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Abstract: - This study develops and compares machine learning models to predict flight delays at Tirana
International Airport (LATI). Using Neural Networks (NN), XGBoost, and Decision Trees (DT) as a baseline
model, the study classifies flight delays in real time from the moment of departure. The models predict arrival
delays, utilizing operational, environmental, and historical flight data. The performance of the models was
evaluated at various thresholds, with XGBoost showing the best balance of precision and recall, while Neural
Networks excelled in capturing delayed flights at the cost of increased false positives. The results show the use
of machine learning algorithms in the management of delays for airports and airlines. Future work could improve
the models through incorporation of additional airport features that can be more specific, like the number of
runways, air traffic control information, and weather components like thunderstorms, strong winds, and high-
altitude weather along the path of the flight, many of which might improve delay prediction and operational
decision-making and might be captured easily through standard weather data.
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1 Introduction mainly. Both business and leisure travelers experience
The aviation industry is expanding very quickly, as disruptions in their travel plans. A deep understanding

the number of passengers will almost triple from 4.6 ~ ©f these kinds of delays is very important for
billion to 12.4 billion, according to the ICAO Strategic ~ companies that operate in the insurance sector, as they

Plan 2026-2050 [1], leading to a growing need for can manage travel and flight delay insurance poligies.
more airspace and larger capacities in the airports [2]. Taking the European annual delay cost into
To manage this increase effectively, it's essential to ~ consideration, estimated between 6.6 and 11.5 billion
expand airport capabilities. As Albania's aviation ~ ©uros [7], itis very evident that a large economic issue
industry grows, the issue of flight delays- defined as 15 raised due to these delays that impact airport and
departures that occur at least 15 minutes later than ~ a1rspace capacity planning [8]- o

scheduled [3], [4]- is becoming more noticeable. This paper examines flight delay prediction at

These delays are hard to pin down due to various Tirang International Airport 'u.sing three machine
factors such as weather, airport operations, airline ~ l€arning models, such as Decision Trees, used as a
management, air traffic, and passenger issues [5], [6]. tradlt-lonal baseline model, and deep learning
Airports face challenges from delays as they strain algorithms such.as Neural Netwqu and XGBoost.
resources like runways and gates, putting added The rpodels are '1mprove'd with training da?asets that
pressure on security and resource management. The contain weather 1nformqt10n and flight dgta in order to
delay of the flights increases the costs of airlines in be suited for the operational needs of Tirana Airport
sectors of maintenance, operation, and staffing and the flight routes that operate from Tirana. Data
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from Eurocontrol’s R&D archives [9] are used in the
study and contain location and time aspects in the
feature engineering process.

The contribution of this study lies not in
introducing new algorithms, but in how existing
models are applied within a real operational context.
By focusing on Tirana International Airport, the
analysis integrates operational, environmental, and
engineered variables into a predictive framework
tailored to the conditions of the airport. In addition,
the study deals with decision thresholds and their role
in improving the detection of delays in real-time
operational use.

2 Literature Review

Methods of flight delay prediction can be grouped into
three categories: statistical models, simulation and
empirical approaches, and machine learning-based
models.

Statistical models are based on analyzing historical
data in order to identify patterns and relationships
between the wvariables in the dataset. Common
approaches included are regression analysis, Bayesian
networks, and Kalman filtering [6]. For example, [10]
developed a Bayesian network model to predict delays
in subsequent flights by examining factors that had a
key influence. Furthermore, the study done by [11]
which builds the work of [12] develops statistical
models to estimate the economic impact of flight
delays on European airlines. These models take into
account different components in the costs that include
fuel consumption, maintenance, and passenger
compensation. In a similar way [8] provides a
statistical analysis of departure delays and their
financial impact for both European airlines and
airports, indicating cost drivers and the way delays
tend to propagate across operations. This study is used
as one of the key references in this research.
Complementing this direct-cost perspective, [30]
highlights the hidden costs of unpunctuality, showing
that delays can undermine customer loyalty and
airline market share even when direct compensation
costs are not incurred.

