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Abstract— Ensuring customer loyalty is crucial for the success of any airline service provider in today's competitive environment. This
study employs machine learning techniques to predict the likelihood of customers revisiting airline services, emphasizing the role of
emotional connections in fostering loyalty. By analyzing feedback comments and satisfaction ratings, we explore how sentiments
expressed by customers correlate with their propensity to return. Using sentiment analysis and features extracted through the Linguistic
Inquiry and Word Count (LIWC) methodology, we categorize sentiments into various dimensions, integrating these with user
experience (UX) elements for a comprehensive predictive model. Our methodology includes a robust data collection process, involving
an initial survey of 17,000 valid responses and a follow-up survey one year later. We evaluate multiple classifiers, including Decision
Tree, Random Forest, and XGBoost, through five-fold cross-validation. Results reveal that XGBoost achieves the highest accuracy of
85% in predicting return visits, highlighting the predictive power of machine learning in understanding customer behavior. These
findings offer significant insights for airlines, enabling them to tailor services and strategies to enhance customer satisfaction and
loyalty. Our study underscores the importance of sentiment analysis and UX in predicting customer loyalty, providing a roadmap for
future research and practical applications in the airline industry.
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I. INTRODUCTION Customer loyalty is not merely a function of transactional
interactions; rather, it hinges significantly on the emotional
connections forged between customers and service providers.
Emotions play a pivotal role in shaping attitudes, behaviors,
and intentions, exerting a profound influence on customers'
decisions to revisit services. Recognizing this fundamental
truth, our study delves deep into the realm of affective
expressions as encapsulated within customer feedback
comments. Drawing on established theories of affective
processes and user experience (UX), we endeavor to decipher
how sentiments articulated by customers correlate with their
propensity to return to airline services.

In today's fiercely competitive landscape, ensuring
customer loyalty is paramount for the success and
sustainability of any service provider, particularly within the
dynamic and ever-evolving domain of the airline industry.
Understanding the intricate factors that influence customers'
intentions to revisit services is not only pivotal but also serves
as a catalyst for continual improvement and innovation. In
response to this imperative, our study embarks on a quest to
estimate the likelihood of customers' return visits to airline
services through the lens of machine learning.
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Central to our investigation are the features extracted from
feedback comments and satisfaction ratings garnered from
previous service interactions. These features serve as the
bedrock upon which our predictive models are built, offering
invaluable insights into the underlying factors driving return
visit behavior. Leveraging sentiment analysis techniques, we
categorize sentiments into distinct dimensions, ranging from
overall satisfaction to nuanced affective expressions, thus
unraveling the multifaceted tapestry of customer experiences.

The methodology underpinning our study is both rigorous
and comprehensive. Through a meticulously orchestrated
online survey initiative, we engage with a vast cohort of
customers who have recently availed themselves of airline
services. By meticulously processing and validating
responses, we curate a robust dataset that forms the backbone
of our analysis. Moreover, a follow-up survey conducted one
year later provides invaluable insights into actual revisit data,
thereby offering a nuanced understanding of customer
behavior over time.

Within our analysis, we employ a myriad of machine
learning classifiers, each meticulously evaluated through a
rigorous five-fold cross-validation procedure. From Decision
Tree to XGBoost, these classifiers undergo a comprehensive
assessment to determine their efficacy in predicting
customers' return visits. The results gleaned from this analysis
offer tantalizing glimpses into the predictive power of
machine learning in discerning patterns within customer
feedback.

As we navigate through the labyrinth of data and analysis,
our study unravels profound implications for the airline
industry. By shedding light on the nuanced interplay between
customer sentiments, satisfaction, and return visit behavior,
we empower airlines to make informed decisions and strategic
interventions that resonate with their customers. From
tailoring service offerings to amplifying customer
engagement strategies, our findings offer a roadmap for
airlines seeking to foster long-term loyalty and sustainable
growth in an increasingly competitive marketplace.

Ensuring the return of customers is a cornerstone of success
for any service provider, particularly in the competitive
landscape of the airline industry. Understanding the factors
influencing customers' intentions to revisit services is pivotal,
prompting extensive investigation into both motivating and
inhibiting factors. This study endeavors to estimate the
likelihood of customers' return visits to airline services using
a machine learning approach. By harnessing feedback
comments and satisfaction ratings garnered from previous
service interactions, we aim to predict return visit behavior
with an accuracy of 85%.

