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[bookmark: _Toc145086078]Abstract 
This research aims to comprehend customer sentiments concerning airlines through the application of computer techniques to analyze and interpret customer reviews. The utilization of these techniques assists airlines in gauging their areas of proficiency as well as identifying aspects that require enhancement. A substantial collection of reviews was amassed from diverse individuals who had traveled with various airlines. Among these reviews, expressions of satisfaction were juxtaposed with less favorable remarks. Employing specialized methodologies, the researchers processed this plethora of textual input, extracting meaningful insights. The computer software devised for this purpose exhibited the capability to discern the sentiment conveyed in each review, categorizing them as positive, negative, or neutral. The program exhibited remarkable efficacy in this regard, enabling a comprehensive understanding of the factors that elicit contentment or discontent among travelers. Noteworthy details such as preferences for certain amenities like comfortable seating and grievances such as issues related to flight reservations or baggage complications were unveiled. The outcomes of this endeavor hold significant potential for the aviation industry. Airlines can capitalize on the unfavorable aspects pinpointed in customer feedback to effect improvements. Concurrently, they can perpetuate practices that garner appreciation from their patrons. In doing so, airlines can enhance customer satisfaction, fostering loyalty and repeat business. In essence, the study underscores the substantial utility of employing computational tools to decode customer sentiments regarding airlines. This approach serves as a poignant reminder for airlines to heed their customers' opinions, adapting in areas where necessary. This responsiveness is crucial for airlines to thrive within the expansive realm of travel choices and ensure customer contentment. Upon text cleaning and preprocessing the text employed TF-IDF Vectorization, and then tested many machine learning models. Notably, Logistic Regression and XGBoost exhibited the highest accuracy of 74%.
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Chapter 1
1. [bookmark: _Toc145086084]Introduction
0. [bookmark: _Toc145086085]Background of Study
In the realm of business and organizations, the phase customer sentiment encapsulates a world of emotions and opinions that individuals hold towards a company, supermarket, or any other entity [1]. This sentiment conveys whether customers are content with the services provided by an organization or whether their experience has left them dissatisfied. Indeed, customers hold a pivotal role in any business ecosystem, for their satisfaction directly influences their decision to return as future patrons. The intricate dance of commerce hinges on this crucial factor customer satisfaction. This study delves into the realm of sentiment analysis within the context of airlines, utilizing the powerful tools of machine learning. The central inquiry revolves around understanding the extent of customer satisfaction or dissatisfaction within this sector. Airlines, undoubtedly, rank among the largest and busiest industries today, seamlessly ferrying people to their destinations efficiently and safely [2]. Yet, within this bustling landscape, numerous players vie for attention. While choices prosper, the discontentment often voiced about service quality and ticket pricing cannot be ignored. The crucial point of this study is the identification of which specific airline services fail to meet customer expectations and, crucially, the underlying causes. This identification is essential because it spotlights potential dangers that might lead to the downfall of companies in the face of declining customer demand. The contemporary marketplace is crowded with competitors who offer similar services, often at competitive prices. Thus, maintaining a perfect standard of service is not merely a choice, but an imperative. Neglecting this facet could, over time, erode the very foundation of a business. 
The dataset under consideration comprises a trove of tweets directed at various airline handles on Twitter. This data repository encompasses twelve columns, of which one bears the crucial sentiment of each tweet. The remaining columns offer a wealth of contextual information, exposing the content, origin, timing, retweet status, and more of each tweet. The undertaking at hand involves the construction of machine learning. This model endeavors to predict the sentiment of a given tweet, leveraging the excess of additional information contained within the dataset [3]. The interplay of variables, each conveying a facet of the tweet, contributes to an intricate tapestry of sentiment analysis. Intrinsically, this study is a marriage of technology and human experience, aiming to decipher the unspoken emotions buried within the digital expressions of customers. By comprehending these sentiments, organizations can uncover areas of improvement, enhance service quality, and adopt an environment where customers feel truly valued.
[bookmark: _Toc145086086]1.1   Purpose of Study
The study's primary focus is to tackle the mounting concern surrounding customer dissatisfaction within the airline sector. A discernible pattern has materialized wherein a notable percentage of individuals are voicing their discontent, primarily centered around ticket prices. Unforeseen and disproportionate price surges, paired with a perceived deterioration in service standards, have become overt. Hence, the study's objective is to distinguish and pinpoint the airline establishments that are lacking in delivering satisfactory provisions to their clientele. Through an exhaustive analysis, the study strives to illuminate the precise problematic areas and contribute to a deeper comprehension of the underlying causes driving customer dissatisfaction in this arena.
The impetus behind initiating this study stems from the prevalent predicament of widespread customer discontent within the domain of airline amenities. Recent observations have underscored a growing pattern of dissatisfaction, particularly concerning the affordability and perceived value of ticket costs. This unease is exacerbated by instances where airlines have seemingly escalated ticket prices without a corresponding enhancement in service caliber. In response to these hurdles, the study endeavors to differentiate and isolate those specific airline entities that are falling short of meeting their customer base's expectations. By harnessing sophisticated Natural Language Processing (NLP) techniques and sentiment analysis, this investigation aspires to unveil nuanced perspectives derived from customer-generated content. These insights will elucidate the exact pain points and areas of discontent, thus fostering a more comprehensive apprehension of the challenges at hand. Ultimately, the study's purpose is to empower airlines and the industry in its entirety with actionable insights that can guide strategies toward heightening customer contentment. By identifying pivotal problematic zones, the study strives to instigate affirmative changes, enrich service quality, and reinstate customer faith in airline services.
0. [bookmark: _Toc145086087]Aim and Objective
Aim: Analysis of customer sentiment through different ML techniques to find the best or worst airline organizations. 


Objective: 
· The first objective is to find the best suitable for this work-study.
· After that find the platform to implement this work-study code.
· Choosing the best plots and graphs to represent the hidden information.
· Choosing the optimal techniques to create suitable models for this problem statement.
· After that used model evaluation techniques to finalize the best model for that. 
0. [bookmark: _Toc145062316][bookmark: _Toc145086088]Justification / rational for the research 
In today's highly competitive business landscape, customer sentiment analysis has become increasingly critical, particularly in industries like airlines. Customer satisfaction directly impacts brand reputation and revenue, making it essential for companies to gain insights into customer sentiment. Natural Language Processing (NLP) techniques have emerged as a powerful tool for analyzing textual data, making it timely and relevant to research their application in airline customer sentiment analysis.
The rapid advancement of NLP techniques, including large-scale pre-trained language models like BERT, has revolutionized text analysis. This tool provides the capability to extract valuable insights from textual data at scale, making them indispensable for businesses seeking to analyze customer feedback and sentiment. As a result, investigating the application of NLP in the context of airline customer sentiment analysis is both timely and relevant. Airlines gather customer feedback through various channels, including social media, online reviews, surveys, and customer service interactions. This wealth of data presents both opportunities and challenges. Utilizing NLP techniques to analyze this data can help airlines efficiently process and understand customer sentiments from diverse sources, providing a comprehensive view of customer opinions.
Analyzing customer sentiment equips airlines with the capacity to base their decisions on data. This involves recognizing trends and recurring patterns within customer feedback, enabling airlines to prioritize enhancements in areas that hold the greatest significance for their customers. This data-driven approach facilitates more efficient allocation of resources and the customization of marketing strategies to directly tackle specific customer concerns. Specified the highly competitive nature of the aviation industry, where customer satisfaction serves as a critical distinguishing factor, gaining insights into customer sentiment becomes dominant. This knowledge of customer sentiment plays a fundamental role in elevating the overall customer experience. Airlines can connect NLP-driven sentiment analysis to pinpoint areas of dissatisfaction, expose concealed problems, and proactively implement measures to resolve them. Consequently, this leads to heightened customer satisfaction and loyalty, with a subsequent positive impact on the company's financial performance.
Moreover, efficient customer sentiment analysis can have a substantial economic impact. By addressing customer concerns effectively, airlines can reduce the costs associated with customer support and complaint resolution. Efficient allocation of resources, combined with proactive issue resolution, can mitigate potential PR crises by addressing issues before they escalate. Airlines that effectively control NLP for sentiment analysis can gain a competitive edge. They can respond more quickly to developing issues, capitalize on positive feedback, and adapt their strategies based on real-time customer sentiment. This proactive approach can set them apart in a fiercely competitive market. Despite the clear business implications, there is a gap in academic research concerning the application of NLP techniques in the aviation industry's customer sentiment analysis. Conducting research in this area can contribute to the academic understanding of NLP in the context of customer feedback and sentiment analysis.
Overall, the research on customer sentiment analysis on airlines using NLP techniques is justified by the pressing need for airlines to better understand and respond to customer sentiments. Leveraging advanced NLP tools and techniques can lead to improved customer experiences, enhanced decision-making, and a competitive advantage in the aviation industry. This research not only holds significant business implications but also contributes to the academic knowledge base in the field of NLP and sentiment analysis.
0. [bookmark: _Toc145086089]Methodology 
In the "Customer Sentiment Analysis on Airlines using NLP Techniques" project, the methodology employed revolves around leveraging Natural Language Processing (NLP) techniques to analyze customer sentiments toward airlines. The primary approach involves transforming the textual data into numerical vectors using the Term Frequency-Inverse Document Frequency (TF-IDF) technique. By converting the text into numerical representations, the project aims to capture the essence of customer reviews. Subsequently, a range of Machine Learning (ML) algorithms is applied to discern the sentiment of each tweet, distinguishing between positive and negative reviews. This amalgamation of TF-IDF and diverse ML algorithms enhances the project's ability to classify and gauge customer sentiments effectively.
0. [bookmark: _Toc145086090]Research Question
Research question plays an important role in any project because with that it is understood what the author trying to find in this research study. Some of the research questions are given below related to this work study,
· What prompts airline authorities' service quality issues, evident in NLP-based customer sentiment analysis?
· How does NLP-driven sentiment analysis reveal struggling airlines and their service-related losses categorically?
· Can NLP uncover exact sources of poor service in airlines, spotlighting customer dissatisfaction triggers?
· How does advanced NLP-powered sentiment analysis aid airline service understanding, highlighting worrisome aspects?
· What NLP-derived insights link service-related factors to financial setbacks in particular airlines?