Simulation-based and empirical models tend to
better understand how delays emerge and how they
are propagated in the air transport system. These
models replicate operations of aircraft, scheduling,
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and interactions between flights. For example, [13]
proposes a model that is agent-based in order to

capture reactionary delay propagation in the
European air transport network, and in a similar way
[14] developed an airport-centric queuing network
model to analyze the impact of capacity reductions on
delays. The approaches above are useful in order to
understand the behavior of the system, especially in
airports  with complex and interconnected
environments.

The machine learning-based delay prediction
methods process a large volume of historical data to
build predictive models to capture complex or
nonlinear relationships. Supervised learning is
commonly used where models are trained on labeled
data to classify/predict delays. Popular algorithms for
this include artificial neural networks, support vector
machines, and decision trees. [15] applied regression-
based models for delay forecasting, while [6]
improved prediction accuracy using gradient boosting
techniques. In a similar way [16] and [17] showed a
strong performance using random forests and decision
trees with weather-related features and [18] also
showed that neural networks can achieve high
accuracy when aircraft-specific information is
included. More recently [19] Introduced a
probabilistic tree-based model to improve the
reliability of prediction. While these studies show
strong predictive performance, most of them focus on
large-scale or generalized airport systems, with less
emphasis on smaller or capacity-constrained airports
like the airport in Tirana.

While the study by [6] achieved strong results
using gradient boosting classifiers, it focused on a
generalized dataset with multiple airports included. In
contrast, this study focuses specifically on Tirana
International Airport and incorporates operational,
environmental, and engineered variables that reflect
its specific characteristics. The use of Neural
Networks and XGBoost allows the model to capture
non-linear relationships between these variables,
while Decision Trees are used more as a baseline for
comparison. In addition, this study places emphasis on
decision thresholds and their impact on delay
detection, aiming to support real-time operational
decision-making. This gap  motivates the
methodology presented in the following section.
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3 Methodology
3.1 Algorithms Description

3.1.1 Decision Trees

A Decision Tree is a supervised machine learning
algorithm, which splits the data into subsets that are
based on values of the features in order to classify
whether a flight is delayed or not delayed. The
metrics, such as Gini Impurity or Entropy guide the
splitting process. Gini Impurity is calculated as:

k
Gini(t) =1 — z p;?
i=1

where D; is the proportion of samples in class [ .
A lower Gini value indicates higher purity. Similarly,
Entropy is used for the measurement of uncertainty,
and it is calculated as:

k
Entropy(t) = — Z pilog2(pi)
i=1

Decision Trees are very intuitive and relatively
easy to interpret, but they are prone to overfitting,
which can be mitigated by techniques like pruning or
ensemble methods such as Random Forests [20].

In this study, the Decision Trees model is used as
a baseline to provide a simple and interpretable
comparison against more advanced models used in the
study. They help capture basic relationships between
operational and environmental variables, although
their performance is limited when dealing with more
complex and non-linear interactions present in flight
delay data.

3.1.2  Neural Network

A Neural Network is a computational model used to
capture complex and non-linear relationships between
variables such as departure time, weather conditions,
and previous delays [21]. The model is trained using
backpropagation [22], , where the difference between
predicted and actual values is minimized, and the
Adam optimizer is used to improve convergence
efficiency [23]. The ReLU activation function is
applied in the hidden layers due to its effectiveness in
handling non-linear patterns in the data [24]. The

output of each neuron is computed as:
n

y=f<inwi+b>

i=1
(1) Neural Networks Formula
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where y is the output, x; are the input features, w;
are the weights and b is the bias term, with f being the
activation function.

The neural network in the study consists of three
dense layers with 128, 64, and 32 neurons,
respectively, combined with a dropout rate of 0.3 to
lower the effect of overfitting. A learning rate of 0.001
is used for model training for 30 epochs. Considering
the structure and the size of the dataset, the selected
configuration was chosen in order to balance the
complexity of the model and to generalize better.
Early stopping was not applied as the model showed a
stable convergence within the defined number of
epochs.

