysis, fraud detection, bankruptcy 

prediction, and species distribution forecasting (Rahman et al., 2014). The purpose of ensemble 

learning involves the amalgamation of various algorithms associated with machine learning. 

Analogous to human decision-making, this approach involves weighing and integrating 

multiple perspectives.  

In the era of artificial intelligence (AI), a fundamental question arises: Can humans 

communicate with computers using natural language? This challenge arises from the structured 

nature of computer data contrasting with the unstructured and often ambiguous nature of human 
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speech. Natural Language Processing (NLP) is an important component of computer 

technology that associates implementation of artificial intelligence, addresses this challenges 

through empowering automation to comprehend the process language used by human. NLP 

tasks encompass programming computers to analyze and process extensive amounts of natural 

language data (Krawczyk et al., 2017). 

Traditionally, text classification has relied on machine learning algorithms and rule-based 

frameworks. However, these methods often faced challenges due to their dependence on using 

custom-built characteristics with deep learning algorithms, resulting in sparse representation 

of linguistic information and issues like dimensionality (Krempl et al., 2014). Recent 

advancements in word embeddings have revolutionized text classification by making neural-

based models more effective than conventional methods for machine learning such as Support 

Vector Machines (SVM) or logistic regression across a range of language-related tasks. One 

crucial problem tackled by supervised machine learning is document or text classification, 

which involves assigning categories to various types of documents including web pages, library 

books, media pieces, galleries, and more. Applications of text classification are widespread and 

include sentiment analysis, email routing, and spam filtering (Haji H et al., 2009). 

NLP boasts a plethora of real-life applications, including Information Retrieval, Information 

Extraction, Machine Translation, Text Simplification, Sentiment Analysis, Text 

Summarization, Spam Filtering, Auto-Predict, Auto-Correct, Speech Recognition, Question 

Answering, and Natural Language Generation (Shetty B, 2019). Traditionally, these 

applications have been tackled using conventional machine learning algorithms. However, 

there has been limited exploration of employing ensemble learning algorithms in NLP tasks, 

despite the proven efficacy of ensemble methods across various domains. Given the unique 

characteristics of data in NLP applications and the versatility of ensemble learning, further 

research into the application of ensemble learning for classification tasks in NLP is justified. 

1.1 Motivation 

Research into ensemble learning algorithms for classification tasks in natural language 

processing (NLP) is spurred by several key factors: 

Performance Improvement: Ensemble learning techniques have demonstrated their ability to 

enhance the performance of classification models across various domains, including NLP. By 

amalgamating multiple base classifiers, ensemble methods aim to reduce bias, variance, and 
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generalization error. This aggregation of diverse classifiers leads to improved predictive 

performance compared to individual models, making ensemble learning an attractive approach 

for NLP classification tasks. 

Robustness: Ensemble methods offer inherent robustness and stability compared to single 

models in NLP tasks due to their ability to aggregate predictions from multiple models. This 

aggregation helps in handling noisy or ambiguous data, where linguistic nuances and variability 

can impact individual classifier performance. NLP tasks often entail complex relationships and 

dependencies among features, posing challenges for single models to capture all relevant 

patterns. To address this challenge, ensemble methods leverage a heterogeneity of base 

classifiers, encompassing decision trees, neural networks, and support vector machines, to 

effectively extract multifaceted patterns within the data and delineate intricate decision 

frontiers. 

Handling Imbalanced Datasets: In NLP tasks, it is common to encounter imbalanced datasets 

where certain classes or categories are underrepresented. Ensemble methods offer a solution to 

this challenge by addressing class imbalance. Techniques such as giving more weight to 

minority classes or using boosting algorithms, which focus on misclassified instances, can help 

alleviate the impact of class imbalance. Subsequently, ensemble methodologies demonstrably 

augment the efficacy of classifiers in the context of imbalanced datasets. 

Additional Insights: Ensemble methods provide insights into underlying data and model 

behavior. Techniques like bagging, boosting, and random forests offer mechanisms for feature 

importance ranking, aiding in understanding the relevance of various linguistic features in NLP 

tasks.  

1.2 Research Questions 

To be trustworthy and effective, ensemble learning methods for Natural Language Processing 

(NLP) categorization tasks need to fulfill specific requirements. When assessing ensemble 

learning algorithms for NLP, the following are important considerations. 

 

Q1: What is the difference in performance between ensemble learning techniques and 

individual classifiers of the NLP Classifier? 

The prediction accuracy of NLP classifiers trained by ensemble learning techniques is 

generally exceeding the performance of individual classifiers or baseline models. The capacity 
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of ensemble approaches to integrate the predictions of several base classifiers, which lowers 

bias and variance and boosts generalization, is primarily responsible for this increase. 

Ensemble methods usually combine forecasts from several base models. The models that are 

being examined possess the capability to employ various techniques, feature representations, 

or hyperparameters to enhance overall performance by capturing distinct data elements. 

Machine learning frequently experiences overfitting, which may be reduced by using 

ensembles, which integrate several models that may overfit in various ways. As a result, a more 

general model that functions effectively with ambiguous data is produced. 

This research question also gives rise to several sub-questions (SQ). 

 

SQ 1.1: For what reason do NLP classification problems get better when ensemble learning 

techniques are used? 

It is desirable to apply ensemble learning approaches to enhance natural language processing 

(NLP) categorization problems for various reasons: 

• Due to many factors such as linguistic variance, noise, and ambiguity, NLP datasets may 

differ significantly from one another. Since ensemble techniques aggregate predictions from 

numerous models, they minimize the impact of noisy or outlier data points, making them 

intrinsically more robust to fluctuations in the data. 

• Ensemble methods generally depend on a variety of foundation models, such as various 

feature representations, model topologies, or algorithms. Because of this variability, a 

greater range of patterns and correlations seen in the data can be captured by ensemble 

approaches. 

• Ensemble approaches are scalable and effective for complex natural language processing 

jobs because they can be parallelized and dispersed over several computing units. 

 

SQ 1.2:  What is the expense of computation associated with training and inference for the 

ensemble, especially considering the potentially large number of base classifiers? 

The amount of computing power needed for an ensemble's training and inference, particularly 

when considering a potentially large number of base classifiers, can be significant. Several 

factors contribute to this computational cost: 
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• Training each base classifier in the ensemble can require significant computational 

resources, especially if the base models are complex or require extensive hyperparameter 

tuning. Additionally, if the ensemble uses techniques like boosting or bagging, which need 

training several base classifiers on bootstrap samples or sequentially adjusting weights, the 

overall training time can increase further. 

• Storing and managing multiple base classifiers, along with any associated metadata or 

additional information required for ensemble methods like stacking, can increase memory 

requirements during training. This is particularly true if the base classifiers are large models, 

such as deep neural networks in NLP tasks. 

• Making predictions with the ensemble during inference involves combining predictions 

from multiple base classifiers, which can introduce additional computational overhead. 

Depending on the ensemble method used (e.g., simple averaging, weighted averaging, 

majority voting), the computational cost of inference may vary. 

• The computational cost of training and inference can increase with the complexity of the 

ensemble structure. Ensembles with a large number of base classifiers, hierarchical 

structures, or complex combinations of base models may require more computational 

resources to train and make predictions. 

SQ 1.3: Which of the ensemble techniques yield better results for NLP classification tasks? 

The method used to combine the predictions of individual classifiers in an ensemble depends 

on the specific ensemble technique employed. There are several well-known ensemble learning 

methods, including bagging, boosting, stacking and random forest. Each have their own unique 

way of model combination. Some methods (such as bagging) focus on reducing the variance, 

whereas others (such as boosting) focus on reducing the bias. It is important to find which 

methods works best for NLP classification tasks. 

Q2: Can the ensemble's decisions be explained or interpreted easily, especially in NLP tasks 

where model interpretability is important (e.g., sentiment analysis, text classification)? 

Ensemble methods, particularly those incorporating diverse base models, can provide 

difficulties with interpretation, especially in NLP tasks where model interpretability is 

important. The complexity of ensemble structures, combined with the inherent opacity of 

certain base models, can make it difficult to provide clear and intuitive explanations for the 

ensemble's decisions. However, there are some approaches that can help improve the 

interpretability of ensemble methods in NLP tasks such as Model Agnostic Interpretability 
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Techniques, Ensemble Structure Visualization, Consensus Analysis, Post-hoc Explanation 

Methods. 

 

Q3: How well does the ensemble generalize to unseen data or different NLP tasks beyond the 

training data? 

The generalization capability of an ensemble in NLP tasks, like any machine learning model, 

depends on various factors such as the diversity of the base classifiers, the representativeness 

of the training data, the complexity of the ensemble structure, and the correspondence between 

training and test datasets. Here are some considerations regarding how well an ensemble can 

generalize to unseen data or different NLP tasks: 

 

• Ensembles benefit from using diverse base classifiers that capture different aspects of the 

data or learn different representations. When base classifiers in the ensemble are diverse, 

they are more likely to effectively generalize to new data or different tasks because they 

collectively cover a broader range of patterns and variations present in the data. 

• The efficacy of ensemble methods hinges upon the representativeness of the training data 

relative to the target domain or task. In instances where the training data inadequately 

captures the inherent variability within the target domain, the ensemble's generalizability 

to unseen data or disparate tasks may be compromised. 

• If the distribution varies significantly between the training data and the distribution of the 

test data (e.g., different genres of text, different languages), domain adaptation techniques 

may be necessary to improve generalization. Ensemble methods can benefit from 

incorporating domain adaptation strategies to adapt to new domains or tasks. 

• Evaluation of the performance of the ensemble on unseen data, such as a held-out 

validation set or a separate test set, is essential to gauge its generalization capability. Cross-

validation techniques can also provide insights into how well the ensemble generalizes to 

different subsets of the data. 

 

SQ 3.1: Is there a chance that the training set would overfit, particularly in cases of intricate 

ensemble structures? 

Utilizing sophisticated ensemble structures in machine learning carries a danger of overfitting, 

particularly for issues pertaining to natural language processing. If a model learns to recall the 

training data rather than identifying the underlying patterns or correlations, it is deemed 
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overfitting and performs poorly when applied to new data. For a number of reasons, complex 

ensemble designs may make overfitting more likely. 

• Ensemble approaches occasionally entail the combination of several basic models, some of 

which may be intricate on their own. The likelihood that the ensemble will overfit the 

training set increases with the complexity of each base model. 

• Complex interactions between base models and meta-learner or higher-level ensembles can 

arise from specific ensemble strategies, like as stacking or hierarchical ensembles. 

Overfitting may be more likely as a result of these interactions, which add more complexity 

and variables. 

• Unnecessary or insufficient foundation models could enhance the ensemble's generalization 

performance by lowering overfitting to sporadic or negligible patterns in the data. 

1.3 Objectives  

The main objective of this study is to investigate and evaluate the effectiveness of ensemble 

learning algorithms for improving classification tasks in Natural Language Processing (NLP). 

NLP involves various text analysis tasks, such as sentiment analysis, document classification, 

text summarization, and named entity recognition. While traditional machine learning 

algorithms have been widely applied to NLP tasks, their performance may be limited due to 

the inherent complexity and variability of natural language data. Ensemble learning, a 

technique that combines multiple individual models to create a more robust and accurate 

model, has shown promise in various domains. However, its potential in NLP classification 

tasks remains relatively unexplored. The objective of this study is to explore the application of 

ensemble learning algorithms and assess their effectiveness in enhancing the classification 

performance in NLP. The specific objectives of this study are as follows: 

o To investigate how ensemble learning algorithms can be effectively applied to NLP 

classification tasks, taking into account the unique characteristics and challenges of natural 

language data. 

o To identify and evaluate the ensemble learning algorithms that are most suitable for 

improving the accuracy and robustness of NLP classifiers. This includes algorithms such 

as Random Forest, AdaBoost, Gradient Boosting Machines (GBMs), and stacking. 

o To determine the optimal configurations and parameters for the ensemble models in NLP 

classification tasks. This involves exploring different ensemble architectures, such as the 
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number of base models, the diversity of models, and the combination techniques used in 

the ensemble. 

o To compare and evaluate the performance of ensemble learning approaches with traditional 

machine learning algorithms commonly used in NLP classification tasks. This analysis will 

provide insights into the potential benefits of ensemble learning in NLP and highlight the 

improvements achieved through ensemble techniques. 

o To examine how ensemble learning methods can address the challenges specific to NLP, 

such as data sparsity, feature representation, and linguistic variations. This includes 

investigating the impact of incorporating domain-specific knowledge or linguistic 

resources into the ensemble models to enhance their performance in NLP tasks. 

