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Abstract— Air transport is a critical component of global economy, facilitating business, tourism, and logistics. However, 

flight delays pose significant challenges, leading to economic losses and passenger dissatisfaction. Recent studies employ 

machine/deep learning for delay prediction but largely rely on single-source datasets such as schedules and weather, treat 

arrival and departure delays independently, and rarely integrate operational processes like baggage handling. This study 

introduces a holistic multi-source data integration framework for predictive modeling of airport flight delays using 

advanced Artificial Intelligence (AI) techniques. The framework combines flight schedules, Automatic Dependent 

Surveillance–Broadcast (ADS-B) data, weather conditions, airport-specific features, and baggage-handling information 

to build comprehensive predictive models for arrival and departure delays. Our primary contribution is a novel integration 

methodology and the introduction of the “Dissimilarity Ratio,” a baggage-derived feature that enhances prediction 

accuracy. For arrival delay prediction, Random Forest demonstrates superior short-term performance, achieving Mean 

Absolute Error (MAE) of 2.23 minutes. For departure delay prediction, XGBoost is the optimal model, with baggage-

specific features improving Mean Squared Error (MSE) by up to 24.97%. These results show measurable improvements 

over prior studies by leveraging multi-layered operational data within a unified predictive framework and offer practical 

implications for improving airport efficiency and passenger satisfaction. 

Keywords— aviation management, deep learning, flight delay prediction, machine learning, multi-source data integration, 

predictive analytics 

Havalimanı Uçuş Gecikmelerinin Yapay Zeka 

Teknikleriyle Öngörüsel Modellenmesi 
 

Özet— Havayolu taşımacılığı, iş dünyası, turizm ve lojistik faaliyetlerini destekleyerek küresel ekonominin kritik bir 

bileşeni haline gelmektedir; ancak uçuş gecikmeleri ekonomik kayıplara ve yolcu memnuniyetsizliğine yol açan önemli 

operasyonel sorunlar oluşturmaktadır. Son yıllarda yapılan çalışmalar, gecikme tahmini için makine öğrenmesi ve derin 

öğrenme yöntemlerini kullanmakla birlikte çoğunlukla uçuş programları ve hava durumu gibi tek kaynaklı veri setlerine 

dayanmakta, varış ve kalkış gecikmelerini birbirinden bağımsız ele almakta ve bagaj işleme süreçleri gibi operasyonel 

unsurları sınırlı biçimde bütünleştirmektedir. Bu çalışma, havaalanı uçuş gecikmelerinin kestirimi için gelişmiş Yapay 

Zekâ tekniklerini kullanan bütüncül ve çok kaynaklı bir veri entegrasyon çerçevesi sunmakta olup uçuş programları, 

Automatic Dependent Surveillance–Broadcast (Otomatik Bağımlı Gözetim – Yayın) verileri, hava durumu koşulları, 

havaalanına özgü özellikler ve bagaj işleme bilgilerinin bir araya getirilmesiyle hem varış hem de kalkış gecikmeleri için 

kapsamlı tahmin modelleri oluşturulmuştur. Çalışmanın temel katkısı, yenilikçi bir veri entegrasyon metodolojisinin 

geliştirilmesi ve tahmin performansını artıran bagaj temelli yeni bir özellik olan Benzerlik Dışı Oranı’nın (Dissimilarity 

Ratio) literatüre kazandırılmasıdır. Varış gecikmesi tahmininde Random Forest algoritması kısa vadeli kestirimlerde 

üstün performans göstererek Ortalama Mutlak Hata (Mean Absolute Error, MAE) değerinde 2.23 dakika elde etmiş; 

kalkış gecikmesi tahmininde ise XGBoost modeli en yüksek başarıyı göstermiş ve bagajla ilişkili özelliklerin kullanılması 

Ortalama Kare Hata (Mean Squared Error, MSE) değerinde %24.97’ye varan iyileşme sağlamıştır. Bu bulgular, çok 

katmanlı operasyonel verilerin bütünleşik bir kestirim çerçevesinde kullanılmasının önceki çalışmalara kıyasla ölçülebilir 

performans iyileştirmeleri sağladığını ortaya koymakta ve havaalanı operasyon verimliliğinin artırılması ile yolcu 

memnuniyetinin geliştirilmesine yönelik pratik çıkarımlar sunmaktadır.  

Anahtar Kelimeler— havacılık yönetimi, derin öğrenme, uçuş gecikmesi tahmini, makine öğrenimi, çok kaynaklı veri 

entegrasyonu, öngörüsel analizler 
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1. INTRODUCTION 

In today’s fast-paced global economy, air transport plays 

an indispensable role in facilitating business, tourism, and 

logistics. Effective airline schedule planning is essential 

for carriers to achieve operational and financial goals. 

However, these schedules are typically developed under 

the assumption of ideal, disruption-free conditions. In 

practice, numerous factors, such as adverse weather, 

mechanical failures, congestion in air traffic, and security 

concerns, often cause delays and operational disruptions 

[1]. 

One of the major challenges in aviation management is 

flight delays, which not only disrupt airline operations and 

passenger schedules but also lead to significant economic 

and environmental costs. According to Federal Aviation 

Administration (FAA) [2] estimates, delays resulted in $33 

billion in costs and lost time for United States (US) 

airspace users and consumers in 2019. In another report 

prepared by EUROCONTROL [3], nearly 50% of delays 

within the European air network are classified as 

'reactionary delays', while delays attributed to 'airline-

related causes' constitute the second most frequent 

category. Airports in the US are more frequently impacted 

by convective storms, resulting in significant operational 

disruptions, whereas European airports are predominantly 

affected by low-visibility conditions, which have a greater 

influence on their performance indicators [4]. 

Short-term flight delay prediction outlines a critical 

operational capability for airport management system, with 

implications that extend far beyond simple schedule 

adherence. When airports can accurately forecast delays 

within minutes granularity rather than hours, they unlock 

operational advantages across multiple interconnected 

systems. For example, gate assignments can be 

dynamically optimized to maximize terminal capacity 

utilization, while ground handling resources—from 

baggage systems can be allocated with just-in-time 

precision. Fuel consumption is reduced through better 

engine start timing and taxi planning, while crew 

scheduling becomes more resilient against regulatory duty-

time limitations. Additionally, passenger connection 

management improves when airlines can make informed 

decisions about whether to hold connecting flights based 

on high-confidence arrival predictions 

The causes of flight delays are multi-factorial and highly 

variable across regions and time frames. These include 

weather anomalies, airspace and airport congestion, late-

arriving aircraft, maintenance issues, crew scheduling 

constraints, and regulatory interventions [5]. Traditional 

statistical models, such as regression analysis and time 

series forecasting, have long been employed to understand 

and mitigate these issues. However, the inherent non-

linearity, temporal complexity, and feature 

interdependence in flight operations demand more 

adaptive and intelligent approaches. 