3.1.3 XGBoost (Extreme Gradient Boosting)
XGBoost [25] is an ensemble learning method based
on gradient boosting where decision trees are built
sequentially in order to improve the accuracy of the
prediction. For structured datasets, it is very effective
and also captures complex interactions between the
variables. The objective function used in XGBoost
combines a loss function and a regularization term and
can be written as:

Objective Function = L(0) + Q(0)
(2) XGBoost Formula

XGBoost uses second-order optimization to
improve the learning process and enhance model
performance [26]. In this study, XGBoost is applied
using a binary logistic objective function to classify
flights as delayed or not. Tuning of these
hyperparameters was done through iterative testing,
and the final model was configured with a learning
rate of 0.09, a max depth of 11, and 500 estimators in
total. The settings were selected in order to achieve a
balance between predictive performance and also for
overfitting.
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Table 1. The original data of flight information from

Eurocontrol
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Source: created by the authors

3.2 Data Processing

Before applying the algorithms to the dataset, a pre-
processing step is performed to transform the raw data
into a format suitable for analysis ( Figure 1). The
flight information, extracted from Eurocontrol's R&D
archive [9] covers each quarter of the year (March,
June, September, and December) from 2016 to 2022
for all flights across Europe.

One aspect of dataset filtering consisted of filtering
the flights that departed from andlanded at the airport
of Tirana. As shown in Table 1, this refined dataset
contains 18 columns and 54,728 rows. Other filtering
consisted of excluding military aircraft, cargo flights,
and operations because the study focuses only on
commercial aviation. Key variables such as
“OFF_BLOCK DELAY” and
“ARRIVAL DELAY” were calculated as the
difference between planned and actual departure and
arrival times. A “YEAR_MONTH” variable was also
created to capture time-related patterns.

Feature engineering was applied to enrich the
dataset (Figure 2). The number of passengers per
flight was estimated by linking aircraft type to seating
capacity and applying a load factor of 80% [27].
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Flight categorization into ‘morning’, ‘afternoon’,
‘evening’ and ‘night’ flights was part of the time-
based features that were extracted. Also, a
‘Day_of the week” variable was created in order to
distinguish between weekdays and weekends. The
frequency of flights per day was calculated as the
number of flights departing from and arriving in
Tirana.

Considering infrastructure changes at Tirana
Airport throughout the studied period, a new variable
called ‘Gate Expansion’ was introduced that shows
the increase in the number of gates from 7 to 17 in July
2022.

To account for delay propagation, a
“PREV_ARRIVAL DELAY” variable was
constructed by linking consecutive flights with the
same aircraft. If the arrival airport of one flight
matched the departure airport of the next, the delay
was transferred to the subsequent flight. A variable
capturing congestion was also introduced in order to
capture the operational pressure at the airport, and it
was calculated based on the number of flights within
a 30-minute time window. Weather data from
Meteostat [28] was integrated by matching departure
and arrival times with local weather conditions at
Tirana Airport.

The dataset contains a higher proportion of non-
delayed flights compared to delayed ones, indicating
class imbalance. This is addressed in the evaluation
stage by prioritizing recall and Fl-score and by
adjusting classification thresholds to improve the
detection of delayed flights.

Main Input
Raw Data From
EUROCONTROL

Filter 1
Remove all
Tirana's

International

Airport non-
related flights

1L

Filter 2
Remove all
helicopters, military
and all cargo
aircraft from the
dataset

~=1

Obtain Flight

Filter 3
Remove
outliers

Feature
Engineering

Fig. 1: Flowchart of the data filtering process
Source: created by the authors

[)

Delays

Output
Data ready for
Analysis
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Fig. 2: Flowchart of feature engineering
Source: created by the authors

3.3 Model training & evaluation

To ensure a robust predictive performance and
minimize generalization error, systematic model
tuning and evaluation were performed prior to final
model deployment, as shown in Figure 3.

