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Abstract: Accurately predicting flight delays remains a significant challenge in the aviation industry
due to the complexity and interconnectivity of its operations. The traditional prediction methods
often rely on meteorological conditions, such as temperature, humidity, and dew point, as well as
flight-specific data like departure and arrival times. However, these predictors frequently fail to
capture the nuanced dynamics that lead to delays. This paper introduces network centrality measures
as novel predictors to enhance the binary classification of flight arrival delays. Additionally, it
emphasizes the use of tree-based ensemble models, specifically random forest, gradient boosting, and
CatBoost, which are recognized for their superior ability to model complex relationships compared
to single classifiers. Empirical testing shows that incorporating centrality measures improves the
models” average performance, with random forest being the most effective, achieving an accuracy
rate of 86.2%, surpassing the baseline by 1.7%.

Keywords: flight delay prediction; network centrality; machine learning; random forest; gradient
boosting; CatBoost

1. Introduction

In the realm of aviation, the efficiency of flight operations significantly hinges on
the ability to anticipate and mitigate delays. As the Federal Aviation Administration
(FAA) reports, its Air Traffic Organization (ATO) orchestrates the movement of over 45,000
flights daily, servicing 2.9 million passengers across an expansive airspace exceeding
29 million square miles [1]. This volume is projected to swell by 4.9% annually over
the next two decades, underscoring a pressing need for robust predictive models that
can adeptly forecast flight delays, thereby enabling airlines to optimize scheduling and
resource allocation [2]. Despite the proliferation of predictive methodologies ranging from
traditional statistical techniques to advanced machine learning algorithms like decision
trees (DTs), random forests (RFs), Bayesian networks (BNs), and linear regression (LR),
the quest for high-accuracy predictions remains largely unfulfilled. This challenge is
compounded by the unpredictable nature of many delay-inducing factors, such as adverse
weather conditions, and the computational demands posed by the voluminous and growing
datasets of airline operations [3].

In recent years, deep learning methods have shown promise in various prediction
tasks due to their ability to model complex non-linear relationships in large datasets [4-6].
However, these models often require extensive computational resources and large amounts
of data for training, which can limit their applicability in certain scenarios. In contrast, the
traditional machine learning techniques, such as support vector machine (SVM), DT, RF,
and gradient boosting (GB), offer robust performance while being less resource-intensive
and more interpretable [7-9]. Given these advantages, this paper introduces a novel
approach to predict whether a flight will be delayed or not, leveraging network centrality
measures within a binary classification framework.
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By constructing a network model wherein airports serve as nodes and flight routes
as edges, this study integrates centrality metrics to enhance the predictive capabilities of
tree-based ensemble models. These models are renowned for their efficacy in capturing
complex non-linear relationships that elude the traditional base classifiers. This integration
aims to shed light on how the structural properties of the airport network can influence
delay propagation and, by extension, the overall network performance.

The motivation for this research is twofold: Firstly, flight delays are a pervasive is-
sue that undermines operational efficiency and diminishes passenger satisfaction, with
a notable 20% of flights in 2023 experiencing delays across the United States alone [10].
Secondly, the existing predictive models often fall short of the accuracy needed for effec-
tive planning and resource management, partly due to their reliance on a limited set of
predictors that may not fully encapsulate the intricacies of the aviation system [3]. By
incorporating network centrality measures into the predictive models, this study aspires to
bridge this gap, offering a more comprehensive and nuanced understanding of the factors
that contribute to flight delays.

The primary research question addressed in this study is whether the inclusion of
network centrality measures can improve the accuracy of flight delay predictions. The
innovation of this study lies in the novel integration of network centrality measures into ma-
chine learning models for flight delay prediction, which, to the best of our knowledge, has
not been explored in the literature. This approach provides new insights and improves the
predictive accuracy beyond the traditional methods. Specifically, the study examines how
these centrality measures affect the performance of traditional machine learning models,
including RE, GB, and CatBoost (CB). It also explores which network centrality measures,
such as degree, betweenness, and closeness centrality, contribute most significantly to
enhancing the predictive accuracy of these models.