By achieving these goals, the study intends to offer a deeper comprehension of the 

possibilities and effectiveness of ensemble learning algorithms in improving classification 

tasks in NLP. The findings can guide researchers and practitioners in selecting appropriate 

ensemble techniques and configurations to enhance the performance of NLP classifiers. 

Additionally, the study may uncover insights into the challenges and limitations of ensemble 

learning in NLP, paving the way for further advancements in this field. Scope   

1.4 Contribution and Achievement 

Here are some key contributions and achievements of this research work: 

• Ensemble learning techniques such as bagging, boosting, and stacking have been 

successfully applied to NLP tasks, leading to improved classification accuracy 

compared to single models. By combining the predictions of multiple base classifiers, 

ensemble methods can effectively capture diverse aspects of the data and make more 

accurate predictions. 

• Ensemble learning techniques have been used to improve model interpretability in NLP 

tasks. By combining predictions from multiple base models, ensemble methods can 

provide insights into different aspects of the data and highlight important characteristics 

for categorization. This can be beneficial in understanding the underlying patterns in 

text data and making informed decisions based on the model predictions. 

• A modified majority voting technique, called Tie-Weak Voting, is proposed. This is a 

voting mechanism designed to handle ties more effectively when making ensemble 

decisions. In standard voting systems like majority voting, ties can occur when multiple 

classes receive the same number of votes. Traditional approaches to resolving ties 



20 
 

include random selection among the tied classes or selecting the class of a 

predetermined preference. Tie-Weak Voting introduces a more nuanced approach. 

• A Modified Bagging Algorithm is introduced as an enhancement to the traditional 

bagging approach to further improve performance. Instead of using Simple random 

sampling with replacement, the modified algorithm also uses stratified and Systematic 

sampling techniques that adapt based on model performance.  

1.5 Organization of the Thesis 

There are several chapters included in this report. The chapters in the report have been 

organized the following way. 

Chapter 2: The definitions and background information of all aspects related to code style 

have been discussed in this chapter. 

Chapter 3: In this chapter, the existing works related to Classifications Tasks, Natural 

Language Processing, Machine Learning and Ensemble Learning have been presented is an 

orderly manner. This chapter also focused on literature review of this research work. 

Chapter 4: This chapter contains the proposed methodology for analyzing Classification tasks 

of Natural Language Processing, Machine Learning and Ensemble Learning and their 

evolution. 

Chapter 5: The experimental setup, implementation and result analysis is shown in this 

chapter. 

Chapter 6: This chapter contains the comparative analysis between proposed tie-weak 

algorithm and others machine learning and ensemble learning algorithms for Natural language 

processing tasks. 

Chapter 7: This chapter contains the comparative analysis between proposed modified 

bagging algorithm and others machine learning and ensemble learning algorithms for Natural 

language processing tasks  

Chapter 8: This chapter summarizes the whole report and highlights the limitations and future 

work. 
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CHAPTER 2: BACKGROUND STUDY 

This chapter gives an overview of the background knowledge needed to understand this thesis. 

We discuss different fields of Artificial Intelligence and Machine Learning in general, before 

delving into the particular task of classification. We also discuss some fundamental concepts 

of Natural Language Processing (NLP). Furthermore, we introduce specific applications of 

NLP that are relevant to the thesis, namely Sentiment analysis, Spam filtering and Topic 

identification.  

2.1 Fields of Artificial Intelligence (AI) 

Emulation of human intellect using heuristics programmed into software is referred to as 

artificial intelligence (AI). At the moment, a broad range of industries are affected by this 

technology, including embedded firmware systems, consumer-focused apps, cloud-based 

enterprise apps, and more. Today, AI finds myriad applications across diverse sectors, 

rendering it indispensable in contemporary society. Its prowess in efficiently addressing 

complex challenges spans industries such as healthcare, entertainment, finance, education, and 

beyond. With its capacity to streamline processes and offer innovative solutions, AI is 

instrumental in enhancing the speed and convenience of everyday life. 

 

 

 

 

 

 

 

 

 

Figure 2.1: Schematic Representation of an Artificial Intelligence (AI) 
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2.1.1 Machine Learning 

Machine Learning, a key artificial intelligence component, enables computers to autonomously 

acquire and analyze data, learning from encountered challenges or instances without explicit 

programming. Its main goal is to create algorithms that can analyze data and do predictive 

modeling. Its primary application lies within the healthcare sector, where it aids in disease 

diagnosis and interpreting medical scans. Machine learning includes a specialized field called 

pattern recognition, where algorithms are used to detect meaningful trends within large datasets 

automatically.  These patterns can manifest as recurring sequences of actions within social 

networks, persistent data trends used for predictive analytics, distinctive image features for 

object identification, and recurrent linguistic patterns for language processing. The pattern 

recognition process encompasses several steps, elaborated as follows: 

Figure 2.1-1: Machine Learning 

Data Acquisition and Sensing: This process involves gathering raw data, such as physical 

variables, and measuring attributes like frequency, bandwidth, and resolution. Training data 

and test data are the two primary categories into which the data can be divided. 

Pre-processing of Input Data: This stage involves filtering out unwanted data, such as noise, 

from the input source using signal processing techniques. Additionally, pre-existing patterns in 

the input data are filtered at this stage for future reference. 

Feature Extraction: Feature extraction relies on different algorithms, including those 

designed for pattern matching, to pinpoint patterns that align with desired characteristics. 

Splitting Training and Test Data: The next step is to split the dataset into two parts: training 

data and test data. There are different common ratios for this split, such as 70-30, 80-20, or 90-

10, based on the size of your dataset and the specific requirements of your project. 
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Training Data: This portion of the data (e.g., 70% of the total dataset) is used to train your 

machine learning model. During the training process, the model learns patterns and 

relationships in the data. 

Test Data: The remaining segment of the dataset, constituting approximately 30% of the total 

data, serves as an evaluation set to gauge the performance of the trained model. This portion 

remains unseen by the model during the training phase, allowing for a simulation of how the 

model would handle novel, unseen data. 

Classification: Analyzing the output of algorithms and insights from learned models informs 

the classification of a pattern. 

Post-processing: The finished output is presented, and steps are taken to ensure the result 

closely aligns with the desired outcome. 

Types of Machine Learning: Machine learning can be broken down into four main categories 

based on how the algorithms learn.  

Supervised Learning: Supervised learning is a common type where algorithms are trained 

with labeled data, meaning they know the "right answers." This teaches them to accurately 

process input and generate outputs.  Supervised learning helps solve classification problems 

(sorting things into groups) and regression problems (predicting numerical values). The goal is 

to connect inputs (x) to outputs (y). You see supervised learning used in things like risk 

assessment, finding fraud, and filtering email spam. 

 

 

 

 

 

 

 

Figure 2.1-2: Supervised Learning 
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Additionally, you'll notice that supervised learning has various applications related to speech, 

face, object, handwriting, and gesture recognition. The two categories of supervised learning 

are listed as Classification and Regression. 

Unsupervised Learning: Supervised learning relies on labeled data, but unsupervised learning 

takes a different approach – the machine learns from unlabeled data. It must analyze this 

information independently, discovering patterns and predicting results without external 

guidance. This trial-and-error process effectively uncovers hidden data features and facilitates 

categorization. Broadly speaking, unsupervised learning tackles association problems and 

clustering tasks, enabling AI systems to ask meaningful questions about the data they 

encounter. These programs to model complex data structures, highlight anomalies, and identify 

trends based on newly found connections within vast datasets. 

 

 

 

 

 

 

 

Figure 2.1-3: Unsupervised Learning 

Unsupervised learning algorithms operate predominantly by scrutinizing datasets lacking 

explicit labels to discern shared traits, patterns, and discrepancies. In the absence of direct 

instructions, these algorithms unearth concealed structures inherent in the input data. This 

allows them to categorize elements based on similarities or differences, like variations in color 

or shape. When presented with new test data, the model leverages the patterns it has learned to 

make predictions. Unsupervised learning falls into two main categories as Clustering and 

Association. 

Semi-supervised Learning (SSL): This learning method is employed by AI when it needs to 

achieve stability between different strategies. Often, the reference data required for a solution 

Input Data 

Friction 

Labels 

New Data 

Machine Learning 

Algorithms 

Feature Vectors 

Feature Vector 
Expected Label 

Predictive 

Model 



25 
 

exists, but it may be partially inaccurate or missing pieces. SSL excels in these scenarios; it 

leverages the existing reference data while incorporating unsupervised learning techniques to 

approximate the best possible solution. 

 

Figure 2.1-4: Semi-supervised Learning 

The core objective of semi supervised learning is to maximize the value extracted from all 

available data, unlike supervised learning, which depends solely on labeled examples. By 

skillfully blending categorized and uncategorized data, AI systems can uncover hidden 

relationships, patterns, and underlying structures within the data. Additionally, SSL helps 

mitigate potential human biases during the training process. 

Reinforcement Learning: Reinforcement learning centers on a feedback-driven process 

where an AI agent (a piece of software) explores its environment through trial and error. It 

takes actions, learns from the consequences, and improves its performance accordingly. The 

agent receives rewards for positive actions and penalties for negative ones, pushing it to 

maximize its reward over time.  
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interaction with its environment. There's minimal human instruction, typically focused on 

setting up the agent, environment, and possible actions. Due to its flexible nature, 

reinforcement learning finds applications in diverse fields such as game theory, operations 

research, information theory, and multi-agent systems. Reinforcement learning broadly 

employs two algorithmic approaches: 

Positive Reinforcement Learning: This method reinforces an agent's desired behavior by 

providing a positive stimulus (reward) upon its occurrence. This increases the likelihood of the 

behavior repeating and strengthens its association with a favorable outcome. 

Negative Reinforcement Learning:  This approach also aims to increase the frequency of 

a desired behavior, but it does so by removing an aversive stimulus when the behavior is 

displayed. This strengthens the behavior by creating a favorable change in the agent's 

environment. 

2.1.2 Deep Learning 

Deep learning is a type of machine learning where a machine progressively analyzes input 

data using diverse methods to arrive at a specific, intended output. Often called "machine 

self-learning," this process involves the machine running various programs and algorithms 

to transform raw input into its corresponding output. This output ('y') is derived from an 

initially unknown input function ('f(x)') by applying techniques like neuro-evolution and 

gradient descent on a neural network. Neural networks, in this context, are tasked with 

identifying the most accurate form of the function 'f'.  Deep learning thoroughly examines 

extensive datasets of human behaviors and characteristics to carry out supervised learning. 

This process includes:  Detection and Analysis of Human Characteristics: AI systems 

trained with supervised learning can identify various human emotions and subtle cues. 

Image recognition acts an significant function in differentiating humans and animals based 

on distinct features, patterns, or markings. Additionally, speaker recognition and 

memorization are made possible through voice analysis. 
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Data Transformation and Classification: Supervised learning facilitates the conversion of 

video and audio into usable text formats. It also supports the identification and classification 

of gestures, spam detection, and the detection of fraudulent activity (such as fraudulent 

insurance claims). Deep Learning for Neural Networks: Deep learning builds upon 

supervised learning techniques to train complex artificial neural networks. These networks 

learn from vast datasets, leveraging the aforementioned capabilities. 

Predictive Analysis: After extensive data collection and analysis, supervised learning 

enables the clustering of similar datasets (audio, images, documents, etc.) using existing 

models. By establishing relationships between current events and historical data, we 

can predict future outcomes. The time horizon for predictions is flexible, but the key 

emphasis lies in generating logical and justifiable outcomes.  Supervised learning 

allows machines to iteratively refine solutions through self-evaluation and repeated 

analysis. The speech recognition technology in modern smartphones exemplifies deep 

learning. It enables devices to comprehend diverse accents and translate spoken words 

into actionable commands. 

2.1.3 Neural Networks 

Neural networks serve as the central "brain" of artificial intelligence. They are computer 

systems purposefully designed to emulate the intricate connections of neurons found within 

the human brain. The perceptron represents the artificial equivalent of a biological neuron, 

the fundamental building block within these networks. Complex artificial neural networks 

are constructed by the intricate layering of multiple perceptron. Neural networks acquire 

knowledge through the thorough analysis of diverse training data, ultimately generating 

desired outputs.  Empowered by various learning models, this data analysis process can 

provide solutions to previously unsolvable and related questions. 

 

 

 

 

Figure 2.1.3: Neural Network 
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Early neural network architectures were relatively simple, featuring a single input, output, 

and one hidden layer (or a single perceptron layer). In contrast, deep neural networks boast 

multiple hidden layers positioned among the input layers and output layers. This structure 

empowers deep learning methods to uncover the intricate patterns within data. 

