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network, where single-node disruptions can propagate rapidly due to structural dependencies
and high-impact linkages. Such vulnerabilities are exacerbated in systems that have been highly
optimized for efficiency or have self-organized into fragile configurations over time. The air
transportation system in the United States, built on a hub-and-spoke model, exemplifies this
type of critical infrastructure. Its reliance on a limited number of high-throughput hubs means
that even localized disruptions — particularly those triggered by increasingly frequent and
extreme weather events — can initiate cascades with nationwide impacts. We introduce a novel
application of the theory of Self-Organized Criticality (SOC) to model and analyze cascading
failures in such networks. Through a detailed case study of U.S. airline operations, we show
how the SOC model exhibits the power-law distribution of disruptions and the long-tail risk
of systemic failures, reflecting the real-world interplay between structural fragility and external
shocks. Our approach enables quantitative assessment of network vulnerability, identification of
critical nodes, and evaluation of proactive intervention strategies for disaster risk reduction. The
results demonstrate that the SOC model successfully replicates the observed statistical patterns
of disruption sizes — characterized by frequent small events and rare but severe cascading
failures — offering a powerful systems-level framework for infrastructure resilience planning
and emergency management. The model provides practitioners with actionable insights for
anticipating and mitigating systemic risks in complex, interdependent systems.

1. Introduction

The catastrophic failures that have increasingly plagued modern air transportation networks reveal a fundamental vulnerability
in our interconnected world. When Southwest Airlines canceled over 16,000 flights during the December 2022 winter storm [1],
the Federal Aviation Administration’s (FAA) Notice to Airmen (NOTAM) system failure grounded all domestic flights in January
2023 [2], and Hurricane Ian’s impact cascaded through the entire national aviation network despite affecting only a handful of
airports [3], they exposed a troubling reality: the air transportation infrastructure has evolved into a system poised on the edge of
chaos [4,5].
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Fig. 1. Power-law distribution of airport disruptions in the U.S. air traffic network, exhibiting characteristics of self-organized criticality (SOC).
The log-log plot shows a power-law exponent of « = 2.4 with high goodness-of-fit (R?> = 0.949), indicating that while small disruptions are
common, large system-wide failures are rare but statistically expected.

Modern aviation relies on a hub-and-spoke architecture that is remarkably efficient under normal conditions. However, this
structure exhibits hallmarks of self-organized criticality (SOC)—a regime where small perturbations can trigger avalanche-like
cascading failures [6]. This architecture concentrates the vast majority of air traffic through a limited number of high-throughput
hubs such as ATL (Atlanta), ORD (Chicago O’Hare), DFW (Dallas-Fort Worth), and DEN (Denver). Each of these hubs processes
thousands of connecting flights daily, creating a tightly coupled system in which the failure of a single hub can rapidly propagate
disruptions across the entire network.

Our empirical analysis of comprehensive flight operations data from the Bureau of Transportation Statistics [7] shows that the
U.S. air traffic network operates in an SOC state. Fig. 1 demonstrates that airport disruptions follow a power-law distribution — a
signature of SOC systems — where small disruptions occur frequently while large systemic failures, though rare, emerge as inevitable
consequences of the network’s structure. This behavior persists across decades of data, as Fig. 2 illustrates.

The evolution toward criticality reflects two reinforcing trends: the relentless optimization of air traffic for business efficiency
and the climate-driven intensification of extreme weather. Together, these forces have created systemic vulnerability—efficiency
optimization has eliminated redundancy precisely as weather shocks have become more severe. The four panels of Fig. 2 illustrate
this transformation: (a) airport network expansion followed by saturation and crisis-driven contraction, (b) disruption patterns
exhibiting SOC behavior, (c) operations nearing fundamental capacity limits, and (d) cancellation severity surpassing historical
norms. These trends have positioned the aviation system at the edge of chaos — a pattern echoed in power grid failure analysis [8]
— and suggest that cascading failures are now structural features rather than preventable anomalies.