Recent advances in AI, Machine Learning and Deep 

Learning offer significant potential in modeling and 

forecasting flight delays with improved precision [6-8]. 

Supervised learning techniques such as decision trees, 

Gradient Boosting Machines (GBMs) , and deep neural 

networks have been successfully applied to predict both the 

probability of delay (classification) and estimated delay 

time (regression). While existing research has made 

significant strides in flight delay prediction, several critical 

gaps remain. Most early studies rely on single-source 

datasets, typically combining publicly available flight 

records with weather data. In contrast, multi-source 

approaches have emerged to address the complex 

dependencies influencing flight delays. A few recent 

efforts aim to bridge arrival–departure interdependencies, 

but most still treat these as separate problems, missing the 

potential operational insights that arise from joint modeling 

of both perspectives. Furthermore, despite growing interest 

in comprehensive operational analytics, baggage handling 

processes—a critical factor influencing both departure 

punctuality and turnaround time—remain largely 

underexplored in existing literature. 

Moreover, Explainable AI (xAI) has emerged as a critical 

advancement, allowing aviation stakeholders to understand 

which features (e.g., wind speed, turnaround time, airport 

congestion) most strongly influence delay predictions [9-

11]. Tools such as Shapley Additive Explanations (SHAP) 

and Sobol sensitivity analysis help decode the "black box" 

nature of complex machine learning models, supporting 

trust, transparency, and action-ability in high-stakes 

aviation environments. 

Given these developments, research contribution and 

novelty here in this study are proposing a holistic 

predictive modeling framework for airport flight delays 

using AI techniques. The objectives and the contributions 

of this study are the following. 

 To integrate multi-source data including flight 

schedules, weather conditions, airport-specific 

features, baggage-specific features and ADS-B 

signal data. 

 To evaluate and benchmark machine learning and 

deep learning models for delay duration 

estimation, along with exploring alternative 

modeling approaches. 

 To provide short-term arrival flight delay 

prediction based on ADS-B data. 

 To provide short-term departure flight delay 

prediction based on flight data and baggage data. 

 To introduce novel “Dissimilarity Ratio” feature 

derived from baggage operations and used as an 

input during flight delay prediction. 

 To utilize explainability methods such as SHAP 

analysis to identify key delay drivers, offering 

practical recommendations for airline and airport 

stakeholders. 
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In Section 2, we discuss the available solutions, approaches 

and studies in literature. Then, we introduce the details of 

our proposed framework along with dataset, AI techniques 

and use-cases in Section 3. In Section 4, we present our 

detailed results and discussions. Finally, we conclude our 

paper in Section 5. 

2. RELATED WORK 

Accurate prediction of flight delays has become a critical 

challenge in modern transportation systems, driven by the 

operational, economic, and environmental implications of 

disruptions in air traffic. As the aviation industry strives to 

improve efficiency, minimize costs, and improve 

passenger satisfaction, data-driven and intelligent 

forecasting approaches have become increasingly 

valuable. 

 Recent advances in machine learning and deep learning 

have enabled the development of predictive models that 

can capture complex temporal patterns, non-linear 

relationships, and contextual factors influencing delays. 

These models vary in scope and methodology, from large-

scale network-wide analyses to airport-specific 

implementations. They also consider incorporating various 

data sources, such as historical flight records, weather 

conditions, and operational parameters. In addition to 

improving prediction accuracy, recent efforts also 

emphasize model interpret-ability, feature engineering, and 

real-world applicability, aiming to create systems that are 

both technically robust and operationally practical. The 

following studies illustrate this evolving landscape, 

showcasing a range of strategies and approaches applied to 

the flight-delay prediction problem and beyond. Recent 

studies cluster into three strands: (i) arrival-focused 

Estimated Time of Arrival (ETA)/delay modeling that 

leverages ADS-B trajectories and meteorology; (ii) 

departure-focused prediction of off-block/pushback delays 

and turnaround dynamics using multi-source operational 

signals; and (iii) hybrid or network-aware approaches that 

connect arrival and departure via rotations or data-light 

pipelines. In parallel, a growing body of work emphasizes 

xAI to align model outputs with decision-making. Below, 

we review each strand, synthesize the evidence, explicitly 

discuss xAI studies, and state the literature gap addressed 

by the present work 

2.1. Arrival-Focused Modeling (ETA / Arrival Delay) 

Arrival-focused studies largely exploit ADS-B trajectories, 

schedules, and weather to estimate short- to mid-horizon 

ETA or arrival delay. Attention/ Long Short-Term 

Memory (LSTM)-based models using real-time 

trajectories with masking for variable-length tracks report 

high classification accuracy when fusing ADS-B with 

meteorology and schedule data [17]. Vision-style 

encodings of trajectories as images reduce terminal-area 

landing-time MAE by over a third [18]. Classical machine 

learning baselines remain competitive when enriched with 

ADS-B and airport/schedule attributes—for instance, 

Random Forests achieve ≈90% accuracy for binary on-

time vs. delayed classification on ADS-B-centric datasets 

[19], and multi-source Random-Forest regression attains 

±5-minute ETA for ≈90% of terminal-area flights [20]. 

Data-light, online ETA approaches reconstruct partial 

tracks, match them to historical patterns, and use boosting 

for speed/path completion at the terminal boundary, 

supporting real-time deployability [21]. Cross-airport 

comparisons show deep recurrent models dominating 

recall in large-scale settings [22]. Network-wide arrival 

classification with feature engineering and imbalance 

handling confirms that tree-ensembles and feed-forward 

nets are strong baselines under rebalancing [12]. 

2.2. Departure-Focused Modeling (Off-Block, Pushback, 

Turnaround) 

Departure-focused work predicts off-block/pushback 

deviations—often at 10–120-minute tactical horizons—by 

combining operational variables (e.g., schedules, resource 

states), meteorology, and turnaround signals. Explainable 

multi-source pipelines align prediction with decision-

support, with SHAP/Sobol analyses highlighting 

interpretable drivers (flight type, time-of-day, elevation, 

weather) and Linear Discriminant Analysis balancing 

recall and transparency in some airport-level settings [14]. 

Regional case studies report that boosting methods 

(CatBoost, XGBoost, LightGBM) deliver strong 

classification/regression performance; calendar/time 

features and historical delay rates often outrank weather 

variables, while weather can provide marginal gains 

depending on context [15-16]. In our departure context, 

incorporating baggage-flow temporal signals—

particularly a normalized Dissimilarity Ratio that 

quantifies divergence between observed and baseline 

offload profiles—improves predictive accuracy and 

supports actionable thresholds for surge staffing and belt 

consolidation. 