Each layer in a deep neural network learns a distinct set of features, building upon the output 

of previous layers. As the network progresses, nodes become capable of identifying 

increasingly complex characteristics, ultimately yielding a more refined and accurate 

output. This process also called feature hierarchy, where complex and abstract datasets are 

systematically organized. Deep neural networks excel at handling massive, high-

dimensional datasets with billions of parameters. They achieve this through the use of linear 

and non-linear functions.  A fundamental challenge in machine intelligence is the 

processing and management of the vast amounts of unlabeled and unstructured data found 

throughout the world. Neural networks, particularly deep learning architectures, enable 

systems to manage these complex datasets, addressing issues like latency and intricate 

properties.  By combining deep learning with artificial neural networks, we can transform 

unlabeled, raw data (images, text, audio, etc.) into structured, relational databases with 

precise labeling. Consider the following examples: 

Image Classification: Deep learning algorithms can analyze thousands of images, 

classifying them based on fundamental features. For instance, they might separate images 

into categories such as animals (like dogs), inanimate objects (like furniture), and family 

photos – effectively creating smart photo albums. 

Text Categorization: Given a large collection of emails, deep learning can intelligently 

sort them into categories such as primary, social, promotional, and spam, based on their 

content. 

Feedforward Neural Networks: The fundamental goal of neural networks is to produce 

outputs with maximum accuracy and minimal error. This process involves multiple stages: 

making a prediction, assessing the error, and adjusting weights (small increments to 

coefficients) to progressively refine the model. Initially, neural networks lack the 

knowledge to determine the optimal weights and data combinations for accurate 

translations of inputs into outputs. To address this, they iteratively experiment with different 

data subsets and weights to generate predictions, learning from each error. This resembles 

a young child, who initially lacks understanding but gradually gains knowledge and 
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intelligence through experiences and mistakes.  The Mathematics of Feed-Forward 

Networks A feed-forward network can be expressed as:  

Input ×Weight = Prediction 

Ground Truth - Prediction = Error 

Error × Weight's Error Contribution = Adjustment 

In essence, input data is multiplied by coefficients to generate predictions within the 

network. These predictions are compared against ground truth (derived from real-world 

data and experience) to calculate the error rate.  Adjustments are then made based on the 

error and how much each weight contributed to it. 

Practical Applications: Neural networks excel in real-world tasks such as handwriting 

recognition, facial and signature recognition, and identifying missing patterns. 

2.1.4 Cognitive Computing 

This branch of artificial intelligence aims to facilitate seamless human-machine interaction 

for tackling complex tasks and solving intricate problems. By observing and working 

alongside humans, cognitive computing systems learn to interpret human behavior and 

emotions across various contexts. This understanding is then translated into computational 

models that mimic aspects of human thought processes. Through this continuous learning, 

machines develop the capacity to comprehend natural language and visual representations. 

The integration of cognitive thinking with AI empowers the creation of systems that exhibit 

human-like responses and data processing abilities. 
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Cognitive computing excels in decision-making scenarios where accuracy is crucial – even 

within challenging situations.  This makes it ideal for applications where solutions need to 

be optimized with minimal overhead. Its capabilities in natural language analysis and 

evidence-based learning lead to continuous improvements.  A prime example of cognitive 

computing in action is Google Assistant. 

2.1.5 Fuzzy Logic  

Fuzzy logic departs from the strict true/false values of traditional logic. Instead, it allows 

for a spectrum of truth values between 0 and 1. This approach endeavors to encapsulate the 

notion of partial truth, acknowledging that something could simultaneously hold elements 

of truth and falsehood. 

 

Figure 2.1.5: Fuzzy Logic 

Unlike Boolean logic's rigid 0 or 1 values, fuzzy logic recognizes the complexities of real-

world decision-making, which often relies on vague or uncertain information.  Fuzzy 

models provide a mathematical way to represent and work with this uncertainty. This makes 

fuzzy logic valuable in fields like control systems and artificial intelligence. 

2.2 Classification Tasks 

Classification tasks involve categorizing objects into predefined groups according to rules 

and patterns taken from an identified dataset – making them a form of supervised machine 

learning.  In predictive modeling, a classification algorithm approximates a function that 

maps input features (X) to distinct output classes (y). Consider spam detection: a binary 

classification problem where a trained model identifies emails as either "spam" or "not 

spam." This training relies on a dataset of labeled examples. Classification, a form of 
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supervised learning, extends to numerous real-world applications, including credit 

decision-making, disease diagnosis, and targeted advertising. 

 

Figure 2.2: Overall process of Classification 

2.3 Ensemble Learning  

In recent years, there has been a notable shift within the machine learning and 

computational intelligence community towards the adoption of ensemble methods (Gomes, 

et al., 2017). These methods aim to enhance the accuracy of prediction models by 

leveraging multiple learning algorithms or weak learners to mitigate variance between 

them, ultimately improving the performance of automated decision-making systems. 

Ensemble methods exhibit remarkable versatility, finding applications in diverse areas such 

as feature selection, incremental learning, confidence estimation, error correction, handling 

missing features and imbalanced data, and adapting to concept drift. By amalgamating 

various perspectives, ensemble methods effectively make decisions, enabling accurate 

predictions on previously unseen data instances. Presently, ensemble learning finds 

widespread applications in real-time scenarios including image recognition, data mining, 

scene segmentation and analysis, object identification and tracking, information retrieval, 

computer security issue characterization, bankruptcy prediction, credit card fraud detection, 

and species distributions prediction, among others (Rahman, et al., 2014). Ensemble 

learning represents a form of meta-learning wherein multiple machine learning algorithms 

are amalgamated to achieve superior performance compared to any individual algorithm 

within the ensemble. This mirrors human decision-making processes, where individuals 

seek multiple opinions, weigh them, and integrate them to arrive at a final decision. 
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Figure 2.3: Ensemble Learning 

The fundamental concept of ensemble learning involves constructing a diverse array of 

models capable of capturing different facets of the underlying data. Each individual model, 

often referred to as a base model or weak learner, possesses its own unique strengths and 

weaknesses. Through the aggregation of their forecasts, the ensemble model can effectively 

mitigate the shortcomings of individual models and achieve superior overall performance. 

There exist several common ensemble learning Methods, each offering distinct 

characteristics and advantages. Some of them are discussed here. 

• Averaging: In averaging, the predictions of individual classifiers are combined by 

taking the average of their predicted probabilities or scores for each class. This method 

is commonly used in ensembles with classifiers that produce probabilistic outputs, such 

as logistic regression, support vector machines with probability estimates, or neural 

networks with softmax outputs (Claeskens, G. and N. L. Hjort ,2008) 

• Voting: In voting, the individual classifiers' forecasts are merged by a majority vote or 

by weighted voting. In a simple majority vote, the class predicted by the majority of 

classifiers is chosen as the final prediction. Using weighted voting, distinct classifiers' 

predictions are given varying weights according to how well or consistently they 

perform (Krawczyk and et. al., 2017). 

• Stacking (Meta-Learning): Stacking, also known as meta-learning, involves training 

a meta-model (or meta-learner) on the predictions of individual base classifiers. The 

meta-model learns to combine the predictions of base classifiers using techniques like 

linear regression, logistic regression, or decision trees. Stacking allows the ensemble to 
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learn a more complex decision boundary by combining the outputs of multiple base 

models (Seni and et. al., 2010) 

• Boosting: Boosting algorithms, such as AdaBoost or Gradient Boosting Machines 

(GBM), combine the predictions of weak learners (base classifiers) by iteratively 

training new base classifiers that focus on the instances misclassified by previous 

classifiers. Boosting algorithms assign higher weights to misclassified instances during 

training, effectively giving more influence to difficult-to-classify instances (Freund and 

et.al., 1996). 

• Bagging: Bagging (Bootstrap Aggregating) combines the predictions of multiple base 

classifiers by training each base classifier on a bootstrapped subset of the training data 

and averaging their predictions. Bagging helps reduce variance and improve stability 

by aggregating predictions from multiple models trained on different subsets of the data 

(Major, R. L. and et.al., 2000) 

• Blending: Blending is similar to stacking but involves combining predictions from 

multiple base classifiers using simple aggregation methods like averaging or voting, 

rather than training a meta-model. Blending is often used when the training data is 

limited, and there is a need to combine predictions from diverse base models without 

additional training (S. Madisetty and M. S. Desarkar,2018) 

2.4 Natural Language Processing 

This language serves as the foundation for human communication, facilitating speech, reading, 

writing, and even complex thought processes (Liu, 2010). In  Artificial Intelligence, a 

fundamental question arises: can we bridge the communication gap between humans and 

computers using natural language? Developing NLP applications poses a significant challenge 

because computers thrive on structured data, while human language is inherently unstructured 

and prone to ambiguity (Krawczyk, 2017). Natural Language Processing (NLP), a subfield of 

computer science and AI, aims to address this challenge, enabling computers to comprehend 

and manipulate human language. A core goal of NLP is the programming of computers to 

analyze and process vast quantities of natural language data (Krawczyk, 2017). 

This facet of Artificial Intelligence (AI) aids computers in comprehending human speech and 

writing patterns. Its objective is to facilitate seamless communication between humans and 

computers, enabling computers to grasp our queries and respond intelligibly. NLP operates 

across both spoken and written language domains, allowing computers to interpret and generate 
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responses. NLP encompasses two primary pillars: Natural Language Understanding (NLU), 

which involves analyzing written text and translating it into machine-readable formats such as 

structured data or code, and Natural Language Generation (NLG), which deciphers spoken 

words and sentences, empowering systems to generate human-like text or speech responses. 

Graphical User Interfaces (GUIs) are excellent examples of Natural Language Processing at 

work, making our interactions with computers more intuitive. Additionally, machine 

translation systems that convert one language to another are powered by sophisticated Natural 

Language Processing techniques. Google's voice assistant and search engine further 

demonstrate the impact of NLP in everyday technology. 

 

Figure 2.4: Overall process of Natural Language Processing (NLP) 

 

Term Frequency-Inverse Document Frequency: TF-IDF (Term Frequency-Inverse 

Document Frequency) is a metric used to measure how words are related to information in a 

database. of: the occurrence of a word in a document and the inverse data of the frequency of 

the word in the document. 

In a document, sometimes we may need to find out the importance of a specific word from 

multiple documents. In order to do this, we need TF-IDF. TF-IDF not only helps us to find the 



35 
 

importance of a word but also helps us to represent text in numbers. TF-IDF is a multiplication 

of two terms i.e. TF and IDF.  

TF (Term Frequency): We will have a lot of data to calculate TF-IDF. Before calculating TF-

IDF, we need to calculate the time frequency (TF). Word frequency is the frequency with which 

a word appears in a document. We have a simple method to calculate the frequency of a word, 

which is the count of the word "T" in the form "d". or mathematically  𝑇𝐹(𝑇, 𝑑) = 𝐹𝑇,𝑑 . Then 

we adjust the TF for document length 𝐹𝑇,𝑑÷ (number of words in d). Mathamatically:  

𝑇𝐹(𝑇, 𝑑) = 𝐹𝑇,𝑑/ ∑ 𝐹𝑇′,𝑑𝑇′∈𝑑  

IDF (Inverse Document Frequency) : After calculating TF we need to calculate IDF. We 

calculate IDF in all of the documents to identify common and infrequent words. The closer it 

is to zero, the more common a word is. We need the total number of document ‘N’ To calculate 

IDF and dole out it by number of documents that contain a word, and calculating the logarithm 

of base 10. Mathematically: 

𝐼𝐷𝐹(𝑇, 𝐷) = log
𝑁

|{𝑑𝜖𝐷: 𝑇𝜖𝑑}|
 

After computing both terms, the TF and IDF, they are multiplied together to obtain the TF-

IDF. Mathematically, the equation can be represented as: 𝑇𝐹𝐼𝐷𝐹(𝑇, 𝑑, 𝐷) = 𝑇𝐹(𝑇, 𝑑) ×

𝐼𝐷𝐹(𝑇, 𝐷) 

Bag of Words (BOW): This model provides a straightforward and efficient way to extract 

features from text. It analyzes text by tracking the frequency of occurrence of each word, a 

process called vectorization. Essentially, Bow means ignoring word order and grammar and 

focusing regarding the existence and integrity of words in the document. Consider a Python 

dictionary for reference: each word follows a key, and the corresponding value is how often it 

appears in the text. 

