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Abstract: 

Passenger satisfaction prediction is a critical task for Ethiopian Airlines to maintain service 

excellence and sustain a competitive advantage. Simple Traditional methods, such as statistical tools, 

often lack the analytical depth required to uncover complex patterns in large-scale passenger data. 

This study aims to develop a machine learning-based predictive model capable of assessing passenger 

satisfaction proactively, allowing Ethiopian Airlines to implement timely improvements and maintain 

service excellence. 

To conduct this study, passenger data was collected from Ethiopian Airlines' customer survey system, 

resulting in a dataset of 20,000 records between January 2022 and January 2023. Each response 

includes ratings on service quality, delays, staff interaction, and overall satisfaction, along with 

demographic details such as age and travel class. Data was gathered via both digital and paper 

surveys distributed at various touchpoints, including check-in, baggage claim, and post-flight follow-

up. The dataset’s key attributes include passenger ratings, delay durations, demographic variables, 

and service-related feedback, providing comprehensive metadata for analyzing passenger satisfaction 

 After acquiring the data, several preprocessing steps were applied to ensure data quality and 

compatibility with machine learning algorithms. Subsequently, we selected machine learning models 

that aligned with the objectives of the study and trained them to uncover the key factors influencing 

passenger satisfaction. The models were also used to evaluate the predictive performance of different 

algorithms. The dataset was split into 80% for training and 20% for testing. Finally, the trained 

models were evaluated to compare their accuracy and to identify the most influential features affecting 

passenger satisfaction. Based on the experiments conducted, ensemble models particularly XGBoost 

and Random Forest demonstrated the highest performance, achieving approximately 89% accuracy, 

meanwhile the deep learning algorithm (MLP, TabNet and DCN) achieves 85% accuracy in predicting 

passenger satisfaction. Ensemble models like XGBoost and Random Forest circumvented some of the 

common challenges faced by deep learning approaches such as data requirements, complexity, and 

interpretability thereby achieving higher predictive accuracy and providing more transparent insights 

into passenger satisfaction drivers. The dataset used in this study contained 20,000 records with 22 

independent variables. Such data is sufficiently rich for ensemble models to learn complex non-linear 

relationships but not large enough to fully exploit the representational capacity of deep learning 

models (MLP, TabNet, and DCN) lacked sufficient data to optimize their numerous parameters, 

leading to slightly lower performance compared to ensemble methods. 

The most significant features found to be Type of Travel, Class, Customer Type, and Total Delay. 

This study confirms again that ensemble models like Random Forest and 

XGBoost are very effective for classification issues. Features such as Type of Travel, Class, Customer 

Type, and Total Delay were more influential on passenger 

satisfaction than traditionally assumed features such as Booking Service, Baggage Service, and 

Lounge Service. This 

result highlights the strength of machine learning and explainable AI (XAI) techniques in uncovering 

hidden patterns and identifying the real drivers of customer satisfaction in big and complex datasets. 

 

 



P a g e  | VI 
VI 

Keywords: Passenger Satisfaction, Machine Learning, Deep Learning, XG Boost, Random Forest, 

Explainable AI. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



P a g e  | VII 
VII 

Table Of Contents 

Declaration: ............................................................................................................................................. I 

Acknowledgement .................................................................................................................................. II 

Abstract: ............................................................................................................................................... V 

1.1 Background .................................................................................................................................. 1 

CHAPTER ONE .................................................................................................................................... 1 

Introduction ............................................................................................................................................ 1 

1.2 Statement of the Problem .............................................................................................................. 2 

1.3 Research Questions ....................................................................................................................... 2 

1.4 . Objectives ................................................................................................................................... 3 

1.4.1 General Objective ................................................................................................................... 3 

1.4.2 Specific Objective ........................................................................................................................ 3 

1.5. Significance of Study. .................................................................................................................. 3 

1.6 . Scope of the Study. ..................................................................................................................... 4 

1.7 Limitation of the study.................................................................................................................. 5 

1.8 Organization of the thesis document. ............................................................................................. 6 

CHAPTER TWO: .................................................................................................................................. 7 

Literature Review and Related Work ...................................................................................................... 7 

2.1 Overview .......................................................................................................................................... 7 

2.1.1Ethiopian airlines and Its Passengers ........................................................................................... 7 

2.1.2.User satisfaction in Aviation Industry. ........................................................................................ 8 

2.2 Machine Learning. ............................................................................................................................ 8 

2.2.1 Types of machine learning ......................................................................................................... 8 

2.2.3 Overview of Machine Learning Algorithms(Models) Explored in the Study ............................ 11 

2.3 Predictive modeling ........................................................................................................................ 12 

2.3.1 Applications of Machine Learning in the Aviation Industry. .............................................. 12 

2.3.2 Challenges in Applying Machine Learning in Aviation. ...................................................... 13 

2.4.Related Works ................................................................................................................................ 15 

CHAPTER THREE: ......................................................................................................................... 19 

Methodology of the Study ................................................................................................................. 19 

3.1 Research Design. ........................................................................................................................ 19 

3.2 Data Acquisition ......................................................................................................................... 19 



P a g e  | VIII 
VIII 

3.3 Data Processing .......................................................................................................................... 20 

3.3.1 Understanding the Dataset .................................................................................................... 20 

3.3.2 Exploratory Data Analysis .................................................................................................... 22 

3.3.3 Handling outliers .................................................................................................................. 23 

3.3.4 Data type Conversion ........................................................................................................... 24 

3.3.5 Encoding Categorical Variables ............................................................................................ 25 

3.3.7 Feature Selection .................................................................................................................. 26 

3.3.8 Balancing the Dataset ........................................................................................................... 27 

3.3.9 Train Test Split ..................................................................................................................... 28 

3.4 Development Tools and Computational Resources ...................................................................... 29 

3.5 Model Building ........................................................................................................................... 30 

3.5.2 Model training ...................................................................................................................... 30 

3.5.3 Hyperparameter tuning ......................................................................................................... 32 

3.6 Model Evaluation ........................................................................................................................ 33 

3.7 Model Interpretability ................................................................................................................. 33 

Findings, Model Build, and Discussions of the Study ........................................................................ 35 

4.1 Model Build ................................................................................................................................ 35 

4.2 Findings of the Study .................................................................................................................. 37 

4.2.2.2 Performance of Decision Tree Algorithm......................................................................... 45 

4.2.2.3 Performance of Random Forest Algorithm ....................................................................... 48 

4.3 Discussion of the Study ............................................................................................................... 66 

4.3.1 Discussion: Summary of Key Results ................................................................................... 66 

CHAPTER FIVE: ............................................................................................................................. 73 

Conclusion and Recommendation ..................................................................................................... 73 

5.1 Conclusion of the Study .............................................................................................................. 73 

5.2 Recommendations for Further Studies ......................................................................................... 74 

Reference. ........................................................................................................................................ 75 

Appendices. ............................................................................................................................................ I 
 

 

 

 

 

 

  



P a g e  | IX 
IX 

  

 

 

 

 



Design Passenger Satisfaction Prediction Model for Ethiopian Airline Utilizing Machine Learning 
Algorithms 

 

 

 
Page 1 of 111 

 

 

 

1.1 Background 

CHAPTER ONE 

Introduction 

Passenger satisfaction is the biggest component of the aviation industry, contributing significantly to 

customer loyalty, brand reputation, and business success in general. With a more competitive global 

market, airlines aim to make passenger experience comprehension and optimization a high priority to 

retain customers and continue growing [1]. 

Ethiopian Airlines, established in 1945, is Africa’s biggest leading carrier and one of the continent’s 

most successful and fastest-growing airlines [2]. With a vast international network spanning over 125 

destinations across five continents, the airline has built a strong reputation for its commitment to 

safety, reliability, and outstanding customer service [3]. And it has made significant investments in 

modernizing its transportation, introducing the newest aircraft like the Boeing 787 Dreamliner and 

Airbus A350 and in enhancing operational efficiency, earning numerous awards and global 

recognition [4]. 

Regardless of this achievement, Ethiopian Airlines faces less competition from both regional and 

global carriers [5]. At the same time, passenger expectations are coming, influenced by digital 

transformation and the increasing availability of at a time service and feedback platforms [6]. To 

maintain its growth and leadership, the airline must adopt innovative, the emerged strategies to gain 

hidden insights into customer satisfaction and drive continuous improvement [7]. 

Machine learning has powerful tools to process and analyze large amounts of customer feedback data 

[8]. These technologies enable predictive modeling that can uncover hidden variables of satisfaction 

and help personalize services to meet varying passenger needs [9]. However, Ethiopian Airlines has till 

have not to fully integrate these advanced capabilities into its service optimization strategies  

To better understand what truly shapes passenger satisfaction, this study introduces classical machine 

learning (ML) and deep learning (DL) models specifically designed for Ethiopian Airlines. By 

combining proven ML methods with cutting-edge DL techniques, the goal is to not only predict how 

satisfied passengers are but also uncover the key factors that impact their overall travel experience.
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1.2 Statement of the Problem 

Passenger satisfaction plays a key role in the success and competitiveness of airlines [ 1 0 ] . As the 

largest airline in Africa and a strong player in the global aviation market, Ethiopian Airlines recognizes 

that keeping passengers satisfied is essential for long-term growth, building brand loyalty, and staying 

competitive. While the airline actively gathers feedback through surveys and reviews, turning that 

feedback into meaningful, actionable insights remains a challenge [11]. Currently, Ethiopian Airlines 

mainly uses simple statistical method to analyze passenger satisfaction, these methods often assume 

simple, linear relationships between factors [ 1 2 ] . It emphasizes that existing satisfaction 

measurement approaches primarily depend on qualitative assessments and generic survey tools. These 

methods fail to provide real-time, actionable insights necessary for proactive service improvements. 

As a result, while they can uncover hidden patterns and relationships within the data ,it becomes more 

challenging to clearly understand the true trends in the customer .These days, machine learning (ML) 

is proving to be a powerful tool for industries like aviation, helping them make sense of large and 

complex amounts of data [13]. ML can discover hidden patterns that are not easy to find using statistical 

methods. It can also provide accurate predictions of how satisfied passengers are, along with 

explanations of the key factors influencing their satisfaction [ 1 4 ] . Although ML give many 

benefits, Ethiopian Airlines has not still fully used these advanced tools [15]. Without a prediction 

system to predict satisfaction and find important factors, the airline may miss chances to improve 

services [16]. This could lead to dissatisfied customers and negative reviews, which in turn may harm 

the airline’s reputation in the global market [17]. To address this problem, this study aims to apply 

machine learning techniques both classical and deep learning approaches to predict passenger 

satisfaction and identify its key hidden factors. To comparing the performance of multiple ML and 

deep learning models, the research aims to find the most effective and interpretable approach for 

Ethiopian Airlines. This will support more informed decisions, better service strategies, and a stronger 

competitive edge in the global airline industry.  

1.3 Research Questions 

 

To this end this study attempts to address the following research questions: 

 

 What are the factors influencing passenger satisfaction in Ethiopian Airlines?

 Which machine learning algorithms offer the most accurate prediction for passenger 

satisfaction in Ethiopian Airlines?
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1.4 . Objectives 

 

1.4.1 General Objective 

The general objective of this study is to design passenger satisfaction prediction model for Ethiopian 

Airline utilizing machine learning algorithms. 

1.4.2 Specific Objective 

 To identify the key passenger satisfaction factors influencing Ethiopian Airlines' service quality.  

 To design machine learning models capable of accurately predicting passenger satisfaction levels.  

 To compare the performance of various machine learning algorithms based on relevant metrics such 

as accuracy, precision, recall, and F1-score.  

 To provide actionable insight for Ethiopian Airlines based on model insights. 

  1.5. Significance of Study. 

 
This study holds strong significance for Ethiopian Airlines and its stakeholders by introducing 

advanced data-driven approaches namely machine learning and Explainable Artificial Intelligence 

(XAI) to better understand and predict passenger satisfaction. As the national flag carrier and the 

largest airline in Africa, Ethiopian Airlines plays a vital role in shaping the image of Ethiopia’s 

aviation sector on the global stage. By identifying hidden factors that influence customer satisfaction, 

the study will enable the airline to improve service quality, enhance operational efficiency, and remain 
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competitive both regionally and internationally. Passengers, especially those traveling to and from 

Ethiopia, will benefit from better. 