To ensure reliable model performance, the dataset
was split into training and testing sets using an 80%—
20% ratio. A time-based split was applied in order to
preserve the temporal structure of the data and better
reflect real-world conditions where models are used
to predict future flights based on observations from
the past.

In order to improve the model performance and
reduce overfitting, key parameters were tuned for
each model. For the Neural Network model that is
shown in Table 3, the architecture included three
dense layers (128, 64, and 32 neurons) with a ReLU
activation function and a dropout rate of 0.3 or 30%.
Training of the model included the Adam optimizer
with a learning rate of 0.001 for 30 epochs.

This configuration provided a very good balance
between the complexity of the model and its
generalization performance, and it was chosen after
testing different setups.

No early stopping was applied, as the model
showed stable convergence in the defined number of
epochs used. This helps reduce overfitting and makes
the model perform better on data that is unseen.
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Processed
Dataset

!

Training Set

Testing Set

Train Neural
Network and
XGBoost Models

Fine
tuning

v

Model Evaluation

Predictive Model

Fig. 3: Machine learning model workflow
Source: created by the authors

For XGBoost as shown in Table 2,
hyperparameters such as learning rate, max depth,
and number of estimators were tuned through
iterative testing. The configuration in the final model
consisted of a learning rate of 0.09, max depth of 11,
and 500 estimators. These parameters were selected
to capture complex feature interactions and to avoid
the problem of overfitting.

Categorical variables such as “WEEK TYPE’,
‘TIME_BLOCK’, ‘AC_TYPE’,
‘STATFOR_MARKET SEGMENT”,
‘AC_OPERATOR’, ‘ADES’, and ‘ADEP’ were
transformed using one-hot encoding to make them
suitable for model training. The same pre-processing
steps and features were applied to all models to
ensure a fair comparison.

Missing values were handled differently across
models. In Neural Networks, the missing values
were treated implicitly during the training process,
while XGBoost handled the missing values natively
as ‘NaN’ values using its built-in mechanism.

Confusion matrices, precision, recall, F1 score,
and ROC curves were used in order to evaluate the
performance of the model. An emphasis was
particularly put on recall and F1 score due to the
imbalance of the class in the dataset and the
importance of the operations in detecting delayed
flights.

To further improve delay detection, different
classification thresholds ranging from 0.0 to 1.0 were
tested systematically. The selection of the optimal
threshold was based on maximizing the F1-score
while putting greater importance on recall.

The operational objective of identifying as many
delayed flights as possible was achieved by the
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mentioned approach, even at the cost of higher false
positives.

In addition to Neural Network and XGBoost, the
Decision Tree model that is used as a baseline in the
study was also tuned in order to provide a meaningful
baseline comparison. The model was configured
using the Gini criterion, with a maximum depth of 10
and class weights set to “balanced” to account for
class imbalance. Additional parameters such as the
number of estimators, random state, and minimum
samples per leaf were selected to improve model
stability and avoid overfitting. The full set of
parameters used for the Decision Tree model is
presented in Table 4.

Table 2. XGBoost Model Parameters

Hyper- Value | Hyper-parameter | Value

parameter

Learning Rate | 0.09 | N_estimators 500

Max Depth 11 Min Samples 10
Leaf

Min Samples 9 Min Samples 14

Split Split

Source: created by the authors

Table 3. Neural Network Model Parameters

Hyper-parameter | Value | Hyper-parameter | Value
Dropout Rate 0.3 Learning rate 0.001
Neurons 128 Neurons 64
(Layer 1) (Layer 2)

Neurons 32 Epochs 30
(Layer 3)

Source: created by the authors

Table 4. Decision Tree Model Parameters

Hyper- Value Hyper- Value

parameter parameter

Criterion Gini Number of 500
splits

Max Depth 10 Random state | 42

Class weight balanced | Min samples 50
leaf

Source: created by the authors
4 Results

The study developed predictive models to identify
flight delays at Tirana International Airport (LATI)
from the moment a flight takes off, using machine
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learning techniques, specifically Decision Trees,
Neural Network (NN), and XGBoost.