The rest of the paper is organized as follows: It begins with a literature review of
the current landscape of flight delay prediction methodologies. The subsequent sections
describe the methodology employed in constructing the network model and integrating
centrality measures into the ensemble predictive models. The Results section presents
a comparative analysis of the model performances, highlighting the enhanced accuracy
achieved through the inclusion of centrality measures. Finally, the conclusion reflects on the
implications of these findings for airline operations and potential future research directions.

2. Literature Review

Flight delay prediction has been extensively studied due to its critical implications
for airline operations and passenger satisfaction. The early approaches primarily relied
on traditional statistical models such as linear regression and time series analysis. For
instance, Hsiao and Hansen [11] utilized econometric models to assess the impact of
morning queuing delays, while Zou et al. [12] explored the relationship between flight
delays, capacity investment, and social welfare, underscoring the importance of strategic
investments.

The advent of machine learning (ML) technologies introduced more sophisticated
methods for delay prediction, capturing complex non-linear relationships in data. Re-bollo
and Balakrishnan [13] applied RF algorithms to integrate temporal and spatial delay states,
improving the prediction accuracy. Kim et al. [4] leveraged convolutional neural networks
(CNNs) with historical flight and weather data, achieving higher accuracy. Choi et al. [8]
emphasized the importance of weather data in improving predictions through various
ML algorithms, while Nigam et al. [14] showcased the efficiency of cloud-based logistic
regression in real-time delay prediction.

Later work has further integrated deep learning models with traditional ML tech-
niques. Yin et al. [15] utilized reinforcement learning for predicting taxi-out times, opti-
mizing airport operations. Pamplona, et al. [16] introduced a supervised neural network
incorporating multiple factors, and Yu et al. [5] combined deep belief networks with sup-
port vector regression, demonstrating effective delay prediction at Beijing International
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Airport. Gui et al. [17] and Liu et al. [18] also explored big data analytics, using DT, RF, and
GB for large-scale delay prediction.

Network centrality measures have increasingly been recognized for their potential in
delay prediction. However, the prior studies primarily utilized these measures for structural
analysis rather than as direct input features for prediction models. Cai et al. [6] and
Wu et al. [19] applied deep learning models to time-evolving graphs and spatiotemporal
data, respectively, focusing on network dynamics without directly integrating centrality
measures as predictive features. Li et al. [20] advanced this area by combining CNNs and
LSTM networks to capture spatial and temporal dependencies, although they did not use
centrality metrics as input variables.

Comparative and cluster-based methodologies have also been explored. Giivercin, Fer-
hatosmanoglu, and Gedik [21] proposed the Clustered Airport Modeling (CAM) approach
using network features and REG-ARIMA models to predict delays. Paramita et al. [22]
demonstrated the effectiveness of RF algorithms in a cluster computing environment,
while Wei et al. [23] introduced a BiLSTM-Attention network to predict delays across
airport clusters.

Finally, studies on the structural properties of air transportation networks have offered
key insights into delay prediction. Cheung and Gunes [24] used complex network metrics
to reveal small-world characteristics and assess the network’s resiliency to disruptions.
Anderson and Revesz [25] developed algorithms for MaxCount and threshold operators on
moving objects, applicable in monitoring airplane congestion, a factor in delay prediction.

While significant advancements have been made in flight delay prediction, a notable
gap remains in the use of network centrality measures as direct input features in predictive
models. Previous studies have largely focused on structural analysis without fully lever-
aging these measures to improve prediction accuracy. This study addresses that gap by
directly integrating network centrality measures into machine learning models, offering a
novel approach that enhances the accuracy of flight delay predictions.