Customer loyalty hinges significantly on their propensity
for return visits, with emotions playing a pivotal role in
shaping attitudes and intentions. Recognizing this, our study
delves into users' affective expressions as captured in
feedback comments. Drawing on established theories of
affective processes and user experience (UX), we explore
how sentiments expressed by customers correlate with their
likelihood of returning to airline services. Features extracted
from feedback comments and satisfaction ratings serve as key
predictors of return visit behavior. Utilizing sentiment
analysis techniques, we categorize sentiments into distinct
dimensions, including total, basic, UX, and a combined basic
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and UX dimension [1]. These dimensions encapsulate various
aspects of user experiences and sentiments, ranging from
overall satisfaction to nuanced affective expressions.

These findings hold profound implications for the airline
industry, shedding light on the nuanced interplay between
customer sentiments, satisfaction, and return visit behavior.
By leveraging machine learning techniques, airlines can
discern patterns within feedback comments to anticipate
customers' future actions more accurately. Moreover, the
emphasis on user experience underscores the importance of
catering to both pragmatic and hedonic aspects of service
delivery to foster customer loyalty.

Customer loyalty has long been recognized as a crucial
determinant of success for service providers, particularly
within the highly competitive airline industry. According to
Reichheld and Sasser [2] retaining customers is more cost-
effective than acquiring new ones, making loyalty a critical
focus for businesses. This principle holds true in the airline
sector, where customer satisfaction and repeat patronage
directly influence profitability and market share (Han, Back,
& Barrett [8].

Emotional connections between customers and service
providers play a pivotal role in fostering loyalty. Studies have
shown that emotions significantly impact customers'
attitudes, behaviors, and intentions [1]. In the context of
airlines, the emotional quality of customer service experiences
can deeply affect satisfaction and loyalty [5]. This emotional
engagement can be effectively measured through sentiment
analysis of customer feedback, providing insights into the
affective dimensions of customer experiences [13].

Sentiment analysis, the process of extracting and analyzing
subjective information from text data, has emerged as a
powerful tool in understanding customer sentiments and
predicting behavior [15]. In the airline industry, sentiment
analysis of customer feedback comments can uncover
nuanced emotional responses that influence loyalty. The use
of tools like the Linguistic Inquiry and Word Count (LIWC)
methodology allows for a detailed examination of emotional
expressions in text, facilitating a deeper understanding of
customer satisfaction and intentions [16].

The application of machine learning in predictive modeling
has revolutionized how businesses forecast customer
behavior. Machine learning algorithms, such as XGBoost and
Random Forest, are particularly effective in handling large
datasets and identifying patterns that may not be apparent
through traditional statistical methods [4]. These algorithms
have shown significant promise in predicting customer
loyalty by analyzing features derived from feedback
comments and satisfaction ratings [9].

User Experience (UX) has been identified as a critical
factor influencing customer satisfaction and loyalty.
According to [10] UX encompasses both pragmatic and
hedonic aspects of service interactions, which collectively
shape overall satisfaction. In the airline industry, positive UX
elements, such as ease of booking and in-flight comfort,
contribute significantly to customer retention [11].

Integrating sentiment analysis with UX elements provides
a holistic approach to predicting customer loyalty. By
examining both emotional expressions and user experience
factors, predictive models can achieve higher accuracy in
forecasting repeat patronage. This integrated approach has



been validated in various studies, highlighting its
effectiveness in understanding and predicting customer
behavior [14].

The methodological rigor in data collection and validation
is paramount for the accuracy of predictive models. The use
of professional survey agencies and rigorous follow-up
procedures, as described in this study, ensures the reliability
of the dataset [7]. Moreover, employing cross-validation
techniques in evaluating machine learning classifiers
enhances the robustness of the findings [12].

The findings of this study offer valuable insights for the
airline industry, emphasizing the importance of emotional
connections and user experience in fostering customer
loyalty. However, the study also highlights the need for
further research incorporating additional data sources,
longitudinal analyses, and advanced machine learning
techniques [6]. By addressing these areas, future research can
provide a more comprehensive understanding of the complex
dynamics influencing customer loyalty in the airline industry.