2.3. Hybrid & Network-Aware Approaches (Arrival + 

Departure, Rotations, Data-Light) 

Hybrid and network-aware approaches link arrival and 

departure by modeling rotations or by learning along the 

route with minimal covariates. A representative example is 

the Flight Delay Path Previous-based Machine Learning 

(FDPP-ML)  framework, which restructures schedule 

records into path sequences and injects ‘flight duration 

time’ and ‘previous-flight delay’ features—achieving 

substantial MAE/MSE reductions on 2-hour horizons 

without hard-to-obtain inputs [13]. Complementary work 

investigates broader, network-level baselines and US-scale 

settings [12], motivating joint consideration of arrival-

driven constraints and departure-side turnaround risks 

within a single operational frame. 

2.4. xAI for Flight-Delay Prediction 

Beyond accuracy, explainability is crucial for operational 

adoption. Airport-level studies employing xAI report that 
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global SHAP importance and Sobol sensitivity can surface 

consistent drivers and support factor prioritization while 

maintaining competitive predictive performance [14]. 

Although LIME-style local explanations are conceptually 

suitable for incident-level review, explicit LIME usage is 

rarely documented in the aviation delay literature 

compared to SHAP/Sobol. Overall, xAI has been used to 

rationalize models in both arrival and departure contexts, 

yet its integration with formal ablation to quantify the 

incremental value of specific data sources (e.g., ADS-B vs. 

meteorology; baggage-flow features vs. generic 

operational fields) remains uncommon 

2.5. Comparative Synthesis 

A comparative synthesis regarding related works are 

summarized in Table 1. It systematically categorizes each 

referenced work according to several dimensions: category 

(arrival, departure, hybrid, baseline), prediction horizon 

(minutes, hours, tactical, etc.), scope (route-level, single 

airport, network-wide), primary data sources (e.g., ADS-B, 

weather, schedules, operational signals), methodological 

approach (e.g., LSTM-Attention, Random Forest, boosting 

methods), and the practical significance or rationale for 

each study (why it matters). That overview enables readers 

to quickly understand the existing approaches in data and 

methodological diversity perspective, and our respective 

contributions to the field with this study. 

Table 1. Comparative Synthesis of Related Works 

Study Category Horizon Scope Primary 

data 

Method Why it 

matters 

Chaudhur
i et al. 

[17] 

Arrival Minutes Route
-level 

ADS-B 
+ wx + 

schedul
e 

LSTM-
Attention 

High 
accuracy.; 

trajectories 
help 

Huang et 
al. [18] 

Arrival Minutes Single 
airpor

t  

Trajecto
ry 

images 

Deep 
Learning 

(vision) 

MAE nearly 
halved 

Wells et 

al. [20] 

Arrival Minutes Termi

nal 
area 

Tracks + 

wx + 
plan 

Random 

Forest 

±5 min for 

90% 

Hatipogl
u and 

Tosun 

[16]) 

Departure Hours Single 
airpor

t  

Airport 
+ wx 

Boosting 
methods 

Ops features 
> weather 

Alfarhoo
d et al. 

[15] 

Departure Tactical Natio
nal 

airline 

5-yr 
flight + 

wx 

CatBoost Best 
accuracy.; 

lowest MAE 

Pineda-

Jaramillo 

et al. [14] 

xAI Tactical Single 

airpor

t 

Ops + 

geo + 

wx 

10 Machine 

Learning 

algorithm + 
SHAP/Sobol 

Interpretable 

drivers 

Mamdou
h et al. 

[13] 

Hybrid / 
Data-light 

≤2 h Netw
ork-

wide 

Schedul
es 

FDPP-ML High gains 
w/ minimal 

inputs 

Kiliç and 

Sallan 
[12] 

Baseline Tactical US 

netwo
rk 

Flight + 

wx 

Logistic 

Regression/
Random 

Forest/Boost

ing/Feed-
Forward 

Neural 

Networks 

Strong 

baselines; 
rebalancing 

Our study Arrival & 
Departure 

Minutes 
(arrival), 

Tactical 

(departur
e) 

Single 
Airpo

rt 

Flight 
schedul

es, 

ADS-B, 
weather, 

airport 

features, 
baggage 

features 

XGBoost, 
CatBoost, 

Random 

Forest,Light
GBM, 

Gradient 

Boosting, 
AdaBoost, 
Deep Neural 

Network – 
(DNN) 

Holistic 
framework 

integrating 

multi-source 
data; 

introduces 

novel 
baggage-

derived 

“Dissimilarit
y Ratio”; 

demonstrate

s improved 
accuracy and 

operational 

relevance for 
both arrival 

and 

departure 
delay 

prediction 

2.6. Synthesis, Literature Gap, and Contribution 

Synthesis. The literature establishes (i) arrival-focused 

ADS-B–driven ETA/delay prediction with deep sequences 

and calibrated ensembles [17-22]; (ii) departure-focused 

modeling where multi-source operational signals and 

boosting perform well, with interpretable drivers 

highlighted via xAI [14-16]; and (iii) hybrid/data-light 

routes that leverage rotations and path features to reduce 

input demands [12-13]. 

Gap. Despite progress, three shortcomings persist: (1) lack 

of a joint, single-airport treatment that simultaneously 

models arrival (short-horizon, ADS-B-centric) and 

departure (turnaround-aware) within one pipeline; (2) 

limited integration of xAI with formal ablation to validate 

that features ranked as important (e.g., ADS-B approach-

phase dynamics, baggage-flow dissimilarity) yield 

quantified gains when present vs. removed; and (3) scarce 

scenario-based operationalization that converts predictive 

gains into actionable playbooks (e.g., dynamic gate 
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readiness, surge staffing triggers), benchmarked against 

recent studies. 

Contribution. We address this gap by (i) developing a 

joint framework that covers arrival (ADS-B–driven, short-

horizon regression) and departure (multi-source regression 

including a normalized baggage-flow Dissimilarity Ratio) 

within the same airport; (ii) presenting source- and feature-

group ablation to quantify the incremental value of ADS-B 

(arrival) and baggage-flow signals (departure); (iii) 

providing xAI analyses aligned with ablation findings; and 

(iv) reporting a benchmarking table that situates our results 

among recent studies while acknowledging dataset/horizon 

differences. 

The main advantage and novelty of this study are based on 

holistic approach to flight delay prediction, which 

integrates data from multiple sources and considers both 

departure and arrival perspectives. While most prior 

research tends to focus on either departure or arrival delays 

in isolation, this study addresses both dimensions 

simultaneously with considering several sources. 

