Risk Precursor Analysis of Commercial Aviation Safety Variables in the Post-
COVID-19 Era

By Joshua D. Shipman

B.S. in Aeronautical Engineering & Technology, May 2017, Purdue University
M.S. in Aviation and Aerospace Management, May 2018, Purdue University
A Praxis submitted to

The Faculty of
The School of Engineering and Applied Science
of The George Washington University
in partial fulfillment of the requirements
for the degree of Doctor of Engineering

May 17, 2026

Praxis directed by

Oluwatomi O. Adetunji
Professorial Lecturer in Engineering and Applied Science



The School of Engineering and Applied Science of the George Washington University
certifies that Joshua D. Shipman has passed the Final Examination for the degree of
Doctor of Engineering as of January 22, 2026. This is the final and approved form of the

praxis.

Risk Precursor Analysis of Commercial Aviation Safety Variables in the Post
COVID-19 Era

Joshua D. Shipman

Praxis Research Committee:

Oluwatomi Adetunji, Professorial Lecturer in Engineering and Applied Science,
Praxis Director

J.P. Blackford, Associate Professor of Engineering and Applied Science,
Praxis Chair

Amir Etemadi, Adjunct Professor of Engineering and Applied Science,
Committee Member



© Copyright 2026 by Joshua D. Shipman
All rights reserved



Dedication

This work is dedicated foremost to my loving wife, Darian Shipman, who brought
overwhelming positivity and praise throughout my educational journey. Achieving a
terminal degree is a truly significant personal milestone for both of us. When we both set
out on this journey, I did not think we would have ever imagined both of us pursuing
doctoral degrees from the same school, GWU, at the same time. I look forward to rooting
her on through the finish line as well with long overdue congratulations. I would also like
to dedicate this work to both my parents, Lori and Richard Jr., my stepfather Chad, my

stepmother Carol and the most loving grandparents, Richard Sr. and Linda.



Acknowledgements

I would like to acknowledge the incredible support of a few individuals who
guided me on my educational path: Professor Mark Thom, Melanie Thom, and Dr. Mary
Johnson. You all have provided outstanding personal and academic support as |
progressed along my life journey. I would also like to thank my praxis advisor, Dr.
Adetunji, for his commitment to ensuring academic excellence during my Praxis writing
stage. Furthermore, I would like to acknowledge the GWU faculty for their devotion to

academic excellence throughout this degree.



Abstract of Praxis

Risk Precursor Analysis of Commercial Aviation Safety Variables in the Post-
COVID-19 Era

The COVID-19 pandemic forced a multi-year cessation of U.S. commercial air
operations. Both pilots and maintenance staff were furloughed as travel demand
effectively halted. Although the industry successfully transitioned back to meet the post-
pandemic spike in passenger volume, it met this volume under immense operational
strain. This transition revealed a significant gap in pilot experience; it also revealed the
degradation of maintenance cycles during the pandemic resulting in multiple adverse
safety events with passenger injuries at varying levels. This praxis reviews this
breakdown in safe operations in the post-pandemic era based on structural changes within
the commercial airline industry that happened during the pandemic. By applying multiple
analytical tools consisting of canonical correlation analysis, Wilks’ lambda significance
testing, sensitivity analysis and Monte Carlo simulation, this study identifies which
variables obtained from NTSB accident and incident reports were the primary drivers of
increased risk to safe aviation operations. A novel framework for better analyzing
aviation accident and incident risk precursors using a combination of these analytical
methods is provided, allowing for actionable insights and recommendations to strengthen

aviation safety.
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Chapter 1 — Introduction

1.1 Background

The COVID-19 pandemic had a significant impact on commercial air travel,
disrupting operations, supply chains, and financial stability on an unprecedented scale. In
early 2020, governments worldwide implemented strict travel restrictions and lockdowns,
causing a sharp drop in passenger demand. Airlines grounded fleets and canceled
thousands of flights. Travel demand plummeted by nearly 60% in 2020 compared to
2019, and the industry suffered billions of dollars in losses that forced several airlines to
ground aircraft for extended periods of time and halt normal maintenance activities. U.S.
aviation witnessed staggering financial losses in 2020 with U.S. airlines reporting a
combined revenue loss of over $370 billion (Sun et al., 2023). As global vaccination
efforts took off and travel restrictions eased, the commercial aviation industry
experienced a rapid recovery (GAO, 2023). By 2022, air travel demand had surged,
fueled by strong demand for both business and leisure travel. Airlines which had
previously cut capacity of both experienced pilots and maintenance staff during the
pandemic were now scrambled to rehire these critical roles to reactivate aircraft for
revenue service. The post-COVID travel boom raised concerns regarding commercial
aviation safety. Aircraft that had been parked for extended periods with deferred
maintenance between 2019-2022, largely due to travel bans aiming to curtail the spread
of the virus, were suddenly in high demand. This new high demand intensified the need
for both experienced pilots and critical engine maintenance, both of which were already

pushed to the breaking point (Adrienne et al., 2020).



Using publicly accessible accident and incident reports obtained from the
National Transportation Safety Board (NTSB), variables directly relating to aviation
safety were extracted and reviewed for insights into the potential causes of adverse
aviation safety incidents. The range of NTSB report data used in this praxis is from 2010-
2024 for Part 121 Regularly Scheduled Air Carriers, which provides a time-based
comparison of aviation accidents pre- and post-COVID pandemic. Comprehensive
analysis is conducted on these variables of interest to understand which act as risk
precursors that may cause potential future adverse safety events (Oh et al., 2020).

The focus variables of the study are pulled from Form 6120.1 Pilot/Operator
Aircraft Accident/Incident Reports obtained from the NTSB Aviation Investigation
Search (AIS) database. The study uses two groups of independent variables based on
engine maintenance history variables and pilot experience variables contained within
these reports. The engine maintenance variable group consists of engine age (EA), thrust
rating (TR), time since new (TSN), time since inspection (TSI) and time since overhaul
(TSO). The pilot experience variables group includes pilot age (PA), pilot instructor (PI)
time, pilot-in-command (PIC) time, and pilot total flight (PTF) time. The dependent
variable group focuses on aviation safety outcomes, including the total injuries from the
safety events, and the severity of each injury on an ordinal level of increasing intensity of
minor, serious and fatal. This collected data is further broken into two timeframes for a
comparative analysis to identify the repercussions of the pandemic. The time period of
2010-2019 represents the pre-COVID timeframe, while the time period 2020-2024

represents the post-COVID timeframe.



Comparative insights are highlighted using multiple analytical methods to home
in on the variables of interest with the highest propensity to detrimentally affect safety
outcomes. Canonical correlation analysis is used initially to derive an appreciation for the
associations between the independent groups and the dependent group. Wilks’ lambda
significance testing is then utilized to understand if there is a significant shift in the injury
rates between pre- and post-COVID timeframes. Sensitivity analysis is performed using a
one-factor-at-a-time (OFAT) perturbation method to analyze which of the independent
variables from each group most impacts the safety outcomes. Finally, Monte Carlo
simulation is employed to investigate forward looking scenarios based on variables that
showed to offer the highest influence on aviation safety to analyze how changes in these
focus variables impact future injuries. The results of each of the four investigation
methods are discussed and recommendations are provided aimed at enhancing aviation
safety in the post-COVID-19 era.