Additionally, the findings of this research provide valuable insights for decision makers within the 

airline, supporting evidence-based policy and strategic planning that aligns with customer expectations. 

Researchers and academics can also benefit by exploring the practical application of machine learning 

and XAI within the aviation industry, which remains a growing field of interest. The study contributes 

to academic knowledge and can serve as a reference for future research in customer satisfaction, 

transport service improvement, and data science applications. Overall, the research supports Ethiopian 

Airlines in offering world-class service while also strengthening Ethiopia’s position in the global 

aviation landscape. 

1.6 . Scope of the Study. 

This study aims to analyze and predict passenger satisfaction with Ethiopian Airlines by applying 

machine learning algorithms. The research draws on data gathered directly from Ethiopian Airlines’ 

own structured passenger satisfaction surveys, collected between Jan 2022 to Jan 2023.These surveys 

asked passengers to rate key aspects of their travel experience, including cabin comfort, the ease of 

booking, baggage handling efficiency, punctuality, and overall satisfaction. In addition to service-

related feedback, the surveys also captured basic demographic details such as passengers’ age and 

travel class, helping to contextualize responses. In total, the dataset includes roughly 20,000 complete 

responses, gathered through both digital and paper forms distributed at various stages of the passenger 

journey, such as check-in counters, baggage service, and through post-flight follow-up 

communications. The questions were designed to reflect passengers’ real experiences and perceptions, 

covering critical areas like delays, service quality, and staff interaction. This study is limited to 

analyzing that specific set of survey responses. It does not include real-time operational data or 

feedback from other airlines. As such, while the findings offer valuable insights into Ethiopian 

Airlines’ passenger satisfaction trends, they may not directly translate to other carriers without further 

validation and adaptation. 
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1.7 Limitation of the study  

The dataset used was imbalanced, with about 75% of records representing satisfied passengers and 

only 25% dissatisfied ones, which could bias the model toward the majority class. In addition, the 

scope of the data was limited mainly to structured feedback leaving out more personal factors such as 

individual expectations, cultural backgrounds, or unique in-flight experiences that influence 

satisfaction. While explainable AI methods like SHAP and LIME were applied, some models, 

particularly ensemble methods such as XGBoost and Random Forest, still acted as “black boxes,” 

making their decision processes harder to interpret. Although deep learning models like MLP, TabNet, 

and DCN performed well, their effectiveness may have been restricted by the relatively small size and 

narrow nature of the dataset, which limited their ability to capture deeper patterns.
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   1.8 Organization of the thesis document. 

This thesis is structured into five chapters, each addressing a key part of the study on predicting 

passenger satisfaction for Ethiopian Airlines using machine learning. Chapter One introduces the 

background, problem statement, objectives, significance, scope, and thesis structure. Chapter Two 

reviews related literature on machine learning, predictive analytics, and passenger satisfaction, 

highlighting research gaps. Chapter Three outlines the methodology, including data collection, 

preprocessing, feature selection, and model development. Chapter Four presents and evaluates the 

experimental results, identifying important satisfaction factors. Chapter Five summarizes the findings, 

discusses implications, and provides recommendations. References and Appendices are included for 

sources and supplementary materials. 
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CHAPTER TWO: 

Literature Review and Related Work 

 

   2.1 Overview 

 
In the aviation sector, the integration of Machine Learning offers groundbreaking opportunities to 

address challenges such as enhancing passenger satisfaction, optimizing operations, and providing 

personalized services. Ethiopian Airlines, as a global leader and a national flag carrier, stands at the 

forefront of leveraging these advancements. This literature review discusses the core concepts of ML, 

its key components, learning types, practical applications, and associated challenges, providing a 

comprehensive understanding of its transformative potential in addressing critical aspects of the 

aviation industry [18]. 

 

      2.1.1Ethiopian airlines and Its Passengers 

Passenger satisfaction refers to the overall feeling of gratification of passengers with the services 

provided by airlines right from the time of booking to arrival. It encompasses multiple dimensions, 

such as service quality, time factor, flying experience, and affordability of price. Certainly, the high 

magnitude of passenger satisfaction is highly decisive for airlines as it has a direct consequence on 

customer loyalty, corporate brand image, and profitability. In the competitive aviation market, it is 

very important for airlines to understand those factors that contribute to passenger satisfaction in order 

to retain customers and improve their service offering [19]. 

Ethiopian Airlines, the flag carrier of Ethiopia, was founded in 1945. It is one of the largest and most 

successful African airlines, with its headquarters in Addis Ababa. The carrier operates an extensive 

domestic and international network that reaches more than 125 destinations across five continents. It 

has been recognized for safety, reliability, and good customer service; thus, it has been the choice of 

many passengers [20]. It has heavily invested in fleet modernization and service enhancement through 

the introduction of new aircraft types such as the Boeing 787 Dreamliner and Airbus A350. Ethiopian 

Airlines has also been awarded various times for operational excellence and customer service, among 

other accolades that have positioned it as the leader in African aviation. However, against the backdrop 



Design Passenger Satisfaction Prediction Model for Ethiopian Airline Utilizing Machine Learning 
Algorithms 

 

 

 

 

 

| 

 

 
Page 8 of 111 

 

 

of all these successes, the airline still must work harder to meet diverse passenger expectations and 

ensure satisfactory service quality amidst rising competition [21]. 

     2.1.2.User satisfaction in Aviation Industry. 

 
User satisfaction is all about the feelings of customers towards their expectations and needs, which 

have been met by a certain service or product. Passenger satisfaction in the aviation industry, 

especially for Ethiopian Airlines, involves service quality, punctual performance, comfort during 

flights, and value for money. Measurements of user satisfaction involve a number of methods, 

including post-flight surveys of specific attributes, such as check-in processes and cabin crew service; 

rating scales, including Likert scales; and the Net Promoter Score, which asks for customer loyalty 

through their likelihood of recommending the airline as on-time performance and baggage handling 

efficiency, and machine learning techniques that analyze large datasets for pattern recognition and 

sentiment analysis. Focus groups and interviews are more qualitative methods that also yield rich 

insights into passenger expectations. The data indicates an analysis of passenger satisfaction dynamics 

that enables Ethiopian Airlines to implement data-driven strategies, improving customer experiences 

[22]. 

     2.2 Machine Learning. 

 
Machine learning is a part of artificial intelligence that allows computers to learn from data and get 

better at certain tasks over time without being directly programmed for every step. Instead of relying 

on fixed rules, machine learning models look for patterns in the data and use those patterns to make 

predictions or decisions [23]. 

    2.2.1 Types of machine learning  

 
          Supervised Learning. 

Supervised learning is one of the most common types of machine learning. In this approach, algorithms learn 

from structured, labeled data meaning the system is trained using examples that include both the input and 

the correct output. This helps the model learn how to make accurate predictions for new, unseen data. 

Supervised learning is generally divided into two main types: classification, which 
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predicts categories (like identifying whether an email is spam or not), and regression, which predicts 

continuous values (like estimating stock prices or housing costs). 

While supervised learning is known for its accuracy and easy-to-understand results, it does come with 

challenges. It needs large amounts of high-quality labeled data, which can be expensive and time-consuming 

to collect. It also faces risks like overfitting where the model performs well on training data but poorly on 

new data which requires careful techniques to prevent. Despite these hurdles, supervised learning is widely 

used in real-world applications like speech recognition, financial forecasting, and medical diagnostics [24] . 

Unsupervised Learning. 

Unsupervised learning deals with unlabeled or unstructured data and focuses on identifying hidden patterns 

or structures within datasets. Tasks like clustering and dimensionality reduction fall under this category. For 

example, clustering might involve segmenting customers based on purchasing habits, while dimensionality 

reduction simplifies large datasets for visualization. 

The strength of unsupervised learning is in its ability to analyze data without requiring labels, making it 

capable for exploratory analysis. but tasks like determining the number of clusters demand domain 

expertise. It is used extensively in anomaly detection, customer segmentation, and market basket analysis 

[25]. 

Semi-Supervised Learning. 

Semi-supervised learning is the combination of supervised and unsupervised learning by using a small 

amount of labeled data along with a large pool of unlabeled data. This approach is particularly more 

significant when acquiring labeled data is challenging or costly. 

This hybrid approach is used in scenarios like image classification, where only a few labeled images 

available, or autonomous vehicle training, where labeled navigation data is supplemented with vast amounts 

of unlabeled information. Despite reducing the dependency on labeled data, semi-supervised learning faces 

challenges in effectively utilizing unlabeled data without introducing noise, and the quality of labeled data 

heavily impacts performance [26]. 

Reinforcement Learning 
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Reinforcement Learning the type of machine learning where the paradigm in which an agent learns to make 

decisions through interacting with an environment. The agent receives feedback in the form of rewards or 

penalties based on its actions and uses this feedback to optimize long-term cumulative rewards. RL is 

particularly effective for real-time decision-making in dynamic environments, such as robotics and 

autonomous driving. Crafting a reward system that aligns with desired goals is also a complex task. 

Nevertheless, RL has powered breakthroughs in game AI, such as AlphaGo, and applications in 

personalized recommendations and robotic automation [27]. 

 

Deep Learning. 

Deep learning is a subset of machine learning that employs neural networks with multiple layers to model 

complex patterns in data. It has revolutionized industries to enabling breakthroughs in computer vision, 

natural language processing (NLP), and speech recognition. For example, convolutional neural networks 

(CNNs) are used for image classification and facial recognition, while recurrent neural networks (RNNs) or 

Long Short-Term Memory (LSTM) networks power tasks like machine translation and sentiment analysis. 

Although deep learning offers incredible accuracy and scalability, it demands substantial computational 

power and data. Moreover, its “black box” nature makes it challenging to interpret, especially in critical 

applications like healthcare. Despite these limitations, deep learning has made transformative contributions 

to fields like autonomous systems, generative models, and AI-driven content creation [28]. 

 

Figure 1 Artificial intelligence types and their relationship [29]. 
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2.2.3 Overview of Machine Learning Algorithms (Models) Explored in the Study 

 

Logistic Regression: A statistical model used mainly for binary classification tasks. It estimates the 

probability that a given input belongs to a particular class by applying the logistic function. It is simple, 

interpretable, and effective for linearly separable data but less capable of modeling complex, nonlinear 

relationships [30]. 

Decision Tree: A tree-structured model that makes predictions by splitting the data based on features, leading 

to decision paths from root to leaf nodes. They are intuitive, easy to interpret, and handle both classification 

and regression tasks, but can overfit if not properly pruned [31]. 

Random Fores: An ensemble learning method that constructs multiple decision trees during training and 

aggregates their predictions (via majority voting or averaging). It improves accuracy over single trees, reduces 

overfitting, and is robust to noise [32]. 

Support Vector Machines (SVM) : A classifier that finds the hyperplane maximizing the margin between 

data points of different classes. Powerful in high-dimensional spaces and effective with clear class boundaries, 

but computationally intensive with large datasets [33].   

XGBoost  : An advanced gradient boosting technique that builds sequential models where each subsequent 

model corrects the errors of previous ones. Known for high performance and efficiency, especially in 

structured/tabular data, and often used in machine learning competitions [34]. 

 Multilayer Perceptron (MLP): A type of deep neural network composed of multiple interconnected layers 

of neurons, capable of modeling complex nonlinear relationships. Suitable for a variety of tasks but require 

careful tuning and more computational resources [35]. 

Tab Net : A deep learning architecture designed for tabular data that uses sequential attention mechanisms to 

select relevant features at each decision step. It combines interpretability with high performance on structured 

datasets [36]. 

Deep & Cross Network (DCN) : A neural network architecture that combines deep neural networks with 

cross layers to explicitly model feature interactions. It is effective for recommendation systems and structured 

data where feature interactions are crucial [37]. 
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2.3 Predictive modeling 

 
Predictive modeling is a statistical method of using historical data to predict future outcomes. In passenger 

satisfaction, predictive modeling will analyze various factors that influence customer experience and 

satisfaction levels in the aviation sector. Using various algorithms, predictive models can identify patterns 

and relationships in data, thus helping airlines anticipate passenger needs and preferences. This will also 

help the airlines to proactively work toward betterment regarding the quality of services and operational 

efficiency, thus increasing customer satisfaction. Usual techniques applied in predictive modeling include 

regression analysis, decision trees, and ensemble methods that can handle such complex datasets with 

valuable insights on customer behavior [38]. 