 

2.5 Sentiment Analysis 

Sentiment analysis, also called opinion mining, is an essential natural language processing 

(NLP) method employed to discern the sentiment conveyed within a text. It encompasses the 

extraction of subjective information from textual data and its categorization into sentiments 

like positive, negative, or neutral. The prominence of sentiment analysis stems from its myriad 

applications, including social media tracking, analysis of customer feedback, management of 
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brand reputation, and market research endeavors. The sentiment analysis process generally 

comprises several key steps: 

Text Preprocessing: The text data is cleaned and transformed to remove irrelevant 

information, such as special characters, punctuation marks, and stopwords (commonly 

used words like "and," "the," etc.). The data may also be converted to lowercase to 

ensure consistency. 

Tokenization: The preprocessed text is separated into discrete tokens, or words. This 

action aids in analyzing the sentiment of each word independently and capturing the 

context of the text.’ 

Feature Extraction: Sentiment analysis often relies on feature extraction techniques 

to represent text data in a numerical form that machine learning models can understand. 

Commonly used techniques include Bag-of-Words (BoW), where the frequency of 

occurrence of each word is counted, and Term Frequency-Inverse Document Frequency 

(TF-IDF), which assigns weights to words based on their frequency in a document and 

across the entire corpus. 

Sentiment Classification: Once the text data is transformed into numerical features, 

several machine learning techniques can be used to classify the sentiment. Supervised 

learning methods, such as Support Vector Machines (SVM), Naive Bayes, and Logistic 

Regression, are commonly used for this task. These models are trained on labeled data, 

where each text instance is associated with a sentiment label (e.g., positive or negative). 

Sentiment Lexicons: Another approach to sentiment analysis involves using sentiment 

lexicons, which are predefined dictionaries or databases containing words or phrases 

and their corresponding sentiment scores. Lexicons can be manually created or obtained 

from existing resources. During sentiment analysis, the sentiment scores of words in a 

given text are calculated, and the overall sentiment is determined based on the 

aggregated scores. 

Deep Learning Approaches: In recent years, deep learning techniques, particularly 

Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs), have 

shown promising results in sentiment analysis. These models can capture the sequential 

and contextual information present in the text and automatically learn features that are 

relevant to sentiment classification. Models like LSTM  and GRU  are commonly used 
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for sentiment analysis with RNNs, while CNNs can capture local patterns and features 

through convolutional layers. 

Domain-Specific Sentiment Analysis: Sentiment analysis can be further customized 

for specific domains or industries. For example, in the healthcare domain, sentiment 

analysis can focus on analyzing patient reviews or medical forum discussions. Domain-

specific sentiment lexicons or annotated datasets can be created to train models that are 

more attuned to the specific nuances and vocabulary of the domain. 

Evaluation and Performance Metrics: To assess the functioning of a sentiment 

analysis model, evaluation metrics such as accuracy, precision, recall, and F1 score are 

commonly used. Additionally, techniques like cross-validation or splitting the dataset 

into training and testing subsets can be employed to validate the model's performance 

on invisible data. It is important to note that sentiment analysis may face certain 

challenges. Textual data often contains sarcasm, irony, or ambiguity, making it difficult 

for models to accurately determine the sentiment. Contextual understanding and 

disambiguation are crucial to mitigate these challenges. The disposal of identified 

training data can also be a limitation, especially for domain-specific sentiment analysis 

tasks. However, techniques such as transfer learning and semi-supervised learning. 

2.6 Email Spam Filtering 

Email spamming refers to the practice of sending unsolicited and often unwanted emails in 

bulk to a large number of recipients. It is a form of electronic spam that aims to promote 

certain products, services, or fraudulent activities. Email spamming has been a persistent 

issue since the early days of the internet and continues to be a significant problem for 

individuals, businesses, and email service providers. Spammers employ various techniques 

to send massive volumes of spam emails. The figure below gives a brief idea on how spam 

filtering is performed.  

 

Figure 2.6: Email Spam filtering process 
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2.7 Topic Identification 

Topic identification, also known as topic classification or topic modeling, is the methods 

of automatically assigning predefined categories or topics to a given text. It is a 

fundamental task in natural language processing (NLP) that aims to extract the main theme 

or subject of a text document. Topic identification has numerous applications, including 

text categorization, content filtering, information retrieval, and recommendation systems. 

Here are the key aspects and techniques involved in topic identification: 

 

 

 

 

 

Figure 2.7: Overview of Topic Identification 

Text Preprocessing: Before performing topic identification, text data is preprocessed to 

eliminate unnecessary data and noise. This typically involves steps such as taking out 

special characters, punctuation marks, and stop words (commonly used words like "and," 

"the," etc.). Techniques for normalizing text, such as lemmatization or stemming, may also 

be used to simplify words to their most basic form. 

Feature Extraction: To represent the text data in a format suitable for machine learning 

algorithms, feature extraction techniques are employed. These techniques convert the text 

into numerical features that capture the essence of the content. Commonly used methods 

include Bag-of-Words (BoW), TF-IDF, and word embeddings like Word2Vec or GloVe. 

Supervised Learning Approaches: In supervised learning, topic identification models are 

trained on labeled data, where each text instance is associated with a specific topic or 

category. Several machine learning algorithms can be used for this task, such as Support 

Vector Machines (SVM), Naive Bayes, Logistic Regression, or Decision Trees. The 

models learn to categorize new texts based on the patterns and features seen in the training 

set of data. 
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Unsupervised Learning Approaches: When labeled data is unavailable, unsupervised 

learning techniques can still be utilized for topic identification. A prominent method in this 

domain is Latent Dirichlet Allocation (LDA), a probabilistic model that allocates topics to 

documents by analyzing the statistical distribution of words. LDA operates under the 

assumption that each document comprises a blend of various topics, and every word within 

the document originates from one of these topics. 

Deep Learning Approaches: Unsupervised learning techniques offer a viable avenue for 

topic identification even in the absence of labeled data. Among these techniques, Latent 

Dirichlet Allocation (LDA) stands out as a popular choice. LDA operates as a probabilistic 

model, assigning topics to documents by analyzing the statistical distribution of words. 

Underlying LDA is the assumption that each document represents a mixture of diverse 

topics, and every word within the document is generated from one of these topics. 

Domain-Specific Topic Identification: Topic identification can be customized for specific 

domains or industries. This involves creating domain-specific topic models or training the 

models on domain-specific datasets. Domain-specific topic identification allows for more 

accurate and relevant categorization of documents within a specific context. 

Evaluation and Performance Metrics: To assess the performance of topic identification 

models, evaluation metrics such as accuracy, precision, recall, and F1 score are commonly 

used. The models are typically evaluated on a separate test dataset that is distinct from the 

training data. Cross-validation or splitting the dataset into training, validation, and testing 

subsets can also be employed to ensure reliable performance evaluation. 

Topic Visualization: After identifying topics in a collection of documents, visualizations 

techniques such as word clouds, topic clouds, or t-SNE (t-Distributed Stochastic Neighbor 

Embedding) plots can be used to provide an intuitive representation of the identified topics 

and their relationships. 

It is important to note that topic identification can face challenges, such as topic ambiguity, 

where a document may belong to multiple topics, or topic granularity, where the level of 

topic specificity varies. 

 

 



40 
 

CHAPTER 3: LITERATURE REVIEW 

3.1 Classification Tasks of Natural Language Processing 

A research work has been completed on “Natural Language Processing (NLP) for Machine 

Learning”. The accuracy of this test is 82.9% and 72.8% respectively. The difference in 

accuracy is also over 10% (Pang, Lee, & Vaithyanathan, 2002). They used language processing 

techniques to solve the problem of improving content selection in automated text using some 

statistical tools (Fattah, M. A. et al. 2009). Tweets are difficult to process with standard NLP 

tools, but the authors have developed a new method to improve their performance. Starting 

with some of the speech tagging, they evolved the NLP pipeline to include segmentation and 

name recognition, thus improving the tool's ability to process tweets. (Ritter, A., Clark, S. and 

Etzioni, O., 2011). 

 

Polikar (2006) demonstrates the effectiveness of ensemble learning in improving the accuracy 

of decision making in machine learning by integrating multiple machine learning algorithms.  

Another explanation for convergence that may be more accurate than a single distribution 

involves that the current solution space represented by the distribution does not adequately 

"represent" the following model. A classifier model (Cn) will not have the model complexity 

that should be useful for classifier models (C). For this problem, training a set of classifiers 

with the required accuracy will be more effective than training a classifier with high complexity 

that requires many parameter changes (Saini and Aird, 2010).  

 

Over the past two decades, the emphasis of leisure and hospitality research has been on 

forecasting tourism demand using a variety of methods, including time analysis, economic 

modeling, machine learning, and qualitative methods (Song and Li, 2008). all have been 

published detailing the prediction work of Chinese authors (Song and Li, 2005; Lim, 1999). 

These studies, Song et al. (2009) and Morzuch. B (2005) now discuss the need for estimators. 

Research shows that combining multiple forecasts of inbound tourism to Hong Kong into a 

single forecast can produce more accurate forecasts compared to a single minimum forecast, 

thus reducing some risks. Similarly,  Morzuch .B (2005) illustrated that combining various 

time series forecasts for Singapore tourism outperformed the least accurate forecast and, in 

certain instances, even surpassed the most accurate individual forecast. 



41 
 

(Dietterich, 2000) makes the argument that there are three theoretical reasons why a set of 

classifiers frequently outperform an individual classifier measured by classification accuracy. 

The first reason is statistical in nature and occurs when a classifier must form a hypothesis from 

a solution space that is much larger than the solution space constructed by the available training 

data set.  

 

(Cakra and Distiawan Trisedya, 2015) devised a model for predicting the Indonesian stock 

market utilizing the linear regression method based on sentiment analysis. Their established 

model leverages previous stock prices and hybrid features, yielding optimal predictions with 

coefficient of determination values of 0.9989 and 0.9983. However, their model fell short in 

non-linear regression scenarios. Martín, J., Ortigosa, A. and Carro, R. (2014) employed a hybrid 

strategy to extract feelings from Facebook status posts in the context of e-learning that 

combines lexicons and machine learning techniques. Similarly, Ortigosa, Carro, and Quiroga 

(2014) explored the extraction of personality traits from Facebook data, utilizing a machine 

learning classifiers and a five-class model to forecast personality of approximately 20,000 

Facebook users. The accuracy of their proposed system was determined to be 62%. 

Machine-learning Research has been advancing rapidly in various areas, and this article 

provides an overview of four key directions. It covers the development of techniques to 

enhance classification accuracy by combining multiple classifiers, methods for adapting 

supervised learning algorithms to handle large datasets, and other current challenges in the 

field, reinforcement learning, and the learning of complex stochastic models (Dietterich, T.G., 

1978).   

   

The application of data mining methods within an academic context is referred to as 

Academical Data Mining (ADM). Its objective is to unveil latent knowledge and patterns 

pertaining to student performance. Research objective highlights construction of a predictive 

model for academic performance of students pursuing Bachelor's and Master's degrees in 

Computer Science and Electronics and Communication. This will be achieved by utilizing two 

specific classifications techniques.in Decision Making (Hashmia Hamsa, et.al, 2016). Due to 

rapid modernization of our societies, most people, if not all, have access to online social media 

and mobile communication devices. These people hail from diverse cultures and ethnicity, and 

interact with each other more often on these social media sites. Moreover, due to their distinct 

backgrounds, they all have an influence on the common language in which they communicate. 
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Also, many users employ a myriad of shorthand, emoticons and abbreviations in their 

statements to reduce their effort (Sharma, S and et.al.,2016) 

3.2 Ensemble Learning  

Smolyakov (2017) demonstrated that ensemble learning improves machine learning 

performance, outperforming other algorithms in terms of accuracy. Efron and Tibshirani 

(1993) introduced the bootstrap method, a fundamental component of ensemble learning.  

 

Ghimire et al. (2012) evaluated Random, Boosting, and Bagging forest methods for 

accurately predicting classification model outcomes. Bagging predictors involve 

generating multiple predictor versions and aggregating them, employing averaging for 

numerical outcomes and plurality voting for class predictions, as described by Breiman 

(1996).  

 

Graczyk et al. (2010) conducted a comparative analysis of Bagging, Stacking, and Boosting 

methods within ensemble techniques. Wood and Lambert (1999) provided formulas for 

calculating sample sizes for both known and unknown populations. Cochran (1963) 

introduced various sampling techniques to efficiently select samples from populations. 

 

 

As explained by Kim (2009), ensemble learning algorithms are general methods designed 

to improve the accuracy of prediction or classification models, including combinations of 

decision trees, neural, and naive Bayes. Seni and Elder (2010) noted that learning combines 

the results of various models and represents one of the best ways to improve the model 

compared to traditional models as a benchmark. As shown in Figure 1.1, the clustering 

process requires a two-stage process: a training phase, where the classification or prediction 

model is derived from the data in the training report, and a testing phase, where the collected 

samples are checked for retention or omission examples. 