1.2 Problem Statement

The COVID-19 pandemic significantly disrupted commercial aviation
maintenance practices and pilot experience opportunities, causing an inability to meet the
strong travel demand resurgence of 55% above 2019 levels when pandemic restrictions
were lifted, leading to elevated safety risks which undermine the aviation industry’s
sustainment of reliable operations by threatening up to $30 billion in projected economic
output over the next decade (Elakramine et al., 2022).

1.3 Thesis Statement
A novel framework consisting of CCA, Wilks’ lambda significance testing,

sensitivity analysis, and Monte Carlo simulation based on NTSB safety data across pre-



and post-COVID timeframes is necessary to identify which engine maintenance and pilot
experience variables most significantly influence flight safety to help inform novel
maintenance and pilot strategies aimed at reducing risk and helping to prevent future
safety incidents.

1.4 Research Questions and Hypotheses

This praxis considers five questions to guide the research and analysis:

e Research Question 1: Is there a correlation between engine maintenance
variables (TSO, TSN, TSI, EA, and TR) and the safety variables total injury count
and level of severity of injuries when comparing pre- and post-COVID-19
intervals?

e Research Question 2: Is there a correlation between pilot experience variables
(PA, PTF, PIC, and PI) and the safety variables total injury count and level of
severity of injuries when comparing pre- and post-COVID-19 intervals?

e Research Question 3: Is there a statistically significant difference in safety
outcomes, specifically, the total injury count and injury severity levels, between
pre-pandemic and post-pandemic aviation accidents/incidents?

e Research Question 4: Which variables within the engine maintenance and pilot
experience groups exhibit the greatest influence on the relationship with safety
outcomes, as determined through sensitivity analysis?

e Research Question 5: Using Monte Carlo simulation, does a post-COVID-19
increase in EA or PTF lead to an increase in accidents?

The hypotheses for this praxis are as follows:



Hypothesis 1: CCA will identify significant correlations between engine
maintenance parameters TSO, TSN, TSI, EA, and TR, and the safety variables
total injury count and level of severity of injuries when comparing pre- and post-
COVID NTSB data.

Hypothesis 2: CCA will identify significant correlations between pilot
experience variables, including PA, PTF, PIC, and PI, and the safety variables
total injury count and level of severity of injuries when comparing pre- and post-
COVID NTSB data.

Hypothesis 3:

o Null Hypothesis (HO): There is no statistically significant difference in the
multivariate combination of injury outcomes (fatal, serious, and minor
injuries) between the pre-COVID and post-COVID periods, with o = 0.05.

o Alternative Hypothesis (H1): There is a statistically significant difference
in the multivariate combination of injury outcomes (fatal, serious, and
minor injuries) between the pre-COVID and post-COVID periods, with a
=0.05.

Hypothesis 4: Sensitivity analysis can be used to identify which independent
variables from the engine maintenance and pilot experience groups exhibit the
greatest influence on the relationship with safety outcomes.

Hypothesis 5:

o Null Hypothesis (HO): Increases in EA and PTF of simulated data
following the COVID-19 pandemic will not result in a higher accident

rate.



o Alternative Hypothesis (H1): Increases in EA and PTF of simulated data
following the COVID-19 pandemic will result in a higher accident rate.
1.5 Limitations
The scope of this praxis is strictly limited to FAR Part 121 operations within the
United States and excludes general aviation flights under FAR part 91 operations. This
line of demarcation is critical because it limits the classifications of engine variables
reviewed. For example, general aviation aircraft are typically small, single pilot aircraft
with low thrust rating engines. The engines used on smaller general aviation aircraft
typically fall into one of two categories: light pistons engines and small turboprop
engines, which generate significantly less thrust and are well below the thrust ratings of
aircraft engines operating within Part 121 operations. Additionally, this study does not
extend into military operations. Another noteworthy limitation lies with the use of the
OFAT perturbation method. Although it provides for a clean interpretation of the
observed influences one single factor has on another, it does not inherently review
synergistic effects. For example, it omits the interaction product multiple variables may
have when combining the effects of multiple risk precursors. Significant compounding
risk factors may not be identified using this methodology alone.
1.6 Organization of Praxis
The praxis is organized into five chapters that examine COVID’s impact on
commercial flight safety. Chapter 1 contains an introduction to the research and details
the problem statement, thesis statement, research questions and hypothesis statements
analyzed within the praxis. A comprehensive literature review is conducted in chapter

two outlining the pandemic timeline and pandemic impacts on maintenance and pilot



operations. It also provides a review of the applicable Federal Aviation Regulations
within 14 CFR Part 121, as well as the requirements necessary to collect information
relating maintenance history, pilot experience and injury criteria for any aviation accident
or incident. Chapter 3 dives into the methodology used in the study. A walkthrough of the
data retrieval and analysis from NTSB accident and incident reports is detailed, along
with an overview of each of the four main analytical methodologies used in the study.
Additionally, it provides a robust view of the Python model used to simulate future
aviation accidents and incidents using post-COVID NTSB data as the model baseline.
The research results are highlighted in chapter four, which systemically compare pre- and
post-COVID NTSB data to answer each of the five main research questions. Chapter 5
concludes the study with key takeaways and recommendations to enhance future

commercial aviation safety.



Chapter 2 — Literature Review

2.1 Introduction

This chapter provides an overview of the findings from a review of academic
literature on the topics introduced in Chapter 1 which includes aircraft accidents and
incidents, pandemic-induced disruptions and aviation safety. The review covers over
sixty peer-reviewed sources across various scholarly domains. The studies reviewed
cover a wide cross-section of applicable topics including commercial air carrier
operations, pandemic influences on the aviation workforce, pilot experiences as they
relate to past pandemics, maintenance operations and disruptions due to pandemic events,
regulatory compliance, aviation accident reporting, and investigations into the causes of
commercial aviation accidents. It combines a wide body of empirical research and
regulatory analyses to help contextualize the multifaceted risks associated with
commercial aviation in the pre-, during-, and post-COVID pandemic periods. The review
begins by introducing and exploring the regulatory background of 14 CFR Part 121,
which provides a body of regulatory guidance used to keep U.S. commercial aviation
sector safe, and then transitions into a detailed examination of how the COVID-19
pandemic disrupted aviation supply chains, aircraft maintenance cycles, and personnel
readiness. The sections to follow evaluate accident reporting requirements from the
NTSB, the structure and utility of the NTSB safety databases, and emerging industry
approaches for leveraging pilot and engine maintenance data to analyze and mitigate
aircraft accidents and incidents. This literature review establishes a robust academic
foundation conducive for a thorough analysis of commercial aviation risk precursors

through its syntheses of major insights from both qualitative and quantitative studies. Its
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inclusion of peer-reviewed findings ensures both the credibility and relevancy of the
reviewed content in addressing the dynamic challenges influencing the safety of U.S.
commercial air carriers following the COVID-19 pandemic. Figure 2.1 provides an

overview of the reviewed sources.

