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Abstract—AirAsia has emerged as a dominant force
among prominent low-cost airlines in recent years. How-
ever, the COVID-19 pandemic outbreak has severely
impacted airline services, including AirAsia. There is
a strong need for airline services to monitor customer
experience and satisfaction from online customer reviews
on the website to keep pace with changing customer
perceptions toward their service quality. A growing num-
ber of travelers choose to express their experiences and
emotions on online customer review platforms, resulting
in substantial online airline service evaluations. The
research analyzes 796 online customer reviews from
Skytrax, a well-known online airline review website.
The information hidden in customer-generated reviews
is analyzed with the text mining technique, including
topic modeling and sentiment analysis. The research
uses the Latent Dirichlet Allocation (LDA) model for
topic analysis and the Valence Aware Dictionary for
Sentiment Reasoning (VADER) model for sentiment anal-
ysis. The sentiment ratio for AirAsia’s online reviews
is approximately 59% positive and 41% negative. Only
four reviews are neutral. The findings indicate that the
online review of AirAsia has a greater proportion of
positive sentiments than negative sentiments. In addition,
the topic modeling shows hidden topics with the top
high-probability keywords concerned with interior and
seat, baggage, online service, staff service, flight schedule,
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and refund. The research demonstrates using sentiment
analysis and topic modeling on customer review data as
a more thorough alternative to survey-based models for
researching airline service. The research contributes to
the methodological advancements in text mining analysis
and expands the current knowledge of customer review
data.

Index Terms—Airline Service, Customer Satisfaction,
COVID-19 Pandemic, Sentiment Analysis, Topic Mod-
elling

I. INTRODUCTION

HE aviation industry is pivotal in economic devel-

opment. It provides a fast and efficient transporta-
tion network that facilitates global business, creates
employment opportunities, supports the supply chain,
and drives international trade. Moreover, it significantly
impacts related industries such as tourism and hospital-
ity. In 2018, the aviation industry contributed 3.5% to
Malaysia’s GDP [1]. The industry is divided into Full-
Service Carriers (FSC) and Low-Cost Carriers (LCC).
Malaysia Airlines (MAS) and Malindo Air operate as
FSCs, while AirAsia, Firefly, and Maswings are LCCs.
In 2018, AirAsia emerged as the dominant player in
the Malaysian airline industry, capturing a 50% market
share and accounting for 60% of the total seat capacity.
In contrast, MAS held a 29% market share [2].
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The global enforcement of lockdown measures in
response to the COVID-19 pandemic significantly
impacted the airline industry. These measures led
to widespread flight cancellations, and airlines were
required to refund ticket fees to customers. The
Malaysian aviation industry suffered losses of RM13
billion in 2020 due to ongoing travel restrictions [3]. It
also recorded a significant decrease in passenger num-
bers. These losses forced airlines to implement cost-
cutting measures such as reducing flight frequencies,
grounding aircraft, and implementing unpaid leave for
employees [4]. Additionally, since the pandemic, air-
lines have adapted their operations to comply with new
health and safety regulations, further increasing their
operational costs [5]. The airline industry’s recovery
from the pandemic’s impact is expected to be slow and
challenging. Therefore, assessing customer satisfaction
is crucial for airlines in the post-pandemic era.

Many airline companies emphasize their service
strategy as a way to satisfy existing customers’ needs
and attract new customers. Providing excellent ser-
vices is crucial. Service quality directly influences
customer satisfaction, and positive experiences can
foster long-term loyalty [6]. Customers also expect
courteous treatment when resolving issues with poor
service quality. Consequently, customer satisfaction is
a strategic objective for companies aiming to increase
customer retention and profitability. When products
or services meet customers’ expectations, customers
tend to feel satisfied, leading to greater brand loy-
alty [7]. This loyalty, in turn, increases the com-
pany’s revenue, primarily through repeat purchases.
Therefore, it is essential for companies to consistently
deliver superior service quality to enhance customer
satisfaction, which significantly affects retention. In
addition, satisfied customers are more likely to share
their positive experiences with others, both online and
within their social networks [8]. Hence, it is imperative
that decision-makers for airline companies understand
how customers perceive the brand’s services. This un-
derstanding can help them effectively manage positive
and negative customer feedback and engage consumers
with their product or service offerings [9].