3. Preliminaries
3.1. Network Centrality Measures

Network centrality measures are crucial for identifying the most influential nodes
within a network, such as airports in an air transportation network. In this study, we focus
on three key centrality measures: degree centrality, betweenness centrality, and closeness
centrality. Given a network of N nodes, representing airports in this study, the definitions
of the three centrality measures are as follows.

Degree Centrality: This centrality measure quantifies the number of direct connections
anode has [26]. It is calculated as

Cafo) = 38 1)

where deg(v) is the degree of node v, that is, the total number of nodes directedly connected
to v. High degree centrality indicates that an airport is a major hub with numerous direct
flights, making it a critical point for delay propagation.

Betweenness Centrality: This metric reflects the number of times a node acts as a
bridge along the shortest path between two other nodes [26]. It is calculated as

- Ost (U)
Co(0) = Yooz o @
where oy represents the total number of shortest paths from node s to node ¢, and oy (v)
is the number of those paths that pass through node v. Airports with high betweenness
centrality are crucial in the flow of air traffic and are more likely to influence delays across
the network.
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Closeness Centrality: This is a measure of the average shortest distance between a
node and all other reachable nodes, indicating how close a node is to all other nodes in the
network [26,27]. It is calculated as

_ ) (o)
Cl) = N1 Fdf, 1’ ®

where 7(v) is the total number of nodes v can reach, and d(v, t) is the shortest distance
between nodes v and t. Airports with high closeness centrality can quickly disseminate
delays throughout the network, affecting overall network performance.

3.2. Machine Learning Models

The machine learning methods employed in this study include RE, GB, and CB. These
models were selected for their ability to handle complex non-linear relationships and large
datasets typical of air transportation networks.

Random Forest (RF): This ensemble learning method constructs multiple decision
trees during training and combines their outputs, either by taking the mode for classifi-
cation tasks or the mean for regression tasks [28]. By using multiple trees, RF effectively
reduces overfitting and enhances the model’s generalization, making it robust for various
predictive tasks.

Gradient Boosting (GB): An iterative ensemble technique that builds models sequen-
tially, where each new model corrects errors made by the previous ones [29,30]. GB is
particularly effective in handling high-dimensional data and capturing complex interactions
between features, making it a powerful tool for improving predictive accuracy.

CatBoost (CB): A high-performing variant of GB, which is specifically designed to
handle categorical data with minimal preprocessing [31]. It addresses overfitting through
ordered boosting, which prevents information leakage by using a permutation of the
training data, making it particularly effective for datasets with categorical features.

4. Data and Methodology
4.1. Data Collection and Preparation

The data used in this research were obtained from the US Bureau of Transportation
Statistics (BTS) TranStats database [32], which is publicly available. The dataset we used
in this study is from the database named “Airline On-Time Performance Data”, which
contains detailed records of on-time arrivals and departures for non-stop domestic flights.
For this study, the initial dataset included 7,107,203 flights connecting 370 airports from
July 2022 to June 2023.

Data preprocessing involved handling missing data by excluding records with null or
missing values to maintain dataset integrity. The final dataset comprised 6,955,805 flights. Key
features selected for the analysis included flight information such as ORIGIN_AIRPORT_ID,
DEST_AIRPORT_ID, DEP_TIME, and ARR_TIME and delay information like DEP_DELAY
and ARR_DELAY, along with DISTANCE as an operational factor. Among all the features,
ORIGIN_AIRPORT_ID and DEST_AIRPORT_ID were converted to categorical features for
model training. Table 1 displays the key attributes of the dataset after data preprocessing.

Table 1. Key attributes of the dataset.

Attribute Name Description Type
ORIGIN_AIRPORT_ID Origin airport Categorical
DEST_AIRPORT_ID Destination airport Categorical
DEP_TIME Scheduled departure time Numerical
DEP_DELAY Flight delay (in minutes) Numerical

ARR_DELAY Arrival delay (in minutes) Numerical
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4.2. Methodology

This study focuses on integrating network centrality measures into machine learning
models to improve the accuracy of flight delay predictions. The methodology encompasses
constructing the airport network, calculating centrality measures, and applying machine
learning models for prediction.