Literature Review Breakdown By Source

60

51
50

40

Count

20

12
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l L] : :
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Accredited Journal Government/Regulator Industry Resource Professional AccidentDatabase
Association

Figure 2.1 Overview of Sources Reviewed for Praxis Literature Review

2.2 Title 14 CFR Part 121 and the History of Commercial Air Carriers

The origin of aviation regulations in the U.S. dates to the early 20th century, a
period known for rapid advancements in aviation technologies and a sharp increase in air
traffic. Modern aviation history starts in 1903, when Orville Wright stunned the world
with the first known instance of sustained flight. The wonder of this new technology
quickly spread around the globe and soon became the inspiration for a multitude of new
inventions to sustain flight at higher altitudes and for longer durations. With a plethora of
new flying machines springing up around the world, the skies were soon littered with

novel aircraft. Although these were initially not intended for use in war, they became
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widely valued technology that many European nations relied upon in World War 1, as
this technology fundamentally changed the nature of human warfare. The post-World
War 1 era brought with it a period of peace, and the new aircraft technologies found a
promising destiny in their use for delivering air mail, and soon after, in commercial use
ferrying passengers (FAA, 2021).

The lack of a standard set of regulations in the 1920s led to a hazardous aviation
environment. Quickly recognizing the need for centralized oversight, aviation industry
leaders increasingly looked to the government to take federal action to maintain air traffic
and more rigorous safety standards. Consequently, the Air Commerce Act of 1926 was
enacted, laying the foundational framework for the federal regulation of civil and
commercial aviation. This act empowered the government to establish air traffic rules,
certify pilots and aircraft, and even promote the development of air navigation facilities.
It then became the Secretary of Commerce’s responsibility to establish and enforce these
rules. Ultimately, this resulted in a specific branch of the Department of Commerce
dubbed the Aeronautics Branch, which was to provide the much-needed federal aviation
industry oversight. Throughout the 1930s, the Department of Commerce was able to
convince early air carriers, which would come to be known as airlines, to set up novel
ground-navigation equipment to assist pilots with navigation while traveling increasingly
further distances. Due to public demand for safe and secure flights, government
ultimately took over these travel control nodes, and they became the basis of air traffic
control (ATC) centers (FAA, 2021).

The late 1930s saw a series of aviation accidents that resulted in public outcry for

additional air traffic safety oversight. What followed was a multitude of aviation
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overhauls resulting from President Franklin Roosevelt’s high-profile push to ensure
safety in the sky, including the creation of the Civil Aeronautics Authority (CAA), which
ultimately came to oversee the full ATC system. However, as technology progressed
from the piston engine age to the jet engine age, air travel accidents became more
frequent and much more severe. For example, a United Air Lines DC-7 aircraft collided
with a Trans World Airlines Lockheed Super Constellation aircraft over the Grand
Canyon in June 1956, killing 128 individuals and fueling intense calls for greater
regulation of U.S. air safety (FAA, 2021).

Birth of the Federal Aviation Administration

President Eisenhower passed the Federal Aviation Act in 1958, handing CAA
jurisdiction over to the newly created independent agency called the Federal Aviation
Agency. The next major federal milestone was achieved in 1967, when President Lyndon
B. Johnson centralized the oversight of all U.S. transportation industries to create a
consolidated national policy for transportation. President Johnson urged Congress to
create a consolidated cabinet department responsible for all transportation oversight that
came to be known as the Department of Transportation (DOT). The DOT created two
lasting entities: the NTSB and the FAA (FAA, 2021). The FAA held extensive authority
to regulate all aspects of commercial aviation.

FAR Part 121 was introduced in early 1965 which targeted the operational
requirements for scheduled air carriers. Part 121 created baseline standards for aircraft
operations, maintenance, and pilot qualifications for airlines conducting scheduled
services. As new and disruptive technologies were introduced within the industry,

amendments were created to address these challenges and incorporate these
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advancements. For example, following a series of deadly crashes, the FAA, on the
recommendation of the NTSB, mandated the installation of ground proximity warning
systems in all turbine-powered airplanes under Part 121. In this way, and through a
multitude of additional regulations, the FAA played a fundamental role in enabling the
safety of jet-powered aircraft well into the 21% century (DOT, 2000).
2.3 COVID-19 Pandemic Timeline

The pandemic ushered in historic challenges to global air travel that made it a
very disruptive period in the history of commercial aviation. Commercial airlines, airport
authorities, and regulatory bodies were forced to adapt swiftly to evolving public health
mandates that caused international border closures and rapidly shifting consumer
behavior. Severe restrictions were enforced with additional travel regulations aimed at
slowing the spread of COVID-19. The pandemic was severely diminishing airline
earnings in the U.S. A December 2020 International Air Transportation Association
(IATA) report noted that North American revenue passenger kilometers were
approximately 80% lower than in the prior year (IATA, 2020). To make matters worse,
the pandemic also drove many companies into Chapter 11 bankruptcy (Amankwah-
Amoah & Kahn, 2021). Quarantine protocols also generated confusion among travelers
and heavily disincentivized spontaneous bookings and travel. These logistical difficulties
placed significant burdens on airlines, especially with rapidly changing federal guidance
from the Center for Disease Control (CDC) following increases in data availability
relating to the spread of the pandemic (Sun et al., 2021).

In January of 2020, the World Health Organization (WHO) acknowledged that the

SARS-CoV-2 virus was a global health emergency due to its rapid spread in China. The
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WHO also announced that COIVD-19 was the official name of the disease resulting from
the SARS-CoV-2 virus, and this abbreviated name quickly entered the mainstream. In
mid-January, the U.S. government began health-screening activities at major U.S.
airports handling international traffic, and, on January 20", the first lab-confirmed
COVID-19 case in the US was identified in Washington state. Within days, the states of
[llinois, Arizona, and California all had confirmed cases, which lead to the Department of
Health and Human Services (HHS) to formally announce a public health emergency in
the U.S. (CDC, 2025).

February 2020 marked a new major milestone as the U.S. economy entered a
recession that lasted through April 2020. This recession was confirmed by the National
Bureau of Economic Research in July 2021 who then acknowledged that it was the
shortest U.S. recession on record (NBER, 2021). The CDC formally submitted an
emergency use authorization (EUA) on February 3™ to allow for public use of a SARS-
CoV-2 diagnostic test, and this EUA was approved by the FDA the following day. By
February 10, the virus officially caused more fatalities than the 2003 SARS-CoV-1
outbreak. A formal announcement from the CDC was issued that included closure of
schools and factories, public events cancellation and extended quarantines to mitigate
risks from exposure to COVID (CDC, 2025). Passengers faced rigorous screening
procedures at international airports upon returning to the U.S. Customs and Border Patrol
(CBP) officials working at O’Hare during this heightened screening period reported long
lines of thousands of people needing to be screened that were met with extensive wait
times in cramped conditions and forced to go without sufficient access to bathrooms,

food or water (GAO, 2024).
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By March 3", twelve American states had confirmed the presence of COVID
through verifiable lab results, highlighting how quickly the virus had spread over the
preceding month, even with increased public awareness and sensitivity. In March, there
was a rapid worldwide rise in COVID-19 cases, with nearly 120,000 individual cases
announced across nearly 120 countries. On March 11, the WHO officially announced that
COVID was a full pandemic, which had a dramatic effect on the public stock market. The
S&P 500 dropped by 34% in March (Shu et al., 2021). As the S&P 500 is a widely
recognized and tracked market index, this sent ripple effects throughout the global
economy and caused the stock market to halt trading four times over nine days. Stock
market trading had not been suspended since 1997 and this caused widespread concern
among consumers. This led to the public market exhibiting historically high volatility and
a subsequent massive drop in consumer confidence. The 10 Year Treasury bill, one of the
safest assets to buy, likewise closed at an all-time low (0.54%) in March (Shu et al.,
2021).In tandem with the market losses, the economy lost nearly 21 million jobs, and the
U.S. unemployment rate rose to nearly 15% (Atems & Yimga, 2021).

