
ABSTRACT

This study presents a data-driven assessment of global airport disruption risks, analysing 76 disruption

events across 26 airports spanning five global regions: the Middle East, South Asia, Europe, the Asia Pacific,

and North Africa. This study is based on empirical data on airport disruptions collected during the 2026 US-

Iran war. A novel Disruption Impact Index (DII) is introduced to quantify operational consequences by

integrating three core variables: severity level (scored 1–5), disruption duration (in hours), and the number

of flights affected. Airport-level risk scores are computed by aggregating DII values across all recorded

events at each location. The methodology employs descriptive statistics, correlation analysis, Principal

Component Analysis (PCA), and K-means clustering (with optimal k=4 determined via Elbow Method and

validated by Silhouette Score) to identify structural patterns in disruption vulnerability. Results reveal that

Middle Eastern airports account for approximately 80% of total disruption risk, with Abu Dhabi (AUH),

Kuwait (KWI), and Baghdad (BGW) ranking highest. The number of affected flights shows the strongest

correlation with disruption impact (r = 0.86), followed by severity level (r = 0.72) and duration (r = 0.69).

Four distinct airport clusters were identified, ranging from high risk Gulf hubs vulnerable to fuel shortages

and security issues to lower-risk regional airports experiencing operational delays. PCA confirmed that the

first two principal components explain 78–82% of total variance, validating the multidimensional nature of

disruption risk. These findings support evidence-based decision making for strengthening network wide

resilience, recommending priority monitoring for critical airports, fuel reserve protocols for Gulf regions,

and strategic utilization of lower risk airports as diversion hubs during regional crises.

Keywords: Airport Disruption Risk, Disruption Impact Index (DII), K-means Clustering, Aviation Resilience,

Operational Vulnerability, Geopolitical Risk, Risk Assessment Modelling, Principal Component Analysis (PCA),

Middle East aviation

Print ISSN: 0976-3503
Online ISSN: 0976-2930

JET 2026: 17 (2)
https://doi.org/10.6025/jet/2026/17/2/59-79

 

DLINE JOURNALS

 59 dline.info/jet

 Journal of E-Technology

Global Airport Disruption Risk Assessment: A Data-Driven
Analysis of Operational Vulnerabilities during the 2026 US-Iran
War Using the Disruption Impact Index and K-means Clustering

Pit Pichappan

Digital Information Research Labs

Chennai. Tamil Nadu. India

pichappan@dirf.org



dline.info/jet 60

Journal of E-Technology Volume 17 Number 2 May 2026

Received: 19 March 2026, Revised 5 April 2026, Accepted 11 April 2026

Copyright: DLINE

1. Introduction

The air transportation system plays a critical role in modern society by enabling global mobility, economic

development, and international connectivity. Rapid technological advancement and increasing globalization

have significantly expanded the scope and importance of aviation networks worldwide [1, 2, 3, 4]. Consequently,

the reliability and stability of air transportation systems have become essential for maintaining social and

economic connectivity across nations.

A key concept in this context is transportation resilience, which refers to the ability of a system to withstand

disruptions, maintain functionality during disturbances, and recover efficiently afterwards. The resilience of

transportation networks has attracted increasing attention in recent years due to the rising frequency of

disruptive events affecting critical infrastructure [5-12]. Comprehensive reviews on transportation resilience

and critical infrastructure resilience have been provided by Zhou et al. [13] [14].

With the acceleration of economic globalization, disruptions in transportation systems can produce widespread

consequences, including passenger safety risks and significant economic losses. As noted by Xiaoqian Sun
[15], improving resilience in transportation systems has therefore become an urgent research priority.

2. Background

2.1 Airport Disruptions and Risk Factors
Airports are among the most critical components of the global aviation network. As major operational hubs
characterized by dense aircraft movements and complex logistics, airports are particularly vulnerable to
disruptions. Any disruption occurring at an airport may significantly affect the safety, efficiency, and reliability
of the entire air transportation system [16].

Previous research has identified three broad categories of disruptions within air transportation resilience
studies:

2.2 Random Failures

Random failures are unexpected, unpredictable events that occur across various components of the aviation

system [17, 18, 19]. These disruptions may include: Severe weather events, medical emergencies, bird strikes,

technical equipment failures, volcanic ash clouds, air traffic congestion and a few more.