 

While methods such as prediction (Clemen, 1989; Major and Ragsdale, 2000; Barrnett, 

1981) have been used for a long time, combining classification algorithms is a recent 

innovation. Therefore, it is important to distinguish between the integration process and 

error validation: the integration method aims to improve the overall accuracy of the model, 
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while process cross-validation aims to improve the accuracy of prediction models 

(Kantardzic, 2011). 

 

Integration in most cases achieves greater accuracy by reducing structural diversity and, to 

a lesser extent, bias, and is based on simple but strong central groups or majority voting 

(Geman, 1992). Consider the diagnostic process of a panel of experts to explain the concept 

behind the merger. When the patient presents to an independent panel of doctors, the panel 

reaches the diagnosis by majority vote. These collective diagnoses are generally believed 

to be more accurate than diagnoses given by an expert and, on the negative side, show more 

accuracy and fewer variations or margins of error. However, it is important to note that the 

growing consensus among experts does not necessarily guarantee certainty. 

 

In his book The Wisdom of Crowds, James Surowiecki reveals the paradox of collective 

action and claims that under the right conditions, group decisions are often the best 

(Surowiecki, 2004). While readers will remember examples of groupthink such as the failed 

Bay of Pigs invasion and the NASA Columbia explosion, Surowiecki offers examples that 

show group decision-making is just as accurate, if not more so. One such example is Dr. 

US Navy Polaris project engineer John Craven, who located the USS Scorpion submarine 

that sank in 1968. The location estimate is independent of available information. Craven 

uses Bayesian logic to write predictions and make predictions. Five months after the USS 

Scorpion disappeared, a search ship surprised the Navy by finding the submarine's location 

close to Craven's estimate. It is reminiscent of the modern jelly jar experiment conducted 

by statistician Sir Francis Galton in the late 1800s. While attending a county fair, Galton 

saw a contest in which participants were asked to guess how much a bull would weigh after 

slaughter. In particular, participants come from different cultures and make independent 

predictions. Galton collected nearly 800 estimates and calculated the average weight, which 

was close to the actual weight. This observation inspired Galton's treatise Vox Populi 

(Galton, 1907), which discusses the possible validity of wisdom. 

 

Similar results emerge when Surowiecki's informal approach to crowd intelligence is 

compared with a large body of knowledge on the prerequisites for improving the accuracy 

of group learning algorithms (Das, R., et al., 2009; Claeskens and Hjort, 2008; Campbell, 

2006). Essentially, collaborative learning works similarly to artificial intelligence; It takes 

a number of independent and distinct or predictive models and combines the results based 
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on the goal (such as majority vote or average). In 1995, Dietterich and Kong published a 

seminal paper that adopted the concept of bias-variance decomposition to provide 

important theoretical support for improving the effectiveness of a distribution ( Dietterich 

and Kong, 1995 ). Later in 1996, Freund and Schapire introduced AdaBoost, which was a 

major improvement over the original boosting algorithm and extended its application to a 

variety of classification and comparison data prediction problems (Freund and Schapier, 

1996). Bootstrap aggregation (or bagging) is one of the most widely used learning methods 

due to its ease of use, low model complexity, and high learning efficiency. This technique 

involves creating N bootstrap copies of the training data and using majority voting to divide 

or average the predicted numbers (Breiman, 1996). 

 

Major and Ragsdale proposed a method called weighted majority picking, in which each 

distributor is assigned a different weight based on their votes, similar to a purse (Major and 

Ragsdale, 2000; Major and Ragsdale, 2001). Additionally, Breiman, Dietterich, and 

Schapire incorporate the principle of randomness into their collective efforts to promote 

diversity of collective action. Ho (1998) proposed a method to develop different models in 

stochastic subspace integration by selecting different objects to inform each machine 

learning model. This approach allows training a wide range of models, thus increasing the 

diversity of the ensemble. There is good potential for development and improvement of the 

game's needs (Chen, 2011). Among these methods supported and pioneered by Schapire 

(1990), stands out as one of the most widely recognized and effective forms of ensemble 

learning. According to Schapire (1990), boosting employs an iterative approach to 

construct classification or prediction models, starting with a simple model and gradually 

enhancing its accuracy. In each iteration, observations that were previously misclassified 

or predictions that were inaccurate are given greater importance in refining the subsequent 

generation of the model. This iterative process continues until an optimal model is achieved 

Stacked generalization, or stacking, is one of the earliest hierarchical methods of ensemble 

learning (Wolpert, 1992). Typically, the stacking method employs a two-tier learning 

algorithm, integrating outputs from different types of prediction or classification models, 

such as artificial neural networks (ANN) and Naïve Bayes, which are then fed into a meta-

learning algorithm for consolidation. Despite its demonstrated superiority over bagging and 

boosting, stacking has received relatively little attention in academic research (Witten, et 

al., 2011). 
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3.3 Sentiment Analysis 

Numerous recent studies have delved into sentiment analysis, particularly in the realm of 

online reviews, employing machine learning techniques (Tang, Tan, & Cheng, 2009; Ye, 

Zhang, & Law, 2009). These techniques have demonstrated wide applicability and efficacy 

in sentiment classification tasks. However, it is noted that the performance of different 

methods varies significantly based on the features and weights utilized. In one experiment, 

the highest and lowest accuracies recorded were 82.9% and 72.8% respectively, with gaps 

exceeding 10% between them (Pang, Lee, & Vaithyanathan, 2002). 

 

In 2016, Trinh et al. given a lexicon-based method for sentiment analysis utilizing 

Facebook data in Vietnamese. This approach centers on two core elements: the 

development of a Vietnamese emotional dictionary (VED) tailored to outmoded 

Vietnamese philological intricacies, and the utilization of support vector machine (SVM) 

classification to detect emotions conveyed in user opinions. 

 

Phan Trong N and Myungsik Y had given opinion in 2014, that was  the AFINN method 

for ranking content on Facebook pages. This method integrates user interaction metrics 

with comment sentiments to determine ranking. 

 

Learning theory mining (Pang, Vaithyanathan and Lee, 2002) using binary single 

representation of patterns. In this representation, the training model is represented by the 

presence/absence of words rather than the total occurrence of words. They used various 

algorithms for classification and found that the support vector machine achieved the highest 

accuracy of 82.9% using video analysis data. (Pang and Lee, 2004) report improvement by 

adding a preprocessing filter to remove objective sentences which allowed the classifier to 

focus only on subjective sentences, raising the accuracy to 86.4%. 

3.4 Email Spamming Detection 

Given the significance of the field, numerous researchers have endeavored to automate 

email filtering processes utilizing artificial intelligence (AI). Addressing this, Abdul Nabi 

(2021) introduced a method leveraging word embedding to classify emails' utility. They 

fine-tuned a pre-trained transformer model, BERT (Bidirectional Encoder Representations 

from Transformers), to distinguish spam emails from legitimate ones (HAM). Their 
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approach was benchmarked against a baseline model comprising a deep neural network 

(DNN) with two stacked Dense layers and a Bi-LSTM (bidirectional Long Short-Term 

Memory) layer. Additionally, comparisons were made with standard classifiers including 

k-nearest neighbors (k-NN) and Naïve Bayes (NB). The model was trained on one open-

source dataset and evaluated for its resilience against unseen data using another dataset. 

Notably, their proposed method achieved an accuracy of 98.67% and an F1 score of 

98.66%, the highest among the evaluated approaches. In a separate study, Madisetty et al. 

(2018) proposed a pioneering approach employing deep learning (DL) techniques for spam 

detection on Twitter. Their method incorporates both tweet content and users' metadata, 

such as account age and follower count, to identify spammers. 

 

In Salunkhe's study (2021), the authors conducted a comparative analysis of baseline 

machine learning techniques for review classification. To enhance the extraction of 

semantic information, the paper proposed a method incorporating Attention based on 

Bidirectional LSTM. 

 

Hosseinalipour et al. (2022) introduced an innovative approach for discerning between 

legitimate and non-legitimate messages. Employing the Horse Herd Metaheuristic 

Optimization Algorithm, the algorithm was initially formulated as a discrete model derived 

from the continuous HOA. Subsequently, the algorithm's parameters were adjusted to 

incorporate opposition-based and multi-objective characteristics. Evaluation results 

indicate that the proposed method outperforms several other machine learning approaches, 

including K-nearest neighbors with grey wolf optimization, SVM multilayer perceptron, 

KNN, and Naive Bayes. 

 

In Kumar et al.'s research (2020), the focus was on utilizing the long short-term memory 

(LSTM) approach to gauge the emotional tone of news stories. However, the study 

encountered resource constraints, leading to intermittent attention to the reliability of the 

news sources themselves. 

 

In Roy et al.'s study (2019), the focus was on refining SMS spam effectively. They 

experimented with various machine learning classifiers, including Naïve Bayes, Gradient 

Boost Logistic Regression, SGD Classifier, and deep learning-based models such as CNN 

and LSTM. According to their findings, the CNN model, with a regularization parameter 
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optimized using randomly generated tenfold cross-validation data, exhibited the best 

performance in filtering legitimate text messages, achieving an accuracy of 99.44%. 

However, the study's scope was limited as it solely relied on English messages. 

 

Agarwal et al. (2018) proposed an integrated strategy that combines the Naive Bayes (NB) 

algorithm with a computational intelligence algorithm based on Particle Swarm 

Optimization (PSO). The Naïve Bayes algorithm was utilized for learning and classifying 

email content, while PSO was employed to globally optimize its parameters. Compared to 

the standalone Naïve Bayes approach, the integration with PSO demonstrated superior 

performance. 

 

In Bahgat et al.'s work (2018), the authors introduced a methodology leveraging the 

WordNet ontology and other semantic-based techniques to reduce the number of retrieved 

text-based features, thereby mitigating time and space constraints. Additionally, feature 

selection methods such as Principal Component Analysis (PCA) and Correlation Feature 

Selection (CFS) were integrated with dimensionality reduction techniques to obtain the 

most compact yet effective feature set. Semantic relations were applied, and various 

semantic similarity measurement methods were employed to enhance the feature reduction 

process. Furthermore, the authors presented an approach to transform email classification 

into a graph classification problem. 

3.5 Topic Identification  

Latent Dirichlet Allocation (LDA) was investigated in a study by Blei, Ng et al. (2012). 

LDA is used as a useful design method for data collection (especially corpora) and operates 

as a three-level hierarchical Bayesian model. Each theme in this work is defined as an 

endless combination of simple thematic processes. Researchers present results of data 

generation, text classification and filter integration, analyzing unigram models and 

probabilistic latent semantic indexing (LSI) models. -gram statistics and latent variables 

can be derived from the "bag of words" strategy, neglecting the potential influence of word 

order. The authors discuss a probabilistic model that is hierarchical and generative and 

extends the unigram content model to integrate n-gram statistics and latent variable content 

to furnish the properties of a hierarchical binary conceptual model in Dirichlet in situ. get. 

(2018) propose a method to identify popular stories in various American online news and 
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measure their relevance. In furtherance of this objective, the researchers implemented a text 

and content extraction apparatus designed to identify pre-selected blogs. Subsequently, 

they employed this apparatus to conduct a three-month longitudinal analysis of the 

homepages of ten prominent US news websites. The result shows the configuration of the 

synchronized text of a particular day with the activities of the country. This approach 

enables further research, especially regarding provisional elections. 

 

Fung (1995) proposed a new measure of context-specific similarity between single words 

and their translations to aid in the compilation of bilingual input from English. The number 

is not the same. The researchers presented the results before using different measurement 

definitions to match a word with its non-equivalent English-Chinese translation. Contextual 

heterogeneity as a grouping criterion and a separation criterion provides useful results for 

guiding or optimizing bilingual dictionary algorithms. Similar algorithm. The study is 

based on the examination of the first 10 pages that are returned from Google searches; the 

goal is to broaden this scope to include pages 30-35 so that more thorough performance 

evaluation can be conducted in future searches. Finally, the cosine similarity algorithm 

performed better than other algorithms on this data. Although preliminary results are 

encouraging, there is still progress to be made to achieve high penetration performance. 