Also in March 2020, the Trump Administration issued further travel restrictions
for twenty-six European countries. Home quarantine orders were issued by many states,
and, on March 19, California became the first state to close all businesses except for
essential ones, such as doctors’ offices and grocery stores. The leading expert on
infectious diseases at the time, Dr. Anthony Fauci, addressed the nation at a White House
briefing to publicly announced that the anticipated death toll would be upwards of
240,000. This was a number that shocked many across the nation and encouraged new

guidelines mandating always wearing masks outside (CDC, 2025). Air passenger
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volumes collapsed, with the Transportation Security Administration (TSA) reporting that
less than 100,000 passengers had been screened on a single day in April 2020,
representing a drop of more than 90% compared to the same day a year prior (Atems &
Yimga, 2021). Fear continued to spread from April to May 2020 as the number of global
flights plummeted by 50%, with some countries seeing air traffic diminish by 90% or
more during this period (Abate et al., 2020). Amidst the chaos, a research facility in
Seattle made positive headlines by kicking off the first human trials of a novel COVID-
19 vaccine, which would come to be known as the Moderna Vaccine. Following this, the
Trump administration greenlit a plan to fund up to six potentially effective vaccine
candidates. Funds were allocated to expedite the Moderna and BioNTech vaccines. In
early May, the FDA introduced an EUA to allow the use of Remdesivir for individuals at
high risk, such as those who were already hospitalized due to a medical history of severe
disease. It also authorized the first at-home COVID-19 test. In the same month, the HHS
awarded a record $10 billion+ earmarked for COVID-19 testing throughout the U.S., and
AstraZeneca obtained $1 billion+ in funding from the U.S. government to expedite the
development of its promising vaccine candidate (CDC, 2025).

The government purchased 100 million doses of both the Moderna and Pfizer
BioNTech vaccines over the following months for public vaccination campaigns to help
control the spread of the virus (CDC, 2025). Rapid progress was made in testing, with
Abbot’s BinaxNOW COVID-19 antigen test kit receiving FDA EUA after showcasing
that it only took 15 minutes to detect a positive case. In late September, Johnson &
Johnson (J&J) started phase three of its clinical trials, as its vaccine showed potential in

providing protection with only one shot, as opposed to its competitors’ two-shot regimen.
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Further positive news came in November, when the Moderna vaccine was shown to be
95.4% eftfective and the Pfizer-BioNTech vaccine 95% effective (CDC, 2025). Hundreds
of millions of doses were rolled out and in single ten-day period, over 1 million
Americans were vaccinated with healthcare workers and elderly patients receiving
priority (CDC, 2025).

January 2021 brought new policies: anyone entering the U.S. was obliged to show
proof of a negative COVID test, and the use of face masks on public transportation, on
aircrafts, and in airports, was made mandatory. By late March, the FDA had provided
EUA vaccine approval to all major vaccine makers, including Pfizer-BioNTech,
Moderna, and J&J, and a record 100 million+ US citizens were vaccinated. The recently
elected Biden administration approved a nearly $2 trillion stimulus bill, providing much-
needed funds for additional COVID-19 vaccinations. Additional travel guidance was
issued by the CDC in late April which acknowledged that fully vaccinated individuals
could travel safely, which brought about a sense of optimism for U.S. citizens looking to
travel again now that over 200 million vaccines had been administered (CDC, 2025). The
next major travel guideline came in November 2021, when the U.S. required all non-
citizens to be fully vaccinated and show proof of vaccine status before being allowed to
enter the country (CDC, 2025).

2022 initially had grim prospects for a return to normalcy with the new Omicron
variant of COVID-19 accounting for 99% of all new infections. However, the COVID
vaccine rollout was in full effect. The FDA reported that the vaccines had prevented over
1 million hospitalizations and were credited with saving over 250,000 lives (CDC, 2025).

The CDC soon provided updated guidance that showed transmission rates of COVID
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were plummeting, with 98% of the U.S. population in locations considered medium- or
low-risk. The U.S. donated nearly 500 million vaccines to over 100 countries. Nearly
60% of the world was reported to have been fully vaccinated, and over 10 billion vaccine
doses had been administered worldwide. For the first time since the beginning of the
pandemic, a sense of hope was felt across the world as governments began to open their
borders and people began to resume travelling (CDC, 2025).

2.4 Commercial Aviation Supply Chain Disruptions During COVID-19

Abrupt shifts in demand caused by travel restrictions and lockdowns resulted in
disruption of the supply chain for both production and maintenance activities. Carriers
that relied heavily on just-in-time inventory systems were struggling with issues such as
widespread parts shortages and delivery backlogs (Ivanov, 2024). The available
workforce to maintain the aircraft was also scarce as furloughs and retirements rose due
to the sharp drop in demand (Hernandez & Elizondo, 2024). As a result, airlines
encountered severe delays in returning aircraft to service, which hampered post-pandemic
recovery efforts and stretched operational resilience thin.

As the crisis unfolded, firms with digitized and vertically integrated supply chains
fared far better than those with more rudimentary supply chain systems, which found
themselves flying blind. The crisis thus accelerated commercial aviation industry
investment in comprehensive supply chain technology platforms intended to improve
transparency of part availability that allowed industries to be more responsive to future
disruptions (Ivanov, 2024). Due to the heavy financial impact that came with aircraft
parts shortages during the pandemic, new research in aviation supply chain resilience

began to surface. Elakramine et al. (2022) investigated the supply chain-induced
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maintenance disruptions and found that outdated maintenance technology was being used
and needed to be upgraded to keep up with demand, although already struggling
operations were unable to pay for such upgrades.

A new major concern that came about was regarding the financial stability of
smaller tier vendors producing non-standardized and highly specialized components.
These vendors often lacked necessary financial liquidity to survive extended order
cancellations. In several documented cases, critical international suppliers also shuttered
operations entirely without the ability to ship their hardware globally due to the pandemic
travel restrictions. This resulted in a paradigm shift where decades of offshoring
strategies were now being reversed, and critical part production returned domestically
even at a significant cost increase (Craighead et al., 2020). When faced with
overwhelming pandemic supply chain breakdowns, this international transfer of money,
goods, and knowledge fundamentally breaks down, allowing for the burden of decreased
worldwide economic activity (IATA, 2021).

2.5 COVID Impacts on Aircraft Engine Availability and Maintenance

The pandemic created significant long-term challenges for the aviation industry
and detrimentally affected aircraft engine maintenance operations. Airlines grounded
fleets and deferred maintenance to conserve funds. The demand for MRO services fell
sharply compared to previous years, and many MRO facilities operated at reduced
capacity due to workforce limitations and fluctuating airline needs. COVID would result
in a shortage of experienced personnel leading to severe maintenance delays which would

only further hinder aircraft availability and would later lead to immense difficulty
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returning to reliable air travel during the abrupt travel rebound post-pandemic (IATA,
2022).
COVID Effects on Major Commercial Engine Manufactures

Aircraft engine maintenance is a critically important aspect of the COVID era to
review, considering that over 35% of aviation accidents were found to be attributed to
issues or errors directly related to aviation maintenance (Truong & Lee, 2025). The
world’s leading turbine engine manufacturers, specifically, Pratt & Whitney (P&W),
General Electric Aerospace (GE), and Rolls-Royce (RR), were also deeply affected by
the hindrances to the maintenance system during the pandemic. Engine manufacturers
saw a sharp decline in aftermarket revenue, which traditionally forms a significant
portion of their business models with airlines deferring overhauls and postponing
scheduled shop visits. Manufacturers were forced to implement cost-cutting measures
such as workforce reductions and temporary shutdowns that only further disrupted their
ability to ramp up operations when demand returned (IATA, 2022).