This empirical evidence of SOC behavior in aviation networks reflects a broader pattern of systemic vulnerability emerging
across complex systems. Cascading disasters — where initial disruptions propagate through interdependent networks — have
drawn increasing attention for their disproportionate and unexpected impacts. In contrast to compound events involving multiple
independent hazards, cascading failures originate in tightly coupled, efficiency-optimized systems, where local perturbations
rapidly escalate across sectors [9-11]. This systems perspective has been applied to multi-hazard interactions, which reveal latent
vulnerabilities often overlooked in single-event analyses. [12-17]. These dynamics are further amplified by institutional fragilities
and coordination gaps [11,18-20].

Cascading failure dynamics have been extensively studied in digital networks and global supply chains, offering valuable
cross-domain insights. In digital infrastructure, cascading failures manifest through routing table corruption, distributed denial-
of-service amplification, and software dependency chains—where a single library vulnerability can propagate across millions of
systems [21,22]. The 2021 Fastly outage demonstrated how a single configuration error could simultaneously disable major websites
worldwide [23]. Similarly, global supply chains exhibit SOC-like behavior: the 2021 semiconductor shortage cascaded from initial
chip fabrication disruptions to automobile production halts and broader economic impacts [24,25]. The 2021 Suez Canal blockage
revealed how a single chokepoint failure could propagate through global trade networks [26,27]. These cross-domain parallels
underscore the universality of SOC dynamics and highlight transferable resilience strategies — including redundancy investment,
modular design, and real-time monitoring — that inform our aviation network analysis.

Climate change intensifies these risks by increasing the frequency and severity of extreme events, while aging infrastructure,
brittle supply chains, and algorithmic complexity push systems closer to failure [24,28-30]. Compound extremes — such as wildfire—
heatwave-drought linkages — have highlighted the inadequacy of scenario-based planning and underscored the need for systemic
models that can capture emergent, network-wide failure patterns [31-36]. Yet dominant modeling frameworks remain static and
rule-based, lacking the capacity to simulate the nonlinear, evolving dynamics that unfold across space and time [37-43].

In contrast, SOC dynamics are fundamentally emergent. Large-scale failures can arise not from a single extreme event but from the
gradual accumulation and redistribution of stress across interconnected components. For example, a bridge may appear structurally



M.L.O. Salvaria et al. International Journal of Disaster Risk Reduction 133 (2026) 106009

Number of Active Airports Over Time in the United States Percentage of Airports Disrupted Over Time in the United States
Daily count of airports with departure flights Airports with 20+ flight cancellations considered disrupted

350

300

! .

Number of Active Airports
% of Airports Disrupted

U I I A A R i S G 4 KU I S R R R e R g 4
Year Year
(a) Number of active airports (b) Percentage of airports disrupted
Total Daily Scheduled Flight Departures Over Time in the United States Total Daily Flight Cancellations Over Time in the United States

System-wide scheduled departure volume from all US airports (includes delayed and cancelled flights) System-wide departure cancellations from all US airports
|

20000 15000

15,000 10000

Total Daily Flights

10,000 5000

Total Daily Cancellations

S LI L LS LLS LS LSS S LS LS \&é S E S LR L LS LS P
Year Year
(c) Total daily flight departures (d) Total daily flight cancellations

Fig. 2. Evolution of the U.S. aviation system from 1987 to 2025 across four key operational metrics. Vertical dotted lines denote major crisis
events: 9/11 (2001), the Financial Crisis (2008), and COVID-19 (2020).

sound under normal traffic but collapse after repeated minor stresses exceed a threshold. Because tipping points depend on evolving
system states — not just observable shocks — models based solely on past events may overlook future vulnerabilities. This limitation
is especially acute in dense, interconnected environments, where complexity and fragility grow in tandem [44-49].

This paper addresses these challenges by introducing a novel application of SOC theory to model cascading failures as emergent
outcomes of complex system dynamics. Rather than viewing large-scale disruptions as isolated anomalies, SOC frames them as
inevitable outcomes of stress accumulation and structural fragility—offering a systems-level framework for anticipating, diagnosing,
and mitigating cascading failures in critical infrastructure networks.