 

Snover, Dole et al. (2008) studied a novel method of using single-language target data for 

enhancement the performance of statistical information systems or predictive machine 

translation. This approach makes use of comparative texts (various documents in the same 

language covering the same or similar stories). Search large monolingual documents in the 

target language for information that may be relevant to the document. The experimental 

results of this study are based on changing language structure and interpretation and show 

a significant improvement over the original principles.  
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CHAPTER 4: METHODOLOGY 

This chapter describes the processes and steps involved in using learning techniques for 

classification tasks in natural language processing (NLP). The goal is to increase the accuracy 

and robustness of NLP classifiers by using the power of clustering. The approach includes data 

preparation, training and evaluation procedures, and exploration of different procedures and 

decisions specific to NLP classification activities. The detailed process is shown in the figure 

below. 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: Methodology 

4.1 Requirements Analysis 

Requirements analysis for ensemble learning algorithms in NLP classification tasks 

involves identifying the key components and considerations necessary for successful 

implementation. Firstly, a thorough understanding of the dataset is essential, including its 

size, complexity, and potential biases. This analysis should highlight any specific 

challenges inherent in NLP tasks, such as dealing with unstructured text data, handling 

large vocabularies, or addressing class imbalances. 

Additionally, the selection of appropriate base classifiers is crucial, considering their 

compatibility with NLP tasks and their ability to capture different aspects of the data. 
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Requirements may include the availability of libraries or frameworks for implementing 

these classifiers efficiently, as well as their scalability to handle large volumes of text data. 

Ensemble techniques require careful consideration of implementation details, such as the 

choice of aggregation method (e.g., averaging, voting) and the architecture of meta-learners 

in stacking approaches. Furthermore, requirements for hyperparameter tuning tools and 

techniques are essential to optimize the performance of both individual classifiers and 

ensemble models effectively. Evaluation metrics tailored to NLP tasks, such as accuracy, 

precision, recall, and F1-score, are necessary to assess the performance of ensemble models 

accurately. Additionally, requirements for cross-validation strategies and robust 

experimental design should be established to ensure reliable model evaluation. 

4.2 Data Collection and Preprocessing 

o Identify the specific NLP classification task, such as sentiment analysis, document 

classification, or text categorization. 

o Gather a suitable dataset for the task, considering factors like data size, data diversity, 

and availability of labeled data. 

o Preprocess the text data by applying techniques like tokenization, stop-word removal, 

stemming, and/or lemmatization. 

o Split the dataset into training, validation, and test sets, ensuring that the distribution of 

classes is balanced and representative. 

4.3 Ensemble Learning Algorithms 

The different ensemble learning algorithms suitable for classification tasks in NLP are 

identified, including: 

o Voting-based methods (e.g., majority voting, weighted voting) 

o Bagging methods (e.g., Random Forest, Extra Trees) 

o Boosting methods (e.g., AdaBoost, Gradient Boosting) 

o Stacking and blending techniques 

o Meta-classifiers (e.g., Random Subspace, Rotation Forest) 

4.4 Ensemble Construction 

o A set of base models are selected to form the ensemble, considering different 

algorithms, architectures, and feature representations. 

o Diversity among the base models is ensured by varying their learning algorithms, 

hyperparameters, or training data subsets. 
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o Ensemble techniques such as Random Forest, AdaBoost, Gradient Boosting Machines 

(GBMs), or stacking, are chosen based on their suitability for the NLP classification 

task. 

o The trade-off between complexity and performance is considered when deciding on 

the number of simple models to include in the integration. 

4.5 Feature Extraction and Representation 

o Relevant features from the preprocessed text data are extracted, considering methods 

such as Word Embedding, Time Inverse Document Frequency (TF-IDF), and Bag of 

Words (BoW). 

o Advanced feature representations like contextual embeddings (e.g., BERT, ELMO) 

are explored to capture semantic and syntactic information in the text data. 

4.6 Experimental Setup 

o Experimental setups, including data selection, extraction procedures, integration 

algorithms, and benchmarks, are considered. 

o Any necessary preprocessing or normalization steps required for the chosen algorithms 

and datasets are specified. 

o Programming languages or libraries commonly used in NLP ensemble learning are 

employed, such as Python, scikit-learn, NLTK, or TensorFlow. 

4.7 Training and Ensemble Aggregation 

o Each base model in the ensemble is trained using the training dataset and the selected 

feature representations. 

o The hyperparameters of each underlying model are optimized using techniques such 

as cross-validation or grid search. 

 

o Aggregation techniques such as majority voting, weighted voting, or pooling are used 

to combine predictions from the base model. 

o Techniques to handle class imbalance, such as adjusting class weights or employing 

sampling methods during training are implemented. 

4.8 Evaluation and Performance Analysis 

o The effectiveness of the integration of the implementation process is evaluated and 

optimized if necessary. 

o Performance is evaluated using standard metrics including area under the curve 

(AUC), recall, accuracy, precision, and F1 score. The performance of the ensemble is 
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compared to a baseline model frequently used in NLP classification tasks and 

traditional machine learning. 

4.9 Testing and Generalization 

o The final ensemble model's capacity for generalization is evaluated by analyzing its 

performance on the separate test set. 

o The ensemble's predictions are analyzed and interpreted, understanding its strengths 

and weaknesses compared to individual models. 

4.10 Experimental Design and Reproducibility 

o The experimental setup is documented, including details of the datasets used, model 

configurations, and evaluation metrics. 

o Robustness analysis is conducted by performing experiments with different random 

seeds, dataset splits, or sampling techniques. 

o The code, preprocessed datasets, and trained models are stored to ensure 

reproducibility and facilitate further research in the 

4.11 Results and Discussion 

o The experimental results, including the performance of different ensemble algorithms 

and individual classifiers, are presented. 

o Analysis of the findings is conducted, discussing the impact of ensemble techniques on 

classification accuracy, stability, and generalization. 

o The results are compared with other state-of-the-art NLP models or ensemble 

approaches proposed in literature. 
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CHAPTER 5: EXPERIMENTAL RESULTS  

5.1 Data Analysis on Classification Tasks in Natural Language Processing (NLP) 

To perform data analysis on classification tasks in Natural Language Processing (NLP), a 

systematic approach is followed that involves data preparation, feature extraction, model 

selection, evaluation, and interpretation. Figure 5.1 shows the details. 

 

 

 

 

 

Figure 5.1: Analyzing Procedure of Classification Task in NLP 

5.1.1 Dataset The descriptions of the datasets are given below: 

We obtained labeled datasets suitable for classification task in NLP. For our thesis, 

we chose three labelled datasets related to sentiment analysis, spam filtering and 

Topic identification. Data have been collected from secondary sources, specifically 

from Kaggle. For sentiment analysis, we have gathered 11,530 tweets with one 

feature called tweets and one class label called sentiment with positive and negative 

attributes. We have collected 15,000 data points for topic identification, with one 

feature titled topic and one class label included attributes are sports, crime, politics, 

and economic. Furthermore, we have gathered 17,000 data points for spam 

detection, with one feature titled email and class labels included attributes are spam 

and not spam. 

5.1.2 Data Preprocessing 

We performed data cleaning and preprocessing steps, such as  

o Removing irrelevant characters, symbols, or URLs. 

o Tokenizing the text into individual words or sub word units. 

o Removing stop words, punctuation, and numbers. 

o Applying stemming or lemmatization to reduce words to their base forms. 

o Handling special cases and abbreviations. 
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5.1.3 Feature Extraction 

We transform the text data into numerical representations that machine learning 

models can work with. We used TF-IDF (Term Frequency-Inverse Document 

Frequency). In TF-IDF, words' inherent meanings can be ascertained by a careful 

examination in which their importance is determined by how often they occur in 

the text and contrasted with how frequently they occur in the entire corpus. This 

process clarifies the words' relative importance within the semantic framework. 

5.1.4 Model Selection 

We chose appropriate classification models suitable for NLP tasks. These are: 

Basic Machine Learning Algorithms:  

o Decision Trees 

o K-Nearest Neighbor (KNN) 

o Support Vector Machines (SVM) 

o Naive Bayes 

Ensemble Learning Algorithms:  

o Voting 

o Boosting (Ada Boost) 

o Bagging 

o Random Forest 

5.1.5 Model Training and Evaluation 

We separated the dataset into test, validation, and training sets. Employing the 

proper techniques and hyper parameter settings, we trained the chosen models on 

the training set. We used pertinent assessment metrics, such as accuracy, precision, 

recall, F1-score, or area under the receiver operating characteristic curve (AUC-

ROC) to evaluate the models on the validation set. Based on the assessment metrics, 

we compared the performance of multiple models and selected the model with the 

best performance. 

5.1.6 Hyperparameter Tuning 

We adjusted the hyperparameters of the chosen model to maximize its performance. 

In order to identify the optimal hyperparameter set, we applied strategies such as 

Bayesian optimization, random search, and grid search. We performed the 
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hyperparameter tuning process on the training set, and assessed the results using the 

validation set. 

5.1.7 Model Evaluation and Interpretation 

After finalizing the hyperparameters, we evaluate the model's performance on the test 

set, which serves as an unbiased evaluation. We calculated various evaluation metrics 

to assess the model's effectiveness and compared it with other models or baselines. We 

also analyze the model's predictions and interpret the results to gain insights into how 

the model is making decisions. 

5.2 Results of Sentiment Analysis  

Four traditional Machine Learning Algorithms (Support Vector Machine, K Nearest Neighbor, 

Naïve Bayes, and Decision Tree) have been trained on the training dataset. Also, four ensemble 

learning methods (Voting, Bagging, Boosting, and Random Forest) have been employed. Each 

algorithm was then tested on the test dataset, and their Precision, Recall, F1 Score, Accuracy 

Rate and Time Complexity are recorded. The algorithm comparison results are given below:  

5.2.1 Precision Analysis 
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5.2.2 Recall Analysis 

 

 

Figure 5.2.2: Recall for Sentiment Analysis 

5.2.3 F1 Score Analysis 

 

Figure 5.2.3: F1 Score for Sentiment Analysis 

 

 

 

 

0

20

40

60

80

100

120

Decision
Tree

Naïve
Bayes.

K Nearest
Neighbors

Support
Vector

Machine

Voting
Classifier

Bagging
Classifier

AdaBoost
Classifier

Random
Forest

Classifier

Positive Sentiment Negative Sentiment

0

20

40

60

80

100

120

Decision
Tree

Naïve
Bayes.

K Nearest
Neighbors

Support
Vector

Machine

Voting
Classifier

Bagging
Classifier

AdaBoost
Classifier

Random
Forest

Classifier

Positive Sentiment Negative Sentiment



57 
 

5.2.4 Accuracy Analysis 

 

Figure 5.2.4: Accuracy for Sentiment Analysis 

5.2.5 Time Complexity Analysis  

 

 

Figure 5.2.5: Time Complexity for Sentiment Analysis 
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5.3 Results of Detecting Email Spam  

5.3.1 Precision Analysis 

 

Figure 5.3.1: Precision for spam filtering 

5.3.2 Recall Analysis 

 

Figure 5.3.2: Recall for spam filtering 
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5.3.3 F1 Score Analysis 

 

 

 

 

 

 

 

 

 

 

Figure 5.3.3: F1 Score for spam filtering. 

5.3.4 Accuracy Analysis 

 

Figure 5.3.4: Accuracy for spam filtering 

5.3.5 Time Complexity Analysis  

 

Figure 5.3.5: Time Complexity for spam filtering 
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The comparison showed that Support Vector Machine Provides a better result than thr

ee other Machine Learning Algorithms. Along with predicting results using these four 

Machine Learning algorithms, they have also used 5 Ensemble Learning algorithms in

cluding the updated Voting algorithm by the authors. They have Trained and Tested th

ose Algorithms and collected each result.  

5.4 Results of Topic Identification  

5.4.1 Precision Analysis 

Figure 5.4.1: Precision for Topic Modeling 

5.4.2 Recall Analysis 

 

 

 

 

 

 

 

 

Figure 5.4.2: Recall for Topic Modeling 
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5.4.3 F1 Score Analysis 

 

 

Figure 5.4.3: F1 Score for Topic Modeling 

5.4.4 Accuracy Analysis 

Figure 5.4.4: Accuracy for Topic Modeling 
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5.4.5 Time Complexity Analysis  

 

Figure 5.4.5: Time Complexity for Topic Modeling 
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CHAPTER 6: MODIFIED VOTING ALGORITHM 

While working in the thesis, we made some observations regarding the tie-breaking process 

of majority voting algorithms. This has prompted us to propose a modified voting 

algorithm, which we experimentally tested on our datasets. This chapter presents the 

methodology and experimental results of the modified voting algorithm. 