In today’s digital age, customers increasingly use
online reviews to share their experiences and ex-
press satisfaction with products or services [10-12].
These voluntary reviews help customers to evaluate
and decide whether to trust businesses, significantly
influencing their purchasing decisions. For instance,
travelers can enhance their decision-making by lever-
aging other passengers’ experiences shared on online
platforms like Skytrax. These insights enable travelers
to make informed choices and enhance their travel

experiences. Online reviews are also a valuable source
of information for companies, offering insights into
product or service characteristics and prevailing market
conditions [13]. Thus, online reviews are an essential
tool that can help companies to remain competitive
and meet customer expectations in a rapidly evolving
marketplace.

The research assesses customer satisfaction with
AirAsia services and interprets the derived insights
into actionable managerial strategies that maintain or
improve service quality. The research aims to provide
valuable insights that can empower AirAsia to make in-
formed decisions that will ultimately improve customer
satisfaction and strengthen its competitive position in
the Malaysian airline industry. The research collects
unstructured data in the form of online reviews that
customers post on Skytrax after using travel services
of AirAsia to determine these insights. Next, the re-
search employs sentiment analysis to interpret the text
reviews. The research analyzes the frequency of words
appearing in online reviews and uses topic modelling
to identify factors influencing customer satisfaction and
highlight dimensions where AirAsia can improve.

The findings of the research contribute to expanding
the existing literature while also providing valuable
insights from an organizational and customer perspec-
tive. By leveraging text mining analysis techniques,
the research helps AirAsia to interpret and respond
to customers’ feedbacks, strengthening the relationship
between the company and its customers. From an orga-
nizational perspective, analyzing data from customers’
online reviews enables the company to understand
and respond to customers’ voices, address feedbacks
and suggestions, and enhance customer—brand relation-
ships. Improvements in service quality lead to a better
customer experience, ultimately fostering satisfaction
and loyalty. Thus, the research explores the customer
experience and offers valuable data and analysis meth-
ods derived from customer reviews.

A. Online Reviews

Online reviews are a form of Internet word-of-
mouth that contains valuable information from con-
sumers [14]. Customers increasingly share their ex-
periences and concerns about a service or product
on social media platforms [15-17]. Many online fo-
rums allow consumers to read and provide reviews.
Amazon and Consumer Reports are popular product
review websites [18]. Meanwhile, Tripadvisor, Book-
ing, and Expedia are popular websites for traveling
reviews [19-21]. Then, Yelp and Zomato are known
for their restaurant reviews [22-24].

Online reviews are usually publicly available. Con-
sequently, management and other stakeholders, com-
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petitors, and investors can use this information to
understand customers’ intentions and impel targeted
customers to seek a particular service or product [25].
Previous research [26] performs a sentiment analysis
of educational data using 66,000 online reviews of
massive open online courses. Another research [27]
provides valuable insights into the nature of online
hate speech in the Indonesian context by using online
review data from more than 13,000 online tweets to
investigate why certain tweets are labelled as hate
speech. Then, by analyzing 10,198 online consumer
reviews for 516 DVD products on Amazon, previous
reserach [28] finds that lower ratings lead to reduced
motivation to read individual reviews. Consumers tend
to trust average ratings as a proxy for collective wis-
dom, so inconsistent ratings reduce the helpfulness of
reviews.