Traditional stress-testing approaches for aviation networks rely on scenario enumeration: analysts design discrete disruption
scenarios — a hurricane at Miami, a blizzard at O’Hare, a system outage at Atlanta — simulate each one, and measure the response.
This paradigm, while intuitive, suffers from a fundamental limitation: real aviation systems do not face neatly defined scenarios.
They face continuous, random, unpredictable friction—small pressures arriving everywhere, all the time. A crew scheduling delay
here. A maintenance backlog there. A ground equipment shortage somewhere else. The system adapts, redistributes load, absorbs
some shocks and buckles under others. This emergent behavior cannot be captured by enumerating individual failure scenarios, no
matter how comprehensive the scenario library.

The SOC framework offers a fundamentally different paradigm. Rather than asking “What happens if Disruption X hits Airport
Y?” — which requires exhaustive scenario enumeration — the model asks: “Given the network’s topology, operational rules, and
current stress levels, is this system inherently fragile or inherently resilient?” The simulation applies continuous random stress
accumulation, letting the system evolve through its own dynamics: absorbing pressure below thresholds, redistributing load when
thresholds are exceeded, and cascading when redistribution overwhelms neighboring capacity. The emergent power-law distribution
reveals whether the architecture is poised for catastrophic failure—a structural property invisible to scenario-based tools.

This study makes three primary contributions. First, we present the first systematic application of SOC theory to model cascading
failures in air traffic networks, demonstrating that power-law distributed disruptions emerge from network topology and operational
rules rather than external shocks alone. Second, we develop a novel early warning system (EWS) framework with operationally
interpretable metrics — contagion risk and susceptibility risk — that enable proactive identification of vulnerable airports and can
be calibrated using existing FAA and airline data. Third, we introduce a climate stress-testing methodology that quantifies how
extreme weather amplifies cascade risk under future climate scenarios, providing actionable guidance for infrastructure resilience
planning.

The rest of the paper is organized as follows: Section 2 reviews the theoretical foundations of SOC. Section 3 presents the SOC
model for the U.S. air traffic network. Section 4 reports simulation experiments. Section 5 develops the early warning system.
Section 6 applies SOC to climate stress-testing. Section 7 concludes and identifies future research directions.

2. Theoretical foundations of self-organized criticality
SOC represents a major theoretical breakthrough in complex systems science, offering a unified framework for understanding

how large-scale catastrophic events can emerge naturally from the intrinsic dynamics of interconnected systems. Unlike traditional
approaches that treat major disruptions as exogenous shocks or rare anomalies, SOC theory reveals that catastrophic failures are
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often structural features of systems operating near critical thresholds. This perspective shifts the focus of infrastructure resilience
from preventing isolated failures to managing the dynamics of criticality itself—particularly in systems optimized for efficiency and
operating under constant stress.

2.1. Systems on the edge of chaos

The theoretical foundation of SOC emerged from the seminal work of Bak et al. [6], who showed that complex systems can
spontaneously evolve toward critical states without external tuning. The canonical sandpile model illustrates this: grains of sand
accumulate until a critical slope is reached, after which a single grain can trigger avalanches of all sizes. This balance between
slow buildup and fast relaxation produces three defining characteristics: scale invariance, where statistical patterns persist across
scales; universality, where outcomes are independent of micro-level details; and long-range correlations, where local perturbations
can affect distant parts of the system. These features produce power-law distributions of event sizes, offering a theoretical
basis for why catastrophic failures occur with statistical regularity across domains such as evolution [50], solar flares [51],
earthquakes [52-54], landslides [55], financial markets [56,57], economic cycles [58], neural dynamics [59,60], psychological
phenomena [61], ecosystems [62], wildfires [63], and power grids [8,64,65].

2.2. The mathematics of criticality

The mathematical foundation of SOC is its scale-invariant behavior, expressed through a power-law distribution: P(s) ~ s7¢,
where s is the event size and « is the critical exponent. This distribution implies the absence of a typical event size—unlike normal
distributions centered on averages, power laws exhibit heavy tails where extreme events are far more probable than intuition
suggests. The value of a governs the system’s risk profile: smaller exponents increase the likelihood of large cascades, while larger
exponents favor smaller, more frequent events.

