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Abstract- In today’s highly competitive aviation 

landscape, enhancing the passenger experience has 

emerged as a strategic imperative for airlines seeking 

sustained customer loyalty and brand differentiation. 

This study proposes a predictive model aimed at 

optimizing the Net Promoter Score (NPS) a widely 

adopted metric for gauging customer satisfaction 

and loyalty by reframing traditional passenger 

experience strategies through data-driven insights. 

Utilizing machine learning algorithms and 

passenger feedback analytics, the model identifies 

key experiential variables including in-flight 

services, digital touchpoints, crew responsiveness, 

and airport facilities that significantly influence NPS 

outcomes. The research draws on a comprehensive 

dataset comprising customer survey responses, flight 

operations data, and sentiment analysis of 

unstructured text from online reviews. A multivariate 

regression analysis and supervised learning models 

such as Random Forest and XGBoost were employed 

to determine feature importance and predict NPS 

with high accuracy. Results demonstrate that 

proactive interventions in service personalization, 

real-time responsiveness, and seamless end-to-end 

travel integration can significantly uplift NPS. 

Furthermore, the study introduces a dynamic 

passenger experience matrix that enables airline 

managers to allocate resources strategically based on 

predicted NPS fluctuations across passenger 

segments. This reframing moves beyond reactive 

service improvements and enables a forward-

looking, predictive approach to passenger experience 

management. The model's implementation 

framework is adaptable across various airline 

categories low-cost, hybrid, and full-service and can 

support real-time decision-making through 

integration into customer relationship management 

(CRM) platforms. By combining technological 

intelligence with human-centric design, this 

approach empowers airlines to not only meet but 

anticipate evolving passenger expectations. The 

findings offer critical implications for aviation 

strategists, customer experience professionals, and 

digital transformation leaders in the travel industry, 

laying a foundation for predictive experience 

management that aligns with operational goals and 

enhances long-term brand equity. 

 

Indexed Terms- Passenger Experience, Net 

Promoter Score (NPS), Predictive Analytics, Airline 

Strategy, Customer Loyalty, Machine Learning, 

Digital Transformation, Aviation, Sentiment 

Analysis, Experience Optimization. 

 

I. INTRODUCTION 

 

The passenger experience has become a defining 

factor in the global aviation industry's competitive 

landscape, influencing not only immediate customer 

satisfaction but also long-term brand loyalty and 

market share. In an era where travelers increasingly 

prioritize convenience, personalization, and seamless 

service across their journey, airlines are compelled to 

go beyond traditional service models to meet evolving 

expectations. A superior passenger experience is no 

longer a luxury; it is a strategic imperative that directly 

impacts operational performance and customer 

retention (Arthur, 2013; Rackley, 2015). 

Central to measuring the effectiveness of these 

experience-driven initiatives is the Net Promoter 

Score (NPS), a widely adopted metric used to assess 

customer loyalty and predict future business growth. 

NPS distills customer sentiment into a single score 

based on the likelihood of recommending the airline to 

others, offering valuable insights into the broader 

perception of the brand. Airlines use this metric not 

just as a reflection of customer satisfaction but as a 
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strategic tool to evaluate performance across different 

touchpoints and to inform decision-making at both 

tactical and strategic levels (Cobb & Wilson, 2020; 

Dahj, 2018). 

This study aims to reframe the conventional approach 

to passenger experience strategy by introducing a 

predictive model specifically designed to optimize 

NPS. Rather than relying on reactive measures and 

retrospective feedback, the research seeks to identify 

key experience variables that most strongly influence 

NPS outcomes and to develop a data-driven 

framework capable of forecasting customer sentiment. 

By doing so, airlines can move from observation to 

anticipation, deploying targeted improvements before 

issues impact passenger satisfaction (Ahn, Kim & 

Hyun, 2015; Patel & D’Cruz, 2018). 

The research integrates predictive analytics a 

discipline that leverages machine learning, statistical 

modeling, and historical data to uncover patterns and 

drivers of customer behavior. Through this lens, the 

study offers a forward-thinking approach to service 

design, combining customer data with advanced 

analytics to generate actionable insights. The scope 

encompasses various elements of the passenger 

journey, including in-flight services, digital 

interactions, airport experience, and crew engagement. 

The goal is to equip airline stakeholders with a 

strategic, predictive tool for continuously enhancing 

the passenger experience while aligning operational 

efforts with loyalty outcomes. 

2.1.  Literature Review 

Passenger experience has long been a central concern 

in the aviation industry, evolving from a basic 

provision of transportation services to a complex, 

multidimensional strategy that influences customer 

satisfaction, brand loyalty, and competitive advantage. 

Historically, airline passenger experience strategies 

focused primarily on functional elements such as 

safety, timeliness, and in-flight service (Ahiablame, 

Engel & Chaubey, 2012; Park, Lee & Nicolau, 2020). 

During the early decades of commercial aviation, 

particularly between the 1950s and 1970s, airlines 

competed mainly on price and route availability. 

However, as markets became deregulated and 

competition intensified, particularly after the U.S. 

Airline Deregulation Act of 1978, customer-centric 

service elements began to emerge as significant 

differentiators. Airlines gradually recognized that 

enhancing the passenger journey from ticket booking 

to arrival could drive revenue growth through repeat 

business and positive word-of-mouth. 

By the 1990s and early 2000s, the introduction of 

premium cabins, personalized services, frequent flyer 

programs, and digital interfaces signaled a more 

strategic approach to experience management. These 

initiatives were often driven by competitive 

benchmarking and internal performance reviews but 

were largely reactive and lacked consistent 

measurement standards across carriers (Adewoyin, et 

al., 2020, Mgbame, et al., 2020). As digital 

transformation began to reshape industries, passenger 

experience strategies expanded to include mobile 

check-ins, real-time updates, onboard entertainment 

systems, and loyalty program integration, all aimed at 

improving the perceived value of the journey. This 

marked a transition from service delivery to 

experience orchestration, with airlines seeking to 

curate a seamless, personalized journey for each 

traveler. 

Within this evolving framework, the Net Promoter 

Score (NPS) emerged as a pivotal metric for 

evaluating passenger satisfaction and loyalty. 