B. Sentiment Analysis

Sentiment analysis is a technique that evaluates
people’s opinions, sentiments, and emotions towards
goods, services, organizations, occasions, and themes.
Sentiment analysis is also known as opinion min-
ing [29]. The goal is to discover people’s opinions
in text, which are classified as positive, negative,
or neutral [28]. Sentiment analysis functions as a
categorization system that seeks to classify people’s
opinions and dispositions while emphasizing relevant
facts. It can be used to quickly extract insights from a
considerable amount of text data [30-33]. In sentiment
analysis, people’s opinions or feelings are analyzed
using natural language processing, text analysis, and
statistics [34, 35]. Sentiment analysis, as applied in
the research, can help airline companies extract cus-
tomer opinions and feelings from online reviews that
are helpful for determining which airline companies
provide superior services.

Sentiment analysis can be applied to a wide range of
industries, including e-commerce [35], hospitality [36],
politics [37], and aviation [38]. For example, previ-
ous research [39] applies a hybrid sentiment analysis
model to data from Twitter regarding US airlines.
The sentiment analysis approach effectively reduces
the need for large amounts of labelled data. Further-
more, it reduces labor costs in practical applications,
which increases accessibility and efficiency. Another
previous research [40] analyzes online reviews from
Skytrax, focusing on themes and emotions related to
the airline experience. Sentiment analysis shows that
‘staff service’ has a positive impact on satisfaction,
especially when paired with the meal and food themes
identified in the theme modelling. In another previous
research [41], it measures customer satisfaction in the

airline industry through online customer reviews. It
analyzes more than 55,000 online customer reviews
from 400 airlines and passengers in 170 countries by
means of sentiment analysis. Ultimately, it identifies
27 dimensions of satisfaction that are described using
882 adjectives.

C. Topic Modeling

In fields like machine learning and natural language
processing, topic modeling is a statistical method
used to identify abstract subjects within a text col-
lection [42]. It is helpful for analyzing unstructured
data since it can discover latent semantic relationships
between documents and words [43]. Latent Dirichlet
Allocation (LDA) is a popular topic model method
that can provide the topic of each document in the
document set in the form of a probability distribution.
LDA allows topic clustering or text classification to be
carried out in accordance with the topic after extracting
their topic by analyzing some documents [44].

In the past several years, topic modelling has been
predominantly used to analyse massive papers or col-
lections of comment sentences [45], and the topics that
are learnt are primarily directed at the entire product
brand. However, the majority of user comments are
focused on specific aspects or themes of the product,
such as service [42], cost performance [45], or trans-
portation [24]. This finding demonstrates that users are
more concerned with specific aspects of the product
than with its overall rating. Therefore, topic mod-
elling using LDA can uncover previously unnoticed
topic patterns, giving companies a clearer picture of
consumer preferences and concerns. This information
leads to more effective marketing strategies and service
improvement plans.

II. RESEARCH METHOD

Section A presents the data collection method, and
section B explains the data exploration process. Then,
section C presents the sentiment analysis and topic
modeling process, as shown in Fig. 1.

A. Data Collection

Skytrax is a leading international rating system that
classifies airlines and airports by the quality of the
product and the staff service standards. The research
collects data from the Skytrax review website (https:
/lwww.airlinequality.com/review-pages/), a consumer
forum in which passengers can voice their experiences
or feelings. The research uses 796 reviews for AirAsia,
collected from August 2010 to June 2022. The data
from Skytrax’s AirAsia airline review website are
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Fig. 1. Process of sentiment analysis and topic modeling.
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Fig. 2. Histogram of ratings.

analyzed to identify the factors that lead to customer
satisfaction. According to the ratings histogram, 234
customers give a 1 out of 10 rating, meaning that most
customers are unsatisfied with the AirAsia services.
However, some customers give a highly positive review
— 67 gave a rating of 10, and 78 give a rating of 9, as
shown in Fig. 2. Then, the sample reviews are shown
in Table L.

The bar chart in Fig. 3 shows the customers’ various
countries of origin. From these customers, 141 come
from Malaysia, followed by Australia, which has 130
respondents. The third highest country is the United

Kingdom with 74 respondents.