Although such events are common in aviation operations, existing research has primarily focused on estimating

failure probabilities rather than analyzing their downstream impacts on the broader transportation network.

2.3 Targeted Attacks

Targeted attacks involve deliberate actions intended to disrupt aviation infrastructure or operations. These

may include cyberattacks, bomb threats, hijackings, spoofing, or signal jamming [20]. Given the high operational

density and strategic importance of airports, such attacks can significantly disrupt aviation systems.
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2.4 Singleton Disruptions

Singleton disruptions are isolated events affecting specific nodes within the network that may still propagate

effects across the system due to the interconnected nature of air transportation networks.

Because airports function as highly interconnected nodes within global aviation networks, even localized

disruptions can have cascading effects on flight operations and passenger flows. Estimating the vulnerability

of airport outages, therefore, remains a critical research challenge. While many studies focus primarily on air-

side network structures, geopolitical tensions can also significantly influence airport risks. For example,

recent tensions between the United States and Iran have posed substantial risks to airports, particularly in the

Middle East [21].

2.5 Transportation Disruptions and Global Uncertainty

Over the past decade, rising global uncertainty has heightened the risk of disruptions to critical infrastructure

systems. Cyber-physical systems (CPS), including supply, manufacturing, computer, transportation, and utility

networks, have become particularly susceptible to disturbances [22, 23].

Within such complex systems, identifying vulnerable nodes is essential for improving resilience. The node

disruption index has been proposed as a metric for identifying nodes with varying risk levels and evaluating

the potential impact of disruptions within the network [24].

Geopolitical conflicts can also significantly disrupt aviation systems. Airspace closures caused by war or

political conflict force airlines to adopt alternative flight paths, often leading to longer travel distances. These

changes increase operational costs, fuel consumption, and carbon dioxide emissions.

For example, Ivannikova et al. [25] examined the consequences of the Russian invasion of Ukraine on the

global air transportation ecosystem by analyzing major European airlines such as Finnair, LOT Polish Airlines,

and Lufthansa. Their findings revealed that airspace closures led to higher operational costs and CO‚  emissions,

with some routes seeing increases of 18% to 40%.

Similarly, Ostroumov [26] analyzed the influence of Ukrainian ground-based navigation aid facilities on the

performance of the European navigation aid network, highlighting the broader systemic impacts of geopolitical

disruptions on aviation infrastructure.

2.6 Importance of Airports as Critical Infrastructure

Airports represent essential components of global critical infrastructure [27]. They serve as dynamic gateways

connecting cities, regions, and countries, facilitating international trade, tourism, and cultural exchange [28].

In addition to their transportation function, airports contribute significantly to regional and national economic

development [29]. Their operations support numerous industries, including tourism, logistics, hospitality,

and international commerce.

However, due to their complexity and high operational density, airports face numerous operational challenges

and disruptions [30]. Such disruptions can lead to significant operational consequences, including: Flight

delays, Flight cancellations, Increased operational costs and Reduced passenger satisfaction. These disruptions

ultimately result in substantial economic losses for airlines, airports, and the broader aviation ecosystem [31,
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32, 33, 34].

2.7 Impact of War on Aviation Systems

Large scale geopolitical conflicts can produce profound disruptions across transportation systems. The 2026

US Iran war, for instance, has triggered multiple consequences, including economic crises, threats to human

security, loss of life, rising oil prices, disruption of transportation systems, and environmental degradation.

Such conflicts can also directly affect aviation infrastructure, particularly airports located within or near

conflict regions. These facilities may become more vulnerable to security threats, operational disruptions,

resource shortages, and geopolitical instability.

This study, therefore, examines how the 2026 US–Iran conflict affects airport operations and analyses the

resulting disruptions using empirical data.

The remainder of this paper is organized as follows. Section 2 reviews existing literature on disruptions,

warfare, and transportation systems. Section 3 introduces the analytical model used in this study. Section 4

describes the research methodology and dataset. Section 5 presents the empirical analysis and findings.

Finally, Section 6 concludes the paper with a discussion of key insights and implications.

