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ABSTRACT

Professionals have developed new pricing
plans and methods as a result of market
globalisation, which boosts worldwide
competitiveness. In order to determine the
best pricing strategy, airline firms frequently
adjust the cost of tickets by taking into
account a number of variables based on their
own proprietary rules and algorithms.
Artificial Intelligence (AI) models have
been used recently for the latter job because
of its various potentials in data
generalisation, compactness, and quick
adaptation. This study wuses artificial
intelligence (AI) techniques to analyse ticket
price prediction in order to identify
commonalities in the pricing strategies of
various airline firms. More precisely,
136917 data flights of Aegean, Turkish,
Austrian, and Lufthansa Airlines for six
well-known worldwide locations are used to
extract a set of useful attributes. After the
characteristics have been retrieved, a
comprehensive analysis is carried out from
the viewpoint of the customer looking for
the cheapest ticket price, taking into account
both an airline-based assessment that
includes all destinations and a destination-
based evaluation that includes all airlines.
For the latter, a total of 16 model
architectures from three distinct domains—
Machine Learning (ML) with eight cutting-
edge models, Deep Learning (DL) with six
CNN models, and Quantum Machine

Learning (QML) with two models—are
taken into consideration to solve the airfare
price prediction problem. According to
experimental data, for various foreign
locations and airline businesses, at least
three models from each domain—ML, DL,
and QML—can achieve accuracies between
89% and 99% in this regression task.

1. INTRODUCTION

Approximately 50 years ago airline flights
were considered a luxury. Airline companies
were launching more domestic flights than
international while pricing policies for flight
tickets were static. To increase profitability,
airline companies adopted management and
economical software systems to perform
route optimizations, reservation adaptation,
and dynamic pricing. An evolution in airline
companies was the adoption of yield
management [1], which was a variable
pricing strategy based on understanding,
anticipating, and influencing consumer
behavior so as to reach the highest revenues.
As a consequence, airline companies started
to pay more attention to customers’
preferences and experiences during flights,
simultaneously increasing the destinations at
an international level. Thus, airline flights
became accessible to all potential consumers
since dynamic pricing and extra flight
services increased the competition between
airline companies. Moreover, in recent
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years, the ability to shop online
revolutionized many different fields and
became a trend among modern people,
seeking the most favorable offers and prices.
Currently, there are several websites that
support secure flight booking, listing the
same flight routes from all airline companies
towards getting the most competitive flight
deals. Moreover, sharing flight experiences
through rating systems provides a great
amount of useful information produced daily
by airline customers, that are exploited by
pricing policy systems to adapt the airfare
price, even minutes before a flight. To this
end, it is clear that market globalization and
technology evolution have affected airline
companies at a level where the mainstream
price optimization systems may not track the
changes and reach the adaptation speed that
is required. The latter increased the demand
for more sophisticated algorithms and
software for dynamic price policy
optimization. For this reason, Artificial
Intelligence (Al) algorithms are currently
considered for airfare price estimation,
towards achieving efficient and more
realistic results with higher speed.

Artificial Intelligence attracts high
interest from the research community in
many research fields. Machine Learning
(ML) was the first introduced domain of Al
by Walter Pitts and Warren McCulloch [2]
in 1943 where a mathematical model of a
biological neuron was proposed with no
learning capabilities. Seven years later, in
1950, Frank Rosenblatt proposed the
perception . . . . .. (O) [3] as the first neural
network (NN) with learning abilities.
Perception was an inspiration for researchers

to design and implement subsequently many
well-known ML models like SVM [4], KNN
[5], and Boosting methods [6]. ML models
couldn’t robustly generalize without a
supporting feature extraction mechanism.
The latter requirement was handled by the
Deep Learning (DL) domain, increasing the
computational demands and reducing the
execution time. The flagship for the rise of
the DL domain was the introduction of
convolution neural networks (CNN) [7] by
Fukushima in 1980 who used a NN for
visual pattern recognition. A distinct boost
towards this effort came from Yann LeCun
in 1990 [8], who used CNN models with
back propagation learning in order to
recognize handwritten digits from images.
DL models have automated the feature
extraction process giving the capability to
fabricate more complex algorithms and
applications [9], [10] that impact human
daily lives. However, even today, due to the
huge data growth rate and despite the
evolution of computational hardware
(GPUs), there is still a need for faster and
more compact ML and DL algorithms.

An attempt to overcome the
confronted limitations of ML and DL
algorithms, is the combination of quantum
mechanics under quantum computing
techniques with ML and DL methods. The
quantum computing domain was formed in
the 90s where quantum algorithms have
been proposed for dealing with challenging
problems like number factorization Shor’s
algorithm in 1994 [11] or Grover’s
algorithm in 1997 [12]. These algorithms
became the reason for the fabrication of
quantum computers with IBM leading the
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field. During the same decade, quantum
machine learning (QML) started to grow
with the introduction of quantum neural
networks (QNN) [13] in 1999, where
quantum circuits and Grover’s algorithm
were used to mimic neural network
procedures. That work inspired many
researchers to experiment with the QML
domain. Therefore, during the years 1990-
2010, a lot of QML algorithms were
introduced, including quantum multilayer
perceptron (QMLP) [14], quantum support
vector machine (QSVM) [15] and more.
Until today, quantum machine learning is
expanding even in the industry with
applications and algorithms that are
executed in real quantum hardware, despite
the fact that the available quantum hardware
is limited and the computational demands of
QML models for a classical computer are
very high. Moreover, many QML methods
are highly related to classical methods, such
as the QNN training for classical data, where
the optimizer and loss are computed based
on their classical form. The above facts
enhanced the evolution rate of QML in the
market and research.