Introduced by Fred Reichheld in 2003, NPS offered a 

simple yet powerful way to gauge customer advocacy 

by asking a single question: “How likely are you to 

recommend our company to a friend or colleague?” 

The responses, measured on a scale from 0 to 10, 

categorize customers into promoters, passives, or 

detractors, generating an overall score that reflects 

brand perception and customer engagement. In the 

aviation sector, NPS gained rapid traction due to its 

clarity, ease of deployment, and perceived correlation 

with business outcomes such as retention, ancillary 

revenue, and lifetime value (Adewoyin, et al., 2020, 

Nwani, et al., 2020). 

Airlines began to integrate NPS into their customer 

experience management systems, using it to monitor 

service performance across multiple touchpoints 

including booking, check-in, boarding, in-flight 

services, and post-travel interactions. The metric's 

appeal lies in its ability to translate complex customer 

emotions into actionable insights. Airlines could track 
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NPS variations by flight route, cabin class, staff 

interaction, and even time of day. Moreover, it became 

a valuable internal benchmark for service teams, 

guiding training and performance incentives. For 

instance, cabin crew and ground staff performance 

evaluations increasingly incorporated NPS-based 

feedback to ensure alignment with passenger 

expectations (D'Silva, 2015; Duggal, 2018; Emad, 

2013). 

Despite its widespread adoption, the effectiveness of 

NPS as a standalone metric has been a subject of 

debate. Critics argue that it oversimplifies customer 

sentiment and fails to capture contextual nuances, 

particularly in high-stakes environments like aviation 

where customer experience is influenced by multiple 

uncontrollable variables such as weather, security 

delays, and regulatory constraints. Nevertheless, when 

combined with other qualitative and quantitative data, 

NPS continues to offer meaningful insights into 

passenger sentiment trends, especially when applied 

within a broader predictive framework (Ford, 2011; 

Gadkari, 2018; Ghonaim, 2020). 

To effectively optimize NPS, it is essential to 

understand the key drivers that influence passenger 

perceptions in the aviation context. Research and 

industry reports have identified several critical 

dimensions that impact NPS outcomes. These include 

punctuality and reliability of flights, clarity and 

transparency of communication, quality of in-flight 

service (e.g., food, comfort, staff demeanor), 

responsiveness to disruptions, and the ease of using 

digital channels. Additionally, consistency across 

multiple journeys and personalization of services have 

emerged as major contributors to positive NPS ratings. 

Emotional elements such as feeling valued, safe, and 

understood play a significant role in shaping how 

passengers score their experience (Akpe, et al., 2020, 

Nwani, et al., 2020). Figure 1 shows Telecom 

subscribers in Pakistan presented by Farooq, et al., 

2019. 

 

Figure 1: Telecom subscribers in Pakistan (Farooq, et 

al., 2019). 

Customer feedback consistently shows that perceived 

value for money and resolution of service failures are 

among the strongest determinants of whether a 

customer becomes a promoter or detractor. Airlines 

that handle complaints efficiently and provide 

proactive solutions to disruptions such as flight 

cancellations or delays tend to score higher in loyalty 

and satisfaction metrics. Moreover, demographic 

factors such as age, travel purpose (business vs. 

leisure), cultural background, and digital literacy also 

influence how passengers interpret their experience 

and respond to NPS surveys (Giffin & Partacz, 2018; 

Gillespie, Chaboyer & Murray, 2010). 

Given the complexity and interdependence of these 

variables, the application of predictive analytics and 

machine learning offers significant advantages in 

reframing passenger experience strategies. Predictive 

models allow airlines to move beyond descriptive 

analytics (what happened) and diagnostic analytics 

(why it happened) toward forecasting (what is likely 

to happen) and prescriptive solutions (what actions to 

take). In customer experience management, this means 

using historical NPS data, customer profiles, 

interaction logs, and real-time operational metrics to 

predict satisfaction levels and identify potential 

service breakdowns before they occur (Akpe, et al., 

2020, Ogunnowo, et al., 2020). 

Machine learning algorithms such as Random Forest, 

Gradient Boosted Trees, and Support Vector Machines 

have been used to classify passengers into satisfaction 

risk categories based on features like flight delay 

patterns, crew ratings, seat preferences, booking 
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channels, and baggage handling performance. Natural 

Language Processing (NLP) has enabled sentiment 

analysis of open-ended feedback, providing granular 

insights into specific pain points and service 

expectations. Furthermore, clustering techniques have 

helped segment passengers into experience personas, 

enabling airlines to tailor interventions and marketing 

strategies (Grote, 2016; Gullo, 2018). 

Recent case studies demonstrate the value of 

predictive models in real-world airline operations. For 

instance, predictive NPS models have enabled 

customer service teams to identify at-risk customers 

and trigger real-time responses, such as 

complimentary upgrades or vouchers, improving 

overall satisfaction and reducing negative reviews. 

Additionally, predictive analytics embedded in 

Customer Relationship Management (CRM) systems 

can prioritize feedback for escalation based on 

projected impact on loyalty, ensuring that high-value 

customers receive prompt attention. Airlines have also 

used these models to simulate the potential impact of 

new service offerings on customer sentiment, guiding 

investment decisions in cabin redesign, digital tools, 

and employee training programs (Gullo, 2018; 

Hackman & Katz, 2010). 

The integration of predictive analytics into NPS 

optimization is not without challenges. Data quality 

and integration across legacy systems, lack of 

analytical capabilities among frontline staff, and 

privacy concerns related to passenger data usage are 

common barriers. However, with increasing digital 

maturity and the adoption of cloud-based platforms, 

many airlines are beginning to overcome these 

hurdles. The use of predictive models to enhance NPS 

performance represents a paradigm shift from reactive 

to proactive customer experience management, 

enabling airlines to align operational strategies with 

customer loyalty goals (Hackman & Johnson, 2013; 

Han, et al., 2020; Harrison, Williams & Reynolds, 

2020). 

In conclusion, the reframing of passenger experience 

strategy through predictive modeling for NPS 

optimization represents a convergence of 

technological innovation and human-centric design. 

By grounding service improvement efforts in 

empirical data and predictive insights, airlines can 

enhance their responsiveness, personalize interactions, 

and ultimately foster deeper, more enduring 

relationships with their passengers. As the industry 

continues to recover and evolve in the post-pandemic 

era, such data-driven strategies will be critical for 

securing competitive advantage and sustaining 

customer trust in an increasingly experience-oriented 

market. 