II. MATERIAL AND METHODS

In November 2017, a professional survey agency embarked
on an online survey initiative to gauge customer satisfaction
with airline services. The survey was distributed through a
pop-up window to 30,000 customers who had booked their
flights online and had utilized airline services within the
previous six months. These customers were instructed to
leave their feedback comments and satisfaction ratings within
two to three weeks of their last flight. The survey agency
meticulously processed the responses, eliminating invalid
ones as well as those from flights that were delayed or
cancelled. This rigorous validation process resulted in 17,000
valid responses, representing 57.9% of the total distributed
surveys. Fast forward one year to November 2018, the survey
agency followed up with the customers who had provided
these validated responses to collect actual revisit data. These
customers were queried on whether they had used airline
services in the past year. From the 17,000 initial respondents,
13,000 confirmed they had indeed used airline services again.
Further, these 13,000 respondents were asked if they had
chosen the same airline service as indicated in the initial
survey, thereby providing vital follow-up data on customer
loyalty and the propensity for repeat usage of the airline
services. This follow-up not only shed light on the
effectiveness of the airlines' customer retention strategies but
also offered a deeper understanding of customer behavior
over a longer period.

A. Dataset Features

In the endeavor to predict customers' return visits to airline
services, this study employed two primary features:
satisfaction ratings and elements extracted from feedback
comments, as delineated in Table 1. A crucial aspect of this
analysis involved conducting sentiment analysis on the
comments to delve into users' emotional expressions. To
achieve this, the Linguistic Inquiry and Word Count (LIWC)
methodology was utilized to scrutinize the sentiment
embedded within the comments. The LIWC facilitated the
extraction of sentimental expressions, which were
subsequently employed as features in the study's analysis.
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Two main approaches were adopted for feature selection: the
Total Dimension and the Basic Dimension.

Under the Total Dimension approach, all extracted
sentimental factors were utilized as features, offering a
comprehensive overview of sentiment across the comments.
Meanwhile, the Basic Dimension approach combined
descriptive and affective factors. Descriptive factors
encompassed summary and linguistic variables, including
metrics such as 'Clout' and 'Authentic' derived from LIWC.
Alongside these, affective factors were integrated, comprising
positive and negative emotion dimensions as well as the
'negate’ variable, enabling a nuanced exploration of sentiment
within the comments. Moreover, the study incorporated User
Experience (UX) elements, as delineated , into the analysis
under the UX Dimension. These elements provided additional
insights into factors influencing customer return visits beyond
mere sentiment analysis. Lastly, a hybrid approach merging
the Basic and UX dimensions was examined to discern any
synergistic effects between sentiment and user experience on
customer revisit intentions. By leveraging these multifaceted
dimensions, the study aimed to unravel the intricate interplay
between customer satisfaction, sentiment, and user
experience in shaping repeat patronage of airline services.

TABLEI
PRESENTS THE CATEGORIES OF EMOTIONAL EXPRESSIONS, INCLUDING
SATISFACTION RATINGS AND FEATURES EXTRACTED USING LIWC
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Using various machine learning classifiers commonly
applied in binary classification tasks, we aimed to determine
whether a given user who initially utilized an airline service
also revisited the same service. Seven classifiers, namely
Decision Tree, Gaussian Naive Bayes, Logistic Regression,
Random Forest, KNeighbors, Support Vector Machine, and
XGBoost, underwent evaluation through a five-fold cross-
validation procedure. In this process, the dataset was
partitioned into five folds, with one-fold serving as the test set
in each iteration. The performance of the classifiers was
assessed based on the average accuracy across the five
iterations, serving as the final evaluation metric.

III. RESULT AND DISCUSSION

In our study, we delve into the crucial aspect of customer
return visits and employ a machine learning methodology to
predict these wvisits. Our research builds upon previous
findings in service sciences, particularly emphasizing the
significance of user experience (UX) as a determinant of
customer satisfaction and intention to revisit. We integrate
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Fig. 1 The performance evaluation of machine learning Metrix

elements of UX, derived from user feedback comments, into
our predictive models alongside satisfaction ratings from
previous service usage. In the Table 2 and the Figure 1 we
illustrate the result for the better understanding.