This work comes as a follow-up of
a previous work [16] on Airfare price
prediction. A set of features that characterize
a typical flight are extracted and used under
the scheme of airfare price prediction for
different airline companies and destinations
in order to highlight their level of
competition and provide a holistic approach
to the problem. Moreover, the range of ML,
DL, and QML models’ applicability and
performance is examined holistically in
airfare price prediction. Two experiments

are conducted; in the first experiment, the
problem is studied from the destination
perspective (destination-based approach) for
each airline company, and the AI models
from the above three domains are applied to
the same set of destinations for different
airline companies in order to highlight
similarities among the performance of
models; in the second experiment, the ML,
DL, and QML models are applied in datasets
for each Airline company (airline-based
approach),  independently = from  the
destination. It should be highlighted here,
that this work is the first reported attempt
towards a holistic approach to the problem
of airfare price prediction, where the
problem is examined as a whole, covering
both approaches, from the side of
destinations and from the side of airline
companies. Moreover, it should be noted
that QML has never been applied before to
the airfare price prediction problem, as far as
our knowledge.

Based on the above, the main contributions
of the proposed work can be summarized as
follows:

1) Investigation of the relation of pricing
policies among different airline companies.
2) Investigation of features’ influence to the
airfare prices prediction problem.

3) Application of QML models in airfare
price prediction for the first time in the
literature.

4) Comparative performance analysis of
ML, DL and QML models for airfare price
prediction.

The rest of this paper is organized
as follows: Section II summarizes the related
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work on airfare price prediction. In Section
III materials and methods are introduced,
refereeing to data and algorithms that have
been used for the implementation of this
work. Section IV describes the experimental
setup, while in Section V the experiment
results are presented and discussed. In
Section VI, quantum machine learning
results are presented and compared to
classical models. Finally, Section VII
concludes the paper and presents further
potential research directions.

2. SYSTEM ARCHITECTURE

Airline Origin and
Destination
Survey (DB1B)

- B e

Air Carrier Statistics Data Preprocessing Feature Extraction
Database (T-100)

. Airfare

Economic Data Prediction Model

3. EXISTING SYSTEM

Market globalization along with the
evolution of airfare price policies resulted in
a great amount of relevant information and,
subsequently, high research interest in
airfare price prediction. In terms of Al and
data analysis, this information is translated
to data with many attributes and in amounts
that could be characterized as big data,
especially when the change rate of air ticket
prices and services is such high. The airfare
price prediction problem can be exploited
under various scopes, like customer
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segmentation, ticket purchase timing, air
tickets demand prediction, and more, as
presented in a review by Abdella et al. [17]
regarding the target application problem and
the solutions. In general, the subject of
airfare price prediction is in the spotlight for
three decades; a search on Scopus on the
term ‘‘airfare price prediction’’ returned 24
documents, from 2003 to date, with most of
the work being implemented in the last three
years.

Vu et al. [18] implemented an airfare price
prediction application with two ML models,
exploiting features around time to describe
Vietnamese national airline company flights.
Compared to the proposed approach, fewer
models have been presented and only one
airline company has been considered, while
the main focus was on consumers’ target
applications. In [19], a  different
approachwas presented.Acustom recurrent
neural network (RNN) was constructed and
compared to classical ML models in airfare
price prediction under events like a
basketball match. Features that described
basketball matches and airline flights were
combined in one dataset, achieving high
prediction accuracies. The same approach
was followed in [20]. The authors proposed
a framework that could gather information
for air tickets from various sources, such as
consumers’ interests, air tickets availability,
distance, and more, to predict airfare prices
by using ML models. In [21], airfare price
prediction was implemented in the domestic
markets of USA and India.

The authors exploited ML models and
reported an 88% score in price prediction. In
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[22], Joshi et al. adopted a similar approach
with fewer ML models, by investigating
new features, like flight duration, and
achieved up to 90% prediction score. In [23]
feature selection algorithms were applied
along with hyperparameter methods to find
the optimal model parameters and set of
features for flight description in order to
predict airfare price prediction. In [24]
explainability for the problem under study
has been introduced towards a deeper insight
into the models that could provide an
efficient solution, in order to give robust and
explainable predictions.

Disadvantages

» The complexity of data: Most of the
existing machine learning models must be
able to accurately interpret large and
complex datasets to detect Airfare Price
Prediction.

 Data availability: Most machine learning
models require large amounts of data to
create accurate predictions. If data is
unavailable in sufficient quantities, then
model accuracy may suffer.