P&W faced severe supply chain constraints across its product lines, including on
its novel geared turbofan (GTF) engine program, which was already in high demand for
popular narrow body aircraft such as the Airbus A320neo. The A320neo was an
extremely promising new aircraft that had quickly become the world’s most popular and
bestselling aircraft in the single-aisle market when it was introduced in 2016 (Airbus,
2016). Supply chain issues in major engine components such as castings caused by
COVID resulted in considerable delays in P&W’s ability to provide this novel engine for
the popular A320neo aircraft and air carriers struggled to meet rising demand with a

limited number of engines being produced (Singer, 2022).
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Rolls-Royce, another major commercial engine manufacturer, was also
significantly affected by the pandemic. This impact was felt heavily across its Trent
engines, which are used in wide-body aircraft such as the Airbus A350 (Trent XWB) and
the Boeing 787 (Trent 1000) (Rolls-Royce, 2025). These aircraft which are normally used
heavily for long international flights remained idle throughout the pandemic due to
border closures. This reduction in flying hours translated directly into lower MRO
volume and was detrimental to its global network of service partners, which severely
affected the network’s cash flow.

This immediately followed RR’s already grim financial outlook for 2019, which
had reported a total loss of GBP 2.2 Billion due to the Trent 1000’s ongoing problem:s.
This engine model, which powered the B787, experienced turbine wear much sooner than
the reliability plans had expected, which had a cascading effect on both aircraft
groundings in the fleet and limited production deliveries to the fleet (Pettibone, 2020). It
was not until 2024 that RR would begin to see a rebound in aircraft engine demand and
could generate much-needed aftermarket revenue (Pozzi, 2024).

2.6 Aviation Accidents and Incidents and Their Focus in This Praxis

The NTSB issues policy recommendations following an accident or incident,
offering targeted guidance on how to better mitigate aviation safety risks. NTSB accident
and incident reports are available for academic and industry research for trend analysis
and risk assessment aimed at reducing similar mishaps and these NTSB investigation
details are found on the NTSB website in the Case Analysis and Reporting Online
(CAROL) database (NTSB, 2025A). The database contains detailed reports, including

supplemental information relating to flight details, aircraft type, operator information,
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pilot experience information, and aircraft and engine maintenance history. Among the
most academically useful reports within this database are the NTSB Form 6120 Reports,
which include data on engine maintenance history and pilot experience which are the
focal points of this praxis. CAROL is publicly accessible and widely used by researchers,
airlines, and regulatory bodies to identify safety trends and prevent future incidents
(NTSB, 2025A). It has been a primary data source for dozens of the academic journal
articles reviewed in the present chapter.
Defining Aviation Accidents and Incidents

Regulatory definitions of aviation accidents and incidents are foundational to
aviation safety research. These definitions are found in Title 49 CFR, Subtitle B, Chapter
VIII, Part 830.2 Definitions and are summarized below (¢CFR, 2025B).
e Aircraft Accident: An occurrence that takes place during operation of an aircratft,
from the time a person boards the aircraft for flight to the time all persons on
board have deplaned, and in which any person suffers death or serious injury, or
in which the aircraft is substantially damaged.
e Aircraft Incident: An occurrence other than an accident, associated with the
operation of an aircraft, which affects or could affect the safety of operations.
The primary distinction between these classifications lies in the severity of the
consequences, with accidents involving significant damage or loss of life, whereas
incidents serve as precursors to potential failures without loss of life or the event
constituted as a near miss.

Relating to this topic is § 830.5 Immediate Notification, which requires that all

operators of public aircraft “shall immediately and by the most expeditious means” obtain
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contact with the closest NTSB office to divulge serious and critical information related to
accidents (eCFR, 2025B). Events must be promptly reported to the NTSB if they meet
the criteria for being classified as accidents, or if the situation meets the criteria defined
in § 830.5, such as engine failure.

If an accident or incident occurs, it is the aircraft operator’s responsibility to
conserve all records associated with the aircraft involved in either, as these records help
the NTSB piece together important information such as aircraft owner, registration
details, pilot and co-pilot information, number of fatalities and injuries, and state of
engine maintenance and airworthiness (¢CFR, 2025B).

2.7 Federally Mandated Accident and Incident Reporting to the NTSB

Title 49 CFR Subtitle B, Chapter VIII, Part 830 Subpart C provides guidance for
reporting on aircraft accidents, serious incidents, and any overdue aircraft. It also
prescribes the use of the NTSB Form 6120, officially titled the National Transportation
Safety Board Pilot/Operator Aircraft Accident/Incident Report, is to be filed by the
operator involved in an accident or serious incident within ten days of the accident, or
within a shorter window of seven days for an aircraft that is reportedly overdue or
missing.

Mandatory reporting of Form 6120 is used for collecting critical data following
aircraft accidents or certain serious incidents such as a near miss, runway incursion, or
major failure of an aircraft component that reasonably endangered the flight. This
information is a critically important aspect of the NTSB’s investigative process. Form

6120 is designed to capture information to better understand the circumstances around the
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accident or incident and is often used to reconstruct the scene of an accident later for
analytical purposes in attempt to get to root cause.
2.8 Pilot Experience Variables and Their Impacts on Safety

Researchers use statistical methods to analyze NTSB accident reports to quantify
the relationships between pilot characteristics and accident outcomes to better understand
how pilot-specific variables influence the severity of commercial aircraft accidents. This
section highlights some peer-reviewed findings, with a focus on four key pilot
performance variables from NTSB reports: PA, PTF, PIC, and PI. It is important to
highlight here that no articles were found showing direct correlations between pre- and
post-COVID impacts to injury rate and severity for these same pilot factors which
indicate a gap in this field of knowledge that this praxis fills.

Flying time as a certified flight instructor or PI is a useful parameter of interest
when researching possible factors that may influence accident severity since instructor
experience implies both a high level of skill and a focus on training scenarios. The
Aircraft Owners and Pilots Association (AOPA) highlight some tangible benefits that
result from instructional flights, such as that flights operated by instructional pilots have
less than half the fatal accident rates than those operated by pilots without instructional
experience. Additionally, about two-thirds of training accidents happen during student
solo flights, suggesting that the presence of a trained flight instructor correlates with safer
operational outcomes (AOPA, 2014). PIC time and PTF time are both variables captured
within NTSB accident reports that can be used as measures of experience; however, it is
important to make the distinction that PIC time specifically denotes the number of hours

for which a pilot bears ultimate responsibility for an aircraft.
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Chapter 3 — Methodology

3.1 Introduction

The research methodologies employed to develop a comprehensive framework to
compare shifts in aviation safety outcomes between pre- and post-COVID timeframes are
discussed in this chapter. Four primary research methods were used across five research
questions and corresponding hypotheses. Hypotheses 1 and 2 were tested with canonical
correlation analysis. CCA was used to highlight the relationship between both groups of
independent variables and the dependent variable group relating to flight safety
outcomes, which include the total number of injured persons and injury severity levels of
minor, serious, or fatal. Total injuries are a summation of these three severity levels.
Hypothesis 3 was tested using Wilks’ lambda significance testing to understand if there
were any significant shifts in safety outcomes pre- and post-COVID. Hypothesis 4 was
tested utilizing sensitivity analysis to determine which variables in the two independent
variable groups most significantly affect injury outcomes when using an OFAT
perturbation method of + 10%. Hypothesis 5 was tested using Monte Carlo simulation to
forecast future safety outcome scenarios based on increases in two of the most prominent
variables highlighted during a combination of the previous methodologies which had the
most significant impact on injury rates, PTF and EA.