4.2.1. Airport Network Construction and Centrality Integration

A directed graph representing the airport network was constructed to compute the
network centrality measures. Airports were represented as vertices, with flights between
them forming the edges, and edge weights were determined by the distances between
airports. This graph enabled the calculation of degree centrality, betweenness centrality,
and closeness centrality, as defined by Equations (1)—(3).

Figure 1 presents the top 20 airports ranked by their degree, betweenness, and close-
ness centrality scores, highlighting their structural importance within the US air transporta-
tion network. DFW (Dallas/Fort Worth), DEN (Denver), and ATL (Atlanta) top the list for
degree centrality, indicating their extensive connectivity as major hubs. For betweenness
centrality, DFW, DEN, and ORD (Chicago O’Hare) rank highest, reflecting their critical
roles as key transfer points in air traffic flow. Closeness centrality is also led by DFW, DEN,
and ORD, demonstrating their central positions within the network. These centrality mea-
sures align with the real-world functions of these airports, confirming their effectiveness in
understanding network dynamics and predicting flight delays.

Degree Centrality of Airports

0.0 0.2 0.4 0.6 0.8 1.0
Centrality Score

Betweenness Centrality of Airports

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
Centrality Score

Figure 1. Cont.
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Closeness Centrality of Airports

0.0 01 02 03 0.4 05 0.6
Centrality Score

Figure 1. Top 20 airports by degree, betweenness, and closeness centrality scores.

The centrality values were incorporated into the flight dataset as additional features
corresponding to the origin and destination airports of each flight. Since each airport has its
own computed degree, betweenness, and closeness centrality scores, six additional features
were added to the dataset: three for the origin airport and three for the destination airport.
Table 2 displays the key attributes of the updated dataset.

Table 2. Key attributes of the dataset after integrating network centrality measures.

Attribute Name Description Type
ORIGIN_AIRPORT_ID Origin airport Categorical
DEST_AIRPORT_ID Destination airport Categorical
DEP_TIME Scheduled departure time Numerical
DEP_DELAY Flight delay (in minutes) Numerical
ARR_DELAY Arrival delay (in minutes) Numerical
Origin_Degree_Centrality Degree centrality of origin airport Numerical
Dest_Degree_Centrality Degree centrality of destination airport Numerical
Origin_Betweenness_Centrality Betweenness centrality of origin airport Numerical

Dest_Betweenness_Centrality = Betweenness centrality of destination airport ~Numerical

Origin_Closeness_Centrality =~ Closeness centrality of origin airport Numerical

Dest_Closeness_Centrality Closeness centrality of destination airport Numerical

4.2.2. Machine Learning Model Training

This study implements three machine learning models, specifically RF, GB, and CB,
to predict flight delays. These models were selected for their ability to effectively manage
complex relationships within large datasets.

The target variable for prediction was arrival delay, which originally comprised both
positive values (indicating delays) and negative or zero values (indicating on-time or early
arrivals). To facilitate binary classification, these values were transformed into categorical
variables: delays exceeding 15 min were coded as 1, while delays within 15 min, on-time,
or early arrivals were coded as 0.

For model training, two distinct datasets were prepared. The first dataset included
only baseline features, such as origin and destination airports, scheduled departure time,
and departure delay. The second dataset extended the baseline features by incorporating
network centrality measures to evaluate their additional predictive value. Departure delay
is included in both datasets to assess whether centrality measures provide better predictions
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of delay propagation within the network, even when traditional features like departure
delay are used. Both datasets were split into training and testing sets using an 80/20 ratio,
ensuring a robust evaluation of the models’ performance.

5. Results

This section presents the evaluation of the three machine learning models applied, em-
phasizing the impact of integrating network centrality measures into the prediction framework.
The analysis covers feature importance assessments and model performance comparisons.