 

2.3.1 Applications of Machine Learning in the Aviation Industry. 

Machine learning (ML) has become a transformative tool across the aviation sector, driving innovation 

and efficiency in multiple domains. Its ability to analyze large, complex datasets enables airlines and 

related stakeholders to enhance service quality, streamline operations, and improve safety. Below are some 

key applications [39]. 

Passenger Satisfaction Prediction and Personalization. 

ML models analyze customer feedback, survey responses, and social media data to identify factors 

influencing passenger satisfaction. This analysis helps airlines understand passenger preferences and 

expectations, enabling personalized services such as tailored offers, customized in-flight entertainment, 

and route suggestions. For example, sentiment analysis tools using natural language processing (NLP) can 

gauge passenger sentiment from unstructured feedback, providing actionable insights for service 

improvement [40]. 

Operational Efficiency and Flight Scheduling. 

ML algorithms optimize scheduling of aircraft and crews by predicting maintenance needs, minimizing 

turnaround times, and coordinating flight schedules based on historical and real-time data. Predictive 

maintenance models can forecast equipment failures before they occur, reducing delays and cancellations. 

Additionally, ML-driven demand forecasting allows airlines to adjust capacity dynamically, reducing costs 

and enhancing the passenger experience [41]. 

Baggage Handling and Safety Systems. 

Advanced ML systems assist in automating baggage handling through image recognition and sensor data 

analysis, reducing mishandling and theft. In safety-critical systems, ML models monitor aircraft sensor  
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data to detect anomalies, predict potential malfunctions, and support decision-making during flight 

operations. For instance, machine learning can aid in early detection of sensor failures or structural issues, 

contributing to safer flights [42]. 

Flight Path Optimization and Weather Prediction. 

ML enhances route planning by analyzing various factors, including weather conditions, air traffic, and 

geopolitical situations, to determine the most efficient flight paths. For example, real-time weather data 

fed into predictive models help pilots and dispatchers choose optimal routes, saving fuel and reducing 

emissions [43]. 

2.3.2 Challenges in Applying Machine Learning in Aviation. 

Despite the significant potential of machine learning (ML) to revolutionize various aspects of aviation, its 

practical implementation encounters several substantial challenges that need to be carefully addressed. 

Data Integration and Diversity Aviation systems generate large volumes of data from many different 

sources such as aircraft sensors, airport systems, maintenance logs, passenger feedback, social media, 

weather forecasts, and even external services like air traffic control. Bringing all this diverse data together 

into one unified, usable system is a major challenge. It requires sophisticated strategies like data 

warehousing, standardization, and synchronization to make sure everything works together smoothly. If 

these sources aren’t properly integrated, the resulting data can be inconsistent or incomplete, which 

ultimately reduces the accuracy and reliability of machine learning models [44]. 

Data Quality and Bias The performance of machine learning models is only as good as the data they are 

trained on. In aviation, this data can sometimes be outdated, incomplete, noisy, or biased, for example, 

certain passenger groups or flight routes might be underrepresented. If the training data isn’t high quality 

or balanced, the models may make inaccurate predictions or show unfair preferences. To ensure 

dependable results, it’s essential to regularly clean, validate, and monitor data for potential bias [45]. 

Model Interpretability and Safety Aviation is a highly regulated, safety-critical field where decisions 

must be transparent and explainable. While complex ML models, especially deep learning models can 

make powerful predictions, they often work like "black boxes," offering little insight into how or why a 

particular outcome was reached. This lack of transparency can make it difficult for stakeholder-like pilots, 

engineers, and regulators to trust or act on the results. That’s why using Explainable AI (XAI) is so 

important. It helps provide clear, understandable reasoning behind the model’s decisions, which supports 

both safety and regulatory acceptance [46]. 

Regulatory and Certification Barriers The aviation industry is tightly regulated by authorities such as 

the FAA and EASA, which require that all operational systems including those powered by AI go through  
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rigorous testing, documentation, and certification. ML models must prove they are reliable and consistent, 

even in changing or unexpected conditions. However, because these models can adapt over time as they 

learn from new data, ensuring they continue to meet strict regulatory standards is a significant challenge 

[47]. 

Real-time Processing Demands Some ML applications in aviation like optimizing flight paths or 

monitoring aircraft in real-time require instant data analysis and decision-making. These tasks demand 

high computational power and extremely reliable systems. Meeting these real-time demands means 

investing in powerful hardware, efficient algorithms, and robust system design to ensure quick, safe, and 

dependable responses [48].
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    2.4. Related Works 

 
Demeke and Yilma (2021) took a closer look at how passengers feel about their experiences at 

Ethiopian airports by using natural language processing (NLP) to analyze unstructured feedback. Their 

study uncovered regional variations in what travelers expect, highlighting the importance of tailoring 

services to local needs. They emphasized that incorporating insights from machine learning into daily 

operations could go a long way in boosting customer loyalty. 

 

Abebe and Melesse (2019) carried out a comprehensive study on customer satisfaction and service 

quality at Ethiopian Airlines, shedding light on the distinct operational challenges the airline faces 

within its regional setting. Although the airline has achieved considerable growth, the study found that 

customer perceptions are significantly shaped by infrastructural constraints, inconsistent service 

delivery, and cultural dynamics that diverge from international standards. The researchers noted that 

conventional tools for measuring customer satisfaction often fall short in capturing the complex 

interplay of these factors, resulting in an incomplete understanding of passenger expectations. 

Furthermore, they criticized the overreliance on qualitative feedback and broad quantitative surveys 

in existing Ethiopian customer satisfaction models, arguing that these methods lack both predictive 

accuracy and the ability to generate timely, actionable insights. Abebe and Melesse recommended the 

use of advanced data analytics, including machine learning, to gain a deeper, more predictive grasp of 

passenger needs. This would allow the airline to personalize services and respond more effectively to 

operational challenges. Their findings highlight the urgent need for context-aware predictive models 

that account for Ethiopia’s unique socio-economic and infrastructural realities an area largely 

overlooked by existing global research on the airline industry. 
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    Sachin Kumar & Mikhail Zymbler(2023) conducted their study on the analysis of customer satisfaction in 

airline companies based on a machine learning methodology applied to 146,731 tweets of major 

airlines. Following data preprocessing and feature extraction via n-gram models and GloVe word 

embeddings, the researchers employed Support Vector Machines (SVM), Artificial Neural Networks 

(ANN), and Convolutional Neural Networks (CNN) to classify tweets as either positive or negative in 

sentiment. The CNN model worked better with 92.3% accuracy, as opposed to SVM and ANN 

approaches. Through association rule mining, the study identified cabin crew behavior (CCB) and 

food quality (FQL) as the most significant determinants of passenger sentiment. The findings indicate 

how airlines can utilize machine learning in monitoring customer feedback and strategically enhancing 

service quality by addressing priority experience drivers. 

Hwanga, Kima, Parka & Kwonb (2020) tried to answer the following question: “Can users’ affective 

expressions on airline services be useful in estimating their return visits to the services?” It is not 

mandatory at all that if we find positive feedback about an airline that the customer is going to come 

back. They conducted a survey to check feedback from people who booked their flights online, they 

collected 309,331 customer’s feedback. They validated this feedback and dropped invalid ones. In 

Addition, dropped the responses of delayed or cancelled flights. Based on these procedures, 

178,951responses (57.9%) were validated. One year later, in November 2018, the customers with 

validated responses were asked if they used airline services for the past year. “The customers who 

responded positively (133,872 responses, 43.3%) were subsequently asked if they used the same 

airline service as stated in the initial survey. Then they performed several machine learning classifiers, 

The seven classifiers, Decision Tree, Gaussian Naive Bayes, Logistic Regression, Random Forest, 

KNeighbors, Support Vector Machine, and XGBoost.“The study found out that both emotional and 

linguistic aspects of users’ comments on a particular service are valuable when predicting and 

determining their future behavior related to the service”. “In addition, the results of predicting return 

visits showed relatively high accuracy regardless of the length of reviews”. 
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Table 1 The summary of related works. 
 

 

Author 

(year) 

 

Title 

 

Objective 

 

Key findings 

 

Remark 

 

 

 

Ashwik 

a et al. 

(2022) 

 

Airline 

Passenger 

Satisfaction 

Prediction 

Using 

Machine 

Learning 

Algorithms 

 

To predict 

passenger 

satisfaction using 

ML, handling 

imbalanced data 

and high- 

dimensional 

features. 

 

imbalanced data and 

high-dimensional 

features.Random Forest 

achieved 94.71% 

accuracy; key factors: 

online boarding, WiFi, 

class, legroom, 

entertainment. 

 
Demonstrates the 
value of ensemble 

ML models for 

predictive accuracy 

in customer 
satisfaction. 

Applicability to 

different regions 
may be limited due 

to dataset scope. 

 

 

 

 

Sachin 

Kumar 

& 

Mikhail 

Zymbler 

 

Machine 

Learning 

Approach to 

Analyze 

Customer 

Satisfaction 

from Airline 

Tweets 

 

To classify 

airline-related 

tweets as 

positive/negative 

using ML and 

NLP. 

 

CNN achieved 92.3% 

accuracy; key factors: 

cabin crew behavior 

(CCB) and food quality 

(FQL). 

 

Strong focus on 

NLP; could 

expand to other 

social media 

platforms. 

 

Hwang 

a, 

Kima, 

Parka 

& 

Kwonb 

(2020) 

 

 

 

 

Can users’ 

affective 

expressions 

on airline 

services be 

useful in 

estimating 

their return 

visits? 

 

 

To predict return 

visits based on 

customer feedback 

using ML. 

 

 

 

 

 

 

 

Emotional and linguistic 

aspects in reviews help 

predict return visits (XG 

Boost likely best but not 

specified). 

 

 

 

 

 

 

High accuracy 

regardless of 

review length; 

dataset limited to 

non-delayed 

flights. 

 

 

 

 

 

Abebe 

& 

Meless

e 

(2019) 

 

 

 

 

 

 

Customer 

Satisfaction 

and Service 

Quality in 

Ethiopian 

Airlines: 

Challenges 

and Analytical 

Gaps 

 

 

To examine 

customer 

satisfaction and 

service quality at 

Ethiopian Airlines 

within the regional 

and infrastructural 

context. 

 

 

Identified major 

influencing factors such as 

infrastructure limitations, 

inconsistent service, and 

cultural gaps. Highlighted 

the inadequacy of 

traditional feedback tools 

and recommended 

machine learning for 

deeper, predictive 

insights. 

Emphasizes the 

need for context-

sensitive, 

predictive 

customer 

satisfaction 

models 

customized to 

Ethiopia’s unique 

operational 

realities. 
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Demeke 

& 

Yilma 

(2021) 

 

 

 

 

 

 

 

Analyzing 

Passenger 

Feedback at 

Ethiopian 

Airports 

Using NLP 

Techniques 

To explore 

passenger 

sentiment and 

expectations at 

Ethiopian airports 

through 

unstructured 

feedback analysis 

using natural 

language 

processing. 

 

 

 

Revealed regional 

differences in passenger 

expectations highlighted 

the importance of 

localized service delivery. 

Recommended integrating 

machine learning into 

daily operations to 

improve customer loyalty. 

 

 

Demonstrates the 

potential of NLP 

and ML in 

extracting 

actionable 

insights from 

unstructured data 

to guide 

customer-centric 

service strategies. 
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CHAPTER THREE: 

 

Methodology of the Study 

 
Research methodology is a way to systematically solve the research problem. It may be understood as 

a science of studying how research is done scientifically. The advantage of knowing the methodology 

of the study before doing the Experiment is to reason out what, how and why the methods or the 

techniques are selected for the Experiment to know the risks for conducting the research in detail [49]. 

 

3.1 Research Design. 

 
This research follows quantitative/experimental research design to answer research questions. This 

method is ideal for using historical data to predict passenger satisfaction from various service features. 

applying and evaluating different machine learning algorithms, we'll not only achieve strong forecasts 

but also pinpoint the main drivers of satisfaction, giving Ethiopian Airlines practical insights for 

strategic decisions [50] 

The experimental design incorporated a structured methodology: data collection and preprocessing, 

dataset partitioning into training and testing sets, algorithm and tool selection, and model development 

and evaluation. This chapter mentions the methodology used to develop a machine learning-based 

passenger satisfaction prediction model and factors that contribute more to passenger satisfaction. 