B. Data Pre-processing

Data pre-processing is a crucial phase in data mining
that converts raw data into a valuable and practical
format to facilitate or enhance performance [46]. How-
ever, the raw data are generally incomplete [47] be-
cause data collection techniques frequently lack strict
regulation, leading to out-of-range data, the inability
to combine data, and missing values [48]. Data that
have not been thoroughly checked for these problems
may yield misleading results during analysis [49].
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TABLE I
SAMPLE OF PASSENGER’S REVIEWS.

Airline Name  Overall Rating ~ Review Date Review

Type of Traveller ~ Seat Type Route

AirAsia 7 12t April 2024 A flight that left early, un- Solo leisure Economy Class  Penang to Langkawi
usual and great for travellers.
Loading a little cumbersome
but mainly from disorganised
passengers. Staff affable and
helpful. The seats narrow but
in good condition
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Fig. 3. Bar chart of customers’ countries of origin.

The dataset from Skytrax goes various stages of pre-
processing to produce clean and usable data for the
research.

Text-based data collected from websites contain a
wide range of attributes. These include irrelevant de-
tails, such as unnecessary columns, URLs, and missing
values [50]. Data cleaning involves removing unwanted
data from extracted data, with the goal of preparing
data in the appropriate format for analysis. Text pre-
processing involves cleaning the text data and trans-
forming it into a form that can feed the model [51].
Text pre-processing aims to extract key phrases or
features to increase the association between words
and documents or between words and classes [52].
Each document is represented as a feature vector, and
the text is split into individual words [53]. Before
pre-processing the text, the Nominal-to-Text operator
must transform the polynomial data into text [24].

This operator changes the type of selected nominal
attributes to text. After that, the data are connected
to the Process Document from the Data operator. It is
necessary to double-click the Process Document from
the Data operator and add the Tokenize operator to split
the document’s text into a sequence of tokens. There
are numerous options for splitting the points that are
displayed in the parameter.

The research uses the default non-letter character,
resulting in tokens composed entirely of a single
word [42]. The next step is to standardize all words
to lowercase. Hence, the Transform Cases operator is
applied. Then, the Filter Stopwords (English) operator
is used to filter certain words from the document.
Conjunctions, prepositions, and pronouns like ‘the’,
‘in’, ‘a’, ‘with’, ‘behind’, ‘she’, and ‘he’, which do
not contribute to the document’s meaning and have no
bearing on the classification process, are considered
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stop words. The next step, stemming, involves remov-
ing affixed from features and reducing inflected words
to their stem [47]. Other alternatives in RapidMiner
can be used, including Snowball, Porters, Lovins,
Dictionary, German, and Arabic. The research reduces
the length of words until they meet a predetermined
minimum length using the Stem (Porter) operator. The
last step involves filtering tokens based on length using
the Filter Token (by length) operator. The minimum
character is set to 3 and the maximum to 25 to
avoid considering a single character. Figure 4 depicts
the text pre-processing procedures. Tokenization, the
initial stage of text pre-processing, involves dividing a
sentence into words, which are sometimes referred to
as tokens [24].

C. Sentiment Analysis

The Valence Aware Dictionary for Sentiment Rea-
soning (VADER) is used in sentiment analysis.
VADER is a lexicon and rule-based sentiment analysis
tool used to score the text [54]. It is particularly
sensitive to the sentiments expressed on social media.
It relies on a dictionary that maps lexical features to
emotion intensities (i.e., the sentiment score). Based on
the sentiment score [12], the VADER algorithm outputs
the polarity of sentiment into three classes: positive,
negative, and neutral. All lexicon ratings have been
standardized to a value between -1 and +1. Positive
sentiment has a sentiment score above zero, while
negative sentiment has a score below zero. Neutral
sentiment is represented by a score of zero.

res ¢

inp r il

inp thr

» Y m-r

thr

The first step for sentiment analysis involves in-
putting the clean data from the repository and using
the Nominal-to-Text operator to convert the type of the
chosen nominal attributes to text [55]. Next, the Extract
Sentiment operator determines the sentiment for each
text and calculates its polarity. There are some options
to expose additional results depending on the chosen
method. However, the model chosen in the research
is VADER. Then, the Generate Attribute operator is
added to construct new user-defined attributes using
mathematical expressions [49]. The sentiment analysis
process expression is shown in Fig. 5. It generates one
of the three sentiments based on the score.