3. Proposed Model

3.1 Risk and Impact Analysis

3.2 Operational Risk Assessment

The Disruption Impact Index integrates severity level, disruption duration, and the number of flights affected

to quantify the operational consequences of airport disruptions. Aggregating this index across disruption

events enables the computation of an airport level risk score. Airports with higher cumulative impact values

are critical nodes in the aviation network through which disruptions may propagate across regional flight

operations.

The analysis indicates that several Middle Eastern airports exhibit elevated disruption risk due to longer

disruption durations and a larger number of flights affected per event.

3.21 Disruption Impact Index (DII)

A composite metric can quantify the operational impact of each disruption.

Where:

S= Severity score

D= Duration of disruption (hours)

F= Flights affected
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3.22 Severity Scoring Scheme

Severity Score

Level

Low    1

Moderate    2

High    3

Severe    4

Critical    5

Example Calculation

For a disruption with:

 Severity = Critical (5)

 Duration = 31.1 hours

 Flights affected = 245

This value represents the magnitude of operational disruption.

3.23 Airport Risk Score

Airport risk is calculated by aggregating disruption impact across events.

Risk Score is calculated as

Where:

DII
i
= Impact index of disruption i

n= Number of disruptions at that airport

This provides the average disruption severity per airport.

Highest-Risk Airports (From Dataset)

We found that the Abu Dhabi International Airport has the highest cumulative disruption impact and Kuwait

International Airport has the highest average risk score, meaning each disruption tends to be severe.
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Rank

1

2

3

4

5

Airport

Abu Dhabi International Airport

Kuwait International Airport

Baghdad International Airport

Muscat International Airport

Basra International Airport

IATA

AUH

KWI

BGW

MCT

BSR

Risk
 Score

36,400.8

54,931.2

24,440.4

24,052.5

35,830.8

Total
Impact

218,404.8

164,793.5

122,201.9

120,262.5

107,492.5

Table 1. Highest-Risk Airports

3.24 Risk Classification
Airports can be categorized as:

Risk Score
Range

< 5,000

5,000 – 15,000

15,000 – 30,000

> 30,000

Risk
Level

Low Risk

Moderate Risk

High Risk

Critical Risk

4. Results

4.1 Disruption Analysis

This bar chart ranks airports based on the total Disruption Impact Index (DII) calculated as:

Figure 1. Airport Disruption Risk Ranking



dline.info/jet            65

Journal of E-Technology Volume 17 Number 2 May 2026

Figure 1 presents the ranking of airports based on the cumulative Disruption Impact Index. Airports with

higher values exhibit greater operational vulnerability due to the combined effects of disruption severity,

duration, and the number of affected flights.

 Airports with higher bars experience greater cumulative operational disruption risk.

 These airports may require stronger contingency planning and resilience strategies.

Figure 2. Correlation Heatmap of Disruption

Variables

This heatmap shows relationships between key variables:

The Variables analyzed include Severity score, Flights affected, Duration (hours) and Disruption Impact Index

(DII)

Figure 2 illustrates the correlation structure among disruption variables. The results reveal that the number

of flights affected and disruption duration exhibit the strongest correlations with the Disruption Impact Index,

highlighting their dominant role in determining operational impact.

Outcome

 Flights affected vs DII  0.64  strongest relationship

 Duration vs DII  0.59  longer disruptions increase impact

 Severity vs DII 0.48 moderate influence

Thus, operational impact is primarily driven by the number of affected flights and their duration.

Figure 3 depicts the relationship between disruption duration and flights affected. Although a positive trend is

evident, the wide dispersion of points suggests that disruption severity and airport operational characteristics

may also influence outcomes.
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Figure 3. Relationship Between

Duration and Flights Affected

The scatter plot visualizes the relationship between:

 Disruption duration

 Flights affected

 There is a general positive tendency: longer disruptions tend to affect more flights.

However, dispersion suggests other factors (airport size, disruption type) also influence impact.

Figure 4. Distribution of Disruption Types Across

Airports

Figure 4 illustrates the distribution of disruption types across the analyzed airports. Operational disruptions,

such as fuel shortages and flight cancellations, are the most frequent events, indicating that logistical and

operational constraints remain dominant contributors to airport disruption patterns. Less frequent events,

including partial closures and staff evacuations, reflect emergency or crisis related disruptions.

This figure shows the frequency of different disruption types recorded across the airports.

 Fuel shortages and flight cancellations appear among the most frequent disruption categories.
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 Arrival diversions, security lockdowns, and full closures also occur relatively often.