 

Majority voting ensemble technique is an ensemble machine learning model that combines 

the predictions from multiple other models. Hard voting and soft voting are the two 

methods used to anticipate the majority vote for classification. In hard voting, the class 

label with the most votes is predicted by adding together all of the forecasts for each class 

label. In soft voting, the class label with the highest probability is anticipated by adding up 

the predicted probabilities, also known as probability-like scores, for each class label. 
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The majority voting selects the first highest repeated prediction as the final prediction from 

multiple models. It has some limitations. It chooses the final prediction in ascending order 

in the case of tied voting, that is why the final prediction cannot be considered perfect. Our 

proposal to solve the problem is this: in case of a tie, we take the label of the minority class 

(which we are calling ‘weak label’) as the output. For example, if we have two classes X 

and Y where the majority of training data comes from class X and the minority comes from 

Y, we call Y the ‘weak label’. In case of majority voting, if the same number of individual 

classifiers vote for X and Y, then we take Y as the output class.  

6.1 Why weak label? 

The highest repeated classes or labels have a high probability of more fit than the minimum 

repeated class or label. So, they already have an advantage. If we train several models with 

the same dataset and half of the models rejected the highest repeated class and selected the 

minimum repeated class as the final prediction, we can say the minimum repeated class is 

likely the winner as it has to overcome the odds of probability. That is why we select the 

weak label as a final prediction when majority voting faces a tie. 

6.2 Result Analysis 

As with previous experiments, four traditional Machine Learning Algorithms (Support 

Vector Machine, K Nearest Neighbor, Naïve Bayes, and Decision Tree) have been trained 

on the training dataset. Also four ensemble learning methods (Voting, Bagging, Boosting, 

and Random Forest) have been employed. Each algorithm was then tested on the test 

dataset, and their Precision, Recall, F1 Score, Accuracy Rate and Time Complexity are 

recorded. 

6.3 Proposed Ensemble Learning Algorithm  

• Step 1: Input Models (M1, M2, …, Mn), Training Data (X_train, y_train) and Test Data 

X_test 

• Step 2: Train Models with training data and predict Results- R1, R2, …, Rn for Test 

Data 

• Step 3: Find Unique Labels on the Y of Training Data- UniqueLabels = set(y_train) 

• Step 4: Map each UniqueLabels and initialize them to zero:  LabelCount [Unique-

Labels] = 0 

• Step 5: Count UniqueLabels on y_train 
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For each label in UniqueLabels: 

  For each y in y_train: 

   If label == y: 

   LabelCount[label] +=1 

Step 6: Find the weak label :- weakLabel = LabelCount [0,0], weakCount = 

LabelCount[0,1] 

For label, count in LabelCount: 

If count < weakCount:  weakCount = count  

                                       weakLabel = label 

• Step 7: Count Unique Labels on (R1, R2, … Rn) 

 UniqueLabels = set (R1, R2, …. Rn) 

 LC[UniqueLabels] = 0 

For each label in UniqueLabels: 

 For each R in (R1, R2, … Rn): 

              If label == R: LC [label] +=1 

• Step 8: Final Prediction is the majority voting. But if majority voting tied then 

weakLabel is Final Prediction- If (LC [0] > LC [1] … LC[n]): LC [0] = Final Prediction  

Else If (LC [1] > LC [2] … LC[n]) THEN LC [1] = Final Prediction  

 ……. …… …….. ……. …….. 

Else If (LC[n-1] > LC[n]):  LC[n-1] = Final Prediction 

Else If (LC[n] > LC[n-1]) THEN LC[n] = Final Prediction 

Else: weakLabel= Final prediction 

• Step 9: Stop  
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6.4 Proposed Ensemble Learning Algorithm Flowchart 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.4: Proposed Ensemble Learning Algorithm Flowchart 
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6.5 Precision Analysis 

 

Figure 6.5: Precision of proposed tie-weak voting method compared to others 

6.6 Recall Analysis 

 

 

 

 

 

 

Figure 6.6: Recall of proposed tie-weak voting method compared to others 

6.7 F1 Score Analysis 

 

 

 

 

 

 

Figure 6.7: F1 Score of proposed tie-weak voting method compared to others 
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6.8  Accuracy Analysis 

 

Figure 6.8: Accuracy of proposed tie-weak voting method compared to others 

6.9 Time Complexity Analysis  

 

Figure 6.9: Time Complexity of proposed tie-weak voting method compared to others 
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The comparison chart shows that the accuracy rate of the Proposed Algorithm which is the up

dated version of the voting algorithm is better than the other four ensemble learning algorithm

s. When voting gives an accuracy rate of 84%, developed algorithm provides 88% which is m

uch better than voting. If we focus on the Time Complexity, Developed Algorithm is better th

an Voting Algorithm. Developed Algorithm is better when accuracy is important while ignori

ng the time complexity. The bagging Algorithm is better; when accuracy and time complexity 

both are important, because the accuracy rate of Bagging is slightly low compared to the Dev

eloped algorithm but the time complexity of the proposed algorithm is much lower than that o

f bagging. 
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CHAPTER 7: MODIFIED BAGGING ALGORITHM 

7.1.1 Bootstrapping 

In statistical classification, machine learning ensemble meta-algorithms like 

bootstrapping are employed to enhance the stability and accuracy of models. 

Bootstrapping involves a straightforward process: data collection followed by splitting 

into new datasets. Subsequently, these datasets are transformed into classifiers using a 

learning algorithm. The classifications determined by these classifiers are then 

aggregated, typically by selecting the final classification based on the most frequent or 

highest-voted outcome. This iterative process allows for bootstrapping in the data 

mining procedure. Each bootstrap can be processed sequentially and independently 

before amalgamation. Bootstrapping is known for its flexibility, ease of 

implementation, responsiveness, wide browser compatibility, and consistent design 

through reusable components. 

 

 

 

 

 

 

Figure 7.1.1: Bootstrapping Method 
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weak models. Bagging is widely used for its effectiveness in improving model accuracy 

and robustness, particularly in situations with high variability or noise in the data. 

 

Figure 7.1.2: Conventional Bagging Model 
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Here n indicates Sample size, N indicates population size, e indicates margin of error 

and p is proportion rate. 

7.3 Sampling Methods  

Simple Random Sampling is indeed a fundamental technique used in Bagging algorithms 

during the model training process. In Ensemble Learning, various sampling methods can 

Training 

Data  

Bootstrap-1 

Bootstrap-2 

……………

……. 

Bootstrap-K 

Learning Algorithm 

Learning Algorithm 

…………………. 

Learning Algorithm 

Model-1 

Model-1 

……………

……. 

Model-K 

Combine 

Classifiers 
Prediction 



72 
 

be employed to enhance the performance of machine learning models. Some of these 

methods include: 

7.3.1 Simple Random Sampling:  

 Simple random sampling is akin to a fair raffle where every individual in the 

population has an equal chance of being selected. It upholds the principle of fairness 

in sampling. There are two primary methods for conducting simple random 

sampling: 

Sampling with Replacement: In this method, each individual from the population 

is considered for selection independently for each draw. After being selected, an 

individual is returned to the population before the next selection, allowing for the 

possibility of being chosen multiple times. 

Sampling without Replacement: Here, each individual is selected only once from 

the population. Once selected, they are not returned to the population for subsequent 

selections. 

Practical implementations of simple random sampling include the classic lottery 

method. In this approach, each individual is assigned a unique number, and these 

numbers are mixed up. A researcher then blindly selects numbers to determine the 

sample, with individuals corresponding to the chosen numbers becoming part of the 

sample. 

 

 

 

 

 

 

 

 

Figure 7.3.1: Simple Random Sampling 
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7.3.2 Systematic Random Sampling 

Systematic Sampling: In this method, a predetermined "sampling interval" is used 

to choose subsequent individuals after the first is chosen at random. To further grasp 

this, let's look at a straightforward example. Let's say we have to choose a sample 

size of n from a population of N. The next person we would choose would then be 

(N/n)-th intervals away from the first person. We can select the rest in the same 

way. If the sample size n=6 then interval will be 24/6=4. The first sample will be 

selected randomly. Here first sample is 1 then next will be 1+4=5, 5+4=9, 9+4=13, 

13+4=17, 17+4=21. 

 

Figure 7.3.2: Systematic Random Sampling 
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Figure 7.3.3: Stratified Random Sampling 
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Subsequent Sampling Stages: This process can be repeated across multiple stages, 

with researchers selecting increasingly smaller subgroups until the desired sample size 

is achieved. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.3. 4: Multistage Sampling 
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7.4 System Design  

Figure 7.4: The System Design of the Research Work 
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7.5  Algorithms 

This thesis has been focused on Bagging algorithm and the bagging algorithm has been 

integrated by changing the sampling methods. Finally find out the comparative analysis 

of different complexity and accuracy of two algorithms.    

7.6 Bagging Algorithm 

7.6.1 Bootstrapping 

Using a bootstrapping sampling strategy, bagging generates a variety of samples. Using 

replacement and random data point selection, this resampling technique creates several 

subsets of the training dataset. This implies that you can choose the same instance more 

than once when choosing a data point from the training dataset. Consequently, a value 

or occurrence that appeared twice or more in the sample. 

7.6.2 Parallel Training 

Next, using weak or base learners, these bootstrap samples are trained 

independently and concurrently with each other. 

7.6.3 Aggregation 

In order to compute a more accurate estimate, an average or a significant portion of 

the predictions are finally used, depending on the task (i.e., regression or 

classification). Soft voting is the process of taking an average of all the outputs that 

each classifier in a regression model predicts. Hard voting, sometimes referred to 

as majority voting, determines which class has the greatest majority of votes when 

there is a classification issue. 

Part A: Classifier generation: 

 

Step 1: Let N be the size of the training set. 

 

Step 2: for each of t iterations: 

    Step 2.1: Sample N instances with replacement  

      from the original training set. 

 

    Step 2.2: Apply the learning algorithm to the sample. 

    Step 2.3: Store the resulting classifier. 

 



78 
 

Part B: Classification: 

Step 3: for each of the t classifiers: 

      Step 3.1: predict class of instance using classifier (Voting). 

 

Step 4: Return class that was predicted most often. 

7.6.4 Modified Bagging Algorithms 

Part A: Classifier Generation: 

 

Step 1: Let N be the size of the training set. 

Step 2: for each of t iterations: 

    Step 2.1: Sample N instances with Systematic/ Stratified 

      / Multistage from the original training set. 

    Step 2.2: Calculate Mode Value for the Training Data in each Bootstrap 

𝑀𝑡 = 𝐿1 +
𝑓1 − 𝑓0

2𝑓1 − 𝑓0 − 𝑓2
× 𝑖 

    Step 2.3: Apply the learning algorithm to the sample. 

    Step 2.4: Store the resulting classifier. 

     

Part B: Classification: 

Step 3: Calculate Standard Score of each Output (Ot). 

Step 3.1: Calculate Average and Mode Value for the Training Data in              

                             each Bootstrap- 

             Repeat For I =1 to K    [Here K is the Number of Bootstrap] 

                                   Repeat For J =1 to L   [Here L is the Number of           

                                                                        observation in each Bootstrap]   

𝐴𝑣𝑔𝐼𝐽 =
∑ 𝑥𝐼𝐽

𝐿
𝐽=1

𝐿
 

                                                       S= √
(𝑥𝐽−𝑥̅)2

𝑁
 

                                     End of J Loop 

𝑀𝑡 = 𝐿1 +
𝑓1 − 𝑓0

2𝑓1 − 𝑓0 − 𝑓2
× 𝑖𝑛𝑡 

                                            𝑆𝐶𝑖 =
𝑀𝑡−𝐴𝑣𝑔𝐼𝐽

𝑆
   

                           𝑊ℎ𝑒𝑟 𝑴𝒕 𝑖𝑠 𝑡ℎ𝑒 𝑀𝑜𝑑𝑒 𝑜𝑓 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑆𝑎𝑚𝑝𝑙𝑒,   𝑿̅ 𝑖𝑠 𝑡ℎ𝑒 𝑆𝑎𝑚𝑝 
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𝑀𝑒𝑎𝑛 𝑎𝑛𝑑 𝑺 𝑖𝑎 𝑡ℎ𝑒 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑒𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑆𝑎𝑚𝑝𝑙𝑒  

              End of I Loop 

 

    Step 4: Calculate Average od Standard Score 

                  Repeat For I=1 to m [Here M is the Number of Class] 

                         Repeat For J=1 to p [Here P is the Number of observations in Class M] 

𝑆𝑢𝑚𝐶𝐼 = ෍ 𝑆𝐶𝐶𝐼𝐽

𝑝

𝑗=1

     

                          End of J Loop 

𝐴𝑣𝑔𝐶𝐼 =
𝑆𝑢𝑚𝐶𝐼  

𝑝
     

                        End of I Loop     

Step 5: for each of the t classifiers: 

      Step 3.1: Predict class of instance using classifier  

                               (Voting and Tie Weak Voting). 