 

3.2 Data Acquisition 

 
The data used in this research was collected from Ethiopian Airlines passenger data that are collected 

passenger feedback through surveys, to address the research objectives. The data collection process 

was facilitated through an official support letter provided from Addis Ababa University, School of 

Information Science, and Ethiopian airline granting us to access required data for the study. This 

approach allowed us to work with real-world feedback data that accurately reflects the experiences 

and feedback of Ethiopian Airlines passengers. 
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The total dataset used for the research is 20,000 and the dataset, was collected from Ethiopian Airlines' 

customer survey systems of year 2022. The dataset includes both numerical features (e.g., age, delays) and 

categorical/ordinal features (e.g., service ratings, satisfaction). The target Variable or independent variable is 

The Satisfaction column serves as the label/output for predictive modeling. It likely contains discrete classes 

(e.g., Satisfied, Neutral, Dissatisfied), indicating that classification is the right approach. The Dependent 

features is Many service-related variables (e.g., Seat Comfort, Boarding services, Baggage service, Check-in 

Service, call center service) are ordinal, meaning their values have a meaningful order. Total columns (features): 

23Independent (input) variables: 22 (all service ratings, demographic info, delays, class, etc.) Key features such as Type 

of Travel, Class, Customer Type, Total Delay. 

 

                            The table below shows the meta data description  

Column Name Data Type Description 

Age Numeric Age of the passenger in years 

Gender Categorical Gender of the passenger (e.g., Male, Female) 

Satisfaction Categorical Passenger satisfaction level (e.g., Satisfied, Neutral, Dissatisfied) 

Flight Distance Numeric Distance of the flight in miles or kilometers 

Departure Delay Numeric Delay at departure (in minutes) 

Arrival Delay Numeric Delay at arrival (in minutes) 

                                                   

                                                                Table 2: Description of meta data  

 

3.3 Data Processing 

 
The raw data collected from the survey, originally stored in Excel format, was converted to CSV to 

facilitate further processing. To address differences in feature magnitudes, the Standard Scaler 

was applied for normalization. Additionally, machine learning algorithms were employed to 

determine the most influential factors contributing to passenger satisfaction, which were then used to 

train the models. The following sections take a closer look at the key preprocessing steps involved in 

this study. 

 

3.3.1 Understanding the Dataset 
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In this study, we began by getting a general overview of the dataset, checking the number of rows and 

columns and reviewing the data types for each feature to understand whether they were numerical or 

categorical. This helped ensure that we interpreted the data correctly from the start. We then identified 

the target variable, Satisfaction, and examined its distribution to see if there was any class imbalance 

an important step when choosing the right machine learning techniques for training. To get a clearer 

picture of the dataset, we looked at summary statistics like the mean, median, and standard deviation 

for numerical features, as well as frequency counts for categorical ones. 

During this exploration, we also checked for common data quality issues such as missing values, 

outliers, and inconsistencies. These were flagged for cleaning in the next step. 

To support this analysis, we used visual tools like histograms, box plots, and bar charts, which helped 

us better understand patterns, trends, and relationships within the data. The insights from this thorough 

exploration formed a solid foundation for the preprocessing phase that followed, ensuring the dataset 
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was well-prepared for machine learning modeling, ultimately leading to more accurate and 

interpretable results. 

3.3.2 Exploratory Data Analysis 

 
As part of our exploration data analysis, we used different visualizations to get a clearer picture of the 

dataset’s structure and key characteristics. One important insight that stood out from these 

visualizations was a clear imbalance between the number of satisfied and dissatisfied passengers. As 

illustrated in Figure 2, approximately 75% of the data belongs to the satisfied class, while only 25% 

represents the dissatisfied class. This imbalance highlights the need for appropriate handling during 

model training to prevent bias toward the majority class. Without addressing this, the model may be 

skewed towards predicting the satisfied class more frequently. Another important observation, as 

shown in Figure 3, is that the service-related rating features (such as check-in Service, baggage service, 

and onboard services) indicates relatively uniform distribution across their respective categories, 

indicating balanced responses across these attributes. 

 

 

Figure 2 Results of Exploratory Data Analysis (EDA): Customer Distribution 
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Figure 3 Results of Exploratory Data Analysis (EDA): Distribution of Rating of different Services 

 

3.3.3 Handling outliers 

In our study, outliers appear in numerical features “Age,” and “Arrival Delay” as show in the figure 

4, an age entry of 350 and an Arrival of 2000 min could indicate data entry errors that may mislead 

the model. To identify outliers, statistical techniques like the Interquartile Range (IQR) method, Z- 

score, or visualization tools such as box plots and scatter plots are used in this study. We used log 

transformation to handle the effect of outliers on predicting contributing factors for passenger 

satisfaction. Properly handled outliers ensure that the machine learning model learns from genuine 

patterns in the data without being skewed by anomalies, ultimately leading to more accurate and 

generalizable predictions of passenger satisfaction. 
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Figure 4: Result of outlier detection using boxplot 

3.3.4 Data type Conversion 

 
This step ensures that all variables are in appropriate formats that can be effectively interpreted by the 

models. In this study, both categorical and numerical features (such as age, arrival delay, or departure 

delay) and categorical variables (such as gender, class, type of travel, or customer type) are present. 

These variables initially appear in incorrect formats for instance, numerical values like Age and arrival 

delay stored as strings due to data entry inconsistencies, and thus we convert them to integer and float 

types for proper mathematical handling. Ensuring proper data type conversion improves memory 

efficiency, allows for smoother model integration, and prevents errors during model training, by 

enhancing the overall performance of the passenger satisfaction prediction system. 
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3.3.5 Encoding Categorical Variables 

 
In preparing the passenger satisfaction dataset for machine learning, encoding categorical variables is 

an essential preprocessing step, since all machine learning algorithms require numerical input, these 

categorical variables must be converted into a suitable numerical format without losing the underlying 

meaning. In this study, we applied appropriate encoding techniques based on the nature of each feature. 

For nominal categories like Gender (e.g., Male, Female) and Type of Travel (e.g., Business, Personal), 

We used one-hot encoding to create binary columns representing the presence of each category, 

ensuring that no ordinal relationship is falsely implied. And Class (e.g., Economy, Business, Eco 

Plus), depending on whether the categories implied an order or not, we used one-hot encoding for 

both types of categories because we don’t have categories that have an order. The results of our encoded 

variables are shown in figure 5 below. 

 

Figure 5 Results of Categorical Data Encoding and Feature Scaling 
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In our study, features such as Age and Total Delay can vary widely in their magnitude values To address 

this, we applied standard feature scaling techniques such as Min-Max Scaling and Standardization 

(Z-score normalization). Min-Max Scaling transform features to a fixed range 0 to 1, while 

standardization centers the data around the mean with a unit standard deviation. These methods ensure 

that no single feature dominates the learning process due to its scale, thereby improving model 

performance and training stability.  

After experimenting with both techniques, we select Standardization techniques based on the accuracy 

of the model. The result of scaled dataset is shown on figure 5 displayed above. 

3.3.7 Feature Selection 

 
In our study, we carefully examined the available features to identify those that contribute most 

significantly to predicting passenger satisfaction. The goal of feature selection is to reduce noise, avoid 

overfitting, and improve model interpretability by eliminating irrelevant or redundant variables. We 

used both statistical techniques and machine learning models to guide the selection process. For 

example, we analyzed the correlation between features and the target variable using correlation 

matrices and mutual information scores. Additionally, we applied model-based methods such as 

feature importance from tree-based algorithms like Random Forest to rank the most influential 

predictors. 

Key features such as Type of Travel, Class Eco, Customer Type, Age, Class Leisure, Arrival Delay, 

Total Delay and Departure Delay were found to have a strong impact on passenger satisfaction and 

were retained for model training. On the other hand, features with low variance or weak correlation to 

the target variable were removed from the model training. This careful selection of relevant features 

not only helped in reducing computational complexity but also enhanced the model’s ability to make 

accurate and generalizable predictions. Based on the experimental results, we identified the most 

influential features affecting the target variable, satisfaction, as illustrated in Figure 6 below. 

3.3.6 Feature Scaling 
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Figure 6 Most important selected feature and their Metrics Score 

 

3.3.8 Balancing the Dataset 

 
Balancing the dataset is one of the crucial steps in developing a fair and effective passenger satisfaction 

prediction model, especially when dealing with class imbalance. In our dataset of 20,000 records, there 

is a noticeable imbalance between the two target classes: 14,995 instances are labeled as Satisfied and 

5,005 as Dissatisfied. This imbalance can lead to biased machine learning models that tend to favor 

the majority class (Satisfied), resulting in poor performance when predicting the minority class 

(Dissatisfied). Such a model might achieve high overall accuracy but fail to correctly identify 

dissatisfied passengers, which is critical for improving service quality and customer retention. 

To address this issue, we implemented an oversampling technique using SMOTE (Synthetic Minority 

Over-Sampling Technique), which generates new synthetic samples for the Dissatisfied class to match 

the size of the Satisfied class. Additionally, we adjusted class weights in the algorithms to penalize 

misclassification of the minority class more heavily. For this study, we employed oversampling 

techniques and balanced class weights to train the models and evaluate their performance effectively. 

The statistical characteristics of the dataset, both before and after sampling, are presented in Figure 7 

below, illustrating the distribution changes resulting from the sampling process. 
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Figure 7 Class Distribution Before and After Sampling 

 

3.3.9 Train Test Split 

 
In this study, we performed a train-test split on the passenger satisfaction dataset to prepare it for 

building and evaluating the machine learning model. Out of the total 29,990 after oversampling, 80% 

of the data (23,992 records) was allocated for training, and the remaining 20% (5,998 records) was 

reserved for testing. This standard approach ensures that the model is trained on a substantial portion 

of the data, allowing it to learn underlying patterns and relationships effectively, while the separate 

test set is used to evaluate the model’s performance on unseen dat. To make sure our prediction model 

is reliable and performs well on new data, we carefully split our dataset in a structured way. This helps 

the model learn patterns that truly reflect passenger satisfaction without just memorizing the training 

data. Figures 8 and 9 below illustrate how we divided the dataset, showing clearly which parts were. 

Figure 8: Passenger Satisfaction Distribution Dataset Split Bar Chart. 
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Figure 9: Passenger Satisfaction Distribution Dataset Split Pie Chart. 

 

3.4 Development Tools and Computational Resources 

 
To carry out the experiments in our study, we used on a mix of well-established tools and programming 

environments commonly used in the field. Python was our main programming language; chosen for 

its versatility and the rich ecosystem it offers for data science and machine learning. For handling and 

analyzing data, we made use of Pandas and NumPy, which helped streamline data operations and 

processing tasks. To better understand the data through visual representation, we used Matplotlib and 

Seaborn these libraries allowed us to create clear and meaningful visualizations during our exploratory 

analysis phase. 

When it came to building and assessing machine learning models, we turned to Scikit-learn, a robust 

library known for its wide selection of algorithms and tools for model training, preprocessing, and 

performance evaluation. Our work was primarily done using Jupyter Notebook and Visual Studio 

Code, both of which provided user-friendly environments for writing code, documenting our process, 

and visualizing results. This combination of tools supported a smooth and structured workflow, from 

data cleaning and model creation to evaluation and result interpretation. All experiments were carried 

out locally on a CPU-based system. 
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3.5 Model Building 

 
3.5.1 Model Selection 

 

To effectively answer our research questions specifically those related to the factors influencing 

passenger satisfaction and identifying the most accurate prediction methods we placed significant 

emphasis on selecting the right models. We tested and compared a variety of models, drawing from 

both traditional machine learning algorithms and modern deep learning techniques to assess their 

predictive strengths. Among the classical machine learning methods, we used Logistic Regression, 

Decision Tree, Random Forest, Support Vector Machine (SVM), and XGBoost. These models were 

chosen due to their strong track record in classification tasks, each offering distinct benefits: for 

example, Logistic Regression is valued for its simplicity and interpretability, tree-based models allow 

for straightforward feature importance analysis, and XGBoost is known for its speed and high 

performance in complex datasets. Beyond these traditional approaches, we also implemented deep 

learning models, particularly neural networks, using libraries such as TensorFlow and Keras. Our deep 

learning experiments included architectures like Multi-Layer Perceptron (MLP), TabNet, and Deep & 

Cross Network (DCN), each bringing advanced learning capabilities suited for capturing intricate 

patterns in the data. 