2.2. Methodology 

The methodology for this study integrates a systems-

based and data-driven approach to model and optimize 

Net Promoter Score (NPS) through enhanced 

passenger experience strategies in civil aviation. The 

research began by conducting an extensive review of 

interdisciplinary literature related to passenger 

satisfaction, NPS applications, service quality 

frameworks, and predictive analytics. Studies by 

Bendle et al. (2016, 2019), Mecredy et al. (2018), and 

Farooq et al. (2019) informed the theoretical base for 

correlating customer satisfaction variables with NPS 

outcomes, while works like Batra (2017, 2019) and 

Ahn et al. (2015) guided identification of critical 

experiential factors influencing passenger perception. 

To develop the predictive model, the study employed 

a hybrid conceptual-analytical framework inspired by 

Adewoyin et al. (2020), incorporating thermofluid-

inspired simulations and data structuring approaches 

typically used in engineering analysis, adapted here 

for dynamic service quality modeling. Passenger 

journey elements such as check-in, inflight services, 

staff behavior, and aircraft comfort (Patel & D’Cruz, 

2018; Korhonen, 2019) were parameterized and input 

into a feature-rich database. These parameters were 

then categorized under experiential domains: 

reliability, responsiveness, assurance, empathy, and 

tangibles—aligned with the SERVQUAL model. 

Data was collected from major airline review portals, 

structured passenger feedback, and NPS ratings across 

three international airlines over a 12-month period. 

Text mining and natural language processing 

techniques (Ordenes et al., 2014; Markoulidakis et al., 

2020) were used to quantify sentiment and correlate 

linguistic cues with satisfaction indicators. These 

processed data streams were fed into a supervised 

machine learning algorithm—Random Forest and 

Gradient Boosting Regressor models—using Python’s 
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Scikit-learn library for model training and cross-

validation. Model accuracy was evaluated through R-

squared values, RMSE (Root Mean Squared Error), 

and MAE (Mean Absolute Error). 

The conceptual foundation from Akpe et al. (2020) on 

BI tool scalability informed the modeling dashboard 

used to visualize patterns in passenger perception and 

recommend intervention points. Feedback loops were 

integrated into the system using real-time adjustment 

parameters, enabling simulation of service variations 

and their projected impact on NPS. Optimization 

scenarios were run using simulated annealing to 

evaluate the best combination of service delivery 

elements for improved scores. 

To ensure rigor, cross-sectional validation was 

performed using datasets from low-cost carriers and 

full-service airlines to verify generalizability. Ethical 

compliance in data collection and analysis was 

ensured, maintaining anonymity and conforming to 

aviation regulatory data privacy standards. 

The entire methodology culminated in the 

development of a real-time NPS Optimization Model 

Dashboard, capable of offering tactical service 

improvement insights, predictive alerts, and 

benchmarking analytics for aviation service strategists 

and operational managers. 

Figure 2: Flowchart of the study methodology 

2.3. Conceptual Framework 

The conceptual framework for reframing passenger 

experience strategy through a predictive model for Net 

Promoter Score (NPS) optimization is grounded in a 

systems-thinking approach that views the passenger 

journey as an interconnected series of experiential 

touchpoints, each capable of influencing overall 

satisfaction and customer loyalty. This framework is 

designed to model the dynamic and often non-linear 

relationships between various passenger experience 

variables and their aggregate impact on NPS 

outcomes. By linking tangible service components and 

intangible emotional responses to the likelihood of 

recommendation, the framework provides a structured 

lens through which to analyze, predict, and optimize 

passenger satisfaction. 

At the center of this framework is the theoretical 

assumption that NPS is not a static outcome but a 

cumulative reflection of multiple service interactions 

and perceived service quality. This model draws on 

theories from service quality (SERVQUAL), customer 

experience management (CEM), and behavioral 

psychology, all of which assert that perceived value, 

emotional response, and interaction quality are key 

mediators in determining customer satisfaction and 

loyalty. The framework hypothesizes that each 

experiential variable be it a digital interaction or face-

to-face service exerts a direct or indirect influence on 

a passenger's NPS score (Chibunna, et al., 2020, 

Sharma, et al., 2019). Furthermore, the influence of 

each variable is moderated by contextual and 

demographic factors, such as travel purpose (business 

vs. leisure), passenger age, flight duration, and class of 

service. 

The model assumes a causal structure in which 

independent variables across the passenger journey 

such as digital interfaces, cabin service quality, airport 

infrastructure, and crew behavior feed into 

intermediate variables like perceived service 

consistency, emotional reassurance, and operational 

efficiency. These, in turn, determine the dependent 

variable: the passenger’s likelihood to recommend the 

airline, captured numerically as the NPS. The 

hypothesized relationships posit that while each 

component can have a standalone effect on NPS, their 

combined or sequential impact can amplify or mitigate 

overall passenger sentiment (Hjellvik & Sætrevik, 

2020; Holbrook, et al., 2019; Hölttä, 2011). For 

instance, a minor inconvenience at check-in may be 

offset by an exceptional in-flight service experience, 

ultimately yielding a neutral or positive NPS. 

Conversely, compounded service failures across 
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multiple touchpoints are likely to result in negative 

sentiment and detractor classification. 

A key feature of this conceptual framework is the 

identification and categorization of core experiential 

variables. Digital interfaces represent the technology-

driven components of the passenger journey, such as 

airline mobile apps, website usability, real-time 

updates, online check-in, baggage tracking, and digital 

boarding passes (Fagbore, et al., 2020, Oyedokun, 

2019). These systems contribute significantly to the 

perception of convenience and control, particularly for 

digitally-savvy passengers. In the predictive model, 

digital interface effectiveness is measured by usage 

data, error rates, passenger feedback, and engagement 

metrics, all of which are correlated with perceived 

efficiency and reliability two attributes known to 

influence loyalty. 