2.3. SOC in complex systems

SOC theory provides a powerful explanation for cascading failures in complex systems. The 2003 Northeast blackout exemplifies
this behavior: a line failure in Ohio cascaded across regional networks, affecting over 50 million people and causing an estimated
$10 billion in damages [66,67]. More recently, Salvana and Tangonan [8] demonstrated that monitoring changes in the exponent
a could forecast the 2021 Texas power crisis 6-12 months in advance.

Building on this foundation, we present a framework that models critical infrastructures as SOC systems. This marks a paradigm
shift from conventional risk assessments — focused on isolated failure modes — toward a systems-level view where criticality is
an emergent property of the system itself. Hub-and-spoke architectures concentrate stress at central nodes, making them natural
cascade triggers. SOC theory suggests that catastrophic failures are statistically expected outcomes driven by network topology, load
conditions, and proximity to criticality.

3. The SOC model of the U.S. air traffic network

Our modeling framework extends the Bak-Tang-Wiesenfeld (BTW) sandpile model [6] to network-based critical infrastructure
systems. In the original BTW model, sand grains accumulate on a lattice until a critical slope is exceeded, triggering avalanches
where grains redistribute to neighboring sites. We adapt this framework by treating airports as lattice sites, operational stress
as accumulated grains, and capacity thresholds as critical slopes. A key extension is the introduction of a tunable redistribution
parameter f# € [0, 1] that controls what fraction of stress propagates to neighbors upon failure. When g = 0, stress is fully dissipated
locally; when g = 1, stress is perfectly conserved and redistributed; intermediate values produce the partial redistribution dynamics
characteristic of SOC.

Our framework formalizes five core elements that collectively determine the system’s critical behavior:

1. Network Configuration: Defines the pathways through which failures propagate. Fig. 3 depicts the hierarchical hub-and-
spoke structure of U.S. aviation.

2. Stress Accumulation Rule: Describes how operational pressure builds up over time, reflecting the slow progression toward
criticality. In aviation, stress arises from operational bottlenecks, environmental hazards, and workforce dynamics.

3. Failure Condition: Specifies the threshold at which individual nodes become unstable and trigger redistributive events,
capturing capacity constraints.

4. Stress Redistribution Rule: Determines how stress released by failed nodes transfers to neighbors. The parameter g controls
the fraction transferred, ranging from full dissipation (# = 0) to perfect conservation (§ = 1).

5. Cascade Propagation: Describes how failures recursively trigger other failures until the system reaches a stable state.

These five elements jointly shape the system’s emergent behavior. Fig. 4 illustrates the progression from a stable subcritical state
to supercritical conditions where minor shocks trigger widespread disruptions.
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US Airline Network Topology
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Fig. 3. Topology of the U.S. airline network. Major hubs (red), medium hubs (orange), and regional hubs (blue) are distinguished by node color;
node size reflects hub strength, and edge thickness indicates route capacity.
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4. Simulation study

We conduct simulation experiments to investigate how structural and operational factors shape SOC behavior and the distribution
of cascading failures. A key objective is to examine how the emergent power-law exponent « varies across network configurations
and to establish the relationship between «a and systemic risk outcomes.

4.1. Network topologies

We simulate three network configurations representing distinct organizational paradigms (Fig. 5):

» Hub-and-Spoke: Centralized around major hubs, with regional airports dependent on hub connectivity. This reflects the
dominant structure of legacy carriers.

* Point-to-Point: Decentralized with dense interconnectivity and no dominant hubs. This approximates the operational model of
low-cost carriers.

* Fragmented Regional: Organized into semi-autonomous regional clusters with sparse inter-regional connections.

4.2. Operational scenarios

For each topology, we define three operational scenarios (Table 1). Rather than calibrating f# to specific historical events — which

would require granular propagation data not currently available — we adopt a scenario-based approach spanning the operationally
meaningful range.
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Fig. 5. Three network topologies used in simulation experiments. Left: Hub-and-Spoke. Center: Point-to-Point. Right: Fragmented Regional.