These models focused on predicting/classifying
arrival delays from the moment of a flight’s
departure.

The target variable
‘ARRIVAL DELAY_ CLASS’ classified flights as
delayed if their arrival time was 15 minutes later than
their scheduled time, which is a widely accepted
benchmark for delay classification in aviation papers

[4].

4.1 Model Comparison at Threshold = 0.5

All three models at a threshold of 0.5, including
Neural Network, XGBoost, and Decision Tree,
demonstrate distinct performances in their precision,
recall, and overall accuracy in predicting/classifying
flight delays at Tirana International Airport, as shown
in Table 5.

The Decision Tree model is used as a baseline
algorithm for comparison with more advanced
Machine Learning algorithms like Neural Network
and XGBoost, mainly due to its simplicity and easier
interpretability. But despite its simplicity, the
Decision Tree model can also capture non-linear
relationships between its features and the target
variable. This factor allows this algorithm to be easy
to interpret and transparent in the model’s prediction.
However, Decision Trees are prone to the problem of
overfitting, and generalization might be a struggle
when there is high noise in the data or when the
dataset is imbalanced, which might often be the case
when dealing with flight delay data. As can be seen
from Table 5, Decision Tree achieves an accuracy of
86.71% , precision for class 0 of 87%, precision for
class 1 of 62%, recall for class 0 of 99%, and recall
for class 1 of 7%, which indicates a poor
performance.

The Neural Network model, on the contrary,
achieves an accuracy of 88.21%, with a precision of
97% for class 0 ( non-delayed flights ) and a precision
of 54% for class 1 ( delayed flights ), overall better
than the Decision Tree algorithm. The high precision
for non-delayed flights shows that the model is very
much accurate when it predicts a flight as a non-
delayed one. On the other hand, the low precision for
delayed flights indicates that the model labels
incorrectly a significant number of non-delayed
flights as delayed, which leads to a high number of
false positives.

Despite this, the model performs well in terms of
recall for class 1, as it can correctly identify 86% of
the delayed flights. On the other hand, the recall for
class 0 is 89%, which shows that even though the
model is fairly good, it still misses identifying some
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non-delayed flights. The F1 score of 66% for class 1
reflects the trade-off between precision and recall, as
the model prioritizes identifying delayed flights, but
this comes at the cost of more false positives.

At a treshold of 0.5, XGBoost model achieves a
higher accuracy of 93.13% and a precision for class
0 0f 95% and 79% for class 1. The high precision for
both classes, especially for class 1, indicates that it
makes more accurate predictions when classifying
flights as delayed. It also achieves a higher recall of
97% compared to the algorithm of Neural Network
and also of Decision Tree for class 0, which means it
correctly identifies most of the flights that are non-
delayed. The recall metric for class 1 is 68%, which
is slightly lower than Neural Network, but still has a
strong performance. This fact makes the XGBoost
algorithm more balanced overall in identifying both
the delayed and non-delayed flights with fewer false
positives compared to the Neural Network algorithm.

Table 5. Performance Comparison of NN and
XGBoost Models with Threshold=0.5

Metric Decision | Neural XGBoost

Trees Network

(NN)

Accuracy 86.71% | 88.21% 93.13%
Precision 87% 97% 95%
(Class 0)
Precision 62% 54% 79%
(Class 1)
Recall 99% 89% 97%
(Class 0)
Recall 7% 86% 68%
(Class 1)
F1-Score 93% 93% 96%
(Class 0)
F1-Score 12% 66% 73%
(Class 1)