3. METHODOLOGY 

The primary motivation of this research is to introduce a 

framework about predictive modeling of airport flight 

delays from the point of arrival and departure perspectives. 

In this section, we first outline the general framework of 

the system. Subsequently, we describe the problem, 

dataset, feature engineering and AI models used in the 

experiments per flight direction.  

Overall system pipeline is displayed in Figure 1. It consists 

of two stages as Development and Production within 

various components. In the Development Stage, data from 

sources like flights, baggage handling, and ADS-B is 

collected, pre-processed, and structured into datasets. Key 

features are extracted and selected for model creation, 

followed by performance evaluation. In the Production 

Stage, the trained model is applied to real-time data for 

inference, and the predictions are visualized through 

monitoring and reporting tools to support operational 

decision-making. 

 

Figure 1. System pipeline 

 

 

3.1. Arrival Flight Delay Prediction 

In this use-case scenario, delay prediction is studied from 

the point of arrival perspective. In subsections, problem 

statement, dataset description, feature engineering and 

model development phases are explained specifically. 

3.1.1. Problem Statement 

In the aviation sector, the accurate prediction of flight 

arrival times is vital for enhancing the efficiency of airport 

operations and passenger satisfaction [24]. While 

traditional methods predominantly rely on historical data 

and scheduled flight information, they often prove 

insufficient in accommodating real-time operational 

variations [25]. This section introduces a complementary 

methodology, and an AI model developed to augment 

longer-term flight delay forecasts. The proposed approach 

focuses on high-precision, real-time delay prediction by 

leveraging ADS-B signals from aircraft. It is designed to 

generate instantaneous predictions that are particularly 

responsive to dynamic changes, especially during the 

terminal phases of flight, thereby supporting a range of 

operational decision-making processes. 

3.1.2. Dataset 

Airport stakeholders utilize various systems across 

different operations, including the Flight Management 

System (FMS) and the Baggage Reconciliation System 

(BRS). In this part of study, flight-related data (arrivals) 

were obtained from FMS and external datasets which are 

related to location of aircraft on route and weather situation 

of airport. 

This study utilized ADS-B signal data from 6,965 flights 

across 115 routes arriving at İzmir Adnan Menderes 

Airport, sourced from FlightRadar24 [26], complementing 

the dataset used in the primary research. Raw ADS-B data 

inherently provide time-stamped instantaneous flight 

parameters, including position latitude, longitude, altitude, 

and speed for each aircraft [27]. Additionally, weather data 

were derived from Meteorological Aerodrome Report 

(METAR) reports provided by the meteorological units 

operating at the airports, allowing us to obtain weather 

conditions specifically at the time of takeoff and landing. 

Major features regarding dataset are explained in Table 2.  

Table 2. Feature categorization for arrival flight dataset 

Category Feature Name 

Core Flight 

Information 

Aircraft 

Airline  

Origin 

Seasonal Flight 

Operational 

Parameters 

Route Type 

Service Type 

Time-based 

Features 

Year 

Month  

Day  

Hour  
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Minutes 

Season 

 

 

Weather Features 

Origin Runway Wind Direction 

Origin Runway Wind Speed  

Origin Runway Visibility 

Destination Runway Wind 

Direction Destination Runway 

Wind Speed 

Destination Runway Visibility 

ADS-B Features 

Latitude 

Longitude  

Altitude  

Gspeed  

Vspeed 

Origin Distance  

Angle 

Data quality issues were observed across all systems. In the 

ADS-B dataset, several inconsistencies were identified, 

such as missing flight signals over certain time intervals, 

flights with no recorded data, and unrealistic altitude drops 

(e.g., sudden 2–3 km losses). These anomalies were filtered 

out to ensure reliability. For the meteorological data, some 

time intervals were missing for certain airports; in these 

cases, temporal interpolation was applied using the closest 

available reports, and the interpolated weather conditions 

were aligned with the flight start and end times. Through 

these preprocessing steps, all datasets were cleaned, 

synchronized by timestamp, and integrated into a unified 

structure suitable for downstream analysis and modeling. 

3.1.3. Feature Engineering 

To enable each signal record to serve as an input instance 

for the model, an extensive data transformation process 

was undertaken. This involved calculating the target 

variable for each ADS-B record: the time remaining (in 

seconds) from the aircraft's current state to its actual 

recorded landing time. This procedure yielded a 

comprehensive dataset comprising approximately 3.266 

million samples suitable for model training. Initially, a total 

of 40 features obtained from multiple data sources were 

subjected to a comprehensive feature selection process to 

identify those with a statistically significant impact on the 

target variable. A diverse set of methods with different 

underlying principles—namely Correlation Analysis, Chi-

Square Test, Information Gain, Recursive Feature 

Elimination (RFE), CatBoost Feature Importance, and 

Minimum Redundancy Maximum Relevance (mRMR)—

were employed to ensure a balanced evaluation of feature 

relevance. Subsequently, features identified as important 

by at least three of these techniques were retained.  

Furthermore, the feature engineering phase involved 

deriving additional variables, such as the angle of the 

aircraft's current position relative to the departure and 

arrival airports along its route, the distance to the departure 

airport, and the distance to the destination airport. This 

rigorous selection process resulted in 15 key features being 

carried forward to the modeling phase, enhancing both the 

robustness and interpretability of the predictive model. For 

handling categorical variables within the dataset, the 

CatBoostEncoder was employed to transform these 

features into a numerical representation.  

3.1.4. AI Development 

To efficiently process the voluminous dataset, the 

modeling phase leveraged rapids-cuML, a Graphics 

Processing Unit (GPU)-accelerated machine learning  

library [28]. Several ML models (XGBoost, Catboost, 

Random Forest) are evaluated with using a 5-fold cross-

validation strategy to ensure robust and general 

performance. Subsequent hyperparameter optimization 

was conducted using the Optuna framework, which 

employs an efficient search algorithm to explore a wide 

range of hyperparameter combinations, optimizing key 

parameters such as the number of estimators, maximum 

tree depth, and learning rates for each model. 

For hyperparameter tuning, as results shown in Table 3, the 

Optuna framework was employed, utilizing a Bayesian 

optimization approach to efficiently explore the 

hyperparameter space. This method was chosen because 

traditional grid or random search techniques become 

computationally prohibitive on such large datasets, while 

Bayesian optimization adaptively focuses on the most 

promising parameter regions. Optuna was applied 

consistently across both GPU-accelerated and CPU-based 

experiments, ensuring optimal configuration and fair 

performance comparison. 