Table 1

Network scenarios across three topologies (n = 50 airports). f# controls stress redistribution, 6 represents failure thresholds, « is the emergent
power-law exponent, and Max Affected measures cascade impact.

Topology Scenario p Ohub Ospoke a Max Real-world analog
Hub-and-Spoke Baseline 0.50 1.0 1.0 3.24 18 Normal operations
Hub-and-Spoke Critical 0.90 0.7 1.0 2.03 47 Holiday peak + storm
Hub-and-Spoke Resilient 0.35 1.3 1.0 3.95 14 Post-crisis reforms
Point-to-Point Baseline 0.50 1.0 1.0 3.38 19 Normal operations
Point-to-Point Critical 0.90 0.8 0.8 2.10 50 System-wide congestion
Point-to-Point Resilient 0.35 1.2 1.2 3.52 10 Distributed buffers
Fragmented Baseline 0.50 1.0 1.0 3.58 17 Normal operations
Fragmented Critical 0.90 0.7 0.9 2.62 46 Regional storm clustering
Fragmented Resilient 0.35 1.3 1.1 3.77 10 Regional autonomy

* Baseline: Normal operations with moderate stress redistribution (f = 0.50) and uniform failure thresholds (6 = 1.0). At g = 0.50,
half of the stress from a failed node propagates to neighbors, representing a system with adequate operational buffers.

* Critical: The system operates near its critical threshold. High redistribution efficiency (f = 0.90) reflects saturated capacity—
nearly all stress transfers to neighbors because local absorption mechanisms are exhausted. Reduced hub thresholds capture
weather-induced capacity constraints.

* Resilient: Post-crisis reforms with enhanced buffer capacity. Low redistribution (f = 0.35) reflects operational slack—most
disruption impact is contained locally through reserve resources. Elevated thresholds represent infrastructure investments.

The empirically observed a ~ 2.4 (Fig. 1) falls between our baseline (a ~ 3.2-3.6) and critical (« ~ 2.0-2.6) scenarios, suggesting

the real system operates with effective § in the range 0.5-0.9. This provides indirect empirical grounding for our parameter choices.

4.3. Results

The simulation results reveal a systematic relationship between « and cascade severity:

» Critical scenarios produce dangerous power-law signatures: Under critical conditions, all topologies exhibit a values between
2.03 and 2.62, with near-complete system failures (46-50 airports affected). The Hub-and-Spoke network under critical stress
produces « = 2.03, with cascades affecting 94% of the network.

Resilient configurations shift the system toward safer regimes: Resilient scenarios consistently produce a values between 3.52 and
3.95, with maximum cascade sizes limited to 20%-28% of the network.

Topology modulates risk through distinct mechanisms: The Point-to-Point network achieves complete system failure (50/50
airports) under critical conditions, outpacing even the Hub-and-Spoke network (47/50). This arises from connection density:
Point-to-Point networks provide more pathways for stress propagation. When g is high, each failed node distributes stress
across numerous highly connected neighbors, creating rapid chain reactions. In contrast, Hub-and-Spoke concentrates risk at
hubs, but spoke nodes’ limited connectivity slows cascade propagation at the periphery. The Fragmented Regional network
exhibits the highest a under critical conditions (2.62 vs. 2.03-2.10), demonstrating that modular structure provides inherent
protection. Sparse inter-regional connections act as natural firebreaks, creating bottlenecks that limit propagation.

Fig. 6 illustrates the inverse relationship between a« and maximum cascade size. The empirically observed a ~ 2.4 falls between

baseline and critical scenarios, suggesting the real system operates in an intermediate risk regime susceptible to transitioning toward
criticality under stress.
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Fig. 6. Relationship between the emergent power-law exponent « and maximum cascade size. Critical scenarios cluster in the high-risk region
(a < 2.7, >90% affected), while resilient scenarios remain in the contained-risk region (a > 3.5, <30% affected).