5.1. Permutation Feature Importance

Permutation feature importance (PFI) was employed to evaluate the contribution of
each feature to the predictive performance of the models. The importance is determined by
measuring the decline in model performance when the values of a particular feature are
randomly shuffled, which disrupts its relationship with the target variable.

Figure 2 shows the PFI for the RF model. It ranks destination and origin betweenness
centrality as the most important features, followed by degree centrality for both origin and
destination airports. These centrality measures outperformed DEP_DELAY, highlighting
the value of network-based features.

Destination_Betweenness_Centrality
Origin_Betweenness_Centrality
Destination_Degree_Centrality
Origin_Degree_Centrality
DEP_DELAY

DEP_TIME
Destination_Closeness_Centrality
DEST_AIRPORT_ID

ORIGIN_AIRPORT_ID

Origin_Closeness_Centrality

0 2 < 6 8
Rank-Transformed Permutation Importance

Figure 2. Permutation feature importance for RE.

Figure 3 shows the PFI for the GB model. It ranks ORIGIN_AIRPORT_ID as the top
feature, with destination betweenness centrality also showing high importance. While
traditional features like airport IDs and DEP_TIME are dominant, centrality measures still
play a significant role.

Figure 4 shows the PFI for the CB model. It ranks DEST_AIRPORT_ID and origin
degree centrality as the most critical features, with centrality measures consistently proving
influential. DEP_DELAY is less impactful, further emphasizing the importance of network
centrality in predictions.

Although DEP_DELAY might seem like an obvious predictor, since a delayed depar-
ture often leads to a delayed arrival, it remains in our feature set for the following reasons.
Not all delayed departures result in delayed arrivals; factors like air traffic control, weather,
and efficient operations can mitigate delays. While DEP_DELAY captures immediate op-
erational delays, centrality measures offer a broader understanding of how the network
structure influences delays. Including DEP_DELAY allows us to assess whether centrality
metrics provide unique predictive insights beyond simple delay variables. This comparison
helps to determine if centrality measures can more effectively predict the delay propagation
within the network, even when traditional features like DEP_DELAY are considered.
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ORIGIN_AIRPORT_ID
Destination_Betweenness_Centrality
DEP_TIME

DEST_AIRPORT_ID

DEP_DELAY
Origin_Closeness_Centrality
Destination_Closeness_Centrality
Origin_Degree_Centrality

Origin_Betweenness_Centrality

Destination_Degree_Centrality

T T T T

2 4 6 8
Rank-Transformed Permutation Importance

O 1

Figure 3. Permutation feature importance for GB.

DEST_AIRPORT_ID
Origin_Degree_Centrality
ORIGIN_AIRPORT_ID
Destination_Degree_Centrality
DEP_TIME
Origin_Closeness_Centrality
Destination_Closeness_Centrality
Destination_Betweenness_Centrality

Origin_Betweenness_Centrality

DEP_DELAY

2 4 6 8
Rank-Transformed Permutation Importance

0

Figure 4. Permutation feature importance for CB.

Across all the models, the network centrality measures, particularly betweenness and
degree centrality, are consistently ranked among the top features, indicating their critical
role in improving flight delay prediction. These results highlight the importance of integrat-
ing network structure insights into machine learning models for more accurate predictions.

5.2. Comparison with Baseline Models

The comparison between those models trained with and without network centrality
measures reveals notable improvements in performance across all the metrics: accuracy,
precision, recall, and F1-score, as shown in Figure 5.

Accuracy measures the proportion of correctly predicted instances out of the total
predictions. As shown in the figure, the inclusion of centrality measures increases the
accuracy for all the models: RF improves from 84.5% to 86.2%, GB from 85.1% to 85.8%,
and CB from 85% to 85.6%.

Precision indicates the proportion of true positive predictions among all the positive
predictions. Precision also improves with the addition of centrality features: RF’s precision
increases from 86.3% to 86.9%, GB from 87.6% to 88.8%, and CB maintains a high precision
with a slight improvement from 88.5% to 88.5%.