Table 3. Optimized hyperparameters of models 

Model Hyperparameter space 

XGBoost 

 

Learning_rate : 0.01  

N_estimators : 500 

Max depth : 8 

Number of leaves : 32  

Reg_alpha : 2 

CatBoost 

 

Learning_rate : 0.01 

N_estimators : 500 

Max depth : 8 

Number of leaves : 32  

Reg_alpha : 2 

Random Forest 

Learning_rate : 0.01 

N_estimators : 500 

Max depth : 8 
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Number of leaves : 32  

Reg_alpha : 2 

Random Forest 

Tuned 

Learning_rate : 0.09 

N_estimators : 2103 

Max depth : 12 

Number of leaves : 64 

Reg_alpha : 2.44 

The computational experiments were performed on a 

workstation equipped with an NVIDIA GeForce RTX-

3060 GPU, featuring 12 GB GDDR6 memory and 

supporting Compute Unified Device Architecture (CUDA) 

version 12.2. The system was powered by a 12th Gen 

Intel® Core™ i9-12900HK processor (14 cores, 20 

threads) with a base clock speed of 2.5 GHz (up to 5.0 GHz 

with Turbo Boost), complemented by 32 GB of DDR4 

RAM. This high-performance hardware configuration 

enabled rapid processing of the dataset and efficient 

execution of the GPU-accelerated algorithms, balancing 

computational speed and model accuracy. 

The models’ performance was assessed using a 

comprehensive set of complementary metrics to ensure a 

thorough evaluation. MAE was utilized as the primary 

metric to quantify the average magnitude of prediction 

errors, offering a straightforward interpretation of model 

accuracy in minutes. 

3.2. Departure Flight Delay Prediction 

In this use-case scenario, delay prediction is studied from 

the point of departure perspective with considering both 

flight and baggage data. In subsections, problem statement, 

dataset description, feature engineering and model 

development phases are explained specifically. 

3.2.1. Problem Statement 

Accurate prediction of departure flight delays is essential 

for efficient surface operations and air traffic flow 

management. Traditional models, largely based on 

historical averages and scheduled data, lack responsiveness 

to real-time disruptions occurring during pre-departure 

phases. This study proposes a data-driven approach 

leveraging machine learning techniques and multi-source 

operational data to generate high-resolution, short-term 

delay forecasts prior to takeoff, aiming to support proactive 

decision-making in airport and airline operations. 

3.2.2. Dataset 

This study examines two distinct datasets containing flight 

operations and baggage handling information. These 

datasets were acquired from multiple airports with the 

help/coordination  of local stakeholder of airport 

operations and presented in this study with all identifying 

information removed to maintain confidentiality. Due to 

privacy restrictions, the datasets cannot be publicly 

distributed. The data collection phase spanned eighteen-

month period. Regarding weather data collection process, 

external Representational State Transfer (REST) 

Application Programming Interface (API) services are 

used to populate information based on flight time and 

location properties. 

The flight operations dataset encompasses approximately 

144K  entries collected over the period. It incorporates 

comprehensive details including aircraft specifications, 

temporal data (arrival/departure times), airport identifiers, 

operational status, and chronological markers. Major 

features regarding departure flight dataset are explained in 

Table 4. 

Table 4. Feature categorization for departure flight dataset 

Category Feature Name 

Core Flight 

Information 

Aircraft 

Airline  

Origin  

Destination 

Flight Number  

Seat Capacity 

Number of Repetitions 

Operational 

Parameters 

Route Type 

Service Type 

Time-based 

Features 

Day of Week 

Hour of Day 

Date 

 

 

Weather Features 

Origin Temperature 

Origin Pressure 

3.2.3. Feature Engineering 

Raw data is transformed into clean data via several pre-

processing steps. Missing values are carefully handled 

through imputation or removal, while outliers are detected 

using statistical methods such as mean, median and 

excluded to maintain reliability. Duplicate records are 

identified based on key identifiers such as flight code, 

scheduled time, and route, and removed to avoid 

redundancy. All measurement units are standardized, and 

time-related features such as scheduled and actual 

departure or arrival times are converted to a common time 

zone to ensure temporal alignment across Correlation heat-

map is prepared to identify feature dependencies. 

In addition to the original features mentioned in Dataset, 

we applied feature extraction and selection process to 

transform raw data into meaningful analytical components 

through several categories. 

 Time-based Features: These derived features 

enhance temporal analysis capabilities. 
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 Delay Features: A comprehensive set of delay-

related features provides multiple perspectives on 

delay patterns. 

 Statistical Features: These features provide 

statistical insights into delay patterns. 

 Baggage Features: The Dissimilarity Ratio [29] 

provides insights into baggage handling 

performance, measuring deviations from 

expected processing times. This is a normalized 

measure that quantifies how different the baggage 

accumulation pattern of that specific flight is 

compared to the typical pattern observed for its 

corresponding flight code. 

The Dissimilarity Ratio for a single flight here is defined 

as shown in formula 1. Numerator bij is the absolute 

difference for flight i at hour j and equals to ∣Hourly 

Baggage for Flight i at Hour j−Mean Hourly Baggage for 

Flight Code at Hour j∣. Denominator aj is the mean hourly 

baggage for the flight code at hour j. Please note that hour 

j here refers to delta before flight time. 

DRi = 

∑ (𝑏𝑖𝑗)
𝑇

𝑗=0

∑ (𝑎𝑗)
𝑇

𝑗=0

 

(1) 

Each category of features shown in Table 5 serves specific 

analytical purposes, enabling both broad operational 

insights and detailed performance analysis. The 

combination of these features provides a robust foundation 

for predictive modeling and operational optimization. 

Table 5. Extended Feature Categorization 

Category Feature Name 

Time-based 

Features 

Is Weekend 

Is Peak Hour 

Season 

Delay Metrics 

Average Airline Delay 

Average Aircraft Delay  

Average Route Delay  

Average Time Delay 

Average Day Delay  

Average Season Delay  

Route Time Delay  

Airline Day Delay  

Average Delay  

Maximum Delay 

Median Delay 

Baggage Metric Dissimilarity Ratio 

In the context of feature space construction, the final 

representation comprises 29 distinct components. 

Categorical variables are transformed using one-hot 

encoding to preserve nominal relationships without 

imposing ordinal assumptions, while continuous numerical 

features are normalized through feature scaling techniques 

to ensure comparability and enhance model convergence. 

3.2.4. AI Development 

To develop an effective and reliable framework for 

predicting flight delays, this study incorporates a range of 

AI models drawn from two key categories: machine 

learning (XGBoost, LightGBM, Gradient Boosting 

AdaBoost, Random Forest) and deep learning (DNN). 