5. SOC-based early warning system
5.1. Monte Carlo shock testing framework

We develop an early warning system using Monte Carlo shock testing to quantify airport risk along two dimensions. For each
airport, we simulate forced failures across multiple independent system states primed to criticality and track cascade propagation.
Contagion risk measures the average number of secondary failures triggered when airport i fails:

1 Neests

RM = —— 3 IV e

tests ;=

where V,.(’) is the set of downstream victims in trial ¢. Susceptibility risk counts the unique trigger airports whose failure causes airport
Jj to fail:

R;n — (2)

{i : EIts.t.jeVi(')}

These metrics define four intervention quadrants (Fig. 7): Full Protection (high contagion and susceptibility), Pre-position
Resources (high contagion, low susceptibility), Rerouting Caution (low contagion, high susceptibility), and Standard Monitoring
(low both).

The results reveal an asymmetric risk structure. Susceptibility rankings (Fig. 8(b)) confirm that mega-hubs are the most
vulnerable—ATL, ORD, DFW, and DEN each fail in response to failures at 38-39 other airports. Their high connectivity exposes
them to stress propagation from across the network. Contagion rankings (Fig. 8(a)), however, show that spoke airports generate
the largest cascades. Connection-dependent spokes (SNA, MCI, CMH) and origin-heavy spokes (RDU, TPA, SAN) top the rankings
because their failures redirect traffic to already-stressed hubs, triggering secondary hub failures that propagate system-wide. The
quadrant classification reflects this asymmetry: mega-hubs cluster in Rerouting Caution (vulnerable but contained), while many
spokes fall into Pre-position Resources (high cascade potential but structurally insulated). This suggests that interventions should
prioritize monitoring spoke airports as cascade triggers, not just protecting hubs.

5.2. Operational integration

For the EWS to deliver practical value, aviation operations centers must implement and calibrate the SOC model using existing
data infrastructure.

* Model calibration. Centers can calibrate the framework using historical disruption data: (1) construct network topology from
published route schedules, (2) estimate f by fitting simulated cascade distributions to historical patterns, and (3) set airport-
specific thresholds based on observed capacity utilization. This requires no novel data collection—only systematic analysis of
records maintained by FAA and airline systems.
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Intervention Risk Quadrant: Monte Carlo Shock Testing
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Fig. 9. Climate-driven cascade amplification across four impact dimensions under increasing hurricane intensity.

« Anticipatory resource allocation. With a calibrated model, centers can conduct shock testing to identify vulnerable airports before
disruptions occur, enabling pre-positioning of crews, equipment, and rebooking capacity at high-risk nodes.

* Real-time decision support. The risk quadrant classification provides actionable guidance: prioritize ground delay programs at
Full Protection airports, activate standby resources at Pre-position nodes, and exercise caution when rerouting to Rerouting
Caution airports. These protocols integrate directly with existing Traffic Management Initiatives.

6. Climate vulnerability assessment

The EWS identifies which airports are most vulnerable under current conditions. However, a complete framework must address
how vulnerabilities evolve as external stressors intensify. Climate change poses a particular challenge: as extreme weather events

become more frequent, systems already near criticality will experience amplified cascade dynamics—not merely proportional
increases, but nonlinear shifts in failure size distributions.

To quantify this, we extend our SOC model to incorporate hurricane intensity I, as a stress-testing parameter. Simulations reveal
nonlinear responses to forcing. As shown in Fig. 9(a), cascade frequency climbs from 119.9 under minimal forcing to 149.5 under
current climate (+25%) and 200.7 under future conditions (+67%).

Beyond frequency, the size distribution undergoes a regime shift. Under future climate conditions, catastrophic cascades (affecting
> 10 airports) rise to 30.2% of all events—2.4x more than under baseline forcing. Economic impacts escalate from $1.76 trillion to
$14.6 trillion, an 8.3x increase driven by systemic instability rather than storm severity alone.