D. Topic Modeling

In the research, it is necessary to retrieve the clean
data from the repository and then change the attribute
type to ‘text’ for topic modelling. Next, the Select At-
tributes operator is used to select the desired attribute.
Then, the Set Role operator is added. This operator
alters the roles of one or more attributes and allows
the users to specify which values the computer are used
as labels of the sentences [56]. The next step is to add
Extract Topics from Data (LDA). This operator can
capture significant inter- and intra-document statistical
structures to identify hidden topics in the processed
data using the LDA method [57]. Users can set the
number of topics desired in the parameters. The re-
search categorized the AirAsia online customer reviews
into six topics. From the topics, it is possible to deter-
mine what aspects AirAsia can enhance to improve
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Fig. 7. The result of sentiment analysis.

customer satisfaction with service quality. Figure 6
shows the topic modelling process in RapidMiner.

III. RESULTS AND DISCUSSION
A. Sentiment Analysis Results

The VADER tool is used to determine positive, neg-
ative, and neutral sentiment in the research. VADER
assigns a polarity score to each word in a given social
media text and combines these scores to generate an
overall sentiment score. VADER’s predefined lexicon
and rules are used to classify sentiment for each text,
making it possible to assess the emotional tone of the
text data accurately.

Figure 7 presents the overall sentiment count for
the total number of Skytrax online reviews in each
category (negative, positive, and neutral) for AirAsia.
Then, Table II depicts the sentiment counts of three
classes. Out of 796 reviews, 470 are in the positive

Count (Sentiment)

class, 4 are neutral, and 322 are classified as negative.
AirAsia’s online review has a higher percentage of
positive than negative sentiment. The sentiment ratio
for AirAsia’s online reviews is approximately 59%
positive and 41% negative, with only 4 reviews being
neutral.

Table II shows the top 13 most frequently used
words for each of the three sentiments. The positive
and negative sentiment results yield around 2,000
examples, and the neutral sentiment only has 52 ex-
amples. Hence, the most frequent words are sorted.
The words ‘Kuala’ and ‘Lumpur’ repeatedly appear in
these three sentiment lists. This finding indicates that
AirAsia is of strong importance in this region.

Next, Fig. 8 demonstrates that words expressing
positive emotions, such as ‘flight’, ‘seat’, ‘service’,
and ‘good’, are frequently mentioned in the dataset.
The ‘good’ keyword indicates satisfaction after using

143



Cite this article as: L. J. Yu, N. H. Md Saad, Z. Kun, and G. ElSayad, “Evaluating Airline Passengers’
Satisfaction during the COVID-19 Pandemic: A Case Study of AirAsia Services through Sentiment Analysis
and Topic Modelling”, CommlIT Journal 18(2), 137-150, 2024.

TABLE II
SENTIMENT ANALYSIS RESULTS.

Positive Sentiment

Negative Sentiment

Neutral Sentiment

Row No. Word In Documents  Total ~ Row No. Word In Documents ~ Total ~ Row No. Word In Documents  Total
750 flight 393 915 705 flight 266 699 49 ticket 2 4
1718 seat 206 356 1805 time 153 216 2 airasia 3 3
2043 time 225 330 47 airasia 122 205 3 airlin 2 3
305 check 169 264 295 check 110 203 6 asia 3 3

43 airasia 179 264 856 hour 121 196 24 kuala 2 3
822 good 174 234 51 airlin 115 182 10 cabin 2 2
52 airlin 151 216 487 deal 104 180 11 cancel 1 2
118 asia 132 211 1571 servic 111 167 21 hassl 2 2
207 board 147 202 1546 seat 90 163 25 lumpur 2 2
1154 lumpur 170 199 198 board 85 137 30 monei 1 2
1068 kuala 169 198 460 custom 86 130 35 problem 1 2
1749 servic 148 188 982 kuala 107 124 1 advertis 1 1
1876 staff 139 181 1062 lumpur 106 123 4 amritsar 1 1
-
= g ®
lan
c 4 ‘
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Fig. 8. Word cloud for positive sentiment.