Each of these approaches offers unique strengths in 

capturing the complex relationships between input features 

and delay outcomes, and their complementary use 

contributes to the robustness and generalization of the 

proposed predictive system. 

The model's robustness was ensured through k-fold cross-

validation (k=5) with random splitting. Hyperparameter 

optimization was conducted using a systematic grid search 

mechanism with MAE as the scoring metric. The 

hyperparameter optimization strategy balanced 

performance requirements with computational efficiency. 

Rather than exhaustively searching vast parameter spaces, 

we leveraged domain knowledge and preliminary 

experiments to focus on promising regions of the 

hyperparameter space. Optimized hyperparameters 

regarding AI models are summarized in Table 6. 

Table 6. Hyperparameter Optimization 

Model Selected Parameters 

XGBoost 

N_estimators: 1000  

Learning_rate: 0.1 

Max_depth: 13 

LightGBM 

N_estimators: 1500 

Learning_rate: 0.1 

Max_depth: 20 

Random Forest 

N_estimators: 500 

Min_sample_split: 2 

Max_depth: 15 

Gradient Boosting 

N_estimators: 300  

Learning_rate: 0.1 

Max_depth: 5 

AdaBoost 
N_estimators: 100  

Learning_rate: 0.1 

DNN 

Hidden Layers: 3 

Neurons: (128,64,32) 

Activation: ReLU 

Dropout Rate: 0.2 

The computational experiments were conducted on a 

workstation equipped with a dual-GPU setup comprising 

two NVIDIA GeForce GTX 1080 Ti units, each offering 

11 GB GDDR5X memory and supporting CUDA version 

12.2. The system features an Intel Xeon E5-2620 v4 

processor (8 cores, 16 threads) operating at a base 

frequency of 2.10 GHz (up to 3.00 GHz with turbo boost), 

and is complemented by 62 GB of system RAM. The final 

model architecture was selected based on both 

performance metrics and computational efficiency 

considerations. 

The model's performance was evaluated through a 

comprehensive set of complementary metrics to ensure 
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thorough assessment. MAE was employed to quantify the 

average magnitude of prediction errors, providing a direct 

interpretation of model accuracy. MSE was utilized to 

assess the variance of prediction errors. The Root Mean 

Square Error (RMSE) was selected to provide an 

interpretable metric in the same units as the target variable. 

The coefficient of determination (R2) was computed to 

measure the proportion of variance in the dependent 

variable explained by the model, with values ranging from 

0 to 1, where higher values indicate better fit. 

4. NUMERICAL RESULTS AND DISCUSSIONS 

In this section performance evaluation of numerical results 

are explained in detail regarding per flight direction view 

(arrival and departure) similar in Methodology section. 

Further analysis and discussions are also mentioned. 

4.1. Arrival Flight Delay Prediction 

To predict flight arrival delays accurately, we evaluated the 

performance of XGBoost, CatBoost, and Random Forest 

models using MAE as the primary metric. The models were 

trained and validated on a comprehensive dataset 

encompassing flight schedules, ADS-B signals, and time 

related variables. As presented in Table 7, the Random 

Forest algorithm outperformed both XGBoost and 

CatBoost, achieving lower MAE scores on both training 

and test sets. This superior performance of Random Forest 

can likely be attributed to its ensemble nature, which 

leverages multiple decision trees to capture complex, non-

linear relationships in the data more effectively than the 

gradient-boosting frameworks of XGBoost and CatBoost.  

Additionally, Random Forest demonstrated better 

generalization on routes with fewer flights, where data 

sparsity often challenges predictive models. This 

robustness is due to its bagging approach, which mitigates 

overfitting by averaging predictions across diverse trees, 

enabling stable performance even with limited data. 

Through rigorous hyperparameter optimization—adjusting 

key parameters such as the number of estimators, 

maximum tree depth, and minimum samples per leaf—the 

tuned Random Forest model achieved an impressive MAE 

of 2.23 minutes on the test set. This result reflects a 

significant improvement over the untuned model (MAE of 

3.61 minutes) and highlights its superior predictive 

accuracy. 

Table 7. MAE scores on train and test sets 

Model 
Train Score 

(MAE) 

Test Score 

(MAE) 

XGBoost 

 

6.705160 5.800887 

CatBoost 

 

6.028014 5.914732 

Random Forest 3.564341 3.612258 

Random Forest Tuned 2.412423 2.229232 

An analysis of the model's predictive accuracy based on the 

aircraft's proximity to the destination airport, detailed in 

Figure 2, revealed that predictions during the descent phase 

exhibited a comparatively higher error margin. This is 

attributed to the complex maneuvers aircraft undertake in 

response to prevailing air traffic conditions near the airport, 

which can vary significantly and are inherently challenging 

to predict [30]. The difficulty in precisely capturing these 

dynamic traffic patterns and the varying queue lengths at 

different airports consequently influenced model 

performance. Feature importance analysis of the final 

model underscored the significance of variables such as the 

aircraft's distance to the departure and arrival airports, and 

its angular position relative to them. 

 

Figure 2. Mean residuals 

 

This ADS-B-based short-term delay prediction framework, 

by generating near real-time forecasts, complements long-

term predictive models beneficial for strategic resource 

allocation and maintenance scheduling. Its primary 

contribution lies in facilitating the dynamic optimization of 

airport operations, such as gate assignments and ground 

handling coordination, and enhancing air traffic flow 

management [31]. 

Although several feature selection techniques were applied 

to identify the final set of variables, understanding how the 

best-performing model interprets these variables is equally 

important. As shown in Figure 3, The SHAP analysis 

revealed that the most influential feature is 

dist_to_destination, representing the aircraft’s distance to 

the destination airport. While this variable may initially 

appear linearly correlated with the delay outcome, the 

relationship becomes more complex in practice. During the 

approach and departure phases, aircraft often perform 

various maneuvers to align with the correct flight path or 

adapt to traffic and wind conditions, which weakens the 

apparent linear dependency and introduces non-linear 

interactions. Other significant contributors, such as 

windspeed on destination airports’ runway, altitude, and 

vertical speed further demonstrate how both environmental 

factors and dynamic flight characteristics influence delay 
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predictions. For example, high wind speeds near the 

runway can extend landing times, while altitude and 

vertical speed reflect different stages of flight dynamics 

that the model effectively captures. 

 

Figure 3. SHAP feature importance analysis 

 

To cross-validate those findings, a Permutation Importance 

analysis was also conducted. As shown in Figure 4, the 

resulting feature rankings were largely consistent with the 

SHAP outcomes, confirming the stability of the model’s 

interpretability results. Both analyses highlight that the 

model captures complex, non-linear relationships between 

spatial, temporal, and environmental variables rather than 

relying on simple additive patterns. 