Chapter 2
1. [bookmark: _Toc145086091]Literature Review
1. [bookmark: _Toc145062321][bookmark: _Toc145086092]Overview 
In Chapter, Section 2.1 delivers specifics about the various sections sheltered in this Chapter that contains the existing approaches, the NLP role in the forecast of Customer sentiment analysis on airlines, and the review of the studies performed in the past by various researchers. Section 2.2 delivers existing approaches for predicting Customer sentiment which includes both the traditional and the modern methods of analyzing the Customer reviews. Section 2.3 covers the role of NLP in the forecast of a sentiment analysis of the airline customers. Section 2.4 covers the review of recent studies that were achieved by many investigators. This Section covers the various methods that other authors implemented and the results that they obtained. Section 2.5 provides Identifying gaps.
1. [bookmark: _Toc145086093]Existing Research 
The author is describing the existing research on airline customer satisfaction through sentiment analysis.  The results of the airline analysis based on the satisfaction of the customers have been divided into two categories such as traditional approaches, it is discussing the earlier stages of the flight customer analysis, and another one is modern approaches, for the sentiment analysis of the customer online site reviews for the estimation of the tested data for the customers or airline passengers. 
1. [bookmark: _Toc145086094]Traditional Methods 
In the traditional methods, the author has been used for the sentiment analysis for the commercial passengers for the airlines and they can relate with their satisfaction of the online reviews.  The social media platforms are using textual data and analyze the responses of the tweets, and collect their research proposals and it is based on the lexicons and emotion lexicons [4]. The author has used the firstly NLP method for the detection of the analysis of the customer’s texted data and then used the various ML methods to predict the sentiment of customer analysis, the importance of the airline services is monitored in the approach and the methods are analysed and they have improved the offers for the services and the author has got 71% percentage of the naïve Bayes classification technique for the analysing the online reviews of the satisfaction of the passengers. The author has used the NLP method to predict the consumer satisfaction level for analysing the online reviews of the covid -19 pandemic before and after the analysis of the data. They have used the word embedding system and visual analysis for the level of the rating in the airlines finding the outcomes from the analysis [5]. The data can be predicted using the ML methods for the unrated aspects of the ratings and the existing data has been complemented and there to understand in an easier way to approach them for the airline industry. 
According to the Choi et al., social media platforms have served as rich sources of textual data, allowing researchers to gather a vast pool of customer responses, particularly on platforms like Twitter [6]. Through the analysis of tweets and other online interactions, researchers have crafted research proposals that delve into customer sentiment using lexicons and emotion lexicons. This approach involves building lists of words associated with different emotions, enabling the classification of text into positive, negative, or neutral sentiments. The foundation of these traditional methods often starts with NLP techniques [7]. By applying NLP, researchers preprocess and structure the textual data, transforming it into a format that can be analysed. This process involves tasks such as tokenization, stemming, and removing stopwords, enhancing the quality of the data for subsequent analysis.
Various Machine Learning (ML) methods are employed to predict customer sentiments. These methods leverage the structured and labeled data to develop predictive models. Naïve Bayes classification is one such technique that has gained traction for sentiment analysis. By training the model on historical data with known sentiment labels, it learns to classify new, unlabeled data based on patterns it has discerned during training [8]. In one study, the author employed a combination of NLP and ML techniques to monitor the importance of airline services through the analysis of customer reviews. By predicting sentiment, airlines could better understand how customers perceive their services and subsequently enhance their offerings. The study achieved a 71% accuracy using the naïve Bayes classification technique, indicating a significant success in assessing passenger satisfaction through online reviews. 
According to Ibrahim and Wang in the tourism sector, traditional methods of sentiment analysis have evolved into a sophisticated strategy that goes beyond straightforward sentiment classification [9]. Researchers' toolkits now include word embedding systems such as Word2Vec and GloVe, which mathematically represent words and enable the capture of complex semantic relationships. In addition to making, it easier to understand how specific words or phrases in airline reviews relate to specific emotions, learning improves by highlighting the shades of emotion [10].  Furthermore, seamlessly integrated visual analytics techniques provide graphical visualization of sentiment rating distributions. These visualizations, which provide a holistic view of passenger attitudes, can help airlines better understand trends in customer satisfaction.
For entities that do not have a hierarchical review, predictive analytics are now incorporated into traditional techniques. Using machine learning (ML) techniques, sentiment toward factors not directly mentioned in reviews can now be predicted [11]. Even if customers do not provide direct feedback by assuming sentiment based on context and surrounding data, airlines can gain deep insight into many aspects of their services. Another essential component of these tactics is data supplementation, which is supplementing pre-existing data with information or other features from external sources, such as flight information, local weather or client demographics. Han et al. extensive data integration can enable airlines to better understand the emotions and feelings of their customers, uncovering external factors that affect their happiness [12]. In short, these traditional methods emphasize an ongoing improvement cycle, in which airlines incorporate findings from sentiment analysis to enhance their offerings and services. By closely monitoring sentiment trends, they can identify problem areas and follow the evolution of service improvements. This data-driven approach has become imperative in the airline industry, where customer experience is a key competitive advantage [13]. Sentiment research helps airlines make informed decisions and tailor their products to meet and exceed customer expectations, thereby maintaining their competitiveness and profitability. In an age where customer satisfaction matters, sentiment analysis is just one tool.
1. [bookmark: _Toc145086095]Modern Methods
In today’s generation, modern methods are used for the prediction of the analysis of customer reviews for their satisfaction level to be more focused on them and their spending a lot of money in the markets. The author has implemented the analysis of customer sentiment analysis for machine learning and NLP techniques are used [14]. The sentiment analysis of the services and products is finding the outputs for the online available data. They have used the SVM, logistic method, Naïve Bayes, etc, for the prediction of airline sentiment customer analysis. The data has been used in the research and has been considered to be the misbalancing and multi-classification data, it has got a 77% percentage of accuracy in the SVM and logistic regression of words methods. The author has used digitally texted data for the reviews of online site analysis. The researchers are increased based on the applications in the future, they analyzed the fundamental relationships with their methods. In the marketing analysis, there are so far in the integrations. The neural networks methods are based on the ML methods, the author has pre-trained the data for the diagnosis and prediction to selective methods to be procured and reviewed the textual data to liked and analyzed for the objective in the diagnosis versus the prediction of future [15]. 
Modern methods of predicting and evaluating customer reviews have gained importance in the present environment to increase the level of customer satisfaction [16]. Businesses are increasingly focusing on meeting the demands and preferences of consumers as they invest huge amounts of money in various markets. In this regard, the authors have used sophisticated methods, especially machine learning and natural language processing (NLP), to analyze customer sentiment in more detail with the aim of extracting useful information from their input.
Modern approaches include a wide range of machine learning algorithms, each specifically designed for the complexity of sentiment analysis. Naive Bayes, logistic regression, and support vector machine (SVM) are some of the well-known techniques used to predict customer sentiment in the airline sector. These methods use labeled data to train their models and identify patterns and relationships in textual data. In their research, researchers frequently face problems caused by unbalanced and multi-categorized data. Despite these difficulties explained by Rathee et al., [17] their efforts have yielded encouraging results. For example, a study using SVM and logistic regression of words was able to predict sentiment with respect to airline customer data with 77% accuracy.
In order to increase customer satisfaction and meet the changing needs of today's customers, who are playing an important role in many markets, modern methods for airline sentiment research are now required. Kute et al., reported that many researchers are using sophisticated techniques, primarily machine learning and natural language processing (NLP), to provide insightful data from customer reviews[18]. Each machine learning algorithm used in these modern methods has been carefully designed to manage the complexity of sensory analysis.
1. [bookmark: _Toc145086096]Role of Customer Sentiment Analysis on Airlines using NLP
Customer sentiment analysis has emerged as a pivotal component within the airline industry, facilitating enhanced customer interactions through the utilization of Natural Language Processing (NLP) techniques and machine learning methodologies. This analytical approach has significantly transformed the manner in which airlines engage with their customers across online platforms, propelling communication and customer experience to new heights [19]. The fundamental process of customer sentiment analysis within the airline sector begins with travellers sharing their individual experiences on various online platforms. These customer reviews form the bedrock upon which sophisticated data analysis models are constructed, aimed at accurately predicting sentiments and opinions [20]. These models heavily rely on manually crafted rules specifically designed to dissect the polarity, subjectivity, and opinions articulated by customers in their online feedback.
One of the pivotal rule-based methodologies encompassed in this process involves stemming, tokenization, parts of speech tagging, and parsing [21]. These linguistic techniques dissect sentences into constituent components, allowing for the extraction of sentiment-bearing words and phrases. Furthermore, lexicons – repositories of words and expressions laden with sentiments – constitute another rule-based approach, enabling the classification of sentiments into positive, negative, and neutral categories. These approaches leverage a comprehensive pool of polarized words, aiding in the accurate determination of sentiment [22]. In the context of sentiment analysis within customer reviews in the airline industry, several machine learning algorithms come into play. Naive Bayes, renowned for its efficacy in probabilistic classification of textual data, offers a viable choice for sentiment classification [23]. Support Vector Machines (SVM) excel in capturing intricate relationships between features and labels, while Random Forest algorithms combine decision trees to mitigate overfitting and enhance robustness. Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) variants, hold promise in capturing contextual information and are beneficial in analyzing sentiment within sequential data [23].
The advent of transformer-based models, such as BERT and GPT-3, introduces compelling alternatives for sentiment analysis within the broader NLP landscape. These models excel in comprehending contextual nuances, proving especially adept at grasping intricate sentiment dynamics [24]. Choosing the most suitable algorithm hinges upon factors including the available data, feature extraction methods, and task complexities, demanding a comprehensive cycle of experimentation and optimization. The evolution of sentiment analysis within the airline industry has ushered in advanced techniques that integrate novel expressions and vocabularies, resulting in the formulation of new rules that amplify the precision of customer review analysis. The ever-evolving nature of language necessitates the continuous refinement of these rules to capture shifting sentiments accurately [25]. Subsequent to rule-based analysis, machine learning strategies refine sentiment analysis autonomously, extrapolating sentiments from discernible patterns.
A noteworthy trend is the emergence of hybrid systems, encompassing both rule-based and machine-learning paradigms, to achieve a more holistic sentiment assessment [26]. This multifaceted approach aligns with the dynamic nature of customer feedback and positions airlines to glean comprehensive insights into preferences, areas for improvement, and potential crises. These insights pave the way for tailored services and experiences, thereby augmenting brand perception and engendering customer loyalty. The ramifications of sentiment analysis extend beyond mere feedback assessment. Positive sentiments magnify the resonance of favorable experiences, while the identification of negative sentiments empowers airlines to address concerns and mitigate issues promptly [27]. Consequently, sentiment analysis serves as an invaluable tool in refining marketing strategies, optimizing service offerings, and streamlining operational processes to meet and surpass customer expectations.
In the ever-evolving landscape of the airline industry, customer sentiment analysis is effecting transformative change. By harnessing the intricate interplay of Natural Language Processing and machine learning, airlines are positioned to not only comprehend customer sentiments comprehensively but also to adapt and innovate to better serve their clientele [28]. This customer-centric approach is poised to revolutionize the airline sector, ultimately shaping its trajectory in alignment with the desires and preferences of its customers. The profound impact of customer sentiment analysis in the airline industry lies in its ability to reshape the customer-centric landscape. By amalgamating the intricate dynamics of Natural Language Processing and machine learning, airlines are not only empowered to comprehensively grasp customer sentiments but also to proactively evolve and innovate in response to customer feedback. This adaptive approach is poised to revolutionize the airline sector, propelling it toward a trajectory harmonized with the evolving desires and preferences of its customers. Through sentiment analysis, airlines not only refine their service offerings and marketing strategies but also cultivate a deeper understanding of their clientele, fostering enduring brand loyalty and fortifying their position in a highly competitive market [9]. This amalgamation of advanced technologies and customer insights engenders a symbiotic relationship between airlines and their customers, wherein the voice of the customer becomes the compass guiding the industry's progression.
Overall, the customer sentiment analysis, driven by Natural Language Processing (NLP) and machine learning, has emerged as a pivotal tool in the airline industry, revolutionizing customer interactions and experiences [29]. This process begins with travellers sharing their experiences online, forming the basis for sophisticated data analysis models. These models employ rule-based methodologies, including linguistic techniques like stemming, tokenization, and lexicons to dissect sentences and classify sentiments into positive, negative, and neutral categories.
ML algorithms such as Naive Bayes, SVM, RF, and RNNs play a vital role in sentiment analysis, offering varied approaches to text classification and contextual understanding [30]. The fusion of rule-based and ML models in hybrid systems has become a trend, enabling a more comprehensive sentiment assessment and provided that insights into likings, areas for development, and potential crises. The implications of sentiment analysis go beyond feedback assessment. Positive sentiments increase favourable experiences, while identifying negative sentiments allows airlines to address concerns promptly, enhancing brand insight and customer loyalty [13]. It serves as a valuable tool for refining marketing strategies, optimizing services, and streamlining operations to meet customer potentials.
In the dynamic airline industry landscape, customer sentiment analysis is a transformative force. Airlines can understand customer sentiments comprehensively and adapt and innovate to better serve their clientele. This customer centrical approach has the potential to revolutionize the industry by aligning it with evolving customer desires and preferences. The thoughtful impact of customer sentiment analysis in the airline industry lies in its ability to reshape the customer centrical landscape. By combining NLP and ML, airlines can not only grasp customer sentiments but also proactively evolve and innovate in response to feedback [31]. This adaptive approach is controlled to revolutionize the airline sector, propelling it toward a trajectory consistent with customer preferences. Through sentiment analysis, airlines improve service offerings, marketing strategies, and deepen their understanding of their clientele. This fosters enduring brand loyalty and fortifies their position in a highly competitive market. The integration of advanced technologies and customer insights creates a co-operative relationship between airlines and their customers, where the voice of the customer becomes the compass guiding the industry's progression.
1. [bookmark: _Toc145086097]Related Work 
Various researchers are working on this project in their distinct ways. The main Aim of the project is to predict the customer sentiment Analysis on airlines using the NLP techniques. As a result, some researchers choose the ML technique while others use the DL technique. Yet, both tactics have the same purpose because, in the end, both techniques produce the best output of this model as well as the total result. In this part, the authors discuss all related work to this project. However, in this study, the author only used proposition-based ML techniques. To gain more relevant information, the author would also want to see others do a related study on this topic. Such knowledge contributes to the development of more accurate values. 
Prabhakar et al., emphasise the role of internet towards making important decisions throughout activities of worldwide airlines [32]. The sentiment analysis helps in handling the customers problems, and with this the US airlines will make in helping to the customer’s online reviews of various sites. Twitter will provide the best level of customer sentiment analysis of the airlines. The author has used in that machine learning techniques for performing analysis of the various algorithms and in this paper the author has used the Adaboost method for the identification of employed. Ashi et al., used advance technology to solve the problem of customer sentiment analysis is the NLP method [33]. The ABSA problem was found the author is predicting the classification of the sentiment analysis of the customer’s reviews of airlines on the websites. They are about their models and detecting the sentiment analysis they have used the support vector machine and the author has got the optimum solution of the fast text Wikipedia word embedded system was better than travel web for the reviews of customers on the websites. 
The research paper on a social network service using the Twitter site to produce their products and various services based on their opinions for customer sentiment analysis arises, and it automatically updated the data for analysis. The detection of the polarity of sentiment analysis due to some of the services like positive, negative, and neutral for various airlines in the US. The author has used the word embedding methods for the prediction and they also used deep learning techniques for the long-term prediction and exploratory data analysis of the customer analysis. The accuracy has been trained for the 80% and training has got the 20% of future prediction [34]. The analysis of the text is performing the airline services by giving reviews for future prediction. The author has used the importance-performance analysis (IPA) the experiencing the various things to get reviewed on the online site. They have analyzed the statistical data for the evaluation and correlation between them, TAIPA calculations, and benchmarks in the airport transportation industry for the customer satisfaction of data that has been analysed [35]. Another research paper on social networking platforms is permitted to users, items, messages, etc., and many more throughout the world. The author has been used for the detection of customer sentiment analysis on airlines using machine learning methods to solve the problems of airline transportation and reviews of online sites. The author has used various methods such as SVM, naïve Bayes, and RF then the analysis of sentiments of the customers are analyzed. The dataset has been doing not performed well [36]. The customer’s opinions are mostly receiving their products and services by the company wise. Customers are using social networks, and messengers, are receiving data from the tools. The author has described the strengths and weaknesses of the airlines and the customers to be analyzed for the management of the solutions for the problems and for improving the marketing strategies of the business to attract the customers for their satisfaction reviews in the airlines [37].
Tusar and Islam proposed solution called Sentiment Analysis, which combines Natural Language Processing (NLP) with Machine Learning (ML) [14]. Utilising internet data sources, sentiment analysis is frequently used to gain insights from the public's perceptions on a range of issues, goods, and services. In order to create an efficient Sentiment Analysis approach that is especially suited for large, unbalanced, and multi-class datasets, this paper utilizes two NLP techniques (Bag-of-Words and TF-IDF) and several ML classification algorithms (Support Vector Machine, Logistic Regression, Multinomial Naive Bayes, Random Forest). 77% accuracy has been achieved using Support Vector Machine and Logistic Regression in conjunction with the Bag-of-Words technique.
In another research on sentiment analysis by Sreeja et al., employs Twitter data analysis as a valuable tool for obtaining customer insights [38]. Specifically, the paper aims to analyze customer sentiments, including emotions like anger, fear, anticipation, trust, surprise, sadness, joy, and disgust. The study categorizes these sentiments as positive or negative, providing valuable insights into customer views on Indian Airlines services through data visualization techniques. On the other hand, Patel et al., experimented and evaluated the performance of sentiment analysis, various machine learning algorithms, including Naive Bayes, Support Vector Machine, and Decision Tree, are used, each producing distinct results [39]. Additionally, the research compares the performance of Google's BERT algorithm, which has been pre-trained on NLP tasks, with that of traditional machine learning models. The study utilizes the RF model as a baseline for comparison, as it has shown the best performance among the traditional models. Performance criteria such as accuracy, precision, recall, and F1-score are used, revealing that the BERT model outperforms the other machine learning techniques, demonstrating its effectiveness in sentiment analysis.
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[bookmark: _Toc145086138]Figure 2.1 Model Performance Comparison
Source: Patel et al., [39]
Kumawat et al. addresses one of the key challenges in the paper is the limitation of existing methods in correctly interpreting context due to a lack of labelled data [40]. To overcome this hurdle, the study explores deep neural network-based language models, which can interpret and classify textual sequences into positive, negative, or neutral emotions without the need for explicit human labelling. These models are rigorously analyzed and evaluated using the Twitter US Airline Sentiment dataset.
On the other hand, Jain et al., (2021) proposed the new approach in their paper that combines two powerful deep learning architectures namely Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks. CNNs are known for their effectiveness in feature extraction from text, while LSTMs excel in capturing sequential dependencies and contextual information in data. By combining these two models into hybrid architecture, the researchers aim to harness the strengths of both for more robust sentiment analysis.
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[bookmark: _Toc145086139]Figure 2.2 Architecture of Proposed Ensemble CNN-LSTM Model
Source: Jain et al., (2021)
The model's performance was assessed using metrics such as accuracy, precision, recall, and F1-measure, with results indicating that the proposed hybrid CNN-LSTM model outperforms classical Machine Learning (ML) models in sentiment analysis. Specifically, the model achieved an impressive accuracy rate of 91.3%, showcasing its effectiveness in accurately analyzing and categorizing sentiment in user-generated content.