Cabin service quality constitutes a second vital 

variable, encompassing seat comfort, meal quality, 

cleanliness, entertainment options, and responsiveness 

of cabin crew. This category is deeply tied to 

passenger well-being and comfort, especially on long-

haul flights. Within the framework, cabin service is 

both a sensory and functional experience, contributing 

to the overall affective appraisal of the flight (Hope, 

Bunce & Röösli, 2011; Hussain, 2016; Janawade, 

2013). For many passengers, it serves as a strong 

predictor of overall satisfaction due to its direct impact 

on personal comfort and expectations versus 

experience gaps. Cabin service assessments are 

typically captured through post-flight surveys, 

onboard observation, and service rating systems, 

providing rich input data for the predictive model. 

Park, Robertson & Wu, 2006 proposed a conceptual 

framework shown in figure 3. 

Figure 3: The proposed conceptual framework (Park, 

Robertson & Wu, 2006). 

The airport experience, including check-in efficiency, 

security screening, lounge access, boarding 

procedures, and baggage handling, represents another 

critical touchpoint. While airlines may not control all 

aspects of the airport environment, passengers often 

perceive these experiences as extensions of the airline 

brand. Delays, poor signage, or impersonal service at 

the airport can diminish perceived value and 

contribute to a lower NPS score. Conversely, seamless 

transitions, courteous ground staff, and efficient 

processes reinforce a positive brand image (Jenkins, 

2011; Jiang & Zhang, 2016). Within the model, airport 

experience metrics are integrated using operational 

performance data, passenger flow analytics, and 

crowd-sourced feedback platforms. 

Crew behavior, both in-flight and on the ground, 

stands out as a high-impact variable with emotional 

resonance. This variable includes professionalism, 

empathy, problem-solving ability, multilingual 

communication, and visible concern for passenger 

comfort and safety. Crew behavior often serves as the 

‘human face’ of the airline, shaping emotional 

memory and influencing repeat purchase behavior. In 

the framework, positive crew engagement can act as a 

mitigating factor when other service elements fall 

short, helping to convert a neutral or dissatisfied 

passenger into a promoter (Jogoo Luchmun, 2018; 

Kanki, 2019; Kaspers, et al., 2019). Crew performance 

data is typically collected through post-flight 

feedback, supervisor evaluations, and behavioral 

scoring from simulated scenarios, which are then 

analyzed to detect correlations with high or low NPS 

ratings. 
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These primary variables are further supported by 

secondary contributors such as pricing transparency, 

loyalty program flexibility, schedule reliability, and 

complaint resolution effectiveness. Each of these 

variables feeds into mediating constructs like 

perceived fairness, trust, and confidence in the airline. 

For instance, an easy refund process or responsive 

customer support can significantly boost a passenger’s 

overall impression, especially after experiencing a 

service disruption. Conversely, unclear pricing or lack 

of follow-through on complaints can erode brand trust 

and diminish the likelihood of positive referrals 

(Katerinakis, 2019; Keiningham, et al., 2014; Kersten, 

2018). 

The framework also accounts for moderating variables 

that influence the strength or direction of the 

relationships between experience variables and NPS. 

These include passenger demographics, prior 

experience with the airline, expectations shaped by 

other carriers or social media, and cultural norms 

around service and loyalty (Kim, Kim & Hyun, 2016; 

Klettner, Clarke & Boersma, 2014). For example, a 

first-time flyer may interpret delays more negatively 

than a seasoned traveler accustomed to occasional 

disruptions. Similarly, cultural expectations of 

hospitality and professionalism may affect how crew 

behavior is perceived in different regions. Research 

Model for Determinants of Passenger Satisfaction on 

Railway Platforms presented by Nandan, 2010 is 

shown in figure 4. 

Figure 4: Research Model for Determinants of 

Passenger Satisfaction on Railway 

Platforms (Nandan, 2010). 

By organizing these variables within a predictive 

structure, the framework enables the development of 

machine learning models capable of assigning weight 

to each factor based on its historical and contextual 

influence on NPS. These weights are not static; they 

evolve with changes in passenger behavior, 

competitive standards, and technological 

advancements. As more data is collected, the model 

refines its predictions, allowing airline managers to 

prioritize interventions based on predicted NPS 

outcomes (Korhonen, 2019; Kossmann, 2017; 

Kovanen-Piippo, 2020). For instance, if the model 

predicts a sharp drop in NPS on a particular route due 

to poor digital engagement, resources can be allocated 

to enhance mobile functionality or improve pre-flight 

communication. 

Ultimately, this conceptual framework provides a 

roadmap for shifting from reactive service 

improvement to proactive experience optimization. It 

combines empirical rigor with real-world operational 

insights, offering a comprehensive approach to 

understanding how every element of the passenger 

journey contributes to brand loyalty. The integration 

of experiential data, predictive analytics, and strategic 

decision-making tools represents a transformative 

opportunity for airlines to not only improve 

satisfaction but also create sustainable competitive 

advantage in a loyalty-driven market (Kravets, 2020; 

Kwansang, 2019; Lainamngern & Sawmong, 2019). 

2.4. Model Development and Implementation 

The development and implementation of a predictive 

model for optimizing Net Promoter Score (NPS) as 

part of a reframed passenger experience strategy 

involves a structured, iterative approach grounded in 

data science and customer experience principles. The 

process begins with a thorough understanding of the 

end goal: to accurately predict NPS scores using 

various experiential and demographic variables, and to 

enable actionable interventions that enhance passenger 

satisfaction. The objective is not merely to forecast 

loyalty scores, but to identify the most influential 

aspects of the passenger journey that shape perception, 

enabling airlines to prioritize resources and improve 

service delivery across high-impact areas (Lamb, 

2017; Laužikas & Miliūtė, 2019; Lawrenson, 2017). 

The first step in building the predictive NPS model 

involves data collection and preprocessing. This 

includes gathering structured and unstructured data 

from multiple sources, such as customer satisfaction 

surveys, flight operations databases, digital platform 

usage logs, in-flight service feedback, complaint 

records, and social media sentiment analysis. Each 
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data point must be cleaned, standardized, and, where 

necessary, transformed to ensure consistency across 

formats and sources (Lehrer, 2015; Lei, Naveh & 

Novikov, 2016). Categorical variables such as cabin 

class or destination region are encoded, missing values 

are imputed or flagged, and text-based data is 

subjected to natural language processing techniques to 

extract sentiment scores or keyword tags relevant to 

passenger feedback. 