Source: created by the authors

In the confusion matrices below, it is seen that for
the Neural Network in Figure 4 there are 8833 true
negatives (non-delayed flights correctly predicted as
non-delayed), 1347 true positives ( delayed flights
correctly predicted as delayed ), but it misclassifies
1132 non-delayed flights as delayed (false positives),
and it misses 228 delayed flights ( false negatives ).
For the XGBoost model shown also in Figure 5, there
are 9676 true negatives ( non-delayed flights
correctly predicted as non-delayed ), 1071 true
positives ( delayed flights correctly predicted as
delayed ), with 289 false positives and 504 false
negatives.
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Fig. 4: Confusion Matrix for Neural Network Model

with Treshold= 0.5
Source: created by the authors

Overall, at the default threshold of 0.5, XGBoost
provides the most balanced performance across all
classes, while the Neural Network model shows a
stronger ability in the detection of delayed flights but
at the cost of higher false positives. The Decision
Tree model, which is simple and easy to interpret,
performs poorly in identifying delayed flights, as
reflected in its very low recall for class 1.

Confusion Matrix - XGBoost

Q
£
= 289
v <
rle)
©
-
Q
> o
E o
= 504 1071
v
)
On-Time Delayed

Predicted Label

Fig. 5: Confusion Matrix for XGBoost Model with
Treshold= 0.5

Source: created by the authors

4.2 Model Comparison at Threshold = 0.25
At the threshold of 0.25, in comparison with the 0.5
threshold, all three Decision Tree, Neural Network,
and XGBoost models show a significant
improvement in recall, especially for class 1 ( for the
delayed class ), as shown in Table 6.

The threshold decrease makes the models more
aggressive in predicting delays as they capture more
delayed flights, but there is also an increase in the
number of false positives. The adjustment is
intentional in order to prioritize the detection of as
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many delayed flights as possible, as it is crucial for
effective airport and airline operations.

The Decision Tree model did not perform very
well. It showed an improvement of 29% recall for
class 1, but at the expense of lower precision for both
classes, especially for delayed flights. The precision
for class 0 was 89%, but the precision for class 1
remained low at 32%, and the model still missed a
substantial number of delayed flights.

For the Neural Network model, recall for class 1
increases to 93%, showing more delayed flights that
are detected, but precision for class 0 ( non-delayed
flights ) drops to 99%. False positives increase even
with the precision for non-delayed flights remaining
high, which shows that more on-time flights are
classified incorrectly as delayed. The shift in the
balance leans more towards recall, which aligns with
the goal of early identification by airlines, especially
in order to allow them to make proactive decisions.

In a similar way, XGBoost also sees an increase
of 83% in recall for class 1, but at the cost of a little
decrease of 97% in precision for class 0. XGBoost
reaches a solid performance across classes as it
achieves a better balance between precision and
recall compared to the Neural Network and Decision
Tree. However, lowering the threshold to 0.25 still
leads to some false positives, though fewer than in
the Neural Network or Decision Tree model.

Table 6. Performance Comparison of NN and
XGBoost Models with Threshold=0.25

Metric Decision | Neural XGBoost

Trees Network

(NN)

Accuracy 81.58% | 81.68% 91.78%
Precision 89% 99% 97%
(Class 0)
Precision 32% 51% 66%
(Class 1)
Recall 90% 80% 93%
(Class 0)
Recall 29% 93% 83%
(Class 1)
F1-Score 90% 88% 95%
(Class 0)
F1-Score 30% 58% 73%
(Class 1)

Source: created by the authors

From an operational perspective, putting recall as
a priority is more important than maximizing the
precision of the model because failing to detect a
delayed flight ( false negative ) might lead to higher
operational and financial costs to the airlines
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compared to false alarms. Therefore, a lower
threshold provides a more practical solution for real-
time delay management in environments with
constrained capacities, such as Tirana International
Airport.

4.3 ROC Curve and Feature Importance

The ROC curve that is shown in Figure 6 illustrates
the performance of the XGBoost model. The curve
plots the True Positive Rate or Recall on the y-axis
against the False Positive Rate (1 - Specificity) on the
x-axis. A larger area under the curve (AUC) shows a
better performance for the model.