1. [bookmark: _Toc145086098]Identification Gaps
[bookmark: _Toc145086165]Table 2.1 Identification of Gaps
	SI. No
	Title And Author
	Technique Used
	Result
	Gaps

	1
	Sentiment Analysis of Customer Feedback and Reviews for Airline Services using Language Representation Model
[39]
	Machine Learning Method (ML)
It is used as a classification method for this dataset.
	The random forest method compared to the BERT model was the best performed in the ML methods.
	There is the text and data were supplied to the sentimental analysis of the airlines for the attitudes and emotions of the consumers.

	2
	Predicting aspect-based sentiment using deep learning and information visualization: The impact of COVID-19 on the airline industry [41]
	The author has used machine learning (ML), Natural Language Processing (NLP), and deep learning techniques (DL).
	The data has been outperformed using the ML method for the prediction of the unrating aspects of customer reviews.
	They have identified the research gap of the unrating level of the customer reviews sentiment analysis.

	3
	Sentiment Analysis of Twitter Data for Better Services of Airlines Using Classifier-Model Algorithms, AI, and NLP Techniques [42]
	In the dataset, the author has used machine learning and natural language processing, deep learning techniques for customer sentiment analysis. 
	The author has described that outperforms the classification methods using various ML methods
	The gap is identifying the un textual data in these research papers

	4
	Sentiment analysis on Twitter data integrating TextBlob and deep learning models: The case of US airline industry [43]
	The author has used various Machine learning techniques and deep learning methods in the analysis of the airline sentiment analysis of the customer’s online reviews.
	The results have got an optimum solution for the 92% of the support vector machine and extra tree classification method. 
	Here the author does not mention the sentiment analysis of the airline industry.

	5
	Opinion Mining on US Airline Twitter Data Using Machine Learning Techniques [44]
	In the dataset, the author has used various methods in machine learning techniques, and Natural language processing (NLP).
	The results of the dataset have a got 6the training 70% and 30% for the testing and at last, the SVM method has got the 83% of the highest accuracy in the classification of the ML. 
	The author does not mention clearly the gaps in the opinions of the sentiment analysis of the airline’s reviews of the passengers.

	6
	A sentiment analysis of airline system using machine learning algorithms [14]
	In this paper, the author take Airline Dataset from Twitter and did sentiment analysis on that dataset using machine learning algorithms like SVM, Naïve Bayes and Random Forest.
	SVM is the best algorithm for binary classification and gave accuracy above 90% random forest also gave the best accuracy.
	Effective text pre-processing, encompassing tasks like punctuation removal, lowercase conversion, and contractions handling, contributes to cleaner data for analysis. Feature engineering plays a pivotal role, involving the exploration of diverse text representation methods such as TF-IDF, word embeddings, and contextual embeddings like BERT or GPT.

	7
	Sentiment Analysis using Feature Extraction and Dictionary-Based Approaches  [45]
	Feature engineering techniques like CountVectorizer, TF-IDF, Word2Vec by using machine learning classifier
	Machine learning approach compared the accuracy with CountVectorizer, TF-IDF and Word2Vec. For dictionarybased approach compared with SentiWordNet and VADER
	performance can be improved by using more algorithms like Naïve Bayes, Linear SVM and Artificial Neural Network and optimization techniques can be performed for score adaptation to increase the accuracy in Dictionary based approach.

	8
	A text analytics-based importance performance analysis and its application to airline service [35]
	the method described in the text is "TAIPA" (Text Analytics-based Importance-Performance Analysis), which is introduced as a novel approach for analyzing customer perceptions, evaluating service quality, and providing insights for strategic decision-making based on online reviews with numerical ratings
	TAIPA is more effective than comparison targets in that it shows stronger correlations with firm performance.
	In order to improve a one-to-one interaction with a service encounter, TAIPA specializes in identifying which service step has to be addressed. Additionally, TAIPA is adaptable when taking into account various rivals.

	9
	A survey of sentiment analysis: Approaches, datasets, and future research [46]
	Use of ensemble models with various machine learning algorithms, such as naive Bayes, support vector machines, random forests, logistic regression, and XGBoost, was employed in a number of studies on sentiment analysis.
	 The ensemble models utilized in sentiment analysis had accuracy levels between 80% and 98.99%.
	Some research used methods including case folding, stop-word removal, stemming, N-grams, and TF-IDF vectorization to preprocess the datasets.

	10
	Topic modeling and sentiment analysis of online review for airlines
[47]
	The study made use of text mining methods such document-term matrix (DTM) transformation, Latent Dirichlet Allocation (LDA) for topic modeling, word cloud visualization, and emotional analysis. Preprocessing (cleaning, transformation, stopwords removal, stemming) was also used.
	Key findings were gleaned from the research of online reviews: Positive descriptors like 'good,' 'comfortable,' and 'friendly' represented positive airline service. Negative adjectives like "delayed" and "poor" pointed up areas that needed improvement. Significant keywords were highlighted by word clouds, and topics like "In-flight meal" and "Entertainment" were found using topic modeling.
	The study doesn't go into much detail about the context of negative terms. It doesn't take into account possible differences in client preferences or cultural quirks. Additionally, a qualitative analysis might offer deeper understandings of sentiment, adding to a more thorough understanding of client perspectives.

	11
	Hybrid Words Representation for Airlines Sentiment Analysis [48] 
	The method described in the text aims to enhance sentiment analysis of Twitter data. It combines hybrid word representations, Bi-directional Long Short-Term Memory (BiLSTM), and attention modelling to tackle the challenges posed by noisy and informal tweets, polysemy, and word sentiments. By addressing these issues and considering out-of-vocabulary words, the approach improves tweet sentiment classification accuracy. Real-world evaluations on airline-related datasets demonstrate its effectiveness in handling the complexities of Twitter data.
	For the prediction of the unrating elements of customer reviews, the data has outperformed the ML technique.
	The research aims to fill gaps in sentiment analysis related to handling noisy and informal Twitter data, addressing polysemy, considering semantics and syntax, handling OOV words, and demonstrating practical applicability in real-world scenarios.

	12
	Significant Labels in Sentiment Analysis of Online Customer Reviews of Airlines [49]
	The described methodology involves using multiple regression analysis to analyse customer sentiments based on TripAdvisor reviews of an airline. Key techniques include data preprocessing (conversion of labels into binary values, removal of non-informative terms, and lemmatization), database creation, custom software development, and statistical analysis with SPSS. The method simplifies sentiment analysis by using comment titles and aims to demonstrate its effectiveness through statistical measures like the adjusted R square value.
	The findings demonstrate that labels derived from titles are appropriate for evaluating the sentiment in comments, simplifying the labels that should be taken into consideration when doing a sentiment analysis of online consumer comments.
	These potential gaps suggest areas where further research and refinement of the sentiment analysis methodology could enhance its applicability, accuracy, and effectiveness in various contexts and languages.

	13
	A Novel Deep Learning-based Sentiment Analysis of Twitter Data for US Airline Service [50] 
	This model uses a combination of metadata, TF-IDF features, trainable word embeddings, and CNNs to analyze tweets and classify them into sentiment categories (positive, negative, neutral).
	The proposed model, which combined metadata, TF-IDF, trainable embeddings, and both DNN and CNN layers, achieved an outstanding accuracy of 91%, significantly outperforming the other methods and models. These results underscore the effectiveness of this comprehensive approach in accurately classifying sentiment in tweets.
	Gaps in the study include a single dataset's reliance, limited evaluation metrics, unclear overfitting and hyperparameter tuning discussion, lack of baseline model comparison, and complexity without interpretability focus. Feature engineering and data preprocessing require more attention for a comprehensive analysis.

	14
	Identification of opinion trends using sentiment analysis of airlines passengers' reviews [37]

	the methods used encompass data collection from various sources, topic modelling to uncover hidden topics in customer reviews, sentiment analysis to gauge passenger satisfaction, and the provision of actionable recommendations to airline managers.
	 results of this study is to provide recommendations to managers of these companies to identify potential deficiencies and improve services to increase customer satisfaction.
	Gaps and limitations could strengthen the study's methodology, validity, and relevance to the airline industry and customer satisfaction evaluation.