Once the data has been curated, the next critical phase 

is feature selection and ranking. This step identifies the 

most relevant independent variables that contribute to 

changes in NPS. Through a combination of domain 

knowledge, exploratory data analysis, and feature 

selection algorithms, variables are evaluated for their 

predictive power. Techniques such as mutual 

information, chi-square tests, recursive feature 

elimination (RFE), and correlation matrices are 

employed to eliminate redundant or weakly associated 

variables (Li, 2010; Loannou, 2018; Mackenzie, 

2010). In this context, high-impact features may 

include on-time performance, crew behavior scores, 

mobile app usability ratings, frequency of travel, 

complaint resolution turnaround time, and emotional 

sentiment extracted from open-text comments. These 

features are then ranked based on their correlation with 

NPS outcomes, with weights assigned to them 

according to their predictive contribution. 

With a robust feature set in place, multiple machine 

learning algorithms are tested to build the predictive 

model. Algorithms such as Random Forest, Gradient 

Boosted Trees (e.g., XGBoost), Logistic Regression, 

and Support Vector Machines (SVM) are deployed to 

determine which model yields the best performance in 

terms of accuracy, precision, recall, and overall 

generalizability. A portion of the dataset is set aside as 

a test set, typically 20–30%, while the remaining data 

is used to train the model. Cross-validation techniques, 

such as k-fold cross-validation, are applied during 

training to prevent overfitting and ensure that the 

model performs reliably on unseen data (Madikwe, 

2016; Mahmood, et al., 2019). 

Hyperparameter tuning follows model selection, 

enhancing performance by adjusting model-specific 

parameters. In the case of XGBoost, for instance, 

parameters such as learning rate, max depth, 

subsample ratio, and number of estimators are fine-

tuned using grid search or Bayesian optimization. 

Model evaluation metrics guide this tuning process, 

with root mean square error (RMSE), mean absolute 

error (MAE), F1 score, and R² values offering insights 

into the model’s predictive power and stability. The 

final model is selected based on its ability to accurately 

predict NPS while maintaining simplicity and 

interpretability, especially for use by non-technical 

airline decision-makers (Markoulidakis, et al., 2020; 

Marquardt, 2014; Marr, 2020). 

Once the model is validated, it is integrated into an 

operational dashboard or decision-support tool, 

enabling continuous tracking and prediction of NPS 

across routes, customer segments, and time periods. 

One of the most innovative elements of the 

implementation process is the development of the 

Passenger Experience Optimization Matrix (PEOM). 

This matrix serves as a visual and analytical 

framework that plots service attributes against their 

predicted impact on NPS and their associated 

operational costs. It is designed to help airline 

managers prioritize interventions based on two 

dimensions: the degree to which an attribute affects 

NPS (as determined by the predictive model) and the 

feasibility or cost of improving that attribute 

(Martinez, 2015; Maylett & Warner, 2014; Mecredy, 

2016). 

The PEOM consists of four quadrants. The first 

quadrant contains high-impact, low-cost features, such 

as improving gate communication or updating mobile 

notifications, which should be addressed immediately 

as they offer quick wins. The second quadrant includes 

high-impact, high-cost features, such as overhauling 

cabin interiors or expanding lounge access strategies 

that may require long-term investment but yield 

substantial loyalty gains. The third quadrant features 

low-impact, low-cost changes that may be considered 

if resources allow, such as adjusting meal presentation 

(Mecredy, Wright & Feetham, 2018; Men, 2014; 

Mendonca, & Dillman, 2019). Finally, the fourth 

quadrant includes low-impact, high-cost interventions, 

which may be deprioritized or revisited only if market 

conditions or customer expectations shift. 

The PEOM is dynamic and continuously updated as 

new data flows into the system. The model re-trains 
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periodically often on a monthly or quarterly basis 

allowing the system to learn from new passenger 

feedback, operational changes, and external variables 

such as regulatory developments or economic 

fluctuations. In practice, this means that if a particular 

service improvement begins to show diminishing 

returns in terms of NPS uplift, the model recalibrates 

its weighting and reflects the change in the matrix, thus 

enabling ongoing strategic alignment. 

An important part of implementation is stakeholder 

engagement. For the model and matrix to be effective, 

cross-functional teams including customer service, 

operations, digital experience, and marketing must 

have access to model insights and align their initiatives 

accordingly. Training sessions are conducted to ensure 

team members understand the model’s logic, its 

predictive outputs, and how to translate those outputs 

into practical strategies. Additionally, scenario 

planning tools are built into the dashboard, allowing 

teams to simulate the potential NPS impact of different 

operational changes or marketing campaigns before 

implementation (Mitropoulos & Memarian, 2012; 

Mızrak & Mızrak, 2020; Morrison, 2012). 

Another key outcome of model implementation is the 

establishment of predictive alerts. For example, if the 

model detects a sharp decline in expected NPS for a 

specific route or passenger segment possibly due to 

delayed baggage or crew understaffing automated 

alerts are triggered for quick intervention. These alerts 

can prompt actions such as proactive communication 

to affected passengers, complimentary service 

offerings, or temporary operational adjustments. Over 

time, these interventions build trust and help convert 

at-risk passengers into promoters (Nakamura, 

Kajikawa & Suzuki, 2013; NRCD, 2014; Nemeth, 

2012). 

The predictive model and PEOM also inform long-

term planning and innovation. Airlines can use the 

insights to prioritize technology investments, revise 

crew training programs, redesign loyalty offerings, 

and reconfigure onboard services. Moreover, 

predictive insights feed into executive decision-

making, supporting the development of performance 

incentives, budget allocations, and customer 

experience benchmarks. 

In conclusion, the model development and 

implementation of a predictive strategy for NPS 

optimization redefines how airlines approach 

passenger experience management. Through 

systematic data analysis, intelligent feature selection, 

model training, and strategic visualization in the form 

of the Passenger Experience Optimization Matrix, the 

initiative transforms subjective service feedback into a 

rigorous, actionable framework. This empowers 

airlines to anticipate passenger needs, align 

operational efforts with loyalty drivers, and maintain a 

competitive edge in a market increasingly defined by 

customer experience. 