 

3.5.2 Model training 

 
After preprocessing and splitting the dataset into training and testing sets (80% for training and 20% 

for testing then, the training data was fed into selected model, allowing them to learn from the input 

features which is selected from feature selection stage of data preprocessing and their corresponding 

satisfaction labels. For classical machine learning models, training initiated with model-specific 

parameters using default settings, followed by hyper parameter tuning during model optimization stage 

by applying GridSearchCV and Cross Validation. Figure 10 depicts training and testing accuracy of 

XGBoost algorithm. 
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Figure 10: Training and Testing accuracy for XGBoost algorithm. 

 

For the deep learning model, we designed a multi-layer neural network using Keras, defining the 

number of hidden layers, activation functions (such as ReLU), optimizer (e.g., Adam), and loss 

function (e.g., binary cross-entropy). The model was trained over several epochs with appropriate 

batch sizes, while monitoring performance on the validation set to avoid overfitting. Throughout the 

training process, we used techniques like early stopping and dropout regularization in deep learning 

to ensure generalization. Figure 11 shows that training loss and validation loss of MLP algorithm. 
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Figure 11: Training and Testing accuracy for MLP algorithm. 

 

 

3.5.3 Hyperparameter tuning 

 
To systematically search for the optimal combination of hyper parameters, we used techniques such 

as Grid Search and Cross-Validation, primarily provided through Scikit-learns tuning utilities. Grid 

Search exhaustively searches all possible combinations within a specified range, while cross-

validation explores a random subset, offering faster results with good performance. For deep learning 

models, we experimented with different architectures by adjusting the number of hidden layers, batch 

size, learning rate, dropout rates, activation functions and Keras tuner, using Kera’s' built-in functions 

such as Early Stopping to prevent overfitting and improve convergence. Through this tuning process, 

we were able to significantly enhance the performance of both classical and deep learning models. 

hyperparameter tuning for the Multi-Layer Perceptron (MLP) model involved systematically adjusting 

key parameters such as the number of hidden layers and neurons per layer, learning rate, activation 

function, batch size, and dropout rate. We experimented with different configurations to balance model 

complexity and prevent overfitting, utilizing validation techniques like cross-validation to evaluate 

performance  
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For the machine learning models hyperparameter tuning was performed using GridSearchCV with 

cross-validation. In Logistic Regression, the regularization strength parameter C (0.01–100), solvers 

(liblinear, saga), and penalty types (l1, l2) were tuned. For Decision Trees, parameters such as split 

criterion (gini, entropy), maximum depth (None–20), minimum samples per split (2–20), minimum 

samples per leaf (1–10), and maximum features (sqrt, log2, None) were optimized. In the Random 

Forest model, the grid included the number of trees (50–200), split criteria (gini, entropy), maximum 

depth (None–30), minimum samples for splits (2–10), leaf sizes (1–4), maximum features (sqrt, log2, 

None), bootstrap sampling (True/False), and class weighting (balanced, None). For the deep learning 

models (MLP, TabNet, DCN), hyperparameters included the number of hidden layers (64 and 32 

neurons), activation functions (ReLU in hidden layers, sigmoid in the output layer), dropout rate (0.3), 

batch normalization, learning rate (Adam optimizer with 0.001), batch size (32), number of epochs 

(up to 100 with early stopping patience of 10), and binary crossentropy loss function. 

 

 

 

3.6 Model Evaluation 

After training and tuning the models, we assessed their performance on the test dataset, which 

consisted of 20% of the total data (5998 samples), previously unseen by the model during training. A 

variety of evaluation metrics were used to obtain a comprehensive understanding of model 

performance, including accuracy, precision, recall, and F1-score. 

Each metric provided valuable insights, accurate measured the overall correctness of predictions, 

precision indicated how many of the predicted satisfied passengers were truly satisfied, recall showed 

how well the model identified all actual satisfied passengers, and the F1-score offered a balance 

between precision and recall. The confusion matrix was also used to visualize true positives, true 

negatives, false positives, and false negatives, helping to figure out specific areas where the model 

made incorrect predictions. For deep learning models, additional evaluation tools like validation loss 

curves and learning curves were analyzed to monitor overfitting or under fitting during training. 

3.7 Model Interpretability 

 
In our study, the following metrics and techniques were used for model interpretability. Coefficients 

(for models like Logistic Regression) were examined to understand the influence of each feature on 

the model’s predictions, with higher absolute values indicating stronger effects. Rule-based Tree Plot 

was employed to visualize decision trees (like Decision Trees and Random Forests), showcasing how 
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decisions are made based on splitting rules at each node. explaining that the Decision Tree was 

intentionally visualized and kept simple for interpretability, making it understandable like other 

models, and that it was accompanied by feature importance analysis. 

Feature Importance (for models like Random Forest and XGBoost) provided an overview of which 

features contribute most to the predictions by quantifying their relative importance. SHAP Values 

were used to explain the impact of each feature on individual predictions, offering detailed insights 

into the contribution of each feature in each instance Finally, by combining Feature Importance with 

SHAP, we were able to gain a deeper understanding of both the overall importance of each feature and 

how individual predictions were made. This approach provided a more reliable and insightful 

interpretation of the model’s results. Overall, the research methodology used in this study is 

summarized in the figure below. 
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Overview 

CHAPTER FOUR: 

Findings, Model Build, and Discussions of the Study 

To answer our research questions in a structured way, we carried out a series of carefully planned 

experiments. The goal of the first experiment was to figure out which factors play the biggest role in 

shaping passenger satisfaction with Ethiopian Airlines. To do this, we used feature selection methods 

combined with machine learning models and explainable AI (XAI) techniques. The second experiment 

focused on comparing how well different machine learning algorithms and deep learning could predict 

passenger satisfaction. In the next section, we take a closer look at each experiment and discuss the 

key findings in detail. 

4.1 Model Build 

This research focuses on designing several machine learning models to predict passenger satisfaction 

for Ethiopian Airlines. We built a variety of classifiers, including classical machine learning algorithms 

like, which are capable of capturing complex and multi-dimensional relationships within the data. 

Before building the models, we carefully prepared the dataset by handling missing values, encoding 

categorical variables, scaling features, and selecting the most relevant ones. To improve the models’ 

performance, we used techniques like grid search and cross-validation for tuning their 

hyperparameters. We evaluated each model using metrics like accuracy and F1-score to ensure they 

could reliably distinguish between satisfied and dissatisfied passengers. In the next section, we will 

walk through the different experiments conducted and share their results. 
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In this study, a total of four main experiments were conducted. The two experiment focused on identifying 

the most influential factors affecting passenger satisfaction, using feature selection techniques combined 

with machine learning models with explainable AI (SHAP, LIME). The second experiment extended the 

comparison to deep learning approaches such as Multilayer Perceptron (MLP), TabNet, and Deep Cross 

Network (DCN), in order to evaluate whether they could outperform machine learning models given the 

dataset size and nature.  
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4.2 Findings of the Study 

 
4.2.1 Experiment1: Exploring Key Hidden Factors of Passenger Satisfaction Using Machine 

Learning This experiment focuses on finding the key factors that have the biggest impact on how 

satisfied passengers are with Ethiopian Airlines. By using different feature selection methods 

alongside explainable artificial intelligence (XAI) techniques, we aim to uncover clear insights. These 

insights can then help guide practical improvements in the airline’s services and support smarter, data- 

driven decisions to enhance the overall passenger experience. 

 

4.2.1.1 Key hidden Determinants of Passenger Satisfaction Using Machine Learning 

In this approach, we used two feature selection techniques that fall under the embedded method 

category. First, we ran an experiment with the Random Forest algorithm, which helped us identify 

important features based on its built-in feature importance scores. We chose Random Forest because 

it’s reliable, handles complex and large datasets well, and can capture non-linear patterns. Next, we 

used XGBoost, a powerful gradient boosting algorithm known for its accuracy, ability to prevent 

overfitting, and skill in managing interactions between features. Both models were selected because 

their built-in feature selection methods let us pinpoint the most important factors affecting passenger 

satisfaction. The results from these experiments are shown in Figure 4 below. 
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Figure 4:Top 5 Important hidden Features selected by Random Forest Algorithm. 

The Random Forest algorithm found that the most important factors influencing passenger 

satisfaction are traveling for personal reasons, flying in economy class, the passenger’s age, whether 

the customer is disloyal, and their experience with call center service. 

 

The XGBoost algorithm identifies Type of Travel_Personal, Class_Eco, Age, Customer 

Type_disloyal Customer, and Call Center Service as the top 5 key features significantly influencing 

passenger satisfaction as shown in figure 5 below. 
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Figure 5: Top 5 Important hidden Features selected by XGBoost Algorithm. 

In both experiments, both algorithms consistently identified the same key features contributing to 

passenger satisfaction. These features include Type of Travel, Class_Eco, Age, Customer_Type 

(Disloyal Customer), and Call Center Service. Both Random Forest and XGBoost ranked Type of 

Travel as the first most important feature, and each included Call Center Service in their top five. 

 

4.2.1.2 Key Determinants of Passenger Satisfaction Using Explainable AI (XAI) 

In this approach, we applied feature selection techniques under the Explainable AI (XAI) category. 

The experiment employed the XGBoost algorithm, a powerful gradient boosting model known for its 

accuracy, regularization capabilities, and ability to manage feature interactions [51]. We applied 

SHAP and LIME with the XGBoost algorithm to provide explainability and interpretability of the 

model's predictions. These methods were selected to Utilize the explainable AI techniques in 

XGBoost, enabling the identification of the most influential features contributing to passenger 

satisfaction. The results of this experiment are presented in the figure 6 below.
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Figure 6: Top 5 Features Based on SHAP with XGBoost Values. 

Based on the mean absolute SHAP values, the most significant factors influencing the XGBoost 

model's output (passenger satisfaction) are Type of Travel_Personal, Class_Eco, Call Center Service, 

Customer Type_disloyal Customer, and the collective impact of the other 16 features. 

 
Figure 7: Top 5 Features Based on LIME with XGBoost Values. 

Based on the LIME explanation for this specific instance (Instance 0) using the XGBoost algorithm, 

the features most influencing the prediction for this particular passenger's satisfaction are Type of 
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Travel being 'Personal' (<= -0.70), Class being 'Eco' (<= -0.94), Immediate Transfer (<= -0.72), 

Baggage Service being greater than 0.73, and Arrival Delay being between -0.46 and 0.09. 

Based on the mean absolute SHAP values, the most influential features affecting the XGBoost model’s 

overall predictions for passenger satisfaction are Type of Travel_Personal, Class_Eco, Call Center 

Service, Customer Type_Disloyal Customer, along with the combined effect of the remaining 16 

features. For a specific case (Instance 0), the LIME explanation highlights that Type of Travel = 

Personal, Class = Eco, Immediate Transfer, Baggage Service > 0.73, and Arrival Delay between -0.46 

and 0.09 are the key factors driving the prediction for that passenger’s satisfaction. 

 

4.2.1.3 Summary for key Determinant of passenger satisfaction.  

 

XGBoost and Random Forest together identified the same key features such as Type of Travel, Class, Age, 

Customer Type, and Call Center Serviceindicating consistency across models. The use of SHAP values 

further validated these features at both global and individual levels. Given the high performance and 

interpretability of XGBoost, along with corroborative findings from other feature selection methods, 

analyzing this model alone provides a sufficient and reliable understanding of the main factors influencing 

passenger satisfaction in this context.Using XGBoost and Random Forest for feature selection is sufficient 

because both are highly effective models capable of accurately identifying important features. Techniques 

like SHAP and LIME enhance their interpretability. The key features identified are consistent across 

models, confirming the reliability of their selections. Therefore, relying on these models alone provides a 

justified understanding of the main satisfaction drivers." 