1. [bookmark: _Toc145086099]Summary
The section begins by providing an overview of existing research in the field of airline customer satisfaction through sentiment analysis. This research is categorized into two main approaches: traditional and modern methods. Traditional methods primarily involve Natural Language Processing (NLP) and Machine Learning (ML) techniques to analyze textual data from social media platforms like Twitter. NLP is used for preprocessing, and ML methods such as Naïve Bayes are applied for sentiment prediction. In contrast, modern methods leverage advanced technologies, including NLP and deep learning techniques, to conduct more detailed customer sentiment analysis. These approaches often use algorithms like Support Vector Machines (SVM), Logistic Regression, and Naïve Bayes for sentiment prediction. Some studies even incorporate transformer-based models like BERT and GPT-3 for more accurate sentiment analysis. The role of customer sentiment analysis within the airline industry is highlighted. This analytical approach has significantly transformed the way airlines engage with their customers across online platforms, enhancing communication and customer experience. 
The related work section discusses various studies that have explored customer sentiment analysis in diverse ways. Researchers have utilized a range of techniques, including ML, NLP, and deep learning, to predict sentiment in airline reviews. Some studies have compared the performance of different methods and models, while others have focused on specific aspects such as aspect-based sentiment analysis or the impact of COVID-19 on the airline industry. Lastly, the section identifies gaps in existing research, summarizing them in a table format. These gaps include areas such as unexplored textual data, improving sentiment analysis accuracy, and the need for more comprehensive approaches to customer sentiment analysis. 


Chapter 3
1. [bookmark: _Toc145086100]Methodology 
2. [bookmark: _Toc145086101]Overview 
The overview explores a comprehensive strategy on the subject of customer sentiment analysis in the airline sector. In section 3.2 the author provides a brief about different methods and tools used in data collection. In section 3.3 the author justifies Link methods to Aim and Objectives in this work study. After that, the author gives a small description of Ontology and Epistemology in section 3.4. In section 3.5 the author justifies the selected approach for this work-study. 3.6 section having a brief description of data coaction methods and their sustainability. After that, in section 3.7 the author provides a small description about what are the sample size used in this use case. In section 3.8 the author provides different ethical considerations for this work study. Section 3.8 contains various limitations or demerits of the selected approach for this work study. Then section 3.9 provides how to analyze the data to get more insights. NLP which enables computers to perceive variations in human language, is discussed in detail in Section 3.10. Moving on to Section 3.11, Ensemble Techniques become effective tools for enhancing sentiment analysis. Particularly noteworthy is Section 3.11.1's discussion of the Random Forest Techniques, which combine predictions from various models. Iteratively improving sentiment understanding, Section 3.11.2 examines the dynamic environment of Gradient Boosting and Extreme Boosting Techniques. As discussed in Section 3.11.3, ADA Boosting Techniques precisely modify weights to improve accuracy. In Section 3.11.4, Decision Trees, which accurately interpret emotions, add to the suspense. This thorough investigation comes to a conclusion in Section 3.12 with a summary that emphasizes the effectiveness of these strategies in interpreting consumer sentiments and enhancing airline services and customer experiences in the cutthroat aviation industry. 
2. [bookmark: _Toc145086102]Research methods and data collection tools used
1. [bookmark: _Toc145086103]Research Methodologies:
Surveys: Surveys are a common method for obtaining quantitative data about consumer sentiment. According to Bellizzi et al. airlines may provide questionnaires to onboard passengers via email or through their website [51]. In relation to flights, inquiries may be made about general levels of satisfaction, pricing and customer service.
Interviews: Qualitative research can provide a deeper understanding of consumer attitudes. Airlines can conduct one-on-one or focus group interviews of passengers to get detailed feedback [52]. These interviews can help uncover the causes of attitudes and emotions.
Social Media Monitoring: According to the Hitesh et al. by analysing social media sites (such as Twitter, Facebook and Instagram) real-time insights into consumer sentiment can be gained [53]. Based on mentions and comments related to their brand, airlines can use sentiment analysis techniques to automatically assess public attitudes.
Online Reviews and Forums: Airlines can monitor passenger feedback and opinions on websites like TripAdvisor, Yelp, and airline-specific forums like FlyerTalk [54].
Text Analysis: Large amounts of text data can be analyzed using Natural Language Processing (NLP) techniques from sources including social media, reviews and surveys [55]. Text can be classified as positive, negative or neutral using sentiment analysis techniques.
Ethnographic Research: By taking flights themselves, observing exchanges, and interviewing people there, researchers can fully experience what it's like to be an airline passenger [55]. This approach provides a deeper understanding of the customer journey.
1. [bookmark: _Toc145086104]Data collection tools
Primary Data: Surveys, interviews and direct observation of passengers are frequently used by airlines to collect primary data. Questions for surveys must be designed to obtain first-hand data related to travellers’ experiences, attitudes, and feelings. Interviews conducted in one-on-one or group situations provide detailed information on passengers' perceptions and feelings about airline services [56]. Passenger interactions, activities and reactions are observed first-hand during the journey. Airlines can get direct feedback from customers through these key data collection techniques, providing a complete picture of their perspectives and experiences.
Secondary Data: In addition to primary data sources, secondary data sources provide a deeper understanding of passenger attitudes. Airlines use publicly available data from Internet reviews and forums such as TripAdvisor, Yelp and social media platforms to obtain relevant sentiment data provided by passengers[24]. Historical data from surveys, complaints, and customer feedback records from airlines allows for monitoring changes in attitudes over time. Aviation sector reports and studies can be used to learn more about changes in consumer attitudes and behaviour.
Why Primary Data from Airlines May Not Be Ideal: Despite the advantages of primary data collection, there are several problems with relying solely on self-reported travel data. According to Peng et al. passengers may not always make honest evaluations due to social desirability bias or fear of punishment, which may reduce results [57]. This bias can lead to misrepresentation of passengers' feelings. Primary data collection can also be expensive and resource-intensive, especially for large and diverse traveler populations. Small sample sizes and difficulties in confirming the accuracy of self-reported data are other drawbacks. Because of these restrictions, airlines now blend primary data with secondary sources to provide a more complete and objective understanding of customer sentiment in the aviation industry.
2. [bookmark: _Toc145086105]Link methods to Aim and Object
The primary aim of this research is to delve into the intricate world of passenger sentiment within the airline industry. NLP techniques serve as the linchpin in achieving this aim by systematically analyzing the primary data sources, which consist of passenger feedback and reviews [58]. These textual representations of passenger experiences align with the constructivist ontology, as they reflect the diverse realities passengers construct through their interactions with airlines.
A critical research objective is to quantitatively measure customer satisfaction with precision, recognizing the subjective nature of this phenomenon. Sentiment analysis, a fundamental aspect of NLP, transforms these qualitative primary data customer reviews and opinions into quantitative measures [59].
Additionally, the research seeks to unearth specific areas where airlines can enhance their services, understanding that these areas are context-dependent and subject to interpretation. NLP techniques excel in fulfilling this objective by detecting negative sentiments tied to specific aspects of the airline experience, such as customer service or in-flight amenities [60]. These insights, extracted from primary data, provide actionable information for airlines. Furthermore, the research aims to offer actionable recommendations grounded in qualitative insights derived from primary data sources. NLP techniques, while quantifying sentiment, do not lose sight of the rich qualitative aspects, aligning with the interpretivist epistemology.
Ultimately, the research seeks to bolster airlines' competitiveness by leveraging customer sentiment analysis. NLP techniques play a vital role in achieving this goal by allowing airlines to comprehend passenger preferences primarily found in secondary data sources and historical customer feedback [37]. This secondary data provides context and historical perspectives, enriching the constructivist ontology.
2. [bookmark: _Toc145086106]Ontology and Epistemology
Before delving into the methodology, it's essential to recognize the foundational philosophical underpinnings of this research. The research adheres to a constructivist ontology, acknowledging that reality is socially constructed and subjective [61]. It recognizes that passenger sentiments and opinions are shaped by their unique experiences and perspectives.
Epistemologically, the research leans towards interpretivism, emphasizing the importance of understanding the meaning individuals ascribe to their experiences [62]. It acknowledges the subjectivity of human perceptions and the contextual nature of knowledge. This epistemological stance guides the approach to data collection and analysis, emphasizing the value of qualitative insights.
2. [bookmark: _Toc145086107]Research methods justifications 
One of the main advantages with Secondary Research is availability of Data. Most often collecting the data is not feasible in all cases and therefore the readily available data helps in conducting research and drawing conclusions. Secondary research allows researchers to access a wealth of pre-existing data related to airline sentiment [63]. This includes customer reviews, social media posts, surveys, and academic studies that have already collected and analyzed sentiment data. Leveraging this readily available data can significantly expedite the research process. Secondary research provides a historical perspective on airline sentiment trends. Researchers can analyze sentiments over time, identifying patterns, shifts, and long-term trends in passenger opinions and preferences. This historical context is valuable for understanding how sentiment has evolved and for making predictions about future trends [64]. Collecting primary data through surveys, interviews, or other qualitative methods can be time-consuming and costly [65]. Secondary research provides a cost-effective alternative by utilizing data that has already been collected, reducing the need for additional data collection efforts. Secondary research often aggregates data from various sources, including online review platforms, social media, customer service logs, and more. This diversity in data sources allows researchers to capture sentiments expressed across different channels and touch-points in the passenger journey. Some secondary research datasets may offer longitudinal perspectives, tracking sentiment over extended periods. This longitudinal data can be especially useful for studying how airline sentiment changes in response to external events, marketing campaigns, or policy changes [66]. Secondary data can serve as a valuable source for cross-validation. Researchers can compare sentiment analysis results obtained from their models with sentiments expressed in external datasets. This cross-validation helps confirm the robustness and reliability of their sentiment analysis techniques. Secondary research minimizes potential privacy and ethical concerns associated with collecting primary data from passengers. Researchers can use anonymized and aggregated secondary data without infringing on individual’s privacy rights. 
2. [bookmark: _Toc145086108]Data collection methods and suitability 
In the realm of customer sentiment analysis on airlines, the utilization of NLP techniques has emerged as a strong tool for extracting valuable insights. Data collection methods for such projects predominantly encompass primary and secondary data sources, both of which play pivotal roles in understanding and enhancing the passenger experience.
Primary data collection involves direct interaction with customers, typically through surveys, feedback forms, or social media monitoring [67]. These sources offer real-time, firsthand insights into passenger’s emotions, experiences, and opinions. By leveraging NLP, sentiments can be extracted and categorized, providing airlines with actionable feedback to make informed decisions and improvements.
Secondary data sources, on the other hand, include publicly available datasets or repositories, like those found on platforms like Kaggle [68]. These datasets may encompass social media posts, reviews, or comments, which have been posted by customers independently. NLP techniques can be employed for sentiment analysis, allowing airlines to gather valuable insights even without direct customer engagement. In this project, the author collected the data from the Kaggle platform.
However, it's important to note that the quality and accuracy of secondary data can vary, and validation is crucial. Due to time constraints and limited research capabilities, relying on readily available datasets can be a pragmatic approach, but it should be complemented with periodic primary data collection efforts to ensure a comprehensive understanding of customer sentiment in the ever-evolving airline industry.
2. [bookmark: _Toc145086109]Sampling
Perera et al., explains how to split data and recommended to split into an 80:20 ratio for model development is a common practice in machine learning, including in the context of sampling for airline sentiment analysis using NLP techniques [69]. This approach involves dividing the dataset into two subsets: 80% of the data is used for training and model development, while the remaining 20% is reserved for testing and evaluation. The larger portion of the data, which constitutes 80%, is dedicated to training the sentiment analysis model. During this phase, the model learns from the patterns and relationships present in the training data. This enables the model to understand the nuances of passenger sentiment expressed in various texts, such as customer reviews and social media comments. The remaining 20% of the data is reserved for testing the model's generalization capabilities. This data serves as an unseen dataset that the model has not been exposed to during training. Evaluating the model on this independent dataset provides a more realistic assessment of its performance in real-world scenarios.
2. [bookmark: _Toc145086110]Ethical Consideration
Airline sentiment analysis through Natural Language Processing (NLP) brings forth a host of ethical imperatives that must be diligently observed. Foremost among these is the stringent adherence to privacy standards. Airlines must seek unequivocal consent from passengers before gathering and scrutinizing their feedback. Furthermore, measures should be instituted to anonymize or amalgamate data, thereby safeguarding individual identities. Another critical concern lies in addressing biases that may inadvertently manifest in NLP models, particularly towards specific demographic groups. It is imperative to proactively identify and rectify these biases to uphold fairness in the analysis.  Moreover, transparency and explain ability in the algorithms employed are pivotal for instilling trust and ensuring accountability. Data security emerges as a paramount consideration, necessitating robust measures to shield sensitive passenger information. This encompasses encryption protocols, stringent access controls, and regular security audits. Airlines must also establish mechanisms for rectification in the event of errors in sentiment analysis and take full responsibility for actions based on the resultant insights. The centrality of customer consent and the right to opt out cannot be overstated. Passengers must be comprehensively informed about the purpose and utilization of their feedback and be given the option to abstain from participation. Adherence to data protection laws, such as GDPR or CCPA, is non-negotiable in the ethical implementation of this technology. 
Engaging stakeholders, including active consultation with passengers and relevant parties, is pivotal in the development and deployment of sentiment analysis systems. This collaborative approach ensures that the technology aligns with passenger interests and concerns. Lastly, a thorough, long-term impact assessment is crucial. Airlines must continuously evaluate how sentiment analysis affects passenger experiences and overall satisfaction. They must be prepared to adapt their approaches based on feedback and evolving ethical standards. In summation, ethical considerations stand as the cornerstone in the implementation of airline sentiment analysis utilizing NLP. These encompass privacy, fairness, transparency, security, consent, compliance with data protection laws, stakeholder engagement, and a continuous, vigilant assessment of the impact on passengers' experiences and satisfaction. These ethical principles collectively form the bedrock upon which this technology should be built and deployed.
2. [bookmark: _Toc145086111]Research Methods Limitations 
Customer sentiment analysis in the airline industry, using Natural Language Processing (NLP) techniques and machine learning methods such as ensemble techniques Random Forest, Gradient Boosting, Extreme Boosting, ADA Boosting, and Decision Trees, holds significant promise[14]. However, this research area is not without its limitations. Firstly, data availability and quality are dominant. The effectiveness of sentiment analysis hinges on the quantity and quality of the available data. Obtaining a comprehensive and unbiased dataset that accurately represents diverse airline experiences can be challenging. Limited or biased data can lead to inaccuracies and skewed sentiment analysis results, potentially misrepresenting customer opinions. Another challenge lies in data preprocessing. NLP techniques require careful data preprocessing, including text cleaning, tokenization, and feature extraction. Dealing with unstructured and noisy text data can introduce errors, affecting the overall accuracy of sentiment analysis.
Furthermore, the issue of generalization is significant. Machine learning models, including ensemble techniques, may struggle to generalize well to new and unseen data [70]. A sentiment analysis model trained on one airline or dataset might not perform effectively when applied to different airlines or different time periods, limiting its real-world utility. Model complexity is an additional concern. Ensemble methods and decision trees can be complex, making them challenging to interpret and explain. This complexity can hinder the full understanding of the factors influencing sentiment analysis results.
Overfitting is a risk associated with complex models like Gradient Boosting and Extreme Boosting. Without careful tuning and validation, these models can overfit the training data, performing well on it but poorly on unseen data, which can limit their practical application. Moreover, the computational demands of some ensemble techniques, especially Gradient Boosting and Extreme Boosting, can be substantial. This can pose limitations in resource-constrained environments. Bias and fairness are critical considerations. NLP models can inherit biases present in the training data, potentially perpetuating biases related to factors like race, gender, or nationality in sentiment analysis results [71]. Interpretability is another challenge. Ensemble methods and decision trees offer less interpretability compared to simpler models, making it difficult to understand the rationale behind specific sentiment predictions.
Additionally, accounting for sequential changes in sentiment is vital. The sentiment of airline customers can evolve over time due to various factors, such as economic conditions, global events, or airline-specific changes. Neglecting these temporal shifts in sentiment can impact predictive accuracy. Ethical considerations are crucial when applying sentiment analysis in real-world scenarios. Addressing user privacy and data handling is essential to mitigate legal and reputational risks.
2. [bookmark: _Toc145086112]Analysis of the Data 
Step 1: The project's initiation entails acknowledging the selection of the Jupyter notebook as the designated platform for executing the project's code. Following this, it becomes apparent that specific libraries are essential for various purposes, such as importing the dataset, performing mathematical computations, and aiding in data visualization, among other functions.
Step 2: Collecting the dataset associated with airline sentiment from a reliable and credible origin
Step 3: Enhancing the data quality by removing duplicate records, handling missing values, resolving discrepancies, and converting data types as needed.
Step 4: Conduct exploratory data analysis (EDA) to grasp the dataset's architecture, understand how variables are distributed, and identify connections between them. This involves creating visual depictions, identifying outliers, and uncovering correlations among the variables. 
Step 5: Creating new variables or modifying existing ones to enrich their meaningfulness and suitability for the modeling procedure.
Step 6:  Preparing the data for modeling includes converting the text column into vectors by using the required techniques.
Step 7:  Selecting appropriate machine learning models for the objective and evaluating their performance using metrics such as accuracy, precision, recall, and F1-score.
Step 8:  Train the models using the training dataset, enhancing their performance by adjusting hyper parameters.
Step 9: Evaluating the performance of the best-performing model using the testing dataset and extracting insights from its results.