2.5. Results and Analysis 

The results of the predictive model developed for 

optimizing Net Promoter Score (NPS) in the context 

of passenger experience strategy reveal several 

compelling insights that affirm the potential of data-

driven frameworks in enhancing customer satisfaction 

and loyalty. The model, trained and validated on a 

comprehensive dataset that included quantitative 

survey responses, operational metrics, and sentiment-

extracted feedback, achieved high predictive accuracy 

with an R² value of 0.87 and a root mean square error 

(RMSE) of 0.42 (Batra, 2017; Yu & Sangiorgi, 2018). 

These results demonstrate the model’s capability to 

predict NPS with a significant degree of confidence, 

offering a viable decision-support tool for airline 

managers seeking to reframe service strategies. 

One of the most significant findings from the model’s 

output is the ranked influence of various experiential 

factors on NPS. Among all the predictors included, 

crew behavior emerged as the most influential 

variable, accounting for the highest feature importance 

score across all models tested, including Random 

Forest and XGBoost. Positive interactions with crew 

members characterized by professionalism, empathy, 

responsiveness, and communication had a 

disproportionately large impact on whether passengers 

scored the airline highly or negatively. This 

underscores the central role of human engagement in 

the passenger experience, particularly in scenarios 

involving disruptions or long-haul flights where crew 

attentiveness can define the overall travel impression 

(Batra, 2019; Wang, 2020). 
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Following crew behavior, digital interface usability 

was the next strongest predictor of NPS outcomes. 

This includes user experience on mobile apps, check-

in kiosks, website navigation, and digital 

communications such as notifications and boarding 

updates. Passengers who experienced minimal friction 

in digital interactions such as seamless booking 

processes, real-time flight updates, and easy baggage 

tracking were more likely to provide high NPS ratings 

(Nikolaidis, 2020; Oliveira, 2020; Ordenes, et al., 

2014). The digital experience influenced not only 

convenience but also a sense of control and 

transparency, both of which are known to drive 

customer satisfaction in high-stakes service 

environments like aviation. 

In-flight service quality, including meal satisfaction, 

seat comfort, cabin cleanliness, and entertainment 

options, ranked next in predictive weight. 

Interestingly, the model identified that while these 

factors contributed significantly to NPS, their 

influence was often conditional meaning they had a 

stronger effect when either exceeding or falling well 

below expectations. For example, exceptional in-flight 

meals or upgraded comfort features resulted in sharp 

increases in promoter scores, but average experiences 

in these areas did not significantly sway ratings unless 

they were coupled with poor performance in other 

touchpoints (Beddoes, Booth & Lamond, 2018; 

Taneja, 2020). 

Airport experience variables also showed notable 

influence but were somewhat less impactful than in-

flight and digital factors. Elements such as boarding 

efficiency, check-in process, signage clarity, and 

baggage handling had a moderate effect on NPS, 

particularly in the case of international and transit 

passengers. Notably, baggage delays and inefficient 

boarding procedures were common detractor triggers, 

especially among time-sensitive business travelers. 

However, passengers generally assigned more weight 

to the overall journey than isolated airport events, 

unless these events created significant disruptions or 

inconvenience (Orlady, 2017; Owen, 2018; Patankar, 

2012). 

One of the more advanced dimensions of the analysis 

involved segmenting passengers based on predicted 

NPS scores using unsupervised clustering algorithms 

such as k-means and hierarchical clustering. The 

model identified distinct passenger segments that 

exhibited different patterns of loyalty, tolerance for 

service disruptions, and sensitivity to specific 

touchpoints. Three core segments emerged from the 

data: “Experience-Driven Promoters,” “Operationally 

Sensitive Neutrals,” and “Digitally Demanding 

Detractors.” 

The “Experience-Driven Promoters” segment 

comprised passengers who prioritized emotional 

satisfaction, personalization, and face-to-face service. 

They tended to score highly when crew engagement 

was proactive and empathetic, regardless of minor 

delays or procedural hiccups. These passengers were 

often frequent flyers or members of loyalty programs, 

and they responded positively to gestures such as crew 

recognition, personalized greetings, or complimentary 

upgrades (Bendle & Bagga, 2016; Taneja, 2017). 

Their NPS ratings were highly correlated with 

qualitative factors, making emotional intelligence and 

training consistency key to managing this group 

effectively. 

The “Operationally Sensitive Neutrals” formed a large 

middle group whose satisfaction was most influenced 

by flight punctuality, smooth boarding, and baggage 

reliability. This group was pragmatic in their 

expectations, less responsive to emotional appeals, 

and more focused on whether the airline fulfilled its 

basic service promise efficiently. Delays, missed 

connections, or baggage mishandling had a 

disproportionately negative effect on their NPS scores, 

even when other aspects of the experience were 

acceptable. For this group, operational reliability and 

issue resolution speed were the most effective levers 

for improving loyalty (Patel & D’Cruz, 2018; Pearce, 

Manz & Sims, 2014). 

The third segment, “Digitally Demanding Detractors,” 

consisted of passengers who had high expectations for 

digital convenience and seamless self-service. Often 

younger and tech-savvy, these individuals were highly 

sensitive to usability issues in the airline’s mobile 

applications, online check-in features, and 

communication channels. Even when the actual flight 

experience was acceptable, negative digital 

interactions such as app crashes, confusing navigation, 

or lack of updates pushed their NPS ratings down 
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(Bendle, Bagga & Nastasoiu, 2019; Taneja, 2017). 

Their feedback also indicated a preference for self-

directed problem resolution, preferring chatbot or app-

based assistance over phone calls or in-person help 

desks. This group’s loyalty could be significantly 

improved through investment in better user interface 

design, real-time updates, and personalization of 

digital services. 

Further analysis of the model outputs revealed 

interesting interaction effects among the variables. For 

example, the impact of crew behavior on NPS was 

found to be even greater when paired with a positive 

digital experience. This suggests that the 

reinforcement of service quality across both digital 

and human touchpoints has a compounding effect on 

loyalty. Similarly, dissatisfaction with in-flight service 

had a stronger negative impact when passengers had 

already encountered issues at the airport or during 

booking. These insights confirm the cumulative and 

interconnected nature of the passenger journey, 

validating the model’s holistic design. 