 

 

Table 2: Summary of Best contributing factors for passenger satisfaction 

Method Significant Features Identified Key Observations Additional Metrics 

Random 

Forest 

Type of Travel, Class_Eco, Age, 

Customer_Type (Disloyal 
Customer), Call Center Service 

Consistently identified core predictors 

of satisfaction. Type of Travel ranked 
as most important. 

Top 5 Feature 

Importance (Gini 
Importance) 

XGBoost Type of Travel, Class_Eco, Age, 

Customer_Type (Disloyal 
Customer), Call Center Service 

Similar to Random Forest, 

emphasizing the same key features. 
Type of Travel ranked highest. 

Top 5 Feature 

Importance (Gain) 

XGBoost 

with SHAP 

Type of Travel_Personal, 

Class_Eco, Call Center Service, 

Customer Type_disloyal Customer 

SHAP analysis confirmed the strong 

average impact of Type of Travel and 

Class. Collective effect of other 16 
features noted. 

Mean Absolute SHAP 

Values 

XGBoost 

with LIME 

Type of Travel_Personal, 

Class_Eco, Immediate Transfer, 
Baggage Service, Arrival Delay 

(Instance 0) 

LIME provided a local explanation 

for a specific case, highlighting 
Personalized influences not visible in 

global metrics. 

Feature Contribution 

to Prediction for 
Instance 0 (LIME) 
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4.2.2 Experiment 2: Assessing the Performance of classical Machine Learning Algorithms 

This experiment aims to identify the most accurate and reliable machine learning algorithm for 

predicting passenger satisfaction in Ethiopian Airlines by evaluating the performance of five widely 

used classification models: Logistic Regression was used because it’s simple, easy to interpret, and 

works well with data that can be separated in a straight line [52]. Decision Tree was included due to 

its clear, visual structure and its ability to handle both numbers and categories [53]. Random Forest, 

which is made up of many decision trees, was chosen for its strong accuracy, ability to handle complex 

data, and built-in protection against overfitting. 

Support Vector Machine (SVM) was selected for its excellent performance in high-dimensional 

datasets and its skill in finding complex decision boundaries [54, 55, 10]. XGBoost, a powerful 

boosting algorithm, stood out for its high accuracy, ability to handle large-scale data, and built-in 

features that help prevent overfitting. The results from each algorithm are shared in terms of how well 

they performed, their classification reports, and how easy they are to interpret. The next section 

explains how the experiments were carried out. 

[56].The findings from each algorithm are presented in terms of model performance, classification 

report, and interpretability. The experiments are outlined as follows. 

 

4.2.2.1 Performance of Logistic Regression (LR) Algorithm 

Model Performance 

The Logistic Regression model showed solid performance, achieving an overall accuracy of 83.39%, 

meaning it correctly predicted passenger satisfaction in most cases. For passengers who were 

dissatisfied, the model had a precision of 86.38%—so when it predicted someone was dissatisfied, it 

was right about 86% of the time. Its recall was 79.29%, meaning it correctly identified about 79% of 

all truly dissatisfied passengers. The F1-score, which balances precision and recall, came out to 

82.68%, showing the model handled this group well. For the satisfied passengers, the model had a 

precision of 80.86%, meaning it was correct about 81% of the time when predicting satisfaction. It had 

a recall of 87.50%, successfully identifying nearly 88% of all satisfied passengers. 
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Figure 8: Classification metrics for Logistic Regression 

Confusion Matrix Result 

The confusion matrix for the Logistic Regression Model Utilizing its performance in predicting 

passenger satisfaction. The model correctly classified a total of 5002 instances. Specifically, it 

correctly identified 2378 dissatisfied passengers (True Negatives) and 2624 satisfied passengers (True 

Positives). Conversely, there were a total of 996 incorrect classifications, consisting of 621 dissatisfied 

passengers who were incorrectly predicted as satisfied (False Negatives), and 375 satisfied passengers 

who were wrongly classified as dissatisfied (False Positives). This indicates that while the model 

shows a good overall number of correct predictions, there are still a notable number of 

misclassifications, particularly in incorrectly classifying dissatisfied passengers as satisfied. 



Design Passenger Satisfaction Prediction Model for Ethiopian Airline Utilizing Machine Learning 
Algorithms 

 

 

 

 

 

| 

 

 
Page 44 of 111 

 

 
Figure 9: Confusion Matrices Result for Logistic Regression 
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Figure 10: Model Interpretability for Logistic Regression 

4.2.2.2 Performance of Decision Tree Algorithm 

Model Performance 

The Decision Tree model achieved an overall accuracy of 85.55%, indicating a strong ability to 

correctly classify passenger satisfaction. For the Dissatisfied class, it achieved a precision of 86.68%, 

meaning that when the model predicted a passenger was dissatisfied, it was correct approximately 

86.68% of the time. The recall for the Dissatisfied class was 83.99%, indicating that the model 

correctly identified 83.99% of all actual dissatisfied passengers. The resulting F1-score of 85.32% 

represents a balanced measure of precision and recall for the Dissatisfied class. On the other hand, the 

model performed for the Satisfied class with a precision of 84.48%, meaning that when the model 

predicted a passenger was satisfied, it was correct approximately 84.48% of the time. The recall for 

the Satisfied class was 87.10%, indicating that the model correctly identified 87.10% of all actual 

satisfied passengers. The F1-score of 85.77% represents a balanced measure of precision and recall 

for the Satisfied class. 
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Figure 11: Classification Report for Decision Tree Algorithm 

Confusion Matrix Result 

The Decision Tree's confusion matrix Utilizing it correctly classified 5131 instances. Specifically, it 

accurately identified 2519 dissatisfied passengers (True Negatives) and 2612 satisfied passengers 

(True Positives). However, there were 867 misclassifications, with 480 dissatisfied passengers 

incorrectly predicted as satisfied (False Negatives) and 387 satisfied passengers wrongly labeled as 

dissatisfied (False Positives). While the model demonstrates a strong overall number of correct 

predictions, the misclassification of dissatisfied passenger’s warrants attention for potential 

improvement. 



Design Passenger Satisfaction Prediction Model for Ethiopian Airline Utilizing Machine Learning 
Algorithms 

 

 

 

 

 

| 

 

 
Page 47 of 111 

 

 
Figure 12: Confusion Matrices Result for Logistic Regression 

Model Interpretability 

The decision tree visualization highlights Type of Travel as a significant initial splitter, with Type of 

Travel_Personal <= 0.5 leading down a path towards Satisfied passengers and Type of 

Travel_Personal > 0.5 towards Not Satisfied. Customer Type Disloyal Customer <= 0.5 also appears 

as a factor influencing satisfaction, with disloyal customers showing a tendency towards Not Satisfied 

in subsequent splits. Class_Eco <= 0.5 is another early split, directing towards the Not Satisfied 

outcome. Arrival Delay is also featured in the tree, with specific thresholds (e.g., <= -0.215) 

contributing to the prediction of Not Satisfied. 
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Figure 13: Model Interpretability for Decision Tree Algorithm 

 

4.2.2.3 Performance of Random Forest Algorithm 

Model Performance 

 

The Random Forest model achieved an overall accuracy of 89.61%, indicating a strong ability to 

correctly classify passenger satisfaction. For the Dissatisfied class, it achieved a precision of 89.21%, 

meaning that when the model predicted a passenger was dissatisfied, it was correct approximately 

89.21% of the time. The recall for the Dissatisfied class was 90.13%, indicating that the model 

correctly identified 90.13% of all actual dissatisfied passengers. The resulting F1-score of 89.67% 

represents a balanced and strong measure of precision and recall for the Dissatisfied class. On the other 

hand, the model performed for the Satisfied class with a precision of 90.03%, meaning that when the 

model predicted a passenger was satisfied, it was correct approximately 90.03% of the time. The recall 

for the Satisfied class was 89.10%, indicating that the model correctly identified 89.10% of all actual 

satisfied passengers. The F1-score of 89.56% represents a balanced and strong measure of precision 

and recall for the Satisfied class. 
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Figure 14:Classification Report for Random Forest Algorithm 

Confusion Matrix Result 

The Random Forest model correctly classified 5375 instances. Specifically, it accurately identified 

2703 dissatisfied passengers (True Negatives) and 2672 satisfied passengers (True Positives). 

However, there were 623 misclassifications, with 296 dissatisfied passengers incorrectly predicted as 

satisfied (False Negatives) and 327 satisfied passengers wrongly labeled as dissatisfied (False 

Positives). While the model demonstrates a strong overall number of correct predictions, the 

misclassification of both dissatisfied and satisfied passengers indicates areas for potential refinement. 
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Figure 15:Confusion Matrices Result for Logistic Regression 

Model Interpretability 

The Random Forest model identifies Type of Travel Personal (0.206) as the most influential factor in 

predicting passenger satisfaction, followed by Class Eco (0.162) and Age (0.085). These results 

suggest that personal travel and economy class are strongly associated with the model's prediction of 

satisfaction, while age also plays a significant role. Several other factors, including Customer 

Type_disloyal Customer (0.067), Call Center Service (0.035), Lounge Service (0.035), Booking 

Services (0.034), Layover Service (0.034), Onboard Services (0.033), and Arrival Service (0.033), 

contribute to the model's prediction with lower importance scores, indicating that service-related 

aspects and customer loyalty also play a role in determining passenger satisfaction, though to a lesser 

degree than travel type, class, and age. 
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Figure 16: Model Interpretability for Random Forest Algorithm 

4.2.2.4 Performance of Support Vector Machine Algorithm 

Model Performance 

The Support Vector Machine (SVM) model achieved an overall accuracy of 84.84%, indicating a 

strong ability to correctly classify passenger satisfaction. For the Dissatisfied class, it achieved a 

precision of 83.89%, meaning that when the model predicted a passenger was dissatisfied, it was 

correct approximately 83.89% of the time. The recall for the Dissatisfied class was 83.65%, indicating 

that the model correctly identified 83.65% of all actual dissatisfied passengers. The resulting F1-score 

of 83.73% represents a balanced measure of precision and recall for the Dissatisfied class. On the other 

hand, the model performed for the Satisfied class with a precision of 85.76%, meaning that when the 

model predicted a passenger was satisfied, it was correct approximately 85.76% of the time. The recall 

for the Satisfied class was 86.05%, indicating that the model correctly identified 86.05% of all actual 

satisfied passengers. The F1-score of 84.96% represents a balanced measure of precision and recall 

for the Satisfied class. 
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Figure 17: Classification Report for Support Vector Machine Algorithm 

Confusion Matrix Result 

The Support Vector Machine (SVM) model correctly classified 5089 instances. Specifically, it 

accurately identified 2522 dissatisfied passengers (True Negatives) and 2567 satisfied passengers 

(True Positives). However, there were 909 misclassifications, with 493 dissatisfied passengers 

incorrectly predicted as satisfied (False Negatives) and 416 satisfied passengers wrongly labeled as 

dissatisfied (False Positives). While the model demonstrates a strong overall number of correct 

predictions, the misclassification of both dissatisfied and satisfied passengers indicates areas for 

potential refinement. 
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Figure 18: Confusion Matrices Result for Support Vector Machine 

Model Interpretability 

The SHAP summary plot for the Support Vector Machine (SVM) model Utilizing that customer type 

(disloyal) and type of travel (personal travel) are the most influential features in predicting passenger 

satisfaction. High values for these features are strongly associated with negative impacts on the model 

output, meaning that disloyal customers and those traveling for personal reasons are more likely to 

report dissatisfaction. Arrival delay also contributes significantly to decreased satisfaction, indicating 

that longer delays are linked to lower passenger satisfaction scores. In essence, the model highlights 

that a passenger's inherent disposition (loyalty) and the purpose of their travel are key determinants of 

their satisfaction, with travel disruptions further exacerbating negative sentiment. 
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Figure 19: SHAP Summary Plot for Support Vector Machine Algorithm 

4.2.2.5 Performance of XGBoost Algorithm 

Model Performance 

The XGBoost model achieved an overall accuracy of 89.60%, indicating a high level of effectiveness 

in predicting passenger satisfaction. For the Dissatisfied class, it attained a precision of 91.32%, 

meaning that when the model predicted a passenger was dissatisfied, it was correct approximately 