The SOC model enables identification of critical nodes by mapping spatially heterogeneous risk:

Vairport(lh) =

10- 1), - feascade if hurricane-prone

21y feascade Otherwise

(3)

Fig. 10 reveals dramatic bifurcation between coastal and inland airports. Key coastal hubs — including ATL, MIA, JFK, MCO,
TPA, and IAH — exhibit sharp increases in cascade involvement under future conditions. The five-fold differential between coastal
and inland nodes illustrates where targeted resilience investments yield the highest marginal benefit.
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Airport Vulnerability Heatmap: Climate Change Impact
Frequency of airport involvement in cascade events
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Fig. 10. Airport vulnerability heatmap showing frequency of cascade involvement across climate scenarios. Coastal airports show sharply
increasing vulnerability under future conditions.

7. Conclusion

This study demonstrates that modern aviation networks, optimized for efficiency, naturally evolve toward self-organized
criticality—a regime where small disruptions can trigger cascading failures with systemic consequences. This efficiency-resilience
paradox reveals that design choices improving day-to-day performance can undermine shock absorption. Our analysis shows that
network structure and operational rules jointly determine disruption scale. Dense interconnectivity and centralized hubs can amplify
failures, while modular architectures contain them. Across all simulations, we observe universal power-law behavior: while specific
cascades remain unpredictable, the statistical structure of risk is not.

7.1. Managerial insights

The SOC framework provides practitioners with a fundamentally different lens for understanding and managing systemic risk
in aviation networks. Unlike scenario-based tools that evaluate specific disruption events, the SOC approach reveals whether a
system’s architecture makes it inherently fragile or resilient—a distinction that determines outcomes regardless of which specific
shock triggers a cascade. For practitioners, the findings translate into actionable guidance:

* Hub resilience yields system-wide benefits: Resilience investments at major hubs propagate stability throughout the network.
Because mega-hubs sit at the intersection of multiple cascade pathways, improving their capacity buffers reduces g (the fraction
of stress redistributed to neighbors), shifting the entire system toward safer power-law regimes.

Monitor power-law exponents as early warning indicators: Declining a values signal approaching criticality and should trigger
preemptive interventions. Our analysis shows that the transition from a =~ 3.5 (resilient) to a =~ 2.0 (critical) corresponds to a
shift from contained failures (affecting <30% of airports) to system-wide cascades (affecting >90%). Regular estimation of «
from operational disruption data provides a leading indicator that conventional metrics miss.

Plan for systemic climate impacts: Climate adaptation must account for cascade amplification, not just isolated storm damage.
Our stress-testing shows that a linear increase in hurricane intensity produces an 8.3x increase in economic losses through
nonlinear cascade dynamics. Infrastructure investments should target cascade pathways, not just storm-exposed airports.
Target coastal hubs: Hurricane-prone coastal airports dominate cascade pathways and warrant geographically targeted invest-
ment. The five-fold vulnerability differential between coastal and inland airports (Fig. 10) identifies where marginal resilience
investments yield the highest systemic returns.

Design for containment: Modular architectures with sparse inter-regional links limit cascade propagation. The fragmented
regional topology achieves a = 2.62 under critical conditions versus « = 2.03 for hub-and-spoke—demonstrating that network
structure can be deliberately designed to contain cascades through architectural choices, not just operational buffers.

These insights represent a paradigm shift from reactive crisis management to proactive architectural resilience. The goal is not to
prevent all failures — an impossibility in complex systems — but to ensure the network operates in a regime where failures remain
contained rather than cascading.

7.2. Limitations and future directions

Several limitations motivate future research:

» Static network assumption: Real aviation systems adapt dynamically through rerouting and capacity reallocation. Adaptive SOC
extensions would enable simulation of real-time mitigation.
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» Human and organizational factors: Crew decisions, ATC interventions, and airline policies can mitigate or exacerbate cascades.
Agent-based extensions could address this gap.

* Infrastructure interdependencies: Aviation depends on IT systems, fuel logistics, and ground transportation. Multi-layer network
models represent a promising direction.

» Empirical validation: While a ~ 2.4 provides indirect calibration, granular propagation data would enable direct parameter
estimation.

Despite these limitations, the SOC framework provides a rigorous foundation for understanding systemic risk. The goal is not
to prevent all failures, but to understand how risk emerges, where it concentrates, and how systems can be made robust to the
unpredictable dynamics of an interconnected world.
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