The independent variable groups used within this praxis are compiled from NTSB
reports of accidents and incidents that occurred throughout the COVID-19 pandemic era
and span the years 2010-2024 to provide a robust sample of pre- and post-COVID
reporting data. Within the study’s methodology, pre-COVID signifies the years 2010—

2019, whereas post-COVID includes the years 2020-2024. The goal of the methodology
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is to identify which factors among pilot performance metrics and engine maintenance
parameters most significantly influence adverse safety events and to compare the results
for pre-COVID and post-COVID timeframes. The following section details the data
collection and processing steps to prepare the data for the four analytical methods.

3.2 Data Source Identification: NTSB Form 6120 and Associated Reports

The primary data used for this praxis was synthesized from the NTSB Aviation
Investigation Search (AIS) database. As a central repository for reports on civil aviation
accidents and incidents within the U.S., this database contains a trove of operational data
encompassing parameters related to both pilot experience and engine maintenance
history. The specific document targeted for data extraction related to each aviation event
was the NTSB 6120 Form. Obtaining these forms first required filtering through the AIS
database using search parameters that met the scope of the study.

While this database allows for filtering by more than thirty distinct categories, this
praxis focused on four critical parameters: event dates, country, FAR operation and
category of aircraft. The search window was intentionally narrowed to the period
consisting of 1/1/2010-12/31/2024. This was necessary to establish a statistically robust
baseline for which to compare pre- and post-COVID operational shifts. To ensure the
data remained representative of the specific regulatory environment within this study, the
dataset was strictly limited to Part 121 operations. Figure 3.1 below provides an overview
of the filtering schema followed to extract the data from this database. Figures 3.2 and 3.3
highlight the location of the focus variables within these NTSB reports.

e Event Start Date: 01/01/2010

e Event End Date: 12/31/2024

27



e Event Country: United States
e Operation FAR Part: Part 121 Air Carrier

e Aircraft Category: Airplane

” Accident/Incident Information ‘| Aircraft
Event Start Date (mm/dd/yyyy) Category
1/1/2010 Airplane
Amateur Built
Event End Date (mm/dd/yyyy) All
12/31/2024 Make
Month
Al . Model
City
Registration
State
Anywhere v Damage
All
Country

United States

Number of Engines

Event Type
All v Engine Type
Hi q All
ighest Injury Level
All v
” Operation ‘| NTSB Status
FAR Part NTSB #

Part 121: Air carrier
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Figure 3.1 Filtering Schema for NTSB Accident/Incident Reports




NATIONAL TRANSPORTATION SAFETY BOARD
PILOT/OPERATOR AIRCRAFT ACCIDENT/INCIDENT REPORT
This form to be used for reporting civil and public aircraft accidents and incidents

BASIC INFORMATION

Accident/Incident Location

Accident/Incident Date/ Time

Serial Number: 28966

Nearest City/Place: _Newark Liberty International Airport State: NJ Date: 06/15/2019 Local Time: _1304
zie- 07114 Country: _United States J
Latitude: 40-41-32.0274N  Longimde: 074-10-07.2724W Time Zone: EDT

(Enter in decimal degrees or degrees:minutes seconds) Collision with Other Aircraft: O Midsir OOn-ground @ None
AIRCRAFT INFORMATION
Registration Number: N26123 . [ IFR-Equipped and Certified

Eng'ne O Commercial Space Flight

Manufacturer: Boeing O Aircraft
Model: 757-224 Varlable's Maximum Gross Weight: 255,000 Ibs

Weight at Time of Accident/Incident: 179908

Ibs
Year of Manufacture: 1997 ber of Seats: 178 Flight Crew Seats: 4
Amateur-Built: OYes  [f¥es: OKivPlans  Make: Seats: 4 Passenger Seats: _169
@No QOriginal Design

Category of Aircraft | Type of Airworthiness Certificate anding Gear Engine Type (5fect one)

@ Airplane (Check all that apply) Check all that apply) O Reciprocating QO Liquid Rocket

QO Balloon Standard Special [ARetractable O Turbo Shaft QO Solid Rocket

O Blinp/Dingible O Nommal O Restricted : O Turbo Prop OHybnid Rocket

OGlider Dl Acrobatic ] Limited Tricycle Ofaitwheel |8 2 b Jet ONone

O Gyroplane [ Balloen [ Provisional [] Amphibian OHigh skid ® Turbo Fan QO Unknown

OHelicopter O Commuter  [JSpecial Flight Emergency Float Oskid O Electric

OPowered Lift Transport [ Experimental Oski

ORocke_t O Utaliry [ Special Light-Sport sk Wheel Fuel System Type (Reciprocating)

O Ultralight O Experimental Light-Sport .
OUsnknown ) o o [ROther Launch/Recovery System OCarburetor OFuel-Injected

OCertificate of Authorization or Waiver (COA)
[None [ Unknown [ Unknown
— — T —
Date Rated Power Total Time Since:
Engine Manufacturer’s of Mfg. O Horsepower or | Time Inspection | Overhaul

Engine | Engine Manufacturer MModel/Series Serial Number mmiddyyyy | @ Ibsof Thrust  [(heurs) |(hours) (hours)

Eng. 1 | Rolls Royce RB211-535E4B37 31851 2001 43,100 54391 2111 21111

Eng. 2 | Rolls Royce RB211-535E4B37 31292 1993 43,100 87057 3759 31773

Eng 3

Eng 4

Figure 3.2 Location of All Engine Variables Within NTSB 6120 Forms

”
©Pio OCoPior  OSmdewplor  OFusimsmucor  OCheckPiot  OFighrEnsineer O Other Flighs Crew
“Flight Crewmember 1" was pilot fiving._[Yes @ %o

“FLIGHT CREWMEMBER 1” INFORMATION
“Flight Crewmember 1" Responsibilities at the Time of Ac

Fit Num: Michell Cityof Rasidence: D .
Pilt  OCo-Pilet  OSmdentPilot  OFlight Instru
Middle nifal: 5 St 00 zr © o
Last Nome: Parker Coustry: _United States. V|| “Flight C) 1" was pilot flying  Oves No
Age ttima of Accident cident: 45 Date of Bisth o ddiogy . Ny ~
“Flight Crewmember 17 Identification
Degree of Injury Seat Occupied Restraint Trpe Tnflatable Restraints First Name: Michelle
Oear O Fal Lt Ofm  Oaimown Available Tad . :
OMmor O Vnkaown O Right O Resr " ONone None ot Installed Middle Initial: S
= OCam  Qsame o piti o
Pilot Certificate(s) (Check all shar apply) O3-poaat O3-pomt D) Not Depleyed Last Name:,
Qe Ofighimer DComecd O vty Sioen febeed [ I
i [ Arine oin ime of Accident/ .
oE= g et OUmmewn O Uskaonz. Age at time of Accident/Incident: 48
Principal Occupation | Medical Certificate Medical Certificate Validiey Date of Last Medical y 4 Certif]
@ puse O¥ae  Qcuss O Wibou lzinonsaives @ Uskaowa
omer oaml o <) NA
© Vsl Ol QUikemn O Spcial Tmaace iy
Niedical Ceraificats Limftafon:
Notvald fo any class aer 01/31/2020
Nedical Certificate Special Luanes
History of immune deficiency and the use of medicaton N N
Pilot Variables