 

Figure 4. Permutation importance scores 
 

4.2. Departure Flight Delay Prediction 

Overall performance comparison is shown in Table 8. We 

would like to separate results with and without 

Dissimilarity Ratio where it is a cross-feature providing 

insight from baggage dataset. XGBoost emerged as the 

superior performer among all tested models, demonstrating 

exceptional predictive capabilities with the highest 

absolute performance metrics especially via minimum Test 

MAE score as 7.6 minutes. LightGBM demonstrated the 

most balanced and robust performance profile among all 

tested models. The relatively poor performance of the 

DNN (R² Score: 0.2742) can be attributed to several factors 

such as feature properties and representations. The 

conventional tree-based models, including Random Forest 

and Gradient Boosting, demonstrated consistent but 

moderate performance improvements with the integration 

of the Dissimilarity Ratio, achieving R² scores of 0.4461 

and 0.4434 respectively.  

We would like to focus on evaluating the impact of the 

newly introduced Dissimilarity Ratio feature, which was 

extracted from the baggage dataset to capture cross-

relational patterns among variables. The results indicate 

that the inclusion of this feature contributes positively to 

model performance across almost all evaluated models and 

metrics. Notably, the most significant improvement was 

observed in the XGBoost model, where the MSE decreased 

by up to 24.97%. 

Table 8. Performance comparison of models 

Model Metric 
With 
Dissimila

rity 

Without 
Dissimila

rity 

Improve
ment 

 

 
 

 

 
 

 

 
 

XGBoost 

Train 

MAE 

4.2320 4.8787 +13.26% 

Test 

MAE 
7.6220 7.8828 +3.31% 

Train 

MSE 

33.1772 44.2155 +24.97% 

Test 

MSE 

 

112.1498 

 

119.7797 

 

+6.37% 

 

Train 

RMSE 

5.7600 6.6495 +13.38% 

Test 

RMSE 

10.5901 10.9444 +3.24% 

Train R² 0.8635 0.8251 +4.65% 

Test R² 0.5375 0.5258 +2.22% 

 

 

 
 

 

 
 

 

 
LightGBM 

Train 

MAE 

6.4034 6.8377 +6.35% 

Test 
MAE 

7.8514 8.1218 +3.33% 

Train 

MSE 

76.2445 87.2403 +12.60% 

Test 
MSE 

 

118.188 
 

126.6679 +6.69% 
 

Train 

RMSE 

8.7318 9.3403 +6.51% 

Test 

RMSE 

10.8714 11.2547 +3.41% 

Train R² 0.6862 0.6550 +4.76% 

Test R² 0.5126 0.4985 +2.83% 

 
 

 

 

Train 
MAE 

8.0472 8.3596 +3.74% 

Test 

MAE 

8.4194 8.6475 +2.64% 



    BİLİŞİM TEKNOLOJİLERİ DERGİSİ, CİLT: 19, SAYI: 1, OCAK 2026                                                                                                                                                                                       35 
 

Random 
Forest 

Train 
MSE 

121.186 131.2059 +7.64% 

Test 

MSE 
 

134.2991 142.223 
 

+5.57% 

Train 

RMSE 

11.0085 11.4545 +3.89% 

Test 
RMSE 

11.5887 11.9257 +2.83% 

Train R² 0.5013 0.4811 +4.20% 

Test R² 0.4461 0.4370 +2.08% 

 

 
 

 

Gradient 
Boosting 

Train 

MAE 

8.3291 8.5411 +2.48% 

Test 

MAE 

8.4234 8.6562 +2.69% 

Train 

MSE 

132.308 138.946 +4.78% 

Test 

MSE 

 

134.9552 
 

143.0988 
 

+5.69% 
 

Train 

RMSE 

11.5025 11.7875 +2.42% 

Test 

RMSE 

11.617 11.9624 +2.89% 

Train R² 0.4555 0.4505 +1.11% 

Test R² 0.4434 0.4335 +2.28% 

 

 

 
 

AdaBoost 

Train 

MAE 

10.1921 10.4827 +2.77% 

Test 
MAE 

10.1882 10.4230 +2.25% 

Train 

MSE 

167.3839 175.697 +4.73% 

Test 
MSE 

 

166.121 
 

174.3044 
 

+4.70% 
 

Train 
RMSE 

12.9377 13.2551 +2.39% 

Test 

RMSE 

12.8888 13.2024 +2.38% 

Train R² 0.3112 0.3051 +2.00% 

Test R² 0.3149 0.3100 +1.58% 

 

 

 
 

DNN 

Train 

MAE 

9.4300 9.6000 +1.77% 

Test 

MAE 

10.3100 10.5000 +1.81% 

Train 

MSE 

223.1600 234.0900 +4.67% 

Test 

MSE 
 

258.1100 
 

263.2000 
 

+1.93% 
 

Train 

RMSE 

14.9400 15.3000 +2.35% 

Test 
RMSE 

16.0700 16.2200 +0.92% 

Train R² 0.3590 0.3658 -1.86% 

Test R² 0.2742 0.2718 +0.88% 

 

Generally, a flight is considered delayed if it 

arrives/departs 15 minutes or more after its scheduled time 

[32]. Many aviation studies adopt this threshold to 

distinguish between on-time and delayed flights for 

consistency and comparability. Regarding this, as a second 

phase we would like to study to compare real delay values 

with predicted ones applied best-performing XGBoost 

model. 

For the training set shown in Figure 5, the model 

demonstrates strong discriminative power with 86% 

accuracy, showing balanced performance across both delay 

categories. The model maintains similar precision and 

recall values for both delay predictions (0.84-0.86) and no-

delay predictions (0.86-0.87). 

 

Figure 5. Train set classification 

 

When evaluated on the test set shown in Figure 6, the 

model achieves 76% accuracy, with a noticeable but 

reasonable decrease in performance. The no-delay 

predictions maintain higher precision (0.80) but lower 

recall (0.75), while delay predictions show lower precision 

(0.73) but higher recall (0.79). The dataset is relatively 

balanced, with a slight majority of no-delay cases in both 

training (62,139 vs 54,356) and test sets (15,450 vs 

13,674). This binary transformation of our regression 

results provides valuable insights into the model's practical 

utility in predicting significant delays, defined as those 

exceeding 15 minutes. 

 

 
Figure 6. Train set classification 

 

To enhance the interpretability of our predictive models 

and identify key delay drivers, we employed SHAP 

analysis (for top 20 features) on the best-performing 

XGBoost model for departure delay prediction as shown in 

Figure 7. SHAP values provide a unified framework for 
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understanding feature contributions to individual 

predictions and overall model behavior.  