Recall (also known as sensitivity) measures the proportion of actual positive instances
correctly identified by the model. The figure shows an increase in recall for all the models:
RF from 72.9% to 74.2%, GB from 74% to 74.6%, and CB from 87% to 88%.
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Figure 5. Performance comparison of RF, GB, and CB models trained with and without network
centrality measures, evaluated using accuracy, precision, recall, and F1-score.

F1-score is the harmonic mean of precision and recall, providing a balance between
the two metrics. The Fl-scores reflect an overall improvement, with RF rising from 79 to
81.2, GB from 79.8 to 80.8, and CB from 79.5 to 80.3.

The results clearly demonstrate that incorporating network centrality measures into
the models enhances their predictive performance. This improvement is evident across
all the evaluated metrics, confirming that the integration of network structure insights
contributes to more accurate and reliable flight delay predictions.

6. Discussion

The results from the permutation feature importance analyses indicate that network
centrality measures significantly enhance the performance of flight delay prediction mod-
els. These measures, particularly betweenness and degree centrality, consistently ranked
among the most important features across all the models. This finding underscores the
relevance of network structure in understanding and predicting delays within the complex
air transportation system.

While traditional features such as scheduled departure and arrival time, departure
delay, and airport IDs remain crucial, the inclusion of centrality measures adds a valuable
layer of predictive insight. This suggests that the structural properties of the airport
network, including the connectivity and centrality of the airports within the network, play
a critical role in the propagation of delays.

Previous studies have also applied RF or GB for flight delay prediction with varying
degrees of success. For example, Choi et al. [8] implemented DT, RF, AdaBoost, and k-
Nearest-Neighbors, achieving the highest accuracy of 83.4% with RF using data from BTS.
Our model, also using RF on BTS data, achieved a higher accuracy of 86.2%. Another
study [17] applied RF for large-scale delay prediction, achieving a 90.2% accuracy in
binary classification. However, this study used a completely different dataset from China,
which was created with a proprietary big data platform and included weather information.
Similarly, Liu et al. [18], using the same big data platform, applied GB and obtained an
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accuracy of 87.72%. In comparison, our accuracies of 86.2% with RF and 85.8% with GB are
slightly lower, but this difference can be attributed to the use of different data sources.

Despite the promising results, there are limitations to this study. The current model
does not predict the duration of delays, which is crucial for practical applications. Future
research should explore the use of alternative predictors, including real-time data, and
consider the impact of other factors such as weather conditions.

Finally, while the results are encouraging, further validation on different datasets and
with more complex models, such as deep learning models, is necessary.

7. Conclusions

This study integrated network centrality measures into machine learning models to
enhance the accuracy of flight delay predictions. The models, including RF, GB, and CB,
showed improved performance with the inclusion of the centrality measures. The accuracy
increased from an average of 84.5% to 86.2% for RF, 85.1% to 85.8% for GB, and 85.0% to
85.6% for CB. The precision, recall, and F1-scores also improved, highlighting the value
of the centrality features. The importance of these measures, especially betweenness and
degree centrality, was confirmed through feature importance analysis.

The innovation of this study lies in the novel integration of network centrality mea-
sures into machine learning models for flight delay prediction, which, to the best of our
knowledge, has not been explored in the literature. This approach provides new insights
and improves the predictive accuracy beyond the traditional methods.

However, the study’s limitations, including the focus on binary classification and
the use of departure delay as a predictor, suggest several directions for future research.
The future work should explore predicting the duration of delays, considering additional
features like weather conditions, incorporating real-time data, and comparing the results
with those of published studies using the same datasets. Expanding the methodology
to include other ensemble learning methods and applying it to different transportation
networks could further enhance the prediction accuracy and robustness.

In conclusion, while this study makes significant strides in improving flight delay
predictions, ongoing research and refinement are necessary to fully realize the potential of
network centrality measures in this domain.
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