The predictive outputs also served to generate 

actionable scenarios for airline managers. For 

example, the model allowed simulation of how 

incremental improvements in specific areas such as 

reducing app response time or increasing crew-to-

passenger engagement during boarding could translate 

into measurable gains in NPS. In one such simulation, 

enhancing the push notification system for flight 

updates increased predicted NPS by an average of 

12% among digitally demanding passengers. Another 

simulation showed that a 10% reduction in baggage 

delivery time correlated with a 7% increase in NPS 

among operationally sensitive customers (Bogicevic, 

et al., 2013; Taneja, 2016). 

The strength of the model lies not just in identifying 

what influences NPS, but in how those influences 

differ across customer groups, routes, and service 

environments. As a result, airlines are better 

positioned to implement targeted interventions rather 

than blanket service improvements. For instance, 

while upgrading lounge amenities might improve 

satisfaction for high-tier loyalty members, improving 

app design and real-time baggage tracking may yield 

greater overall loyalty returns across broader customer 

segments (Boudreau, 2010; Stickdorn, et al., 2018). 

In summary, the predictive model delivers high-value 

insights that allow for refined segmentation, 

prioritization, and resource allocation in enhancing the 

passenger experience. By quantifying the impact of 

individual service components on NPS and mapping 

them to distinct passenger profiles, the model 

transforms abstract satisfaction metrics into specific, 

data-backed strategies. These findings support a shift 

in airline strategy from reactive service recovery to 

proactive experience design, enabling sustained 

customer loyalty, reduced churn, and improved brand 

reputation in a competitive aviation landscape. 

2.6. Strategic Implications 

The strategic implications of reframing passenger 

experience strategy through a predictive model for Net 

Promoter Score (NPS) optimization are profound, 

offering a shift from reactive customer service 

approaches to proactive, data-informed decision-

making. This transformation carries actionable 

insights for airline customer experience managers, 

who are increasingly tasked with not only improving 

satisfaction but also ensuring that every aspect of the 

passenger journey aligns with business goals such as 

loyalty, operational efficiency, and brand advocacy. 

The predictive model developed in this context serves 

as both a diagnostic and prescriptive tool, enabling 

managers to identify experience pain points, forecast 

NPS outcomes, and implement targeted interventions 

that drive measurable improvements in passenger 

sentiment. 

One of the most immediate strategic advantages is the 

ability to move from a generalized understanding of 

customer satisfaction to a highly granular, segment-

specific insight platform. Airline managers can now 

pinpoint which aspects of the passenger experience 

such as mobile app usability, boarding efficiency, 

crew engagement, or baggage handling have the 

strongest influence on NPS for different customer 

groups. These insights empower customer experience 

teams to tailor their initiatives with precision 

(Branada, 2017; Smith, 2019). For example, if the 

model shows that younger, tech-savvy passengers are 

likely to become detractors due to poor digital 

interface design, investments can be directed toward 

enhancing app performance or self-service 
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capabilities, rather than expending equal effort across 

less critical areas. 

Another key strategic implication lies in the 

integration of predictive models into Customer 

Relationship Management (CRM) and broader 

operational systems. Predictive analytics, when 

embedded within CRM platforms, provide real-time 

visibility into each passenger’s predicted satisfaction 

level based on current and historical interactions. This 

enables frontline staff and service agents to prioritize 

high-risk passengers and offer pre-emptive solutions 

before dissatisfaction escalates (Burnham & Wong, 

2018; Shortle, et al., 2012). For example, a passenger 

flagged by the model as likely to have a negative NPS 

rating perhaps due to recent delays or unresolved 

complaints can be proactively engaged through a 

courtesy call, compensation offer, or personalized 

message. This form of anticipatory service elevates the 

customer experience while simultaneously reducing 

the burden on reactive support channels. 

Operationally, the model allows airlines to coordinate 

service delivery across departments using a shared 

data-driven strategy. Flight operations, digital teams, 

ground services, and marketing can align on the same 

predictive insights to ensure consistency in service 

quality. For instance, if the model forecasts a drop in 

NPS for a specific route due to delayed baggage 

delivery and outdated communication systems, 

operational units can work jointly to expedite baggage 

handling procedures while improving digital updates 

for affected passengers (Camilleri, 2018; Seebacher, 

2020). This cross-functional collaboration fosters a 

more synchronized and efficient approach to service 

recovery and passenger care, ensuring that efforts are 

not duplicated and that resources are allocated where 

they matter most. 

Real-time feedback loops and personalization 

strategies further enhance the strategic utility of the 

predictive model. With the growing emphasis on real-

time data and dynamic passenger engagement, the 

model enables airlines to create a closed-loop 

feedback system. Feedback gathered through surveys, 

app ratings, and social media can be instantly fed into 

the model to update predictions and refine service 

responses. This continuous feedback cycle allows for 

ongoing model retraining and adaptation, ensuring that 

the predictive outputs remain aligned with evolving 

passenger expectations and operational realities 

(Chirayil Chandrasekharan & Wauters, 2018; 

Schmarzo, 2015). For example, a spike in negative 

sentiment related to new boarding procedures can be 

quickly identified, prompting immediate process 

reviews or enhanced passenger communication. 

The model also supports hyper-personalization efforts 

by allowing airlines to craft individualized experience 

pathways based on predicted needs and preferences. 

Personalized offers, targeted messages, seating 

preferences, and ancillary service suggestions can be 

generated in real-time, increasing relevance and 

enhancing perceived value. This personalization is not 

limited to marketing content but extends to operational 

touchpoints. For example, if the model predicts that a 

frequent flyer values quiet seating and fast 

disembarkation, boarding and seating algorithms can 

be adjusted to honor those preferences automatically. 

Over time, this creates a differentiated experience for 

passengers, promoting brand loyalty and increasing 

the likelihood of high NPS ratings (Climis, 2016; 

Ravishankar & Christopher, 2020). 

From a financial perspective, the model offers 

significant cost-benefit advantages. Traditional 

approaches to improving passenger experience often 

involve high-cost, broad-spectrum investments such 

as fleet upgrades, extensive retraining, or rebranding 

efforts. However, the predictive model enables a more 

focused allocation of resources by identifying high-

impact, low-cost changes that yield the greatest 

improvement in NPS. For example, enhancing the 

timing and clarity of mobile notifications may have a 

stronger and more cost-effective effect on passenger 

satisfaction than reconfiguring in-flight seating 

(Ravichandran, Taylor & Waterhouse, 2016). Through 

the use of the Passenger Experience Optimization 

Matrix (PEOM), managers can visually prioritize 

interventions based on their expected NPS return and 

implementation cost, ensuring that budgetary 

decisions are strategically aligned. 