AirAsia’s service, and ‘friendly’ indicates positive feel-
ings when the customer can solve their problem with
the help of AirAsia staff. This finding confirms that the
good attitude of staff positively affects customers in the
airline service. Thus, airline companies should focus
on training their staff to ensure service quality in the
future. Moreover, the words ‘meal’ and ‘food’ appear
in the positive sentiment category, indicating that the
customers have a positive perception of the airline’s in-
flight meal. The word ‘comfort’ also expresses positive
feelings regarding the airplane interior, seat, or staff
service.

In the negative sentiment category, ‘delay’, ‘time’,
and ‘cancel’ are frequently mentioned, excluding
‘flight’. Customers experience negative emotions when
there is a service or flight delay. In other words,
customers often feel unsatisfied with the delay and
cancel the flight, as shown in Fig. 9.

Figure 10 shows the word cloud for neutral senti-

ment. In this category, ‘ticket’, ‘cabin’, and ‘money’
are often mentioned. This finding suggests that cus-
tomers value AirAsia ticket and cabin service prices
when selecting an airline company.

B. Topic Modeling Result

The topic modeling technique is used to categorize
the number of subjects numerous times and select the
optimal descriptive subset. To identify which dimen-
sion of AirAsia can be improved, the subject is divided
into six categories.

Each topic includes 10 keywords, and a topic name
is established to describe the keywords contained in
each. In Topic 0O, ‘Interior and Seat’, which may
include terms such as ‘good’, ‘service’, ‘seat’, and
‘staff’. Topic 1 is entitled ‘Baggage’ and includes
the keywords of ‘baggage’, ‘boarding’, ‘luggage’, and
‘check-in’. Topic 2 includes the keyword ’Online
Services’, including ‘online’, ‘check’, ‘baggage’, and
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Fig. 10. Word cloud for neutral sentiment.

‘pay’. Topic 3 is ‘Staff Service’ and includes the
keywords of ‘airline’, ‘service’, and ‘flight’. Topic 4,
‘Flight Schedule’, includeas terms like ‘time’, ‘hours’,
‘minutes’, and ‘delayed’. Topic 5 is ‘Refund’. The key-
words include ‘cancelled’, ‘get’, ‘back’, and ‘ticket’.
In Fig. 11, it is notable that Topic 5 has the greatest
weight. Meanwhile, Topic 1, ‘Baggage’, has a low total
weight. This finding implies that customers are more
focused on the flight schedule issue than baggage.

C. Findings

The research derives various keywords related to
‘service’ that connect to different parts of the airline. It
includes ‘seat’, ‘time’, ‘check’, ‘board’, ‘food’, ‘cabin’,
‘meal’, and ‘staff’. In the context of AirAsia, these
keywords indicate that many customers regard certain
services as essential. Negative sentiment indicates that
the customers feel less pleased than expected, which
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may prevent them from purchasing tickets and using
AirAsia in the future.

The keywords ‘time’, ‘delay’, ‘hour’, ‘refund’, and
‘cancel’ are used with negative sentiment. Thus, it
can be indicated that customers are particularly con-
cerned about flight time. Most of them have had a
bad experience with delayed and cancelled flights.
After the Malaysian government reopens the border,
the demand for domestic and international flights in-
creases, especially during the holidays because many
Malaysians return to their hometown after two years
of lockdown. However, many flights are delayed and
cancelled during Hari Raya, Labour Day, and Hari
Aidilfitri due to the shortage of spare aircraft. AirAsia
Malaysia operates with 40 aircraft compared to almost
100 during the pandemic. Several factors influence the
lack of flights, including frequent problems and techni-
cal difficulties that arise during standard inspections, in
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addition to Malaysia’s lengthy waiting lists for aircraft
repair facilities. Hence, flights have been rescheduled
frequently. Some customers claim that AirAsia has
retested a flight multiple times, which affects their
satisfaction.