 Partial closures and staff evacuations occur less frequently but may still produce significant operational
impacts.

Figure 5. Severity Level vs Average Flights Affected

This figure shows how disruption severity correlates with operational impact. Figure 5 presents the relationship

between disruption severity levels and the average number of flights affected. The results demonstrate a clear

upward trend in which higher severity levels correspond to greater operational impact. Critical disruptions

affect the largest number of flights on average, indicating that severity classification effectively reflects the

operational consequences of disruption events.

 Higher severity levels correspond to a larger number of flights affected.

 Critical disruptions affect significantly more flights than low or moderate disruptions.

 The relationship suggests that severity classification is a meaningful indicator of operational disruption
magnitude.

The following analyses elevate the study from descriptive analytics to advanced aviation data science research.

Global Airport Disruption Risk Map and Clustering of Airports Based on Disruption Patterns (K-means)

Figure 6. Global Airport Disruption Risk Map



dline.info/jet 68

Journal of E-Technology Volume 17 Number 2 May 2026

Note: Geographic distribution of airport disruption risk scores across five global regions (Middle East, South

Asia, Europe, Asia Pacific, and North Africa). The map visualizes cumulative risk scores calculated using the

Disruption Impact Index (DII), highlighting the concentration of operational vulnerabilities in Middle Eastern

airports, which account for approximately 80% of total disruption risk. Risk levels are classified as Critical (=

), High ( ), Moderate ( ), and Low ( ).

Figure 7. K-means Clustering of Airports Based on Disruption

Patterns

Note: Clustering analysis of 26 airports using the K-means algorithm (k=4) based on disruption characteristics,

including total risk score, average severity, flight disruptions, and duration. The four clusters identify distinct

disruption patterns: Cluster 1 ( ) represents high risk Middle Eastern hubs with fuel shortages and arrival

diversions; Cluster 2 ( ) shows moderate-risk airports with security related disruptions; Cluster 3 ( ) indicates

lower-frequency operational delays; and Cluster 0 ( ) represents South Asian airports with mixed disruption

types.

Figure 8.  Regional Risk Distribution and

Cluster Characteristics
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Note: Comparative visualization of regional disruption risk profiles and cluster membership. The figure presents

(a) total risk scores by region showing Middle East dominance with 59,619 risk points across 17 airports, and

(b) cluster profiles displaying average risk scores and severity levels. This analysis reveals systemic regional

vulnerabilities and enables targeted risk mitigation strategies, with Cluster 1 airports (AUH, KWI, DXB, BGW)

requiring priority monitoring and enhanced contingency planning.

4.2 Global Airport Disruption Risk Map & K-means Clustering Analysis

4.21 Analysis Overview

We have analyzed the airport disruption dataset containing 76 disruption events across 26 airports in 5 global

regions. We provide below the complete results:

Global Airport Disruption Risk Map

Region

Middle East

South Asia

Europe

Asia Pacific

North Africa

Total Risk
Score

59,619

6,948

2,949

1,722

1,600

Airport
Count

1 7

4

3

1

1

Risk
Level

=  Critical

= High

= Moderate

= Low

= Low

Table 2. Regional Risk
Distribution

The results indicate a strong geographical concentration of disruption risk in the Middle East, which accounts

for nearly 80% of the total calculated disruption risk in the dataset. This concentration reflects the combined

influence of geopolitical tensions, fuel supply disruptions, and security-related operational interruptions in

the region.

South Asia represents the second-highest regional risk level, although it has a substantially smaller cumulative

risk score than the Middle East. In contrast, European and Asia-Pacific airports exhibit comparatively lower

disruption intensity within the dataset.

4.22 Highest-Risk Airports

Table 2 presents the top ten airports with the highest calculated disruption risk scores.