[bookmark: _Hlk131673123]Chapter 4
1. [bookmark: _Toc145086113]Result and Analysis
3. [bookmark: _Toc141257650][bookmark: _Toc145086114]Overview
This chapter delves into the outcomes and examination of the project. Section 4.2 presents an extensive overview of the employed dataset, encompassing its structural attributes, column details, and variable characteristics. Section 4.3 outlines the systematic execution process undertaken to achieve successful project completion. It presents a clear roadmap of the sequential tasks executed to attain the final outcomes. Section 4.4 discusses the assortment of libraries harnessed in the project's code, spotlighting the specific libraries and their functions that played a pivotal role in conducting data analysis. Section 4.5 expounds on the data loading procedure, elucidating how the dataset was acquired and imported into the project environment, rendering it primed for analysis. Section 4.6 furnishes essential dataset information. Section 4.7 addresses the task of data cleansing. In Section 4.8, data visualization methods are explored. Lastly, Section 4.9 delves into the domain of data modeling.
3. [bookmark: _Toc141257651][bookmark: _Toc145086115]Data Description
[bookmark: _Toc141257652]The dataset utilized for the NLP-driven airline sentiment analysis project consists of textual data associated with different airlines, likely representing customer reviews or comments expressing sentiments. This dataset comprises columns that might include information about the airline being reviewed, the textual content of the review, and other relevant details. The dataset's essence lies in its text-based attributes, necessitating specialized NLP techniques for pre-processing and analysis. The main objective is to categorize each text entry into sentiment classes like 'negative,' 'neutral,' or 'positive,' unveiling insights into customer sentiments and satisfaction levels with various airlines.
[bookmark: _Toc145086166]Table 4.1 Dataset Description
	Column Name
	Column Description

	Tweet_id
	Contains unique identifiers for each tweet.

	airline_sentiment
	This column indicates the emotional tone conveyed in the tweet regarding the airline.

	airline_sentiment_confidence
	illustrating the degree of confidence in the sentiment label attributed to the tweet

	negativereason
	this column indicates the specific reason for a negative sentiment

	text
	contains the textual content of the tweet itself


3. [bookmark: _Toc125978847][bookmark: _Toc126837741][bookmark: _Toc141257653][bookmark: _Toc145086116]Import Libraries
The author employed various essential libraries for their project. NumPy serves as a Python library that facilitates array manipulation and offers functionalities spanning linear algebra, Fourier transform, and matrix operations. Meanwhile, Pandas, another Python package built on top of NumPy, is extensively utilized in the domains of data science, data analysis, and machine learning. It empowers users to handle multi-dimensional arrays efficiently. Matplotlib emerges as a powerful tool, enabling the creation of diverse types of plots. Its versatility extends to Python shells, scripts, and Jupiter notebooks. Additionally, Scikit-learn (Sklearn) stands out as a robust and invaluable library for machine-learning tasks in Python. It presents an array of efficient tools catering to machine learning, and statistical modeling, encompassing classification, regression, clustering, and dimensionality reduction. These functionalities are seamlessly accessible through a consistent interface in Python
[image: ]
[bookmark: _Toc145086160]Listing 4.1 Importing Libraries
3. [bookmark: _Toc141257654][bookmark: _Toc145086117]Data Loading
To load the dataset, the author leveraged the Pandas library and accomplished this task using the command pd.read_csv
[image: ]
[bookmark: _Toc145086161]Listing 4.2 Read the CSV file
Listing 4.2 shows the loading of the required dataset into Jupiter notebook for loading the dataset into Jupiter notebook have the provide the specific path. After providing the specific path it will load into the required notebook otherwise will get the error. After loading the dataset the following steps are explained in below. 
[image: ]
[bookmark: _Toc145086140]Figure 4.1 First five rows of the dataset
Fig. 4.1 displays the first five rows of the dataset. It can be displayed by using the head method.
3. [bookmark: _Toc145086118]Data description
Upon importing the dataset, the author engaged with specific attributes and commands to swiftly gain insights into its characteristics. The 'shape' attribute proved invaluable in determining the dataset's dimensions, revealing the count of rows and columns. Additionally, the 'info()' command provided a comprehensive overview of the data types associated with each feature. To garner a broader understanding of the dataset's attributes, the 'describe' function was employed, furnishing key statistical information. This included measures like mean, standard deviation, minimum, and maximum values, aiding in grasping the data's distribution and variability.
The 'head' command played a pivotal role by unveiling the initial five rows of the dataset. This initial glimpse allowed for a quick assessment of the data's structure and provided a foundation for further exploration. Moreover, the 'duplicated()' command was utilized to scrutinize the dataset for any duplicate values. This step is crucial in ensuring data integrity and identifying potential redundancies that might skew analyses or models. By executing these operations, the author laid a solid foundation for a thorough and informed analysis of the dataset.
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[bookmark: _Toc145086141]Figure 4.2 First five rows of the dataset
Fig 4.2 displays the all the available columns in the given dataset. There are 12 columns available in the given dataset. Out of all the columns based on the problem statement need to find out the airline sentiment analysis using the NLP techniques. For that need only two columns there are text and airline sentiment columns.
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[bookmark: _Hlk141103946][bookmark: _Toc145086142]Figure 4.3 shape of the dataset
Fig. 4.3 shows the shape of the dataset it displays how many numbers of columns and rows are present in the given dataset.
Info  method
In machine learning workflows, the info() method is a crucial tool primarily used in data pre-processing, especially when working with structured data using libraries like Pandas. It plays a pivotal role in understanding and preparing the dataset before training a model. When applied to a Pandas Data Frame, info() provides a concise summary of the dataset, offering key insights such as the number of non-null entries in each column and their respective data types. This information is essential for discerning the nature of features, distinguishing between categorical and numerical variables. Additionally, the method helps in swiftly identifying columns with missing values, a critical step in data cleaning. By providing an estimate of memory usage, it assists in optimizing memory efficiency, particularly with large datasets. Furthermore, info() serves as a check for data integrity, enabling practitioners to spot inconsistencies or missing values that may require further attention. Overall, info() stands as a foundational step in the machine learning pipeline, empowering data scientists and practitioners to make informed decisions about how to best utilize and preprocess the dataset for training robust and accurate models


