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Abstract: Airline corporations employ complex dynamic pricing strategies influenced by financial,
marketing, commercial, and social factors, making it difficult for consumers to purchase tickets at the
lowest possible price. This paper addresses the problem of airfare price prediction using machine
learning (ML) techniques. A set of flight features is selected and eight state-of-the-art ML models are
applied and compared for prediction accuracy. A novel dataset of 1,814 flight records from Aegean
Airlines (Thessaloniki to Stuttgart) is used for training and testing. The experimental results demonstrate
that ML models can handle this regression problem effectively. Among all models tested, Regression
Tree achieved the highest accuracy of 0.99, closely followed by Random Forest and Bagging Regression
at 0.92. The study also investigates feature importance and the dependency of accuracy on the selected
feature set.
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I. INTRODUCTION
Now-a-days, airline corporations use complex strategies and methods to assign airfare prices dynamically. These
strategies take into account several financial, marketing, commercial, and social factors closely connected with final
airfare prices. Due to the high complexity of pricing models applied by airlines, it is very difficult for a customer to
purchase an air ticket at the lowest price, since the price changes dynamically. For this reason, several techniques have
been proposed to provide the right time for the buyer to purchase an air ticket by predicting the airfare price [1], [2].
The majority of these methods make use of sophisticated prediction models from the computational intelligence
research field known as Machine Learning (ML). Groves and Gini applied a PLS regression model to optimize airline
ticket purchasing with 75.3% accuracy. Papadakis predicted if the price of the ticket would drop in the future using
Ripple Down Rule Learner (74.5%), Logistic Regression (69.9%), and Linear SVM (69.4%) models. Janssen proposed
a linear quantile mixed regression model to predict air ticket prices with acceptable performance for cheap tickets many
days before departure. Ren, Yang, and Yuan studied Linear Regression (77.06%), Naive Bayes (73.06%), Softmax
Regression (76.84%), and SVM (80.6%) models [3], [4].
The contribution of this paper is summarized as follows: (1) airfare price prediction using a comprehensive ML study,
(2) investigation of feature influence on airfare prices, and (3) performance analysis of eight state-of-the-art ML
models. The paper applies and compares MLP, ELM, Random Forest, Regression Tree, Bagging Regression,
Polynomial SVM, Linear SVM, and Linear Regression. A novel dataset of 1,814 flight records from Aegean Airlines is
constructed for experiments, and comprehensive feature analysis is conducted to determine which flight characteristics
most significantly affect prediction accuracy [5], [6].
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II. LITERATURE SURVEY
Research on airline pricing and ticket purchasing strategies has explored a range of analytical and machine learning
approaches to understand fare dynamics and optimize buying decisions. Malighetti et al. [1] analyzed the pricing
policies of Ryanair using a year's fare data and hyperbolic price functions to estimate optimal pricing curves for each
route. Their
analysis revealed a positive correlation between average fare, route length, flight frequency, and the percentage of fully
booked flights.
In the context of predictive modeling, Groves and Gini [3] proposed a regression-based approach to estimate expected
future prices and assess the risk of price fluctuations, demonstrating that guided purchase strategies can reduce costs
within the two months prior to departure. An intelligent agent was later introduced [4] to autonomously optimize ticket
purchase timing, achieving performance closer to the optimal purchase policy than traditional decision-theoretic
methods.
Janssen [6] developed multiple regression models, including Linear Quantile Mixed Regression, using a large dataset of
flight prices, showing that these models effectively capture price behavior well in advance of departure. Machine
learning techniques such as Linear Regression, Naive Bayes, Softmax Regression, and Support Vector Machines were
applied by Ren et al. [7], with SVM achieving the highest accuracy of 80.6%, highlighting the effectiveness of machine
learning in airfare prediction.

III. PROPOSED METHODOLOGY
A. Proposed System
This paper deals with the problem of airfare price prediction using a comprehensive set of ML models. A set of features
characterizing a typical flight is determined, supposing that these features directly affect the price of an air ticket. The
features are applied to eight state-of-the-art ML models, the performance of each model is compared, and a
comprehensive feature analysis is conducted to determine which flight characteristics most significantly affect
prediction accuracy.

B. System Architecture

The system architecture follows a structured pipeline from raw data collection through preprocessing, feature
extraction, model training, and evaluation. The pipeline begins with dataset upload and ingestion, followed by
preprocessing steps that handle missing values and encode categorical variables. The processed data is then fed into
eight parallel ML model training pipelines. Finally, outputs are evaluated and accuracy results are visualized for
comparison.

C. System Modules

The system consists of four primary modules. (1) Upload Airfare Prices Dataset: The dataset is uploaded to the
application for processing. (2) Pre-process Dataset: Missing values are removed and non-numeric string values are
encoded to numeric data using Label Encoder. (3) Run ML Algorithms: The dataset is split 80/20 into training and
testing sets; each of the eight algorithms is trained and evaluated for prediction accuracy. (4) Accuracy Comparison
Graph: An accuracy comparison graph is plotted across all algorithms, with algorithm names on the X-axis and
accuracy values on the Y-axis [7], [8].