Furthermore, the issue of refunds concerns many
customers. AirAsia has cancelled or rescheduled many
flights due to the COVID-19 pandemic, and customers
have requested refunds. However, many customers
have claimed that they are never refunded, and some
customers have taken a long time to request a refund.
Other complaints have been directed to AirAsia Virtual
Allstar (AVA), an Al-based chatbot, which is the only
way customers can reach customer service. Customers
must wait in line in the system due to the large volume
of refund issues, and it may take a long time to reach
human customer support representatives.

Some customers complain about the challenge of
contacting customer support to request a refund. AirA-
sia offers three types of compensation: a refund,
account credit, or a rescheduled flight. The airline
encourages the customers to accept the refund in the
form of account credit since it happens more quickly
than receiving the money back. The lengthy refund
process is likely to affect customer satisfaction.

The research findings indicate that AirAsia can
improve factors that include the interior, seat, baggage,
online service, staff service, flight schedule, and refund
process. Currently, AirAsia has transformed itself into
a digital airline. They offer various online services,
including online ticket purchase, onboard check-in,
online baggage purchase, and support from AVA. Some
customers have made negative comments regarding
the AVA system because it can only answer simple
questions and complicated issues such as refunds and
rescheduling flights. Customers report that they cannot
solve their problem using AVA and must spend signif-
icant time and energy contacting and communicating
with it. Therefore, it is necessary to improve the quality
and speed of online services.

A quality service system should be established and
operated to ensure the quick and efficient delivery
of assistance to customers. Moreover, among the ser-
vices provided by AirAsia, customers express positive
perceptions regarding the comfort of the interior and
seats, the taste of in-flight meals, and the attitude
of staff. These factors may persuade customers to
choose AirAsia. Since customers expect comfortable
and friendly services, the company should strive to
continuously maintain the quality of service provided.
Thus, employees should receive service training to
maintain consistency in service delivery.

IV. CONCLUSION

In short, the research identifies factors that affect
customer satisfaction and aspects that AirAsia should
improve. The research method involves analyzing on-
line reviews posted by customers through sentiment
analysis and topic modeling. The airline company
can easily interpret the data and strive to improve
on the problematic or unfavourable elements to the
target market. As a result of negative sentiment, most
customers are concerned about delayed flights, can-
celled flights, and the refund process. Thus, these
issues affect customer satisfaction. The results show six
aspects that AirAsia should improve on. Three related
to service include online services, staff services, and
baggage services. It is clear that customers want the
best possible experience when flying with AirAsia.

The research acknowledges some limitations that
can influence the accuracy of its findings. The anal-
ysis relies on collected text data, which may not
fully represent all demographics or feedback types.
Additionally, sentiment analysis tools, while valuable,
may not perfectly capture the subtleties or context
within the text. Finally, the lack of a broader context
surrounding the user-generated data can limit how
sentiment is interpreted. To address these limitations,
future researchers should explore more nuanced sen-
timent analysis techniques and incorporate additional
data sources like demographics or flight information.
Furthermore, dynamic topic modeling can reveal evolv-
ing trends in customer feedback. The development of
sentiment-based recommendation systems and qualita-
tive research methods can provide deeper insights and
personalised recommendations to improve customer
satisfaction and loyalty for AirAsia.

Even with its limitations, the research provides valu-
able guidance and suggestions to future researchers to
conduct similar studies on related topics. The findings
of the research aim to enhance AirAsia’s approach
to customer satisfaction and aid the company in ful-
filling customers’ needs. Consequently, the research
recommends that AirAsia enhance the performance of
its flights and services while also increasing customer
satisfaction levels.
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