 

Figure 7. SHAP feature importance analysis 

 

The SHAP analysis reveals several critical insights into the 

factors driving departure flight delays. Some of the major 

features are described within the following bullet points. 

 avgFlightDelay: Historical average flight delays 

emerge as the strongest predictor. This indicates 

that flights with historically poor punctuality 

performance are significantly more likely to 

experience delays. 

 hour_of_day: Time of day shows substantial 

impact, with peak hours (morning and evening 

rush periods) contributing positively to delay 

predictions, while off-peak hours show negative 

contributions. 

 day_of_year: Seasonal patterns demonstrate clear 

influence, with certain periods (likely holiday 

seasons and summer months) showing higher 

delay propensity. 

 DISSIMILARITY_RATIO: Novel  introduced 

feature ranks in 7th place, demonstrating 

significant predictive power. Higher dissimilarity 

ratios (indicating deviation from normal baggage 

processing patterns) consistently contribute to 

increased delay predictions. 

 medianFlightDelay and avg_airline_delay: 

Airline-specific performance metrics show strong 

predictive capability, highlighting the importance 

of carrier operational efficiency. 

 pres_origin and temp_origin: Weather conditions 

at origin airports contribute moderately to delay 

predictions, with extreme values in either 

direction increasing delay likelihood. 

4.3. Discussions 

A benchmarking study is prepared as shown in Table 9. 
Our study demonstrates competitive performance 

compared to existing literature, with the Random Forest 

model achieving an MAE of 2.23 minutes for arrival 

prediction—comparable to Reddy et al. [8] (2.06 minutes, 

XGBoost) and Singh et al. [11] (2.2 minutes, Linear 

Regression). For departure prediction, the XGBoost model 

obtained an MAE of 7.62 minutes. 

Table 9. Benchmarking of Studies 

Study Model 
MAE 

(minutes) 

Our Study (Arrival) 

 

Random 

Forest 

2.23 

Our Study (Departure) 

 

XGBoost 7.62 

Reddy et al. [8] 

(Arrival) 

XGBoost 2.06 

Singh et al. [11] 

(Arrival) 

Linear 

Regression 

2.2 

   

Alfarhood et al. [15] 
(Arrival) 

CatBoost 12.19 

The operational contribution of our integrated flight delay 

prediction framework lies in its ability to transform data-

driven insights into actionable operational decisions. When 

an airport faces challenging weather conditions, the 

Random Forest model using ADS-B signals provides early 

warning of compressed arrival patterns. This advance 

notice allows operations teams to mobilize ground 

resources, adjust staffing, and reconfigure gates before 

aircraft land. For departure operations, the XGBoost model 

incorporating baggage handling data identifies potential 

delays well before scheduled departure times. This early 

intelligence enables airlines to implement targeted 

interventions: adjusting ground handling priorities, 

addressing potential crew duty limitations, and making 

informed decisions about connecting flights. 

 

5. CONCLUSION 

The primary aim of this study was to develop a 

comprehensive framework to predict flight delays at 

airports using AI techniques. Through our analysis, which 

incorporated a mix of ADS-B data and multi-source 

information on flight operations, weather, and baggage 

handling, we have identified key patterns that significantly 

impact delay times.  
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For arrival flight delay prediction, our research evaluated 

multiple machine learning models and established that the 

Random Forest model significantly outperforms other 

approaches, including XGBoost and CatBoost, particularly 

for short-term arrival delay predictions. We quantitatively 

demonstrated improved accuracy with the tuned Random 

Forest model achieving test MAE score as of 2.23 minutes 

compared to standard models, representing a substantial 

improvement in prediction capability during critical flight 

phases such as descent. In parallel, we developed departure 

delay prediction framework where XGBoost emerged as 

the optimal model, showing substantial performance 

improvements over alternative approaches. We quantified 

these performance gains across multiple metrics including 

R², MAE, and RMSE, providing clear evidence of our 

model's superiority for departure delay forecasting. This 

dual-focused approach to both arrival and departure delays 

represents a more holistic treatment of the flight delay 

prediction challenge than is typically found in the 

literature. As a next step, evaluating isolated impact of 

ADS-B and baggage data can be promising as an ablation 

study.  

One of our most innovative contributions was the 

introduction of the "Dissimilarity Ratio" feature derived 

from baggage handling data. We demonstrated consistent 

improvement across all models when incorporating this 

feature, with up to 24.97% improvement in train MSE 

score. These findings contribute to the field by confirming 

the utility of machine learning in aviation management, 

aligning with current technological advancements, and 

refining existing delay prediction models through the 

incorporation of novel variables, such as the "Dissimilarity 

Ratio" in baggage handling. 

This study demonstrates significant potential for 

generalization across diverse airport environments and 

aviation networks. While our implementation focused on 

specific airport data, the underlying methodology and 

architecture have been designed with broader applicability 

in mind. The feature engineering process, especially the 

development of the "Dissimilarity Ratio" regarding 

baggage handling, provides a blueprint that can be 

replicated at facilities with comparable baggage systems. 

For network-level implementation, our dual focus on both 

arrival and departure delay prediction creates natural 

integration points within larger aviation systems. To 

facilitate practical generalization, several adaptation 

strategies would be beneficial such as fine-tuning based on 

airport-specific data, guidance identified by the feature 

importance rankings. 

This research bears significant theoretical and practical 

implications. It supports the further development and 

integration of AI-driven models in airport operations, 

potentially guiding policy enhancements that improve 

efficiency and passenger satisfaction. Recognizing 

limitations such as the variability of terminal operations 

and external factors not covered by our model, our study 

remains a valuable reference despite potential constraints 

in fully generalizing the results.  

Future research should focus on expanding and 

augmenting the dataset to include a broader range of 

external variables, improving model robustness. Emerging 

AI technologies such as Generative AI (GenAI) and Large 

Language Model (LLM) can be integrated as an interface 

for talking with flight records and commenting/assisting on 

results. Additionally, adaptive learning represents a 

promising future direction for allowing the flight delay 

prediction models continuously evolve and improve in 

response to changing conditions and new data patterns. 

Such efforts will offer a more comprehensive 

understanding of delay mechanisms and bolster proactive 

operational strategies in aviation. Finally, the 

implementation of predictive modeling methodologies for 

baggage volume forecasting presents a significant 

opportunity for aviation stakeholders to optimize 

operational efficiency and mitigate flight delays This 

operation actions can be deploying dynamic staff 

allocation tools by airport managers that adjust baggage 

handler assignments based on predicted volumes with 

granular horizons, enabling proactive rerouting by airline 

staff regarding baggage system capacity alerts. 
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