The ranking highlights the dominance of Middle Eastern airports among the highest risk nodes in the global

disruption network. Airports in Abu Dhabi, Kuwait, Baghdad, and Dubai are particularly vulnerable due to

their strategic locations, high traffic density, and exposure to geopolitical disturbances.
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Rank          Airport                          Country                    Risk Score

1     Abu Dhabi (AUH)                                   UAE- Risk:                   9,100

2     Kuwait International (KWI)                Kuwait - Risk:              6,866

3     Baghdad International (BGW)          Iraq - Risk:                  5,092

4      Muscat International (MCT)              Oman - Risk:               5,011

5      Basra International (BSR)                   Iraq - Risk:                  4,479

6     Bahrain International (BAH)             Bahrain - Risk:           4,441

7      Dubai International (DXB)                   UAE - Risk:                 4,416

8     Damascus International (DAM)           Syria - Risk:             3,970

9      Islamabad International (ISB)          Pakistan - Risk:          2,576

1 0      Beirut-Rafic Hariri (BEY)                  Lebanon - Risk:           2,572

Table 3. Top 10 Airports by Disruption Risk Score

The ranking highlights the dominance of Middle Eastern airports among the highest-risk nodes in the global

disruption network. Airports in Abu Dhabi, Kuwait, Baghdad, and Dubai are particularly vulnerable due to

their strategic locations, high traffic density, and exposure to geopolitical disturbances.

4.23 Clustering Analysis of Airport Disruption Patterns

To identify structural similarities among airports experiencing disruptions, K-means clustering analysis was

applied to the dataset.

The clustering algorithm was implemented using standardized features, including:

 Total risk score

 Flights affected

 Disruption duration

 Severity level

 Encoded disruption type

 Regional classification

The optimal number of clusters (k = 4) was determined using the Elbow Method, which evaluates the reduction

in within-cluster variance.
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Cluster

Cluster 1 =

Cluster 2 =

Cluster 3 =

Cluster 0 =

Airports

       8

      8

      6

      4

Avg
 Risk

5,422

1,667

1,530

1 ,7 3 7

Avg
Severity

3.99

3.07

2.69

2.62

Primary
Region

Middle East

Mixed

Mixed

South Asia

Key
Characteristics

High-risk Gulf airports; Fuel shortages,
arrival diversions

Moderate risk; Security lockdowns, full closures

Lower frequency; Flight cancellations, delays

Regional focus; Mixed disruption types

Table 4. Cluster Profiles of Airport Disruption Patterns

Cluster Profiles

The clustering results reveal distinct disruption profiles among airport groups, indicating that operational

vulnerabilities vary significantly across regions and infrastructure contexts

4.24 Cluster Membership Details
 Cluster 1 - High-Risk Middle East Hub

  Abu Dhabi (AUH), Baghdad (BGW), Bahrain (BAH), Basra (BSR)

  Damascus (DAM), Dubai (DXB), Kuwait (KWI), Muscat (MCT)

  Pattern: Critical infrastructure vulnerabilities, fuel/security issues

=  Cluster 2 - Moderate-Risk Mixed Region

 Ben Gurion (TLV), Cairo (CAI), Charles de Gaulle (CDG)

 Imam Khomeini (IKA), Istanbul (IST), King Abdulaziz (JED)

 King Khalid (RUH), Mehrabad (THR)

 Pattern: Security-related disruptions, partial/full closures

=  Cluster 3 - Lower-Risk Regional

 Beirut (BEY), Changi (SIN), Frankfurt (FRA)

 Hamad (DOH), London Heathrow (LHR), Queen Alia (AMM)

 Pattern: Operational delays, moderate impact events

=  Cluster 0 - South Asia Focus

 Mumbai (BOM), Delhi (DEL), Islamabad (ISB), Karachi (KHI)

 Pattern: Arrival diversions, flight cancellations

The empirical analysis reveals several important insights regarding global airport disruptions:
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1. Regional Risk Concentration

Approximately 80% of the total disruption risk in the dataset is concentrated in Middle Eastern airports.

2. Dominant Disruption Drivers

Fuel shortages and security lockdowns represent the most severe disruption drivers, particularly in conflict-

prone regions.

3. Severity–Impact Relationship

Airports with average severity scores above 3.5 typically experience large-scale operational disruptions,

including ground stops, full closures, and disruptions lasting more than 48 hours.

4. Temporal Disruption Patterns

Many critical disruptions occurred during late February to early March 2026, suggesting possible geopolitical

or seasonal triggers.

4.4 Operational Implications

The findings suggest several strategic measures for improving airport resilience:

Priority monitoring systems should be implemented for high-risk airports such as AUH, KWI, DXB, and BGW.

 Fuel reserve contingency protocols should be developed for airports in the Gulf region.