[image: ]
[bookmark: _Toc145086143]Figure 4.4 Information of the dataset
Fig. 4.4 displays the complete information about the dataset it displays the non-null values data types of the columns etc.
Describe method
The describe method in machine learning, specifically within the context of Python's Pandas library, is a fundamental tool for gaining statistical insights about a dataset. When applied to a Data Frame, which is a primary data structure in machine learning, the "describe" method provides summary statistics for each numerical column. These statistics include measures like mean, standard deviation, minimum, maximum, and quartile values, which offer a snapshot of the distribution and central tendencies of the data. 
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[bookmark: _Toc145086144]Figure 4.5 statistical information about the dataset
Fig. 4.5 displays the descriptive statistical information of the dataset it displays the min and maximum values percentile values and also displays the mean count and std values. This information will be useful for data analysis and exploration.
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[bookmark: _Toc145086145]Figure 4.6 Checking the Null Values Count
Fig 4.6 provided code the Data Frame for any absent data points and computes the proportion of absent values in each column. It presents the findings in a compact overview, indicating both the quantity of absent values and the corresponding percentage for every column. This insight aids in making decisions about managing missing data during initial data preparation and contributes to comprehending the overall data quality.
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[bookmark: _Toc145086146]Figure 4.7 Unique value of target column
Fig 4.7 shows the frequency of each unique value in the airline_sentiment column of the data DataFrame. It returns a Series where the index represents the unique values in the column (e.g., positive sentiment, negative sentiment, neutral sentiment), and the corresponding values are the counts of each unique value. This gives insight into the distribution of sentiments in the airline_sentiment column.
Stemming and lemmatization
Stemming and lemmatization are essential techniques in natural language processing (NLP) that help streamline text analysis. Stemming involves applying rules to trim off prefixes and suffixes from words, aiming to arrive at their base or root form. This process doesn't always result in valid words, but it's computationally efficient, making it particularly useful in tasks where linguistic exactness is not critical, such as in search engines. Lemmatization, conversely, utilizes linguistic rules and context to transform words into their base form, known as the lemma. Unlike stemming, lemmatization consistently produces valid words in the language. While it offers greater linguistic accuracy, it comes at a computational cost, making it somewhat slower, especially in large-scale applications. The choice between stemming and lemmatization hinges on the specific NLP task at hand, the level of linguistic precision required, and the computational resources available. Both techniques significantly contribute to simplifying the analysis of text data, providing valuable tools for various applications in NLP.
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[bookmark: _Toc145086162]Listing 4.3 Cleaning the Text Column
Listing 4.3 shows the code processes each text in the "text" column of the "data" dataset by converting it to lowercase, removing non-alphabetic characters, removing stop words, and stemming the remaining words. The pre-processed text is then collected into the "lf" list. This type of pre-processing is common to clean and prepare text data for natural language processing tasks like sentiment analysis or text classification.
3. [bookmark: _Toc141257656][bookmark: _Toc145086119]Data Visualization
Count plot A countplot is a categorical data visualization technique widely employed in data analysis and visualization tasks, particularly in fields like data science and statistics. It serves as a valuable tool for understanding the distribution of categorical data by displaying vertical bars, where each bar's height corresponds to the count or frequency of observations in a specific category. Countplots are particularly useful for examining a single categorical variable, providing a clear and informative summary of the data. They find common application in tasks like data exploration and initial data assessment, helping to grasp the balance or distribution of different categories within a dataset. While various libraries can be used to create countplots, Seaborn stands out for its user-friendly interface and aesthetically pleasing visualizations. This visualization technique is frequently used to assess the frequency of classes in a classification problem, analyze the distribution of categorical features, or examine response distributions in survey data. When dealing with numerous categories, it's important to select an appropriate plot style or consider grouping similar categories to prevent overcrowding and maintain clarity in the visualization. Overall, countplots are an invaluable resource for exploring and summarizing categorical data, making them a fundamental component of data visualization workflow.
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[bookmark: _Toc145086147]Figure 4.8  count plot for airline_sentiment
Fig 4.8 generates a graphical representation known as a count plot, illustrating how sentiments are spread across different categories (negative, neutral, and positive) within the "airline_sentiment" column of the dataset. The horizontal axis of the plot depicts the sentiment categories, and the vertical axis shows the count of occurrences for each category. By specifying the order of display as "negative," "neutral," and "positive," the code arranges the categories accordingly. The plt.show() instruction is employed to render and display the produced plot
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[bookmark: _Toc145086148]Figure 4.9 Distribution of sentiment categories
Fig 4.9 shows set of plots organized in a grid pattern, where each individual plot presents the distribution of sentiment categories ('negative', 'neutral', 'positive') for various airlines. On the horizontal axis, the sentiment categories are displayed, while the vertical axis represents the count of occurrences. The plots are grouped according to different airlines. This code provides a comprehensive visual insight into how sentiment distribution varies across airlines and their corresponding sentiment categories.
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[bookmark: _Toc145086149]Figure 4.10 Airline sentiment related to tweet count
Fig 4.10 shows the Utilizing seaborn's factor plots to visually depict how 'airline_sentiment' is related to 'tweet_count'. The x-axis presents sentiment categories ('negative', 'neutral', 'positive'), and the y-axis illustrates the count of instances. These factor plots are structured in a grid, categorized by distinct 'retweet_count' values. The settings manage the layout, dimensions, and axis sharing. The resulting plots provide an understanding of sentiment fluctuations across diverse retweet counts. The plt.show() command showcases the produced plots
[image: ]
[bookmark: _Toc145086150]Figure 4.11 Distribution of negative reasons
Fig. 4.11 creates a factor plot that illustrates the distribution of negative reasons across different airlines, specifically 'Virgin America' and 'United'. The horizontal axis depicts the airlines, and the vertical axis shows the count of occurrences. Distinct colors are used to differentiate various negative reasons. This plot offers insights into the variability of negative reasons between the two airlines.
3. [bookmark: _Toc145086120]TF IDF Vectorization
TF-IDF, known as Term Frequency-Inverse Document Frequency, plays a pivotal role in natural language processing and information retrieval. It encompasses two vital elements Term Frequency (TF) and Inverse Document Frequency (IDF). TF quantifies how frequently a term appears in a document, offering insight into its relevance within that particular context. On the flip side, IDF evaluates the importance of a term across an entire collection of documents. It involves computing the logarithm of the ratio between the total number of documents and the number containing the term, ensuring a smoother computation. The TF-IDF weight for a term in a document results from multiplying its TF and IDF. This weight signifies the term's significance within the context of that specific document. Representing documents as matrices with TF-IDF weights allows them to serve as input for a range of machine learning tasks. While TF-IDF proves effective in gauging word importance in documents, it doesn't capture the contextual or semantic nuances of words. For tasks demanding a deeper comprehension of word relationships, more advanced techniques like word embedding’s are applied.
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[bookmark: _Toc145086163]Listing 4.4 TF IDF Vectorization
Listing 4.4 shows the provided code initializes a tool known as the TF IDF Vectorizer instance, which is widely utilized for transforming textual data into a numerical representation. This numerical representation is particularly well-suited for various machine-learning tasks that deal with text-based information.
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[bookmark: _Toc145086164]Listing 4.5 Data Splitting
Listing 4.5 shows the data divided into training and testing sets, which can be used to train a machine learning model on the training data and then evaluate its performance on the testing data to assess how well it generalizes to new, unseen data

[bookmark: _Toc141257658]Chapter 5
1. [bookmark: _Toc145086121]Discussions
4. [bookmark: _Toc145086122]Natural Language Processing 
The goal of NLP, which straddles the fields of linguistics, AI, and computer science, is to give machines the capacity to understand and engage with human language. NLP's fundamental goal is to create a link between the complex nuance of human communication and the organized realm of computational analysis. Syntax analysis and semantic analysis are two foundations that support natural language processing [21]. The placement of words within a phrase affects grammar and structural coherence. This is known as syntax. Similar to a building's blueprint, a sentence's syntax establishes the links between words and specifies how they should be used. Computers can interpret a sentence's syntax to determine the underlying grammatical structure and the functions that various words serve.
On the other side, semantic analysis explores the world of meaning. It engages with the intricacies concealed in words and phrases in addition to the language's surface structure [72]. Words don't exist in a vacuum; they derive meaning from the environment in which they are used. Computers are given the ability to understand context through semantic analysis, allowing them to interpret the intended message. It's the distinction between realizing that, depending on the context, the word bank can refer to either a financial institution or the bank of a river. NLP is the foundation of the author's project. The text and airline sentiment columns in the dataset contain a wealth of insightful data that is just ready to be retrieved and analyzed [73]. The preparation of this textual input is made easier by the arsenal of techniques available to NLP. The next step entails a series of transformational actions that get the data ready for more in-depth study. The first gatekeeper is shown to be tokenization. Text is divided into discrete tokens, such as words or sub words, allowing the computer to understand the fundamental elements of the language. Therefore, this segmentation makes it possible to do further analysis and lays the foundation for comprehending the structure of the text.
Following, stemming and lemmatization provide a connection between various word forms. Stemming is the process of reducing words to their most basic form by omitting suffixes, which enables the computer to connect many spellings of a single word [74]. A more advanced method is lemmatization, which takes into account the context of a word before simplifying it to its dictionary-basis form. These methods enable more efficient analysis by reducing the size of the data while maintaining its core. As a grammatical compass, part-of-speech (POS) tagging enters the picture. Nouns, verbs, adjectives, and other labels are used to categorize words. This tagging clarifies the grammatical landscape of the sentence, assisting the computer in comprehending the relationships. 
Chunking advances our understanding by assembling words into meaningful chunks. It puts words together according to how they relate to one another grammatically to produce longer structures that contain meaning. Chunking is similar to putting together a jigsaw, where each component adds to the overall picture. NLP combines these methods in a great symphony of linguistic analysis to thoroughly preprocess the text [75]. Why, therefore, is this preprocessing so important? It's like washing, polishing, and organizing a canvas before painting so that the artist's vision can be seen. For data scientists and analysts, this synthesis of methodologies serves as a toolset. The author's analytical skills are enhanced by the cooperation of tokenization, stemming, lemmatization, part-of-speech tagging, named entity recognition, and chunking. It changes the text from an unstructured string into a blank canvas that may be painted on with insights [76]. In the process of interpreting human language, NLP stands out as a significant protagonist. Its dual focus on syntax and semantic analysis reflects the structure and meaning-driven character of language. The use of these methods will have a significant positive impact on the author's project. Therefore, NLP understands the language of data to provide insights that fuel modern thinking and innovation, much like how linguists decode ancient scripts to uncover buried histories [77].
4. [bookmark: _Toc145086123]Ensemble Techniques
Ensemble Techniques, enhanced by the complementary nature of NLP, stand out in the landscape of Customer Sentiment Analysis within the context of airlines as a beacon of predictive ability. Understanding client sentiments is a natural fit for NLP's capacity to decipher the nuanced intricacies of human language. Ensemble Techniques, such bagging, stacking, and boosting, enhance NLP's capacity to derive practical insights in this attempt [78]. Bagging, also known as Bootstrap Aggregation, combines sentiment forecasts from different NLP models. It's comparable to polling a wide group of specialists, each of which has expertise in analyzing certain linguistic facets. This method combines these professional judgments, resulting in reliable sentiment predictions that take into consideration a wide range of language subtleties. 
On the other hand, stacking brings together a group of NLP models, much as a group of sentiment analysts, each with their own area of specialization. These algorithms work together in tiers, with each layer improving the previous one's sentiment prediction. By utilizing each model's advantages, stacking improves the predictive power as a whole. With boosting, each NLP model learns from its past errors and develops a deeper knowledge of consumer attitudes over time, much like an iterative mentor [75]. This method uses the combined intelligence of models to continuously improve sentiment forecasts, producing ever-more precise insights. 
According to Sachine et al., (2020) ensemble Techniques provide an essential benefit in the field of customer sentiment analysis, where input can be complex and diverse. The outputs of various NLP models are synchronized, which reduces the biases and uncertainties of each model individually. More accurate sentiment analysis is frequently produced by the convergence of models than by using only one model. A thorough grasp of client feedback can be achieved in the airline business by using ensemble techniques to NLP-powered customer sentiment analysis. Airlines can identify trends, extract insights, and modify strategy to improve customer experiences by bagging, stacking, or boosting the capabilities of several NLP models [79]. Raw input is transformed into useful knowledge through a symphony of linguistic decoding and predictive understanding, enabling airlines to manage the constantly changing customer sentiment landscape. 
4. [bookmark: _Toc145086124]Random Forest Techniques 
The use of the Random Forest algorithm gives a powerful strategy that smoothly interacts with NLP approaches for customer sentiment analysis in the airline business. A powerful ensemble learning algorithm called Random Forest provides a multidimensional approach that improves the precision and interpretability of sentiment analysis results as shown in Fig. 6.1 [80]. The foundation of the Random Forest approach is the construction of a collection of decision trees, each trained on various subsets of the dataset. These decision trees examine the grammatical nuance in customer feedback to determine the underlying sentiment orientation, much like sentiment detectors do. By making up for the shortcomings of individual decision trees, an ensemble technique promotes robustness. The interaction of Random Forest and linguistic insights in the context of NLP-driven sentiment analysis is revolutionary [81]. The complexity of consumer feedback complements the algorithm's capacity to handle complicated linguistic variations. Additionally, a thorough sentiment analysis result that can manage the complexity and diversity of textual material is produced by combining forecasts from many decision trees.
[image: ]
[bookmark: _Toc145086151]Figure 5.1 Random Forest Architecture
Airlines now have access to a potent arsenal for deciphering client perceptions thanks to the mutually beneficial link between Random Forest and NLP. Airlines can extract thorough feelings by interpreting tiny verbal clues and combining information from many decision trees [82]. With the use of these insights, airlines are more equipped to understand customer attitudes and take strategic steps to improve services, address problems, and increase overall customer happiness. For airlines attempting to understand the complex world of consumer attitudes, the Random Forest algorithm works in collaboration with NLP approaches to become a valuable ally. Because of the way it works as an ensemble, it is able to maximize the potential of each decision tree, creating a comprehensive sentiment analysis strategy that provides a clear picture of consumer experiences in the airline industry. 
Random Forest is a potent machine learning algorithm falling under the ensemble learning category. It stands out for its ability to create a multitude of decision trees during training and subsequently aggregating their outputs to make predictions. This ensemble approach enhances accuracy and reduces the risk of overfitting. By employing a technique called Bootstrap Aggregating (Bagging), Random Forest repeatedly samples data with replacement, training individual trees on these subsets. Additionally, it introduces an element of randomness by selecting different subsets of features at each decision point in the tree.
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[bookmark: _Toc145086152]Figure 5.2 Classification Report For random forest
Fig 6.2 shows the classification report presented evaluates the performance of a classification model, possibly a Random Forest classifier, on a dataset consisting of three distinct classes labeled as 0, 1, and 2. This report offers a comprehensive assessment of the model's predictive capabilities, encompassing several vital metrics for each class as well as an overall evaluation. It displays precision recall and F1-score values. Got the accuracy of 71%.
4. [bookmark: _Toc145086125][bookmark: _Hlk131679398]Gradient Boosting and Extreme Boosting Techniques
Gradient Boosting and Extreme Boosting Techniques become crucial partners in the context of Customer Sentiment Analysis in the airline business, effortlessly integrating with NLP techniques [83]. These sophisticated algorithms enhance the precision and breadth of insights, which strengthen sentiment analysis. A powerful ensemble technique called gradient boosting creates a series of models, each of which corrects the flaws of the one before it. It resembles an ongoing learning process where each model improves its capacity for sentiment analysis as shown in Fig. 6.3. This approach is excellent at spotting minute sentiment fluctuations in consumer feedback, ideally complementing the nuanced nature of NLP-driven insights.
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[bookmark: _Toc145086153]Figure 5.3 GB Architecture
This orchestration is advanced further by extreme boosting, also known as XGBoost. While adding enhancements that improve efficiency and predictability, it harnesses the power of gradient boosting. XGBoost fine-tunes the process, acting as a sort of turbocharger for sentiment analysis and enabling more subtle sentiment identification across various linguistic forms. Airlines now have powerful sentiment analysis capabilities thanks to the combination of gradient boosting and extreme boosting with NLP approaches. These computers are skilled at spotting nuanced linguistic indicators, picking up on both the overt and covert emotion in consumer reviews [84]. Airlines can gain valuable insights by combining the advantages of these methodologies, allowing them to better customize their strategy, improve their services, and meet the needs of their customers.
4. [bookmark: _Toc145086126]ADA Boosting Techniques
In the context of Customer Sentiment Analysis for airlines, ADA Boosting, a potent ensemble technique, integrates smoothly with NLP techniques (see Fig. 6.4). By iteratively changing the weights of misclassified examples, this technique aims to improve the precision of sentiment categorization. Like a dedicated learner who concentrates harder on difficult subjects, that's what it's like. ADA Boosting develops into a skilled interpreter of linguistic nuance in the context of NLP-driven sentiment analysis.  
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[bookmark: _Toc145086154]Figure 5.4 Adaboost Architecture 
Airlines can develop a more sophisticated knowledge of client attitudes by combining the benefits of ADA Boosting with NLP methods [73]. With the help of this pair, the computer can successfully discern between good and negative emotions, even in intricate linguistic patterns. In the end, ADA Boosting enables airlines to derive precise insights from consumer input, hence boosting customer satisfaction in the ever-changing airline market.
AdaBoost, short for Adaptive Boosting, is an ensemble learning technique widely used in machine learning for classification tasks. It works by combining the outputs of multiple weak learners, typically decision trees or shallow classifiers, to create a strong classifier.
[image: ]
[bookmark: _Toc145086155]Figure 5.5 Adaboost Regression
Fig 6.5 shows the classification report for the adaboost algorithm. It displays the accuracy of 72%. As well as it will also display the macro avg and weighted avg values. Adaboost is one of the ensembles learning technique it combines the multiple weak learners into one strong model. It uses the decision stumps in the internal working of the model.
4. [bookmark: _Toc145086127]Decision Tree
The strategic fusion of Decision Trees with NLP Techniques emerges as a compelling methodology that permits airlines to explore the complex world of client sentiments in the dynamic environment of customer sentiment analysis within the aviation industry. Decision Trees are algorithmic structures that methodically analyze data by making a succession of binary judgments [85]. They are frequently compared to investigative agents. These trees are used in Customer Sentiment Analysis to analyze the linguistic cues in customer feedback and classify feelings into positive, negative, and neutral categories. Decision Trees' adaptability to complicated linguistic patterns and ability to effortlessly match the complexity of client expressions are what give them their versatility [86]. By giving Decision Trees the ability to understand the context, tone, and complexities of language, NLP techniques enhance their abilities as shown in Fig. 6.6. Through this synergy, the computer is able to analyze not just the words but also the underlying emotional layers in consumer feedback, giving airlines a comprehensive grasp of sentiments that go beyond the obvious. 
[image: ]
[bookmark: _Toc145086156]Figure 5.6 DT architecture 
Airlines looking to decipher client sentiments intricately can use the powerful tool provided by the symbiotic link between Decision Trees and NLP. This combination equips airlines to traverse the complex world of consumer feedback with accuracy and insight as technology develops and the aviation business changes [87]. Airlines can gain priceless insights that improve services, boost customer satisfaction, and pave the road for long-term success in the cutthroat aviation industry by utilizing Decision Trees in conjunction with NLP Techniques.
4. [bookmark: _Toc145086128]Support Vector Machine (SVM)
SVM is a powerful and versatile machine learning algorithm used for both classification and regression tasks. It operates by finding an optimal hyperplane that best separates different classes in a dataset. This hyperplane is chosen in such a way that it maximizes the margin, which is the distance between the hyperplane and the nearest data points (called support vectors) of each class. 
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[bookmark: _Toc145086157]Figure 5.7 Classification report for SVM
Fig 6.7 displays the performance metrics of the SVM algorithm it will display all the values of accuracy, precision, recall and accuracy values. The accuracy of the SVM algorithm is 71 %. 
4. [bookmark: _Toc145086129]Logistic regression
Logistic regression is a statistical technique utilized for predicting categorical outcomes based on one or more independent variables. Unlike linear regression, which deals with continuous numerical predictions, logistic regression is specifically designed for binary classification problems. It estimates the probability of an input belonging to a particular category, employing the sigmoid function to constrain outputs between 0 and 1.
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[bookmark: _Toc145086158]Figure 5.8 Classification report for logistic regression
Fig. 6.8 displays the classification report for logistic regression it displays the all the values of F1 score, Precision and recall values. Logistic regression got the accuracy of 74%. Here, a logistic regression model is instantiated with the parameter multi_class set to multinomial. This indicates that the model will use a multinomial logistic regression approach, suitable for multi-class classification problems. The model is then trained on the training data (x_train, y_train).
4. [bookmark: _Toc145086130]Final Result of The Project
[image: ]
[bookmark: _Toc145086159]Figure 5.9 Accuracy report for all the Algorithms
The Sea born bar plot visually presents a comparison of accuracy scores among various algorithms or models as shown Fig. 6.9. The plot's dimensions are tailored for optimal viewing, and the title offers valuable context for interpretation. This visualization aids in swiftly discerning the superior-performing algorithm in terms of accuracy. In this specific case, the logistic regression algorithm exhibits the highest accuracy at 74%, outperforming all others. Following closely is the random forest algorithm, having the second-highest accuracy at 72%. Notably, the naive bayes algorithm trails behind, registering the lowest accuracy score among the compared models. This visual representation empowers data analysts and practitioners to make informed decisions about which algorithm may be most suitable for their specific application, prioritizing accuracy as a critical metric for evaluation.
4. [bookmark: _Toc145086131]Summary
This study delves into the domain of airline sentiment analysis, employing advanced Natural Language Processing (NLP) techniques. Initially, critical libraries are imported, and the airline-related dataset is loaded into a Pandas data frame. Following this, a meticulous examination ensues to identify and rectify any duplicate entries or missing values, ensuring data integrity. Visualizations are then harnessed to gain deeper insights and facilitate a comprehensive understanding of the dataset. The pre-processing phase is pivotal, involving TF-IDF vectorization to encode the textual information within the dataset. This transforms the unstructured text data into a format amenable for machine learning algorithms. Subsequently, the dataset is partitioned into distinct training and testing sets, priming it for input into various machine learning models.
In this study, an array of machine learning algorithms is employed, encompassing Random Forest, Support Vector Machine (SVM), Decision Tree, and boosting algorithms. These models are designed to accurately categorize sentiments expressed in airline-related text data, yielding invaluable insights into passenger experiences and opinions. Notably, logistic regression emerges as the standout performer, boasting the highest accuracy rate at an impressive 74%. This underscores its efficacy in this specific sentiment analysis task, potentially signifying it as the algorithm of choice for this application.