Although ROC/AUC is presented only for
XGBoost, as it demonstrated the highest
discrimination ability among the two other models, it
is worth mentioning that similar performance
patterns were also observed for Neural Networks and
Decision Trees.

In this case, the AUC is 0.96, which demonstrates
the ability of the model to distinguish between
delayed and non-delayed flights. The steep ascent of
the curve in Figure 6 shows that the model is good at
identifying delays with a low rate of false positives in
order to align with the goal of the study to put a
priority on recall.

Receiver Operating Characteristic (ROC) Curve

0.8

o
o

True Positive Rate
o
-

0.2 -

= ROC curve (area = 0.96)

0.0
0.0 0.2 04 06 08 10

Fig. 6: ROC Curve

Source: created by the authors

The feature importance plot from the XGBoost
model in Figure 7 shows that the most influential
factors for predicting flight delays are linked to
operational details and flight-specific variables. The
distance flown by the aircraft is the most significant
factor, followed by the delay experienced before the
flight departs and the previous delay history of the
flight.

These factors suggest that past delays and flight
duration play a key role in predicting and classifying
arrival delays in real time.
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Other important features include flight frequency
and weather conditions at Tirana, both of which
directly influence delay predictions. According to
[6], weather at departure and arrival airports is a
major cause of delays, including factors such as low
visibility, thunderstorms, and strong winds, while
more complex effects, such as runway conditions are
often difficult to capture in standard datasets [29].
Flight frequency and overall airport traffic also play
a key role, aligning with findings by [8], particularly
in capacity-constrained airports like Tirana. In
addition, the congestion during scheduled arrival
times and the estimated number of passengers further
contribute to delays as higher traffic levels create
operational pressure on airports.

These results confirm that, especially in a single
airport study where the local conditions have an
impact on performance, both operational and
environmental variables are key drivers of delays.
Also, feature importance provides useful insights,
such as the non-linear relationships where
interactions between variables can be complex and
less straightforward to interpret. While there are no
formal statistical significance tests conducted in the
study, the consistency of results across models and
thresholds suggests that the findings are robust.

XGBoost Feature Importance
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Fig. 7: Feature Importance Plot
Source: created by the authors

5 Conclusions
This study developed and compared machine
learning models for predicting flight delays at Tirana
International Airport, using Decision Trees as a
baseline and Neural Networks and XGBoost as more
advanced approaches. The models were designed to
classify delays at the moment of departure by
combining  operational, = environmental, and
engineered variables derived from Eurocontrol data.
The results show that XGBoost provides the most
balanced performance in terms of precision and
recall, while the Neural Network is more effective in
detecting delayed flights, although with a higher
number of false positives. Lowering the classification
threshold improves delay detection for both models,
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highlighting the importance of threshold selection in
practical applications.

The main contribution of this study does not lie in
introducing new algorithms, but in applying them in
a real operational context. By focusing on a single
airport and integrating feature engineering with
threshold-based evaluation, the study shows how
model configuration can support real-time decision-
making. In this context, detecting delays early can be
more valuable than minimizing false alarms,
especially in environments with constrained
capacities.

From an operational perspective, the findings
suggest that prioritizing recall can improve delay
management by increasing the detection of potential

disruptions. This approach is relevant for airports
with a limited capacity where even small delays can
quickly propagate across the airport's operations.

Despite these findings, some limitations should be
acknowledged. The study focuses on a single airport
and relies on available operational and weather data,
which may not capture all external factors affecting
delays. Moreover, no formal statistical significance
tests were conducted, although performance patterns
remained consistent across models and thresholds.

Future work could extend this approach in order
to include more detailed weather data, including en-
route conditions, and apply Al techniques such as
SHAP to understand the behavior of the model better.
In addition to the above, expansion of the analysis to
multiple airports or experimentation with hybrid and
ensemble models could improve models in terms of
generalization and predictive/classifying
performance of the delays.
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