* Incorrect labeling: The existing machine
learning models are only as accurate as the
data trained using the input dataset. If the
data has been incorrectly labeled, the model
cannot make accurate predictions.

4. PROPOSED SYSTEM

The proposed work differs in the following
distinct points: (1) in the selected feature
sets, (2) the data collection sources and (3)
the target of the application. Compared to all
previous research on the same field, the
present work: (4) exploits more technologies

www.ljiemr.org

and (5) attempts to extract useful
information  for  airline  companies’
competition and consumers’ behavior,
through the (6) comparative performance

of several algorithms that are introduced to
the problem for the first time, (7) providing
two evaluation perspective approaches
towards a holistic investigation of the
problem under study. It is obvious that the
diversity of the proposed approach makes a
direct comparison with other methods
meaningless, since there is no point of
common reference, and this would not lead
to any Comparative
performance analysis is therefore provided
with common points of reference (dataset,
features, target of application) within this
work, between the selected ML, DL and
QML models for the problem of airfare
price prediction.

conclusion.

The proposed holistic approach is described,
focusing on the used data and the selected
methods. Datasets, features description and
visualization material are presented to
highlight the level of competition and
globalization affection in airfare tickets
between destinations from different airline
companies. Moreover, in this section, the
ML, DL, and QML models that are
employed are presented and a short
description for each one is given to
underline the differences in performance and
capabilities between them.

Advantages

1) Investigation of the relation of pricing
policies among different airline companies.
2) Investigation of features’ influence to the
airfare prices prediction problem.
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3) Application of QML models in airfare
price prediction for the first time in the
literature.
4) Comparative performance analysis of
ML, DL and QML models for airfare price
prediction.

5. IMPLEMENTATION
Modules description

Service Provider

In this module, the Service Provider has to
login by wusing valid user name and
password. After login successful he can do
some operations such as Train & Test
Datasets, View Trained and Tested
Accuracy in Bar Chart, View Trained and
Tested Accuracy Results, View Prediction
Of Airfare Price Prediction Type, View
Airfare Price Prediction Type Ratio,
Download Predicted Data Sets, View
Airfare Price Prediction Type Ratio Results,
View All Remote Users.

View and Authorize Users

In this module, the admin can view the list
of users who all registered. In this, the
admin can view the user’s details such as,
user name, email, address and admin
authorizes the users.

Remote User

In this module, there are n numbers of users
are present. User should register before
doing any operations. Once user registers,
their details will be stored to the database.
After registration successful, he has to login
by wusing authorized user name and
password. Once Login is successful user

will do some operations like REGISTER
AND LOGIN, PREDICT AIRFARE
PRICE TYPE, VIEW YOUR PROFILE.

6. RESULTS
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7. CONCLUSION

The holistic approach to ticket price
prediction, taking into account various
datasets and potentially useful technologies,
is the main emphasis of this work. Six
locations and four airlines were taken into
consideration in order to achieve this. Eight
ML models, six DL models, and two QML
models have been used and compared in
order to answer the problem under
investigation. According to experimental
data, for various foreign locations and
airline firms, at least three models from each
of the domains of machine learning, deep
learning, and QML may obtain accuracies
ranging from 89% to 99% in this regression
issue. The results show that the airline
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company's ticket price policy may be
effectively examined by applying Al models
and flight details that customers can view
before to purchase. Additional features are
openly accessible, and with the help of the
aforementioned  technologies,  reliable
simulations for estimating client demand
and flight ticket pricing optimisation might
be produced, giving airline firms extensive
data to help them choose their best pricing
strategy. All model domains, however, are
able to identify similarities and extract
patterns from the provided flight data, even
when just a limited number of characteristics
are present. Two distinct methods—one
based on the destinations (for all airlines)
and one based on the airline firms (for all
destinations)—have been examined and
analysed in this study. In order to determine
if the information could be effectively
retrieved, future study from the standpoint
of the airline-based target application might
use the same airline firms and destinations
evaluated from other airports. Furthermore,
using customer segmentation based on the
flight feature set, the same topic might be
examined as a classification problem.

From a technological perspective,
QML models have been examined in the
context of regression applications, which are
scarce in the literature because the benefits
of QML models in classical data are
debatable given their limitations, the
quantum resources that are available, and
the computational requirements of classical
machines. To enable the use of QML
solutions in more practical applications, the
availability of quantum hardware has to be
expanded and made more accessible,
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notwithstanding constraints such as the
quantity of qubits and noise levels in
quantum machines.

Despite the documented drawbacks
and challenges, QML models for flight price
prediction in this study often produced better
results than ML and DL models. Therefore,
it can be said that future methods of
predicting flight prices based on the QML
domain may offer effective solutions,
particularly given the anticipated growth in
data volume, complexity, and variety. The
investigation of various techniques for data
encoding in quantum states and additional
quantum models, such as quantum
Boltzmann machines, which will be able to
generate flight data based on given air ticket
feature sets and distributions, are examples
of future work surrounding QML methods in
airfare price prediction. The resulting QML-
based program might be used to generate
policies for flight prices.
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