Chapter 7
1. [bookmark: _Toc145086132]Conclusions, Recommendations, and Future Scope 
5. [bookmark: _Toc145086133]Conclusion
In this work, a comprehensive exploration of sentiment analysis using various machine learning algorithms on Twitter data related to airline sentiments are presented Sentiment analysis is vital for the airline industry due to its numerous benefits. It serves as a vital tool for assessing customer satisfaction levels, pinpointing areas for improvement, and managing potential crises. Airlines can use sentiment analysis to not only gauge their own performance but also to gain a competitive edge by comparing their sentiment scores with those of rivals. Furthermore, it aids in optimizing routes, services, and product offerings based on passenger preferences, ultimately enhancing the overall travel experience. The dataset contained 3339 rows and 12 columns, with features including tweet text, airline sentiment, and other attributes related to the tweets. Cleaning the text data, which included lowercasing, removing non-alphabetic characters, and stemming words. This step was crucial for text-based analysis. Null values in the text column were dropped to ensure data integrity.  Feature Engineering included encoding the target variable, airline_sentiment, into numerical values (0 for positive, 1 for neutral, and 2 for negative) to make it compatible with machine learning algorithms.TF-IDF vectorization was applied to convert the cleaned text data into numerical features, allowing to use it in machine learning models. In this work various ML classification algorithms like LR, RF, GNB, DT, KNN, SVM, Adaboost, Gradient Boosting and XGBoost. LR was observed to be best performing and therefore this model is selected as final model for this work. For class 2 (positive sentiment), the model performed admirably with a high precision of 0.73 and an exceptional recall of 0.98, resulting in an impressive F1-score of 0.84. This suggests the model excelled in identifying and correctly classifying positive sentiments. However, for class 0 (negative sentiment) and class 1 (neutral sentiment), the model showed room for improvement, as indicated by lower precision (0.83 for class 0 and 0.65 for class 1) and recall (0.40 for class 0 and 0.28 for class 1) scores, resulting in F1-scores of 0.54 and 0.39, respectively. Nevertheless, the model achieved an overall accuracy of 0.74, signifying its ability to correctly predict sentiment labels in the test dataset.
5. [bookmark: _Toc145086134]Recommendation
Feature engineering plays a crucial role in sentiment analysis. Experimenting with feature selection techniques can help identify the most informative words or phrases, reducing dimensionality and improving model efficiency. Additionally, exploring word embeddings, such as Word2Vec or GloVe, can enhance the model's understanding of context and semantic relationships within the text. Model selection and fine-tuning are pivotal in achieving accurate sentiment analysis. Ensembling models, such as Random Forest or Gradient Boosting, can combine the strengths of multiple models for superior results. Hyperparameter tuning, aided by techniques like grid search or Bayesian optimization, ensures that the model operates at its best.
Interpretability should not be overlooked. Employing model explainability techniques like LIME or SHAP can shed light on the model's decision-making process, building trust and facilitating a deeper understanding of predictions. Error analysis is essential for improvement. Identifying common misclassification patterns can guide targeted model enhancements. Collaboration with domain experts within the airline industry can offer valuable insights and domain-specific lexicons to improve accuracy further. Continuous learning plays a vital role. Regularly updating and retraining the model ensures that it adapts to evolving language patterns and sentiment trends over time. Custom evaluation metrics aligned with specific business objectives are critical. These metrics can provide more tailored insights into sentiment analysis and guide decision-making accordingly.
5. [bookmark: _Toc145086135]Future Scope
Some of the real-time analysis can be considered for airlines sentiment analysis are listed below: 
· Real-time Analysis: In a changing digital environment, airlines must use real-time sentiment analysis to be relevant. To do this, it is required to construct a robust streaming data pipeline that can record and manage client input as it is generated. 
· Multilingual Support: For the many different, foreign passengers that airlines routinely serve, multilingual support is essential. If you want to accurately understand and react to customer opinions throughout the globe, sentiment research must be translated into a variety of languages. 
· Sentiment Trends: By developing predictive models for sentiment trends, airlines can anticipate changes in customer sentiment, which is a proactive approach. By looking at historical sentiment data and using advanced analytics techniques, airlines can estimate sentiment patterns over time.   
· Personalization: To deliver excellent client experiences, personalization is essential. Utilizing past information and personal preferences allows sentiment analysis for specific customers to be tailored in order to comprehend their particular sentiments. Airlines may utilize this data to customize their responses and advice, giving customers a more satisfying and enjoyable trip.
· Sentiment Feedback Loop: By incorporating the findings of sentiment analysis into customer relationship management (CRM) systems, airlines may analyze and manage consumer sentiment effectively. By combining sentiment data with consumer profiles and interactions, airlines may be able to gain a thorough insight into passenger experiences. 
· Social Listening: Since social media has a big impact on how the public sees airlines, airlines must routinely check it. To expand sentiment analysis to social listening, it is required to monitor social media channels for mentions, comments, and discussions relating to the airline's brand. This proactive approach allows airlines to identify new issues, trends, or even imminent disasters earlier.
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Code implemented in this work
## Importing Libraries
import pandas as pd
import numpy as np
import seaborn as sns
import matplotlib.pyplot as plt
import re
from nltk.corpus import stopwords
from nltk.stem import PorterStemmer
from nltk.tokenize import word_tokenize
from sklearn.model_selection import train_test_split
import warnings
warnings.filterwarnings('ignore')
# Read the CSV File
data=pd.read_csv(r\"C:\\Users\\Shree\\Downloads\\train.csv\")
data.head()
## Data description
data.columns
data.shape
## Observation
* There 3339 rows and 12 columns are avilable in the given dataset
# Info Function
#  info function gives information about data types, columns and non null values count in the dataframe
data.info() 
# Describe Function
data.describe()
## Observation
* Gives the descriptive stastics information about the  numarical columns in the dataset
# Null value Check
(len(data)-data.count())/len(data)
## Observation
* There are highest null values in the column negative reason and user_timezone
# Checking categories of target column
data['airline_sentiment'].value_counts()
## Data Visualization
sns.countplot(x='airline_sentiment',data=data,order=['negative','neutral','positive'])
plt.show()
data['airline'].value_counts()
#Visualizing 'airline_sentiment' and 'airline'
sns.factorplot(x = 'airline_sentiment',data=data,
order = ['negative','neutral','positive'],kind = 'count',col_wrap=3,col='airline',size=4,aspect=0.6,sharex=False,sharey=False)
plt.show()
## Observation
* positive reviews more for vergin america airline
* negetive reviews are more for united airline
# Visualizing 'airlinee_sentiment' and 'tweet_count'
sns.factorplot(x= 'airline_sentiment',data=data,
order=['negative','neutral','positive'],kind = 'count',col_wrap=3,col='retweet_count',size=4,aspect=0.6,sharex=False,sharey=False)
plt.show()
#Visualizing 'negativereason' and 'airline'
sns.factorplot(x = 'airline',data=data,
order = ['Virgin America','United'],kind ='count',hue='negativereason',size=6,aspect=0.9)
plt.show()
## Observation
* Customer service issue more in united airline compared to virgin america
* Various problems like Bad Flight, Customer Service Issue etc are more for United Airlines compared to Virgin America Airlines.
## Filtering the text and airline_sentiment column for the model building
data=data[['text','airline_sentiment']]
data['text'].isnull().sum()
# Droping the null values in the text column
data.dropna(inplace=True)
data.isnull().sum()
stp=stopwords.words("english") 
# Data Cleaning By removing the stop words
lf=[]
for sent in data["text"]:
    l=[]
    ls=str(sent).lower()
    ls=re.sub("[^a-z]"," ",ls)
    for word in word_tokenize(ls):
        if word in stp:
            pass
        else:
            stems=PorterStemmer().stem(word)
            l.append(stems)
    lf.append(" ".join(l))  
fv=pd.DataFrame({"cleanedtext":lf})
fv
label=data[['airline_sentiment']]
# Encoding the target column
def f1(x):
    