Date of Laxt Flight Review Flighs Review Adreraft

+ Equivalent, Icluding
FAR 131138 Checks Oypappis | Make: Bocng

Model- 75T
Airplans Ratiag() rARRAGAE() | Tastrament Rating() Tastructor Ratiog()
(Chec il i app) i [ pp— (Checkailhaxppty)
None oo Oeas e
@ simgieEugne 3 Aspime O Aplas Siagle Bagne ] It Bebcopeer
) Siaie Sagme Sen O Helcapar Do Eagme O Hobcopr
2 Mdoengine Lt O powersd it 0 cader
0 Musingine Sex O FovasdLin O Spon
Trpe Ratiags Stadent Endor-ement: Dclude dare)
A0, 8737, 8757, 8767, EMB-120
e Airplane
— Flight Time (Enter appropriate An This Make Single Airplane Jostrument
. ‘Alrplae mumber of hours in each box) Aircraft & Model Engine Multiengine |  Night Actual | Simulal
Flicht Time e a1 | Tk | Sage | Aupime
niomber of hours in aach 80%) Al | & Modd Eagie | Malbengme | Night | Actual | Scsalsied | Retorcraft | Ghder Total Time 13,847 1.140 800 4,150 500( 1.200
Tont T TaT a0 w0 | cwo| e 120 o o n
s i 05 o 2 = o - < o Pilot in Command (PIC) 1,537 1,140 0 307 0 0
Tiome 2= Instructor 500 108 0 500 o] 0 0 0 [l Time as Instructor 500 108 0 500 0 0
—_—

Figure 3.3 Location of All Pilot Experience Variables in Form 6120
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After the initial identification of eligible cases, the NTSB reports were
downloaded locally and archived for ease of analysis. Each NTSB record was saved
according to its unique accident number as this allowed for traceability and ease of
retrieval if additional analysis was required.

3.4 Data Categorization and Variable Encoding

Maintaining the integrity of the CCA model relied heavily on the rigorous
encoding of NTSB Form 6120 data. This analytical method necessitates the use of inputs
that are both continuous and quantitative, and to ensure that meaningful correlations were
extracted, each datapoint retrieved underwent an exhaustive review to define its
measurement scale and utility within the functional model. The categorization phase was
instrumental in maintaining internal consistency. It allowed for a clear delineation
between parameters suitable for direct statistical modeling and other parameters that were
used solely for contextual purposes. As an example, descriptive identifiers including
engine model and NTSB report number were excluded from the Python-based CCA
script. Including these parameters would only add unnecessary noise. A useful approach
to prevent the inclusion of obstructive parameters was to break them down systematically
into scales between nominal, ordinal, interval and ratio. This ensured only continuous and

discrete parameters were processed.
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Engine Variables |Average Engine Build Date (MFR) Date/Time |Interval(Continuous) |Can be converted toyear for numeric modeling
Engine Manufacturer (MFG) Text Categorical (Nominal) |Noinherent order
Engine Model/Series Text Categorical (Nominal) |Model-specific ID like PW1100G
Engine Thrust Rating (TR) Numeric  [Continuous In pounds or horsepower
Average Engine Age Numeric  |Continuous Inyears; may include decimals
Average Engine Time Since New (TSN)  [Numeric  |Continuous Inhours orcycles
Average Time Since Inspection (TSl) Numeric  |Continuous Inhours orcycles
Average Time Since Overhaul (T30) Numeric  |[Continuous Inhours orcycles
Engine Type Text Categorical (Nominal) |e.g., Turbofan, Turboprop
Rated Power Measure Text Categorical (Nominal) |Power outputin pounds of thrust or HP
PilotVariables  |Age (Pilot) Numeric  |Discrete Inwholeyears
Pilot Total Flight Time Numeric  [Continuous Totalflight hours
Total Pilotin Command Time Numeric  |Continuous PIC hours
TotalInstructor Time Numeric  |Continuous Instructor flight hours
Injury Variables |Injury Level Text Categorical (Ordinal) e.g., None, Minor, Serious, Fatal
Injured Person Count Numeric  |Discrete Countofinjured individuals

Figure 3.4 Praxis Variables of Interest by Category, Type, and Scale

The following details describes how the data was categorized for the study:

Continuous variables such as TSI, TSO, PIC and PI were captured as is since

these variables were already directly suitable for use in CCA. These variables

include continuous data types which exhibit the necessary mathematical
properties for correlation analysis. They also allow for straightforward calculation
of means and variances, which are prerequisites for canonical function extraction.
Discrete numeric variables such as PA and injured person count were retained
as-is, since they represent whole-number variables of interest.

Categorical variables such as minor, serious, and fatal injuries were retained as
secondary variables for descriptive analysis in Chapters 4 and 5, enabling more
detailed interpretation of severity patterns across the pre- and post-COVID
periods.

Text and nominal variables, including engine type (turbofan, turboprop) and
engine manufacturer (RR, P&W) were used as labels for classification. They were

used to group engines during exploratory analysis and were useful in comparing
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propulsion systems across different manufacturers that may be within the same

thrust class but were not included in the canonical model.

e Temporal variables, such as EA or the engine build date (MFR date), were
converted to numerical values by extracting the calendar year duration. For
example, EA was calculated from the event year to compute service age, a
transformation that preserved the age-based ordering.

3.5 Brief History of Canonical Correlation Analysis and Mathematical Annotation

CCA is a sophisticated multivariate statistical analysis method first developed by
Hotelling (1936) to help explore and quantify the associations between two independent
sets of variables. It is more complex than other correlation methods, such as linear
regression, which only assess the relationships between individual variable pairs. CCA,
instead, simultaneously examines interdependencies across multiple variables within two
distinct datasets. It does this through construction of linear combinations of the variables
in each set, referred to as canonical variates, and then using these to determine the
correlations between them. By identifying these underlying structures, it uncovers
complex interactions that would otherwise remain obscured by limited traditional
bivariate frameworks (Hotelling, 1936).