91.32% of the time. The recall for the Dissatisfied class was 87.63%, indicating that the model 

correctly identified 87.63% of all actual dissatisfied passengers. The resulting F1-score of 89.44% 

represents a balanced and strong measure of precision and recall for the Dissatisfied class. In contrast, 

the model performed for the Satisfied class with a precision of 87.99%, meaning that when the model 

predicted a passenger was satisfied, it was correct approximately 87.99% of the time. The recall for 

the Satisfied class was 91.59%, indicating that the model correctly identified 91.59% of all actual 

satisfied passengers. The F1-score of 89.75% represents a balanced and strong measure of precision 

and recall for the Satisfied class. 
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Figure 20: Classification Report for XGBoost Algorithm 

Confusion Matrix Result 

The XGBoost model correctly classified 5374 instances. Specifically, it accurately identified 2642 

dissatisfied passengers (True Negatives) and 2732 satisfied passengers (True Positives). However, 

there were 624 misclassifications, with 373 dissatisfied passengers incorrectly predicted as satisfied 

(False Negatives) and 251 satisfied passengers wrongly labeled as dissatisfied (False Positives). While 

the model demonstrates a strong overall number of correct predictions, the misclassification of both 

dissatisfied and satisfied passengers indicates areas for potential refinement. 
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Figure 21: Confusion Matrices Result for XGBoost Algorithm 

Model Interpretability 

The SHAP summary plot for the XGBoost model Utilizing that Type of Travel Personal has the largest 

impact on the model output, with high feature values (indicated by red) generally correlating with a 

negative SHAP value (tending towards dissatisfaction). Class Eco also shows a significant negative 

impact when its value is high. Customer Type Disloyal Customer has a strong negative impact when 

its value is high. Arrival Delay shows that higher values generally lead to negative SHAP values (lower 

satisfaction). Call Center Service and Age also exhibit noticeable impact, with varying effects 

depending on their values. Class Leisure, Layover Service, Lounge Service, and Immigration Security 

have a smaller overall impact compared to the top features, but their specific values can still influence 

the model's prediction in either direction. 
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Figure 22: Feature By gain result for XGBoost algorithm 

 

4.2.2.6 Summary for Assessing the Performance of Classical ML 

The experiments evaluated five machine learning algorithms Logistic Regression, Decision Tree, 

Random Forest, Support Vector Machine (SVM), and XGBoost to predict passenger satisfaction for 

Ethiopian Airlines. All models demonstrated a strong overall accuracy, ranging from 83.39% (Logistic 

Regression) to 89.61% (Random Forest), with XGBoost also achieving a high accuracy of 89.60%. 

Notably, Random Forest and XGBoost exhibited the highest overall accuracy. 

Examining class-specific performance, all models generally showed high recall for the Satisfied class 

(ranging from 87.10% to 91.59%), indicating a strong ability to identify satisfied passengers. Precision 

for the Satisfied class was also consistently high (ranging from 80.86% to 90.03%). 
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For the Dissatisfied class, performance varied more. Random Forest achieved the highest precision 

(89.21%) and recall (90.13%), resulting in the highest F1-score (89.67%) for this class among all 

models. XGBoost also performed strongly for the Dissatisfied class with a precision of 91.32% and a 

recall of 87.63% (F1-score of 89.44%). Logistic Regression and SVM showed relatively lower 

precision for the Dissatisfied class (86.38% and 83.89%, respectively) but maintained reasonable 

recall (79.29% and 83.65%, respectively). The Decision Tree demonstrated good precision (86.68%) 

and recall (83.99%) for the Dissatisfied class. 

In terms of the F1-score, which balances precision and recall, Random Forest and XGBoost 

demonstrated the strongest performance for both the Satisfied (around 89.6%) and Dissatisfied (around 

89.5%) classes. Logistic Regression and SVM had slightly lower F1-scores for the Dissatisfied class 

(82.68% and 83.73%, respectively) compared to the Satisfied class (84.05% and 84.96%, 

respectively). The Decision Tree showed balanced F1-scores for both classes (around 85.5%). 

Overall, Random Forest and XGBoost emerged as the top-performing models across most metrics, 

demonstrating a strong ability to accurately predict both satisfied and dissatisfied passengers. While 

all models achieved high accuracy, the performance in precision and recall for the minority 

(Dissatisfied) class highlights the importance of considering these metrics alongside overall accuracy 

for a comprehensive evaluation. 

Table 4.1 Summary Table for Performance Metrics Result: 
 

Model Accuracy F1-Score 

(Dissatisfied) 

F1-Score 

(Satisfied) 

Macro 

Average F1 

Weighted 

Average F1 

Logistic 

Regression 

84% 83% 83% 83% 83% 

Decision Tree 82% 83% 83% 83% 83% 

Random Forest 89% 89% 89% 89% 89% 

SVM 85% 85% 85% 85% 85% 

XGBoost 89% 90% 90% 90% 90% 

Figure 23: Performance summary for classical machine learning algorithms. 
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Figure 24: Performance summary for classical machine learning algorithms. 

4.2.3 Experiment 3: Assessing the Performance of Deep Learning Algorithms 

 
This experiment aims to find the most accurate and reliable deep learning model for predicting 

passenger satisfaction at Ethiopian Airlines. To do this, three advanced models Multilayer Perceptron 

(MLP), TabNet, and Deep & Cross Network (DCN)are evaluated using a dataset focused on service- 

related features. The main goal is to identify which model can most effectively capture the complex, 

non-linear patterns that influence passenger satisfaction. The results will help guide more informed, 

data-driven decisions aimed at enhancing the overall passenger experience. The models MLP, TabNet, 

and DCNwere chosen because each brings unique strengths to the table when working with structured, 

high-dimensional data. MLP is a foundational neural network known for its ability to learn complex, 

non-linear relationships within data. TabNet is specifically designed for tabular datasets and stands 

out for its built-in feature selection and interpretability, making it especially useful for understanding 

how different service aspects impact customer satisfaction [57]. DCN, on the other hand, is designed 

to capture both deep and cross-feature interactions, making it especially effective at uncovering hidden 

patterns and relationships in passenger behavior [55]. The result of the experiments along with 

discussion provided as follows: 
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4.2.3.1 Performance of Multi-Layer Perceptron (MLP) Algorithm 

Model Performance 

The MLP model achieved an overall accuracy of 85.00%, showing it is quite effective at predicting 

passenger satisfaction. For the Dissatisfied group, the model had a precision of 85.00% and a recall of 

86.00%, leading to an F1-score of 85.00%. This means it did a great job of accurately identifying 

dissatisfied passengers. For the Satisfied group, the model performed just as well, with a precision of 

86.00%, a recall of 85.00%, and a solid F1-score of 85.00%, indicating consistent and dependable 

predictions. The balanced F1-scores for both satisfied and dissatisfied passengers suggest that the 

model performs well overall, without favoring one group over the other. 

 

Figure 25: Classification Metrics for Multilayer Perceptron 

Confusion Matrix Result 

The Multi-Layer Perceptron (MLP) model correctly classified 5,115 out of 5,998 test samples, 

achieving an accuracy of 85.3%. It successfully identified 2,551 dissatisfied passengers and 2,564 

satisfied passengers. However, there were 883 misclassifications: 448 dissatisfied passengers were 
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mistakenly predicted as satisfied, and 435 satisfied passengers were wrongly labeled as dissatisfied. 
 

Figure 26: Confusion Matrices Result for MLP Algorithm 

4.2.3.2 Performance of TabNet Algorithm 

Model Performance 

The TabNet model achieved an overall accuracy of 85.00%, showing strong ability to predict 

passenger satisfaction. For the Dissatisfied group, it had a precision of 85.00% and a recall of 84.00%, 

leading to an F1-score of 85.00%, a sign of balanced and solid performance in identifying dissatisfied 

passengers. For the Satisfied group, the model performed just as well, with a precision of 84.00%, a 

recall of 86.00%, and a high F1-score of 85.00%, indicating reliable and consistent predictions for the 

majority class. 

The balanced F1-scores for both groups suggest the model performs well overall, without favoring 

one class over the other. 
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Figure 27: Classification Report for TabNet Algorithm 

Confusion Matrix Result 

The TabNet model achieved an overall accuracy of 85.00%, showing strong ability to predict 

passenger satisfaction. For the Dissatisfied group, it had a precision of 85.00% and a recall of 84.00%, 

leading to an F1-score of 85.00%a sign of balanced and solid performance in identifying dissatisfied 

passengers. For the Satisfied group, the model performed just as well, with a precision of 84.00%, a 

recall of 86.00%, and a high F1-score of 85.00%, indicating reliable and consistent predictions for the 

majority class. 

The balanced F1-scores for both groups suggest the model performs well overall, without favoring 

one class over the other. 
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Figure 28: Confusion Matrices Result for TabNet Algorithm 

4.2.3.3 Performance of Deep and Cross Network(DCN) Algorithm 

Model Performance 

The Deep Cross Network (DCN) model achieved an overall accuracy of 85.00%, showing solid 

performance in predicting passenger satisfaction. For the Dissatisfied group, it reached a precision of 

87.00% and a recall of 83.00%, resulting in an F1-score of 85.00% indicating the model does a good 

job balancing accuracy and coverage when identifying dissatisfied passengers. For the Satisfied group, 

the model also performed well, with a precision of 83.00%, a recall of 88.00%, and a strong F1-score 

of 85.00%, showing it reliably classified satisfied passengers. The balanced F1-scores for both groups 

suggest the model performs consistently across classes without favoring one over the other. 
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Figure 29: Classification Report for Deep and Cross Network Algorithm 

Confusion Matrix Result 

The Deep Cross Network (DCN) model correctly classified 5,105 passengers. It accurately identified 

2,479 passengers who were not satisfied and 2,626 who were satisfied. However, there were 893 

mistakes: 520 not satisfied passengers were wrongly predicted as satisfied, and 373 satisfied 

passengers were incorrectly labeled as not satisfied. While the model shows strong overall accuracy, 

these misclassifications highlight areas where it could be improved. 
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Figure 30: Confusion Matrices Result for DCN Algorithm 

 

4.2.3.4 Summary for assessing the performance of DL algorithm 

 

These experiments evaluated the performance of three deep learning models—Multilayer Perceptron 

(MLP), TabNet, and Deep Cross Network (DCN) for predicting passenger satisfaction with Ethiopian 

Airlines. All three models showed strong results, each achieving the same overall accuracy of 85.00%. 

Looking specifically at the Dissatisfied passengers, MLP had a precision of 85.00% and recall of 

86.00% (F1-score: 85.00%). TabNet achieved a precision of 85.00% and recall of 84.00% (F1- score: 

85.00%). DCN performed slightly better with a precision of 87.00% and recall of 83.00% (F1- score: 

85.00%). These results show that all three models are well balanced when it comes to identifying 

dissatisfied passengers. For the Satisfied passengers, MLP reached a precision of 86.00% and recall of 

85.00% (F1-score: 85.00%), TabNet had a precision of 84.00% and recall of 86.00% (F1-score: 

85.00%), and DCN had a precision of 83.00% and recall of 88.00% (F1-score: 85.00%). The 

consistently high F1-scores across all three models highlight their reliability in predicting satisfied 

passengers. The balanced F1-scores for both satisfied and dissatisfied passengers across all three deep 

learning models show that each performs well overall, without favoring one group over the other. This 

means all models are strong at accurately predicting passenger satisfaction in both categories. 
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Summary Table for Performance Metrics Result: 

 

Model Accuracy F1-Score (Not Satisfied) F1-Score (Satisfied) Macro Avg 

F1 

Weighted Avg F1 

MLP 85% 85% 85% 85% 85% 

TabNet 85% 85% 85% 85% 85% 

DCN 85% 85% 85% 85% 85% 

Table 3: Performance summary for deep learning algorithms. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 31:Performance summary for classical machine learning algorithms. 

 

 

 

 

 

 

4.3 Discussion of the Study 

 

4.3.1 Discussion: Summary of Key Results 

The main goal of this study was to uncover the key factors that influence passenger satisfaction at 

Ethiopian Airlines and to build reliable machine learning models that can accurately predict it. To do 
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this, the research team collected relevant passenger feedback and operational data, which was then 

carefully cleaned and prepared for analysis. 

Several machine learning models were developed and tested, with their performance evaluated based 

on accuracy, F1-score, and overall reliability. Both traditional and explainable machine learning 

approaches were used to better understand what drives passenger satisfaction. 