    if x=='positive':
        return 0
    elif x=='neutral':
        return 1
    else:
        return 2
label["airline_sentiment"]=label["airline_sentiment"].apply(f1)
# TF IDF Vectorization
from sklearn.feature_extraction.text import TfidfVectorizer
tf=TfidfVectorizer()
cond=tf.fit_transform(fv["cleanedtext"])
cond
fv=pd.DataFrame(cond.toarray(),columns=sorted(tf.vocabulary_.keys()))
fv
# Model Creation
from sklearn.model_selection import train_test_split
x_train,x_test,y_train,y_test=train_test_split(fv,label,train_size=0.8)
x_train.shape
x_test.shape
y_train.shape
y_test.shape
# Logistic Regression
from sklearn.linear_model import LogisticRegression ## Logistic Regression
clf_lr = LogisticRegression(multi_class = 'multinomial')
clf_lr.fit(x_train, y_train)
# Prediction using Logistic regression
y_pred_lr = clf_lr.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_lr = classification_report(y_test, y_pred_lr)
print('classification report for logistic regression \n',clf_rpt_lr )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for logistic Regression \n', sns.heatmap(confusion_matrix(y_test, y_pred_lr), annot = True))
## Random Forest
# Random Forest Classifier
from sklearn.ensemble import RandomForestClassifier
clf_rfc = RandomForestClassifier()
clf_rfc.fit(x_train, y_train)
# Predicting with Random Forest Regressor
y_pred_rfg = clf_rfc.predict(x_test)
from sklearn.metrics import classification_report
clf_rpt_rf = classification_report(y_test, y_pred_rfg)
print('classification report for Random forest \n',clf_rpt_rf )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for Random Forest \n', sns.heatmap(confusion_matrix(y_test, y_pred_rfg), annot = True))
## Naive Bayes
from sklearn.naive_bayes import GaussianNB
clf_gnb = GaussianNB()
clf_gnb.fit(x_train, y_train)
# Predicting with Guassian naive bayes
y_pred_gnb = clf_gnb.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_NB = classification_report(y_test, y_pred_gnb)
print('classification report for Naive Bayes regression \n',clf_rpt_NB )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for Gaussian Naive bayes \n', sns.heatmap(confusion_matrix(y_test, y_pred_gnb), annot = True))
# Decision Tree
# Decision Tree classifier
from sklearn.tree import DecisionTreeClassifier
clf_dt = DecisionTreeClassifier()
clf_dt.fit(x_train, y_train)
# predicting
y_pred_dt = clf_dt.predict(x_test)
# accuracy
from sklearn.metrics import classification_report
clf_rpt_DT = classification_report(y_test, y_pred_dt)
print('classification report for decision tree \n',clf_rpt_DT )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for Decision Tree \n', sns.heatmap(confusion_matrix(y_test, y_pred_dt), annot = True))
## KNN 
# KNN Classifier
from sklearn.neighbors import KNeighborsClassifier
clf_knn = KNeighborsClassifier()
clf_knn.fit(x_train, y_train)
# Prediction using KNN Classifier
y_pred_knn = clf_knn.predict(x_test)
from sklearn.metrics import classification_report
clf_rpt_knn = classification_report(y_test, y_pred_knn)
print('classification report for KNN \n',clf_rpt_knn )
from sklearn.metrics import f1_score
test_score_knn = f1_score(y_test, y_pred_knn, average=None)
print('f1 score KNN classifier',test_score_knn )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for KNN \n', sns.heatmap(confusion_matrix(y_test, y_pred_knn), annot = True))
## SVM
from sklearn.svm import SVC
clf_svc = SVC()
clf_svc.fit(x_train, y_train)
# Predicting with Support vector classifier
y_pred_svc = clf_svc.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_svc = classification_report(y_test, y_pred_svc)
print('classification report for SVC classifier \n',clf_rpt_svc)
## AdaBoost
from sklearn.ensemble import AdaBoostClassifier
clf_adb = AdaBoostClassifier()
clf_adb.fit(x_train, y_train)
# predicting with adaboost classifier
y_pred_adb = clf_adb.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_adb = classification_report
clf_rpt_adb = classification_report(y_test, y_pred_adb)
print('classification report for adaboost \n', clf_rpt_adb)
## Gradinet Boost
from sklearn.ensemble import GradientBoostingClassifier
clf_gb = GradientBoostingClassifier()
clf_gb.fit(x_train, y_train)
# Predicting with GradientBoostingClassifier
y_pred_gb = clf_gb.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_gb = classification_report(y_test, y_pred_gb)
print('classification report for Gradient Boosting Classifier \n',clf_rpt_gb )
## XGBoost
from xgboost import XGBClassifier
clf_xgb = XGBClassifier()
clf_xgb.fit(x_train, y_train)
# Predicting with XGBoost 
y_pred_xgb = clf_xgb.predict(x_test)
# score
from sklearn.metrics import classification_report
clf_rpt_xgb = classification_report(y_test, y_pred_xgb)
print('classification report for XGBoost \n',clf_rpt_xgb )
# confusion matrix
from sklearn.metrics import confusion_matrix
print('Confusion matrix for XGBoost \n', sns.heatmap(confusion_matrix(y_test, y_pred_xgb), annot = True))
a = {'models': ['Logistic_Regression' , 'Random_Forest', 'Naive_Bayes', 'Decision_Tree', 'KNN', 'SVC', 'Adaboost','Gradient_Boosting', 'XGBoost'],
 'accuracy': [74, 71, 59, 67,66, 71, 72, 72, 74]}
results = pd.DataFrame(a) #, columns = ['Algorithm', 'Accuracy_Score'])
results
plt.figure(figsize = (15,5))
sns.barplot(data = results, x = 'models', y = 'accuracy')
plt.title('Accuracy Score comparision of differnt algorithms')
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import pandas as pd # pandas Lib is used for tabular data preprocessing and cleaning

import numpy as np # numpy Lib for numerical calculation

import seaborn as sns # seaborn Lib is used for drawing visualizations for the data

from matplotlib import pyplot as plt # matplotlib Lib is used for drawing visualizations for the data

import warnings # Filternarnings is used for filtering and supressing any warnings during the data cleaning
warnings.filterwarnings(ignore’)  # process for avoid the warning

From sklearn.preprocessing import Labelencoder # Label encoding to encode the categorical ocean proximity column

From sklearn.model_selection import train_test_split
From imblearn.under_sampling import Randomundersampler
From sklearn.linear_model import LogisticRegression
From sklearn.ensemble import RandomForestClassifier Random Forest

From sklearn.naive_bayes import GaussianhB Guassian Naive Bayes

# dividing the data set into trainig and test sets
#
#
#
#
from sklearn.neighbors import KNeighborsClassifier  # KN Classifier
#
#
#
#
#

Random under sampling
Logistic Regression

From xgboost import XeBClassifier X6Boost

From sklearn.neighbors import KNeighborsClassifier importing KW classifier

From sklearn.metrics import classification_report classification report importing
From sklearn.metrics import confusion_matrix importing the confusion matrix
from sklearn.preprocessing import Standardscaler Standardization
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data=pd. read_csv(r"C:\Users\Shree\Downloads\train.csv")
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data.head()
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data.columns

Index([ "tueet_id’, 'airline_sentiment’, ‘airline_sentiment_confidence’,
“negativereason’, 'negativereason_confidence’, 'airline’, 'name’,
‘retweet_count’, 'text’, 'tweet_created’, 'tweet_location’,
‘user_timezone'],
dtype="object’)
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data.shape

(3339, 12)
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data.info() |

<class "pandas.core. frame.DataFrame’>
RangeIndex: 3339 entries, @ to 3338
Data columns (total 12 columns):

tueet_id 3339

°

1 airline_sentiment 3339
2 airline_sentiment_confidence 3339
3 negativereason 2134
4 negativereason_confidence 2450
5 airline 3338
6 name 3338
7 retueet_count 3338
8 text 3338
9 tueet_created 3243
10 tueet_location 2319
11 user_timezone 2231

dtypes: floatsa(3), object(9)
memory usage: 313.2+ KB

#  Column Non-Null Count

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

Dtype

object
object
loates
object
loates
object
object
loates
object
object
object
object
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data.describe()

airline_sentiment_confidence negativereason_confidence _retweet_count

count 3339.000000 2450000000 3336.000000
mean 0806748 oste2r 0106052
s 0.165675 oxeas 0350716
min 0335000 0000000 0000000
2% 0588050 035525 0000000
0% 1.000000 0665850 0000000
5% 1000000 1000000 0.000000

max 1.000000 1.000000 4.000000
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(len(data)-data. count())/len(data)

tweet_id 0.008000
airline_sentiment 0.008000
airline_sentiment_confidence  ©.000680
negativereason 0.360886
negativereason_confidence 0.266247
airline .000209
name .000299
retueet_count .000299
text .000209
‘tueet_created .028751
‘tueet_location 0.305481
user_timezone 0.331836

dtype: float6d
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datalairline_sentiment"].value_counts()

negative 2135
neutral 679
positive 525
Name: airline_sentiment, dtype: intes
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For sent in dsta["text"]:
]
Ls-str(sent). louer ()
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#visualizing ‘airline_sentiment’ and "airline’

sns. factorplot(x = 'airline_sentiment’,data-data,

order - ['negative’, neutral’, positive’],kind = 'count’,col_wrap-3,col="airline’,size-4,aspect-0.6, sharex-False,sharey-False)
plt.shou()
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#from sklearn. feature_extraction.text import TfidfVectorizer
+F=TfidfVectorizer()
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from sklearn.model_selection import train_test_split
x_train,x_test,y_train,y_test=train_test_split(fv,label, train_size-0.8)
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classification report for Random forest

precision  recall fl-score support
o 0.75 0.35 .45 121

1 o.55 0.24 0.3 133

2 0.72 0.97 .53 a1a
accuracy 0.71 668
macro avg 0.69 0.52 0.55 665

weighted avg 0.70 0.71 .67 665




image22.png
A Model
L
TEST : '.?. TRAIN (]
— o0 — —
.. ....

Model

Prediction




image23.png
Splitting into

Training the subsets of
train and test set Adaboost model

Training \
Model

Predictions on

testing subset

Tes

Testing
Target and Feature - Prediction

Comparing testing predictions
to testing target to access
accuracy




image24.png
classification report for adaboost

precision  recall fl-score support
o 0.74 0.55 .64 121

1 0.52 0.23 0.32 133

2 0.74 0.93 .52 a1a
accuracy 0.72 665
macro avg 0.67 0.57 e.59 668
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classification report for SVC classifier
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classification report for logistic regression
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