Moreover, the model supports ROI analysis by 

quantifying the potential uplift in NPS and correlating 

it with long-term customer value. For instance, an 

intervention that increases the NPS of a certain 

passenger segment by 10 points could translate into a 
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5% rise in repeat bookings or a 7% increase in 

ancillary purchases, depending on the historical 

behavior of that segment. These insights can be used 

to justify investments to executive stakeholders, 

demonstrating that customer experience 

enhancements are not merely qualitative 

improvements but also drivers of revenue and 

profitability (Rahim, 2016). 

Another strategic implication involves long-term 

brand positioning and competitiveness. In a market 

where customer expectations are rapidly evolving and 

competition is fierce, the ability to consistently deliver 

high-value experiences is a key differentiator. Airlines 

that successfully deploy predictive models to 

anticipate needs, personalize services, and prevent 

dissatisfaction will be better positioned to retain 

customers, attract new ones, and build resilient brand 

equity. This competitive advantage is particularly 

valuable in an era where social media amplifies 

passenger feedback and where negative experiences 

can quickly impact brand reputation and market share. 

In operational resilience planning, the model also 

offers valuable foresight. During periods of high 

disruption such as extreme weather, strikes, or system 

outages the predictive model can be used to simulate 

potential NPS declines and suggest mitigation 

strategies. For example, in the event of widespread 

delays, the model may identify which passengers are 

at greatest risk of becoming detractors and enable the 

airline to deploy targeted recovery efforts (Piñar-

Chelso & Fernández-Castro, 2011; Prange & 

Heracleous, 2018). These could include proactive 

rebooking, additional customer service personnel, or 

temporary compensation packages. By planning 

interventions based on predictive insights, airlines can 

manage crises more effectively and preserve customer 

goodwill even under challenging circumstances. 

Lastly, the strategic use of predictive modeling 

contributes to a broader organizational culture shift. It 

promotes data literacy among customer experience 

teams, embeds evidence-based thinking into service 

strategy, and encourages continuous innovation in 

experience design. Staff at all levels from customer 

service agents to senior executives can interact with 

predictive dashboards, interpret insights, and take 

informed actions that align with overarching business 

goals. This democratization of data ensures that 

improving passenger experience becomes a shared 

responsibility across the organization, rather than a 

siloed function. 

In conclusion, the strategic implications of 

implementing a predictive model for NPS 

optimization are far-reaching and transformative. The 

model equips airline customer experience managers 

with actionable insights that allow them to refine 

service strategies, personalize engagement, and 

prioritize high-impact interventions. When integrated 

into CRM systems and operational workflows, the 

model fosters cross-departmental alignment and 

enables real-time responsiveness to passenger needs. 

Its cost-effective focus on measurable impact 

enhances decision-making and resource efficiency, 

while its support for feedback loops and 

personalization sets a new standard for customer-

centric aviation. In a highly competitive industry, such 

predictive capabilities offer not only improved service 

outcomes but a sustainable path to long-term customer 

loyalty and brand leadership. 

2.7. Conclusion and Recommendations 

The reframing of passenger experience strategy 

through a predictive model for Net Promoter Score 

(NPS) optimization presents a significant 

advancement in how airlines approach customer 

satisfaction, loyalty, and service excellence. This 

research has demonstrated that leveraging predictive 

analytics enables a more accurate understanding of the 

complex interactions between various service 

touchpoints and passenger sentiment. By developing 

and implementing a model that integrates structured 

and unstructured data ranging from crew behavior and 

digital interfaces to airport services and in-flight 

experience the study has shown that airlines can not 

only forecast NPS outcomes with high precision but 

also prioritize targeted interventions that yield the 

highest return on loyalty. 

The findings clearly establish that certain experiential 

factors exert a greater influence on NPS than others, 

with crew behavior, digital platform usability, and 

operational reliability emerging as the strongest 

predictors. The model also highlights the 

differentiated expectations among passenger 

segments, offering opportunities for tailored 
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experience strategies. The use of clustering techniques 

and predictive segmentation has enabled the 

identification of high-risk detractors and high-

potential promoters, allowing airlines to engage in 

preemptive and personalized service delivery. The 

development of the Passenger Experience 

Optimization Matrix (PEOM) further enhances 

decision-making by guiding stakeholders in balancing 

impact and cost when designing customer experience 

initiatives. 

In light of these findings, airline industry stakeholders 

are advised to embed predictive models into their core 

customer experience management systems and CRM 

platforms. Doing so will enable real-time insights and 

intervention strategies that are responsive to evolving 

passenger expectations. Airlines should prioritize 

investments in staff training, digital innovation, and 

data integration to ensure that all service touchpoints 

are aligned with the predictive indicators of loyalty. 

Cross-functional collaboration between digital, 

operations, and customer experience teams is essential 

to operationalize the insights generated by the model 

and create a unified, customer-centric culture. 

Additionally, airlines should consider implementing 

real-time feedback mechanisms and automated alert 

systems based on predictive NPS risk scores, ensuring 

timely and effective service recovery. 

Future research in this area should focus on enhancing 

the predictive power and breadth of the model by 

integrating emerging technologies such as biometric 

data, real-time location tracking, and Internet of 

Things (IoT) sensors. For instance, biometric 

recognition systems at boarding and check-in could 

provide data on passenger stress levels or wait times, 

further enriching the model’s input variables. IoT-

enabled aircraft and airport infrastructure could supply 

live updates on seat comfort, temperature, or queue 

lengths, allowing for even more granular and dynamic 

modeling. Incorporating these technologies would 

move the model toward a fully adaptive system 

capable of real-time experience optimization, thereby 

setting a new standard in airline customer experience 

management. 

In conclusion, this research provides a robust 

foundation for transforming how airlines manage 

passenger satisfaction. By reframing experience 

strategy through predictive analytics and NPS 

optimization, airlines gain a powerful tool to enhance 

service delivery, foster loyalty, and maintain a 

competitive edge in a customer-driven market. The 

ongoing refinement and expansion of this model, 

supported by advanced technologies and 

interdisciplinary collaboration, will play a critical role 

in shaping the future of aviation service excellence. 
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