TABLE II
PERFORMANCE EVOLUTION OF DIFFERENT MACHINE LEARNING ALGORITHM
Word Classifiers Total Basic UX Basic
Count Dimen Dimen Dimen and
(%) sion sion sion UX
Dimen
sion
Top Decision 75% 74% 75% 73%
20% Tree
Gaussian 72% 71% 76% 70%
Naive
Bayes
Logistic 74% 73% 74% 73%
Regression
Random 76% 75% 73% 76%
Forest
KNeighbors 71% 76% 75% 77%
Support 73% 76% 76% 76%
Vector
Machine
XGBoost 85% 77% 78% 79%

Drawing on a diverse set of classifiers including Decision
Tree, Gaussian Naive Bayes, Logistic Regression, Random
Forest, KNeighbors, Support Vector Machine, and XGBoost,
our analysis yields promising results. Across these classifiers,
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XGBoost emerges as the top performer with an accuracy of
85% in predicting customers' return visits, followed closely
by Random Forest at 76%. Interestingly, the study reveals
varying degrees of accuracy among classifiers, with XGBoost
showcasing the highest performance and Gaussian Naive
Bayes demonstrating a competitive accuracy of 72% we
visualize in the Figure 1.

Moreover, our study highlights the importance of
considering affective expressions extracted from customer
review comments. We find that a higher word count of
feedback contributes to increased prediction accuracy,
shedding light on the nuanced relationship between sentiment
analysis and customer behavior prediction. These findings
underscore the significance of understanding customer
preferences and sentiments in enhancing service offerings and
fostering customer loyalty in the airline industry. While our
study provides valuable insights, it also acknowledges the
limitations inherent in predictive modeling and calls for
further exploration into the complexities of customer
decision-making processes.

IV. CONCLUSION

In conclusion, our study represents a significant step
forward in understanding the complex dynamics of customer
loyalty within the airline industry. By employing a
sophisticated machine learning approach coupled with
sentiment analysis techniques, we have unraveled invaluable
insights into the factors driving customers' intentions to revisit
airline services. Through a comprehensive analysis of



feedback comments and satisfaction ratings, we have shed
light on the nuanced interplay between customer sentiments,
satisfaction levels, and the propensity for return visits.

The results of our study are both promising and
enlightening. Across a diverse array of machine learning
classifiers, XGBoost emerges as the top performer, boasting
an impressive accuracy of 85% in predicting customers' return
visits. This underscores the efficacy of machine learning
algorithms in discerning subtle patterns within customer
feedback data, thereby enabling airlines to anticipate and cater
to customer needs more effectively.

Furthermore, our study underscores the critical role of
affective expressions extracted from customer review
comments. We find that a higher word count of feedback
correlates positively with increased prediction accuracy,
highlighting the importance of delving deeper into the
nuances of customer sentiments. By leveraging sentiment
analysis techniques, airlines can gain deeper insights into
customer preferences and emotions, thereby enhancing
service offerings and fostering long-term loyalty.

However, our study is not without its limitations. While
machine learning algorithms offer remarkable predictive
power, they are inherently limited by the quality and quantity
of input data. Moreover, customer behavior is influenced by a
myriad of external factors beyond the scope of our analysis,
including economic conditions, competitor actions, and
global events. As such, our study serves as a starting point for
further exploration into the complexities of customer
decision-making processes within the airline industry.

Moving forward, there are several avenues for future
research. Firstly, incorporating additional data sources such
as social media interactions and demographic information
could enrich our analysis and provide deeper insights into
customer behavior. Secondly, longitudinal studies tracking
customer behavior over extended periods could offer a more
comprehensive understanding of the factors influencing
repeat patronage. Finally, exploring the potential of advanced
machine learning techniques such as deep learning could
unlock new avenues for predictive modeling and analysis.

In conclusion, our study offers valuable insights into the
intricate interplay between customer sentiments, satisfaction
levels, and return visit behavior within the airline industry. By
leveraging machine learning and sentiment analysis
techniques, airlines can make informed decisions and
strategic interventions that resonate with their customers,
thereby fostering long-term loyalty and sustainable growth in
an increasingly competitive marketplace.
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