Key factors such as Type of Travel, Class, Customer Type, and Total Delay consistently stood out as 

the most important predictors across various models. To enhance understanding, explainable AI 

techniques like SHAP and LIME were used, offering clear insights into how each factor affects 

satisfaction. While complex models such as ensemble methods and deep learning techniques offer 

high predictive accuracy, they inherently operate as "black boxes," making it challenging to fully 

understand how individual features influence the model's decisions. To mitigate this, the study 

incorporated various explainable AI (XAI) techniques, including SHAP (SHapley Additive 

explanations) and LIME (Local Interpretable Model-agnostic Explanations), which provide insights 

into feature contributions at both the global and local levels 

In addition to deep learning models, the study also evaluated five classical machine learning 

algorithms. Among these, XGBoost and Random Forest delivered the best results. XGBoost achieved 

an accurate score of 89.60%, with F1-scores of 89.44% for dissatisfied passengers and 89.75% for 

satisfied ones. Random Forest was similarly strong, with an accuracy of 89.61%, and F1- scores of 

89.67% for dissatisfied and 89.56% for satisfied passengers. 

These results show that classical models, especially XGBoost and Random Forest, are highly effective 

for predicting and understanding passenger satisfaction. 

The study also assessed the performance of classical machine learning models. Five classical machine 

learning models were evaluated to predict passenger satisfaction. XGBoost and Random Forest 

demonstrated the strongest performance. XGBoost achieved 89.60% accuracy, with F1-scores of 

89.44% and 89.75% for Dissatisfied and Satisfied passengers, respectively. Random Forest achieved 

89.61% accuracy, with F1-scores of 89.67% and 89.56% for Dissatisfied and Satisfied passengers, 

respectively. 

The study also looked at how well deep learning algorithms performed in predicting passenger 

satisfaction. Three deep learning models were evaluated: Multilayer Perceptron (MLP), TabNet, and 
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Deep Cross Network (DCN). All three models achieved 85% accuracy. MLP, TabNet and DCN all 

demonstrated balanced performance, with F1-scores of 85% for both Satisfied and Dissatisfied 

passengers. 

The performance of each machine learning model was evaluated based on accuracy, F1-score, and 

interpretability, with classical models like XGBoost and Random Forest achieving approximately 89% 

accuracy due to their ability to capture complex patterns and handle feature interactions effectively; 

these models benefited from thorough feature selection and hyperparameter tuning, which optimized 

their predictive capabilities. Deep learning models such as MLP, TabNet, and DCN achieved around 

85% accuracy, leveraging their capacity to learn hierarchical and non-linear relationships within the 

data. Explainability tools like SHAP and LIME enhanced understanding by highlighting the significant 

impact of features such as total delay, passenger type, and class on satisfaction, thus supporting 

strategic insights. The models' success stemmed from careful preprocessing, robust hyperparameter 

optimization, and the integration of interpretability techniques that elucidated the decision-making 

process, ensuring that the high predictive performance was both accurate and transparent. 
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Table 4:Alignment of Research Questions with Key Findings 
 

Research Question Key Findings 

 What are the key factors influencing passenger 

satisfaction in Ethiopian Airlines? 

 The top contributing factors identified across 

multiple feature selection and explainable AI 

methods (SHAP, LIME) include Type of Travel, 

Class (Eco), Customer Type (Disloyal), Age, and 

Call Center Service. These were consistent across 

embedded methods (Random Forest, XGBoost) and 

XAI tools. 

 Which machine learning algorithms provide 

the most accurate and reliable predictions of 

passenger satisfaction in Ethiopian Airlines? 

 Among the evaluated models, the classical machine 

learning algorithms XGBoost and Random Forest 

achieved the highest accuracy of 89%. While deep 

learning models such as TabNet and DCN also 

delivered strong performance, the classical 

algorithms outperformed them by reaching the top 

accuracy level. 

 

 

4.3.2 Discussion: Comparison with Related Works 

This study aligns with and expands upon existing research efforts aimed at predicting airline passenger 

satisfaction using machine learning. Similar to Ashwika et al. (2022), our research focused on 

identifying key hidden satisfaction drivers using classification algorithms. While Ashwika's work 

applied traditional models like Random Forest and used SMOTE for balancing, our study also included 

deep learning approaches such as Multilayer Perceptron (MLP), TabNet, and Deep & Cross Network 

(DCN), providing broader model comparisons. Unlike their 94.71% accuracy result, which may be 

influenced by dataset characteristics or overfitting, our models achieved comparable and potentially 

more generalizable accuracies. Specifically, XGBoost and Random Forest in our study achieved 

approximately 89% accuracy, demonstrating strong performance across both satisfied and dissatisfied 
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passengers. Furthermore, our study offered explainable output via SHAP and LIME, improving model 

transparency, an area Ashwika et al. identified as a limitation. 

 

Similarly, Mhd Ridwan AlHabbal (2022) explored classical models using extensive preprocessing and 

a comparable dataset. Our study mirrors this in its use of multiple models and preprocessing but 

extends it by incorporating Explainable AI (XAI) techniques and deep learning models to uncover 

more relationships between features and satisfaction outcomes. In contrast, Sachin Kumar and Mikhail 

Zymbler Utilized textual sentiment data from social media using NLP techniques and deep learning 

models like CNN. Their focus on real-time sentiment classification offers an important complementary 

perspective to our structured-data approach. Although our work did not include unstructured text, both 

studies highlight the predictive power of neural models. Our study demonstrated that deep learning 

models (MLP, TabNet, and DCN) can achieve competitive results (85% accuracy) using structured 

data. 

 

Demeke and Yilma (2021) conducted sentiment analysis using natural language processing (NLP) on 

unstructured passenger feedback from various Ethiopian airports, highlighting regional variations in 

customer expectations and the need for region-specific service adjustments. In contrast, our study 

focuses on structured data such as demographic information, service ratings, and delay metrics to build 

highly accurate and interpretable models for predicting passenger satisfaction. However, incorporating 

insights from their NLP-based findings could deepen our understanding of passenger concerns. 

Merging unstructured sentiment analysis with our structured modeling approach would create a more 

holistic framework, capturing hidden patterns and regional distinctions that affect satisfaction. This 

integration could pave the way for more personalized and adaptive service strategies, suggesting a 

valuable avenue for future research aimed at improving the passenger experience in Ethiopia. 

 

Lastly, Hwanga et al. (2020) introduced a behavioral dimension by exploring customer return visits 

based on emotional and linguistic feedback. While their study involved longitudinal tracking and 

sentiment analysis, our approach focused more on immediate satisfaction prediction using in-flight 

service and demographic features. However, both studies emphasize the value of combining emotional 

context (in their case, text data) and service experience (in our case, structured service ratings) for 

actionable insights. 
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Overall, this study contributes to the growing body of work by not only confirming previously 

identified satisfaction drivers like Class, Type of Travel, and Delays, but also enhancing 

interpretability and performance through the integration of XAI and a broader range of machine 

learning models, including high-performing classical models like XGBoost and Random Forest, and 

deep learning models. 

4.3.3 Discussion: Practical Implications 

The findings of this study provide several practical implications for Ethiopian Airlines in enhancing 

passenger satisfaction through data-driven decision-making. First, key factors such as Type of Travel, 

Class, Customer Type, and Total Delay were consistently identified as strong predictors of satisfaction. 

By focusing on reducing delays, improving service experiences across different travel classes, and 

Customizing services based on customer types (e.g., loyal vs. disloyal or business vs. leisure travelers), 

the airline can proactively address the most critical pain points These insights can help guide smart, 

strategic decisions such as streamlining the boarding process, minimizing delays by addressing 

operational inefficiencies, and tailoring services based on travel type and passenger class. 

The study’s top-performing models, XGBoost and Random Forest, could be integrated into Ethiopian 

Airlines’ customer service and operational systems to predict passenger satisfaction in real time. This 

would enable the airline to proactively identify at-risk passengers and respond with timely actions like 

offering compensation, prioritizing follow-up services, or improving in-flight experience. 

Additionally, using explainable AI tools like SHAP and LIME makes the predictions more transparent 

and actionable by helping staff understand why a passenger might be dissatisfied. In the long run, these 

predictive systems can support continuous service enhancements, strengthen customer loyalty 

programs, and improve how resources are allocated across different departments. 

4.3.4 Discussion: Limitations 

 

While the results of this study are encouraging, it's important to acknowledge some limitations. First, 

the dataset used mainly included structured feedback and operational data, which may not fully reflect 

the emotional or personal side of passenger satisfaction. Elements like individual expectations, cultural 

background, or unique in-flight experiences could also play a role in how satisfied a passenger feels 

but these factors weren’t captured in the data available for analysis. 
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Another limitation lies in the generalizability of the models. The study focused specifically on 

Ethiopian Airlines, meaning the predictive models and identified key features may not apply 

universally to other airlines or regions with different service standards or customer demographics. 

Furthermore, while explainable AI methods like SHAP and LIME improved interpretability, some 

machine learning models, particularly ensemble methods, still act as black boxes to some extent, 

making it challenging to extract precise decision rules. Future research could benefit from 

incorporating real-time data, unstructured feedback such as customer reviews or social media posts, 

and applying advanced natural language processing (NLP) techniques for deeper insights. 
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CHAPTER FIVE: 

Conclusion and Recommendation 

 
This study set out to develop a predictive model for passenger satisfaction in Ethiopian Airlines using 

classical and deep learning algorithms. Through a series of well-structured experiments, the research 

identified the key factors that influence passenger satisfaction and assessed the performance of various 

machine learning models in predicting customer satisfaction. Building on the related works in the field, 

the study contributed a comprehensive, data-driven approach customized to the airline industry 

context. The following conclusion highlights the main findings and insights from the analysis, while 

also considering their broader impact and relevance. 

 

5.1 Conclusion of the Study 

This study set out to build a reliable model for predicting passenger satisfaction with Ethiopian 

Airlines by applying a range of machine learning and deep learning techniques. Using a structured, 

data-driven approach, it identified key factors that consistently influence customer satisfaction such as 

Type of Travel, Class, Customer Type, and Total Delay. These factors stood out across both traditional 

feature selection methods and explainable AI tools, confirming their significant role in shaping the 

passenger experience. 

To evaluate performance, the study tested several classical machines learning models, including 

Logistic Regression, Decision Tree, Random Forest, SVM, and XGBoost, alongside deep learning 

models like Multilayer Perceptron (MLP), TabNet, and Deep & Cross Network (DCN). Among these, 

XGBoost and Random Forest emerged as top performers, each achieving around 89% accuracy. 

The use of explainable AI tools like SHAP and LIME added an important layer of transparency, 

helping translate model predictions into clear, actionable insights for improving airline operations. 

In summary, the research highlights the value of machine learning in understanding and enhancing 

passenger satisfaction. The models not only delivered strong predictive accuracy but also provided 

meaningful insights that can support more informed, customer-focused decisions across the airline. 
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5.2 Recommendations for Further Studies 

Based on the findings of this study, there are several areas where future research can be improved and 

expanded. While this study made good progress in predicting passenger satisfaction using machine 

learning and deep learning methods, there are still opportunities to enhance the results and make the 

models more accurate and useful. In the following section, we will outline some recommendations for 

further research that could help address these limitations and improve the overall prediction of 

passenger satisfaction in the airline industry: 

1. Incorporate Real-Time and External Data: Future studies can enhance prediction accuracy by 

integrating real-time operational data (such as flight tracking and service logs) and external 

sources like weather conditions, airport congestion, and global events that may impact flight 

operations and customer satisfaction. 

2. Apply Advanced Natural Language Processing (NLP): To capture deeper customer sentiment, 

future research could analyze unstructured text data from online reviews, social media, and 

open-ended survey responses using advanced NLP models such as BERT, RoBERTa, or GPT- 

based sentiment classifiers. 

3. Address Class Imbalance with Advanced Techniques: While SMOTE and other techniques 

help mitigate class imbalance, further studies could explore more sophisticated resampling 

methods or cost-sensitive learning algorithms to better improve the prediction of dissatisfied 

passengers. 

These future directions will help deepen understanding, enhance predictive performance, and expand 

the applicability of AI-driven models in the airline industry and beyond.
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