Step 6: Return class that was predicted most often. 

 

7.7 Development of Modified Bagging Algorithms 

7.7.1 TF (Term Frequency) 

We will have multiple documents to calculate TF-IDF. Before calculating TF-IDF we need 

to calculate Term Frequency (TF). Term Frequency is the frequency of a word in a single 

document. To calculate frequency of a word we have a simple way, which is the raw count 

of word ‘T’ in the document ‘d’ or mathematically  𝑇𝐹(𝑇, 𝑑) = 𝐹𝑇,𝑑  . Then we adjust the 

TF for document length 𝐹𝑇,𝑑÷ (number of words in d). Mathamatically: 

𝑇𝐹(𝑇, 𝑑) = 𝐹𝑇,𝑑/ ෍ 𝐹𝑇′,𝑑

𝑇′∈𝑑

 

7.7.2 IDF (Inverse Document Frequency)   

After calculating TF we need to calculate IDF. We calculate IDF to know how common 

or rare a word is in all of the documents. The closer it is to zero, the more common a 

word is. To calculate IDF we need the total number of document ‘N’ and dividing it by 

number of documents that contain a word, and calculating the logarithm of base 10. 

Mathematically: 
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𝐼𝐷𝐹(𝑇, 𝐷) = log
𝑁

|{𝑑𝜖𝐷: 𝑇𝜖𝑑}|
 

After calculating two terms we have to multiply TF and IDF in order to find out the TF-

IDF. So mathematically the equation will be: 

𝑇𝐹𝐼𝐷𝐹(𝑇, 𝑑, 𝐷) = 𝑇𝐹(𝑇, 𝑑) × 𝐼𝐷𝐹(𝑇, 𝐷) 

After Applying the TF-IDF on the raw NLP data all data are ready for machine learning 

data i.e. all the machine learning algorithms can be applied to classify those data.  

7.7.3 Splitting the Raw Data into Training and Test Dataset  

Authors have collected a dataset containing 11530 tweets with the label. K-Fold Cross 

Validation method is used to splitting the training and test data. In this research work  the 

author has used the 5 -Fold Cross Validation Method. Each fold contained 2306 data. The 

first 4 Folds were used as a training and last fold was used as test data. 

7.8  Training Phase 

7.8.1 Selecting Training Data 

The training data form K-fold has merged and the standard score is used to select the 

training data. To calculate the standard score following formula is used. To find the 

standard value .6 was taken as standard score.  

𝑍 =
𝑋𝑖 − 𝜇

𝜎
 

The Stratified , Systematic and Cluster sampling have been used to select the training 

data. 

7.8.2 Finding Sample Size for Selecting Number of Bootstrap 

Sample size is a direct count of the number of samples measured or observations being 

made. In statistics, sample size is generally represented by the variable "n". Sample 

Size can be calculated from finite and Unlimited population. Sample size can be 

calculated using the following formula: - 

𝑛 = 𝑁 ×

𝑍2 × 𝑝 × (1 − 𝑝)
𝑒2

[𝑁 − 1 + [
𝑍2 × 𝑝 × (1 − 𝑝)

𝑒2 ]]
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Z Score can be calculated using given formula  

𝑍 =
𝑋 − 𝜇

𝜎
 

To Calculate the margin of error the authors have used the following formula 

𝑒 =
𝑍𝜎

√𝑁
 

where, 

N = Population size, 

Z = Critical value of the normal distribution at the required confidence level, 

p = Sample proportion, 

e = Margin of error 

7.8.3 Finding Number of Bootstrap 

It is true that bootstrapping generates data, but this data is used to get a better idea of 

the sampling distribution of some statistic, not to increase power Christoph points out 

a way that this may increase power anyway, but it is not by increasing the sample size. 

To calculate the number of bootstraps we used the following formula- 

𝑁𝐵 = 𝐶𝑒𝑖𝑙 (
𝑇𝑜𝑡𝑎𝑙 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐷𝑎𝑡𝑎 (𝑇𝐷)

𝑛
) 

7.8.4 Training Data Selection for each Bootstrap 

In this thesis we have used three sampling techniques to select the training data for 

each bootstrap such as Systematic random sampling, cluster samping and Stratified 

random sampling.  

Training Data Selection Using Systematic Random Sampling for each 

Bootstrap: The following steps are used to select the training data for each 

bootstrap in modified bagging algorithm. 

Step 1: Assign a sequential number to each data (1, 2, 3…n). The 

interval is calculated using following formula:  

𝑖 =
𝑁

𝑛
     𝑊ℎ𝑒𝑟𝑒 𝑁 𝑖𝑠 𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑎𝑛𝑑 𝑛 𝑖𝑠 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒.  

Step 2: Select any one of the data randomly. 
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Step 4: Find out the next sample value repeatedly using given formula 

(Current Position+ Interval (N/n)) till to reach the last data and assign 

it to each bootstrap. 

Training Data Selection Using Stratified Random Sampling for each 

Bootstrap: 

Step 1: N number of Sub groups (Strata) have been created from the 

given training data set on the basis  of  number of bootstraps.  

Step 2: Assign a sequential number to each data (1, 2, 3…n) in 

different Subgroups.  

Step 3: Figure out the number of training data from the splitting data 

and used as sample data. 

Step 5: Find out the sample size of each Strata.  

nh = ( Nh / N ) * n 

Verification: n = n1 + n2 + n3 + ... + nH  

Step 6: The random number generator is used to select the sample, 

using the sampling frame (population size) from Step 3 and  sample 

size from Step.  

Training Data Selection Using Cluster Random Sampling for each 

Bootstrap: 

Step 1: N number of Sub groups (Strata) have been created from the given 

training data set on the basis of  number of bootstraps.  

Step 2: Assign a sequential number to each data (1, 2, 3…n) in 

different Subgroups.  

Step 3: Figure out the number of training data from the splitting data 

and used as sample data. 

Step 5: Find out the sample size of each Strata.  

nh = ( Nh / N ) * n 

Verification: n = n1 + n2 + n3 + ... + nH 

Step 6: The random number generator is used to select the sample, 

using the sampling frame (population size) from Step 3 and  sample 

size from Step.  
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7.8.5 Apply Base Classifier for each Bootstrap. 

I have used three base classifier   such as decision tree, naïve bays and K-nearest 

neighbor for each bootstrap which is constructed using deferent sample technique. 

7.9 Testing Phase 

After completing the model creation, predict the class test data where we have used the 

binary classification. I have used the following steps n predicting output for final 

prediction- 

 

Calculation of Standard Score 

𝑆𝐶𝑡 =
𝑀𝑡 − 𝑋̅

𝑆
 

 

 Calculate Average of Standard Score 

𝐴𝑣𝑔𝐶1 =
∑ 𝑆𝐶𝐶1𝑗

𝑝
𝑗=1

𝑛
 

 

𝐴𝑣𝑔𝐶2 =
∑ 𝑆𝐶𝐶2𝑗

𝑞
𝑗=1

𝑛
 

 

Finally. I have applied voting and Tie-weak voting (Developed by the author) 

algorithms for final prediction. 

7.10 Result Analysis and Discussion 

Authors have used 3 Machine Learning Algorithm as a base classifier on same 

training dataset including Decision Tree, Naïve Bayes and K Nearest Neighbor to 

develop traditional bagging algorithm and modified bagging algorithm. Then tested 

each Algorithm with same test dataset and collected their Accuracy Rate, Error Rate 

and Time Complexity. The comparison result of algorithms are given below. 
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 Accuracy rate 

B MB1 MB2 MB3 

DT 86.3 83.6 87.6 85.6 

Naïve Bayes 83.4 74.5 87.5 86.6 

KNN 83.4 78.4 86.6 84.8 

     

 

Figure 7.10: Accuracy Comparison of Bagging and Modified Bagging Algorithms 

The comparison chart shows that the accuracy rate of the Proposed Algorithm, which is the 

updated version of the bagging algorithm is better than the traditional bagging algorithm in 

ensemble learning. When bagging gives us an accuracy rate of 83%-84%, developed Modified 

Bagging algorithm provides 83%-88% which is much better than bagging algorithm. If we 

focus on the Time Complexity, Proposed Algorithm is better than bagging algorithm. Proposed 

Algorithm is better when accuracy is important while ignoring the time complexity. The 

bagging Algorithm is better; when accuracy and time complexity both are important, because 

the accuracy rate of Bagging is slightly low compared to the Proposed algorithm 
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CHAPTER 8: CONCLUSION 

This research work investigates sentiment analysis, topic identification, and email spam 

classification using traditional machine learning algorithms and ensemble learning algorithms, 

including two modified versions: a bagging algorithm and a tie weak voting algorithm. The 

analyses were conducted on datasets of 11,530 tweets (sentiment analysis), 15,000 entries 

(topic identification), and 17,000 entries (spam detection). Text data was converted to numeric 

form using standard NLP methods, then divided into training and test datasets. Key algorithms 

used include Decision Tree, Naïve Bayes, K Nearest Neighbor, and Support Vector Machine 

(SVM), as well as ensemble methods like Voting, Bagging, Boosting, and Random Forest. The 

modified bagging algorithm showed improved prediction accuracy over the conventional 

version. Ensemble methods generally outperformed traditional machine learning algorithms, 

with SVM being the best among the traditional ones. The study found that ensemble methods 

significantly enhance prediction accuracy for sentiment analysis and spam detection, although 

all algorithms performed poorly on topic identification. The findings suggest that modified 

ensemble techniques can provide better performance compared to standard machine learning 

methods. Key Findings are: 

Performance Comparison: 

o Ensemble learning methods demonstrated 2-3% higher prediction accuracy 

compared to traditional machine learning algorithms for all three tasks. 

o The proposed voting classifier outperformed traditional voting classifiers by 3-

4.45% in sentiment analysis. 

o The modified bagging algorithm showed a 2-2.5% improvement over the 

traditional bagging algorithm. 

Time Complexity: 

o The time complexity of the proposed algorithms is higher than traditional 

methods but lower than the majority voting algorithm. 

o Overall, the time complexity of the algorithms was deemed to be at an average 

8.1 Limitations  

Computational Complexity: Ensemble learning often involves combining multiple base 

classifiers, which can lead to increased computational complexity during both training and 
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inference. The computational resources required to train and deploy ensemble models may 

be prohibitive for some applications, especially on resource-constrained devices or 

platforms. 

Overfitting: Although ensemble methods are generally effective at reducing overfitting 

compared to individual classifiers, complex ensemble structures with a large number of 

base classifiers can still be prone to overfitting, especially if not properly regularized or 

validated. 

Interpretability: Ensemble models can be challenging to interpret due to their complex 

nature, especially when using techniques like stacking or blending. Understanding the 

contribution of individual base classifiers to the ensemble's predictions and providing 

explanations for those predictions may be difficult. 

Scalability: The scalability of ensemble learning algorithms may be limited, particularly 

when dealing with extremely large datasets or when deploying models in distributed 

computing environments. Ensuring efficient parallelization and optimization of ensemble 

algorithms for scalability can be challenging. 

Resource Intensive Tuning: Tuning hyperparameters and optimizing the ensemble 

structure can be resource-intensive and may require extensive experimentation to achieve 

optimal performance. 

8.2 Future Works 

Future research directions and areas for improvement in ensemble learning algorithms for 

classification tasks in Natural Language Processing (NLP) may include: 

Model Compression: Exploring techniques for compressing ensemble models to reduce 

their computational complexity and memory footprint, making them more suitable for 

deployment on resource-constrained devices or platforms. 

Transfer Learning: Investigating transfer learning approaches for ensemble methods in 

NLP, such as pre-training base classifiers on large-scale language models and fine-tuning 

them for specific classification tasks. This could improve the generalization performance 

of ensembles across different NLP tasks and domains. 
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Dynamic Ensemble Selection: Developing adaptive ensemble methods that dynamically 

select and combine base classifiers based on the characteristics of the input data or the 

current task at hand. This could involve using meta-learning techniques or reinforcement 

learning to learn the optimal ensemble configuration for each input instance. 

Ensemble Diversity: Exploring strategies for enhancing the diversity of base classifiers in 

ensemble methods, such as ensemble pruning techniques that remove redundant or 

correlated classifiers while preserving performance. 

Multi-Modal Fusion: Investigating ensemble methods for integrating information from 

multiple modalities (e.g., text, images, audio) in NLP tasks, enabling more effective fusion 

of heterogeneous data sources for classification tasks. 
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