D. Machine Learning Algorithms Used

Multilayer Perceptron (MLP) is a feedforward artificial neural network that maps input features to outputs through
multiple hidden layers using backpropagation [8]. Extreme Learning Machine (ELM) uses randomly assigned hidden
layer weights and learns only output weights, enabling fast training with competitive accuracy [10]. Random Forest
constructs multiple decision trees and outputs the mean prediction, reducing overfitting [14]. Regression Tree partitions
the feature space into regions and predicts a constant value for each, yielding high accuracy and interpretability [15].
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Bagging Regression trains multiple models on random subsets to improve stability and reduce variance. Support Vector
Machine with Polynomial and Linear kernels finds the optimal hyperplane for price categorization [11]. Linear
Regression models the direct linear relationship between input features and airfare price and serves as the baseline
comparator for all other models in this study.
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Fig 3.1: System Architecture Diagram - Airfare Price Prediction using ML

IV. RESULTS
A. Dataset Preprocessing
The airfare prices dataset is loaded containing a mix of numeric and categorical values. Preprocessing converts all non-
numeric string values to numeric representations using Label Encoding, ensuring compatibility with all ML algorithms.
After preprocessing, the data is split into 80% training and 20% test sets for all models. The dataset comprises 1,814
flight records collected from Aegean Airlines on the Thessaloniki to Stuttgart route, capturing features such as days
before departure, departure time, flight duration, and airline carrier.
B. Algorithm Performance
Each ML algorithm was trained and evaluated on the preprocessed dataset. The prediction accuracy results are as
follows: MLP (0.42), ELM (0.42), Random Forest (0.92), Regression Tree (0.99), Bagging Regression (0.92),
Polynomial SVM (0.70), Linear SVM (0.37), and Linear Regression (0.39). These results clearly reveal that tree-based
ensemble models significantly outperform linear and basic neural network models in capturing the non-linear dynamics
of airline pricing.
Regression Tree achieved the highest accuracy of 0.99, with predicted and actual price lines closely matching. Linear
models and basic neural networks performed poorly, confirming the inherently non-linear nature of airline pricing
dynamics. Random Forest and Bagging Regression both achieved 0.92 accuracy, demonstrating the strength of
ensemble methods [13], [14].
C. Accuracy Comparison
The accuracy comparison graph presents results for all eight ML algorithms. Regression Tree clearly dominates with a
score of 0.99, followed by Random Forest and Bagging Regression at 0.92. Polynomial SVM achieves a moderate 0.70,
while MLP, ELM, Linear SVM, and Linear Regression all perform poorly, ranging from 0.37 to 0.42. This comparative
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analysis confirms that non-linear, tree-based models are most suitable for the airfare prediction task, whereas linear
models lack the capacity to model the complex pricing patterns inherent in airline ticket data.

Fig 4.1: Accuracy Comparison of ML Algorithms for Airfare Price Prediction
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V. DISCUSSION
The outcomes obtained from the proposed airfare prediction system highlight the effectiveness of utilizing tree-based
ensemble ML models for dynamic pricing analysis. Regression Tree's near-perfect accuracy of 0.99 indicates that the
decision boundaries in airfare pricing are highly structured and amenable to recursive partitioning. The strong
performance of Random Forest and Bagging Regression further validates the robustness of ensemble learning strategies
in reducing variance and improving generalization.
The poor performance of linear models such as Linear Regression and Linear SVM confirms that airline pricing is
fundamentally non-linear and cannot be adequately captured through linear feature relationships. Basic neural network
models (MLP and ELM) also underperformed, suggesting that the dataset size of 1,814 records may be insufficient for
these models to learn complex representations without overfitting or underfitting.
Feature importance analysis revealed that days before departure, departure time, and airline carrier are the most
significant predictors of airfare price. These findings align with well-known pricing behavior in the airline industry,
where prices tend to fluctuate significantly in the final days before departure and vary considerably by time of day and
carrier strategy.

VI. CONCLUSION

This paper reported on a comprehensive study of airfare price prediction using eight state-of-the-art machine learning
techniques. A dataset of 1,814 airfare records from Aegean Airlines was used to train and evaluate all models. The
experimental results confirm that ML models are effective tools for predicting airfare prices, with Regression Tree
achieving the highest prediction accuracy of 0.99. Ensemble methods such as Random Forest and Bagging Regression
also demonstrated strong performance at 0.92.

Linear models and basic neural networks performed poorly, highlighting the non-linear nature of airline pricing
dynamics. The study also investigated feature importance and found that days before departure, departure time, and
airline carrier are the most significant predictors. In the future, this work could be extended to multiple airlines and
routes, incorporating seasonal trends, holidays, and competition indices. Additional experiments on larger datasets are
essential to further validate the effectiveness of ML models as a consumer guide for optimal airfare purchase decisions
[15].

VII. FUTURE SCOPE
Although the proposed airfare prediction system demonstrates promising results, several opportunities exist for further
enhancement. Future research can focus on expanding the dataset by including more airlines, routes, and records
captured across different seasons and years. A larger and more diverse dataset would help the model learn generalized

pricing patterns and improve performance in real-world deployment scenarios.
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The system can be extended to incorporate real-time fare scraping and dynamic model retraining to adapt to sudden
pricing shifts caused by market events or demand spikes. Integrating external factors such as fuel prices, competitor
fares, macroeconomic indicators, and public holidays could further enhance prediction accuracy. Additionally, deep
learning architectures such as LSTM networks could be explored to capture temporal dependencies in fare sequences
leading up to departure.

The model could also be deployed as a consumer-facing web or mobile application that provides real-time fare
forecasts and purchase recommendations. Such a system would significantly reduce the information asymmetry
between airlines and passengers, enabling smarter purchasing decisions and cost savings for travelers.
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