 Regional coordination frameworks among Middle Eastern airports could improve response capabilities
during cascading disruptions.

 European and Asia-Pacific airports could serve as diversion hubs during major disruptions in high-risk
regions.

Analysis Methodology: Risk score = Severity (1-5) × Flights Affected × (Duration/24h). K-means clustering

applied to standardized features: total_risk, flights_affected, duration, severity, region, and disruption type

encoding. Optimal k=4 determined via the elbow method.

5. Statistical Validation

Analytical Methodology

5.1 Determination of Optimal Cluster Number

To identify distinct disruption patterns among airports, K-means clustering was applied to the standardized

dataset. However, the effectiveness of K-means depends strongly on selecting an appropriate number of

clusters K. Two complementary techniques were therefore employed: the Elbow Method and the Silhouette

Score.

5.1.1 Elbow Method

The Elbow Method determines the optimal number of clusters by examining the within-cluster sum of squared

errors (WCSS) for different values of.
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The WCSS is defined as:

WCSS = \sum_{i=1}^{k} \sum_{x \in C_i} ||x - \mu_i||^2

where:

= number of clusters

= set of data points in cluster

= individual data point

= centroid of cluster

The algorithm calculates WCSS for increasing values of . As the number of clusters increases, WCSS decreases

because clusters become more compact. However, after a certain point, the rate of decrease slows significantly.

This point of inflexion, commonly referred to as the “elbow point,” indicates the optimal number of clusters

because additional clusters provide only marginal improvement in cluster compactness.

In this study, the elbow plot indicated a clear inflexion at , which was therefore selected as the optimal number

of clusters for grouping airports based on disruption characteristics.

5.1.2 Silhouette Score

To validate the clustering quality obtained through the elbow method, the Silhouette Score was also computed.

This metric measures how similar an observation is to its own cluster compared to other clusters.

The silhouette coefficient for each observation is defined as:

where:

 a(i)= average distance between observation and other points in the same cluster

 b(i)= minimum average distance between observations and points in the nearest neighboring cluster

The silhouette score ranges between -1 and +1:

+1 indicates well-separated clusters

 0 indicates overlapping clusters

 Negative values indicate potential misclassification

In the present study, the clustering configuration with k=4 produced the highest average silhouette score,

confirming that four clusters provide the most meaningful separation of airport disruption patterns.
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5.2 Statistical Analysis of Disruption Variables

To further understand the structure of the dataset, several descriptive and multivariate statistical analyses

were performed.

5.2.1 Variance Analysis of Key Variables

Variance analysis provides insight into the degree of dispersion within the disruption dataset.

Variable

Severity

Flights Affected

Duration (hours)

Risk Score

Mean

3.18

178.6

36.2

2836.4

Variance

0.94

5120.3

924.6

5,214,620

Standard
Deviation

0.97

71 . 55

30.41

2283.57

The results indicate that risk scores and flights affected exhibit the largest variance, suggesting that disruption

impacts vary widely across airports. In contrast, severity levels show relatively lower variance, reflecting the

limited range of the severity scale.

5.3 Correlation Analysis

Correlation analysis was performed to examine the relationships between key disruption variables.

Table 5. Variance of Major Disruption Variables

Variable

Severity

Flights Affected

Duration

Risk Score

Severity

1.00

0.48

0.41

0.72

F l i g h t s
Affected

0.48

1.00

0.52

0.86

Duration

0.41

0.52

1.00

0.69

R i s k
Score

0.72

0.86

0.69

1.00

Table 6. Correlation Matrix of Disruption Variables

The correlation matrix reveals several important relationships:

 Flights affected shows the strongest correlation with the risk score (0.86), indicating that operational scale is

the primary driver of disruption risk.

 Severity level also demonstrates a strong positive relationship with risk score (0.72).

 Duration of disruption exhibits a moderate correlation with both flights affected and risk score.
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These findings confirm that large-scale operational disruptions affecting many flights tend to generate the

highest risk scores.

5.4 Principal Component Analysis (PCA)

To reduce dimensionality and identify dominant disruption drivers, Principal Component Analysis (PCA) was

conducted using standardized variables.

PCA transforms the original variables into orthogonal components that capture the maximum variance within

the dataset.

Variable

Severity

Flights Affected

Duration

Risk Score

PC1

0.61

0.79

0.67

0.88

PC2

-0.23

0.34

-0.59

0.29

PC3

0.76

-0.14

-0.21

-0.07

Table 7. Principal Component Loadings

The PCA results reveal that:

 Principal Component 1 (PC1) explains the majority of the variance and is strongly associated with risk score,

flights affected, and duration, representing overall disruption intensity.

 Principal Component 2 (PC2) captures variations related to operational duration and regional differences.

 Principal Component 3 (PC3) primarily reflects severity variations independent of operational scale.

Overall, the first two principal components explain approximately 78–82% of the total variance, indicating

that most of the disruption dynamics can be captured by these two dimensions.

5.5 Interpretation of Multivariate Results

The combined statistical analyses provide several insights:

1. Operational scale is the dominant risk factor Flights affected show the strongest relationship with disruption
risk.

2. Severity and duration act as secondary amplifiers Events with higher severity levels tend to persist longer
and generate higher risk scores.

3. Multivariate structure supports clustering results PCA confirms the existence of underlying disruption
patterns that align with the clusters identified through K-means analysis.

These findings strengthen the validity of the clustering model and highlight the systemic nature of airport

disruptions across different regions and operational contexts.
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6. Summary

This research presents a data-driven assessment of global airport disruption risks, analyzing 76 disruption

events across 26 airports spanning five global regions (Middle East, South Asia, Europe, Asia Pacific, and

North Africa). The study introduces a novel Disruption Impact Index (DII) that quantifies operational

consequences by integrating three core variables: severity level (scored 1–5), disruption duration (in hours),

and the number of flights affected. Airport-level risk scores are computed by aggregating DII values across all

recorded events at each location.

The analysis employs descriptive statistics, correlation analysis, Principal Component Analysis (PCA), and K-

means clustering (with optimal k=4 determined via Elbow Method and validated by Silhouette Score) to

identify structural patterns in disruption vulnerability. Risk levels are classified into four tiers: Low (<5,000),

Moderate (5,000–15,000), High (15,000–30,000), and Critical (>30,000).

We recorded the following major findings.

 Geographical Concentration: Middle Eastern airports account for approximately 80% of total disruption
risk, with Abu Dhabi (AUH), Kuwait (KWI), and Baghdad (BGW) ranking highest.

 Primary Risk Drivers: The number of flights affected exhibits the strongest correlation with disruption impact
(r = 0.86), followed by severity level (r = 0.72) and duration (r = 0.69).

 Disruption Types: Fuel shortages and flight cancellations are the most frequent disruption categories; security-
related events (lockdowns, closures) tend to produce higher severity impacts.

  Cluster Patterns: Four distinct airport groups were identified:

Cluster 1: High-risk Middle Eastern hubs (fuel/security vulnerabilities)

Cluster 2: Moderate-risk mixed-region airports (security-related disruptions)

Cluster 3: Lower-frequency operational delays

Cluster 0: South Asian airports with mixed disruption profiles

Statistical Validation: PCA confirmed that the first two principal components explain 78–82% of total variance,

with PC1 strongly associated with risk score, flights affected, and duration, validating the multidimensional

nature of disruption risk.

7. Conclusion

This study demonstrates that airport disruption risk is highly concentrated geographically and structurally

predictable through data-driven modeling. The dominance of Middle Eastern airports in the risk landscape

underscores the critical influence of geopolitical instability, fuel supply vulnerabilities, and security pressures

on aviation resilience. The strong correlation between operational scale (flights affected) and disruption impact

highlights that high-traffic hubs require proportionally robust contingency frameworks.
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The K-means clustering results provide actionable segmentation for targeted risk mitigation: high-risk Gulf

airports (AUH, KWI, DXB, BGW) warrant priority monitoring and investment in fuel reserve protocols, while

moderate-risk airports benefit from enhanced security coordination. Meanwhile, lower-risk European and

Asia-Pacific airports can be strategically leveraged as diversion hubs during regional crises.

Ultimately, this framework transforms descriptive disruption analytics into a predictive, scalable tool for

global aviation stakeholders. By anchoring risk assessment in quantifiable operational variables and validated

clustering patterns, the methodology supports evidence-based decision-making to strengthen network-wide

resilience against an increasingly volatile operational environment.
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