Although Hotelling gives a detailed and mathematically exhaustive dissertation
on CCA in his 1936 Biometrika account, which introduced this new method, it is often
found difficult to conceptualize in simplistic mathematical form. Many attempts have
been made to simplify the complex mathematics involved, with perhaps the most

successful being Hardoon et al. (2004)’s. Drawing heavily from Hardoon et al. (2004)
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and their work to explain the basis of CCA, this praxis employs the following theoretical

foundation for CCA:

Definition: (:,-) signifies the Euclidean inner product of two vectors, x and y, and is equal to
X'y, in which A’ is used to represent the transpose of a matrix or vector A.
In longhand form, we consider a mulitivariate random vector taking the form (x, y).
If given a sample
S = (0, y0) s (G y)) of (6P v, (1)
Let S, indicate (x4, ..., x,) and, by the same notion, let S, indicate (yy, ..., y).
We define a singular new coordinate for x through the choosing of a direction w,
and thus project x onto that direction, such thatx - {w,,x) . We do the same
for y through the choice of direction w,, and obtain a sample of the new x coordinate.
Let S,ywy = (AW, X1 5oy SWi XD )y e )
And the corresponding values of the new y coordinates shall be
Let Sy,wy = ( {wy, y1) s AW W) ) v (3)
The initial step of the canonical correlation shall be to choose w, and w,, which maximizes
the correlation between the two vectors such that the function’s results are maximized as below
p = MaxCcorry, . (wax, Sywy)

Sy Wy, SyW.
= maxcorrM ......................................... 4)
[1Sxwixll [1Sywyll

Using E[f (x,y)] to represent the empirical expectation of the function f(x, y), such that

Elf o] = B f YD oo (5)

then the correlation expression can be rewritten as

E[ Awyex) {wy,y)

= max
g T T s L w2
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ﬁ[wlxxylwy]

= maxy,
xWy [ ~
\/E[w’xxx’wx]E[w’yyylwy]

then it follows that

w' xE[xy'lwy,

p = MaXy, , e @)
F

xﬁ[xx’]WxW’yﬁ[yy,]Wy

such that the covariance matrix of (X, y) can be written as

Clx,y) = E[(;) (;)] - [g"" g"y] ............................. )

yx  “yy
with the total convariance matrix C defined as a block matrix where the

within — sets of covariance matrices are Cy, and Cy,, and the between — sets covariance

matrices are Cy,, = C'},. Therefore, we can rewire the function p as

!
W' xCxyWy

p = Mmaxy TGy Gy s &)

Note that the max canonical correlation is the maximum of p with respect to w,wy,. A definition
of symbols used in this section is provided below to support understanding of the highlighted
mathematical operations.

S = Denotes joint sample sets of paired observations drawn from the random variables

S, = Set of observed samples from random variable x

S,, = Set of observed samples from random variable y

x4 = First observed sample from S, represents the initial realization of random variable x

y1 = First observed sample from S, represents the initial realization of random variable y

l'th

x; = it" observation vector from S,y; = i*" observation vector from Sy

x,, = Final sample from S, representing the last realization of x

¥n = Final sample from S, representing the last realization of y

w', = Transpose of the canonical weight vector w,

w’,, = Transpose of the canonical weight vector w,,
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C = Covariance operator between random variables
E = Empirical expectation (sample mean) operator from finite observations
— = Denotes projection of a coordinate in a particular direction
> = Summation operator denoting the summing of all # paired observations
p = Canonical correlation coefficient representing the strength of association between canonical
variates, 0 <p <1
3.6 Methodology for Performing Canonical Correlation Analysis Within Python
This praxis employed CCA using Python-based statistical computing to examine
the associations between the independent and dependent variable groups. CCA was
selected due to its ability to model the interrelationships between two datasets, with the
predictor variables related to engine maintenance (Research Question 1) and pilot
experience (Research Question 2), and response variables representing the severity of
injuries. Multivariate review was executed in a Python environment. This allowed for
leveraging the Pandas, NumPy, Sklearn, and Matplotlib libraries. Data from 572 NTSB
6120 reports was fed into this model. To preserve the integrity of the model, records
containing null values were removed using the dropna() function within the Pandas
library. This ensured that any rows of missing data entries (NaN) did not introduce bias.
A standardization protocol was needed due to variables having different
magnitudes. A good example of this was TR which is generally measured in tens of
thousands of pounds and PI time measured in hours. This transformation proved to be
essential. Otherwise, variables with larger numerical scales would influence the canonical
correlations disproportionately. The StandardScaler class from Sklearn was used for
standardization and this works by transforming each variable to a standardized scale with

a mean of zero and standard deviation of one. This applies a z-score transformation to
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each column in the dataset that allows for correlation-based methods to function properly
without distorting the measurement scale. CCA was performed using the
cross_decomposition module within Sklearn once the data was standardized. The model
was configured to extract two canonical dimensions by specifying the number of
components as two. The fitting procedure was done using the fit transform() method,
which simultaneously calculates the canonical correlation structure and returns the
transformed canonical variates for both X and Y. These variates are linear combinations
derived from the original variables that represent the axes along which shared variance
between the two variable sets is maximized.

To assess the relative importance of individual predictors and outcomes,
canonical loadings were derived. These correlated each original variable with its
respective canonical variate. The corrcoef() function within Numpy was invoked to
calculate the Pearson correlation coefficients to quantify the strength and direction of
each variable and its canonical component. This step was critical to create the resulting
matrices used for interpretive analysis in Chapter 4. Even more importantly, it isolated
the variables exerting the most significant influence within each canonical set. This
helped to target the most impactful variables for additional analysis using other methods
within this study’s framework. This approach was useful in uncovering statistically
meaningful relationships between operational variables and adverse safety outcomes in

the Part 121 commercial aviation domain.
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3.7 Methodology for Performing Sensitivity Analysis in Python

To evaluate the relative influence of specific data inputs on safety outcomes, the
praxis used s structured sensitivity analysis within the Python 3.12 environment. The one-
at-a-time perturbation method was prioritized to isolate the marginal effect of each input
variables on the primary output variable while maintaining all other parameters constant.
Using Python for this step was particularly advantageous as it provided an efficient,
visual way to view each variable’s sensitivity. This effort leveraged Numpy for array
manipulation and Pandas for structured data management. A custom model function was
used to derive regression coefficients. This was done to eliminate the need for external
sensitivity libraries and as a means to ensure local reproducibility.

The model used two distinct linear regression models to capture shifts in risk
precursors between pre- and post-COVID. Five predictor variables and from the
maintenance group (EA, TSN, TSI, TSO, TR) and four predictor variables from the pilot
experience group (PA, PTF, PIC, PI) were built into the regression equation. A baseline
input vector, based on the mean values of each predictor, established the reference point
for a realistic operational scenario within each timeframe. Figure 3.5.1 below showcases

these equations.
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Post-COVID Sample Post-COVID Python Input for

Input Vector Regression Equation Post-COVID
X_baseline = np.array([ Engine Age: ©.056335 Regression Equation
16.12, # Engine Age TSN: -0.000085 def "“°:'31{"‘E"'"3Y)‘
- return
42249.77, # TSN TSI: ©.000019 0.056335 * X_array[0] +
112508.65, # 151 1S0: -0.000003 -0.000005 * X_array[1] +
20011.91, # TSO ' i 0.000019 * X_array[2] +
33821.59 # TR TR: ©.000012 -0.000003 * X_array[3] +
52 % pilot Age Pilot Age: -©.041157 ©.000012 * X array[4] +
74, # Fliot Age . -0.041157 * X_array[5] +
14004.44, # PTF PTF: ©.000034 0.800034 * X_array[6] +
7417.77, # PIC PIC: -©.080061 -0.000061 * X_array[7] +
1084.89 # PI PI: 9.000356 0.000356 * X array([8] +
1.328926
1) Intercept: 1.328926 )

Figure 3.5 Baseline Input Vector and Multivariate Linear Regression Equation

Sensitivity was measured by perturbing each input by £10% from its baseline and
this OFAT perturbation allowed for the calculation of an impact percentage, identifying
which of the input variables exerted the most influence on injury outcomes. High impact
variables were isolated for further analysis. The mathematical expression that guides this

OFAT process, as derived from Morris (1991) and Sysoev (2023), is included below.

sorar S [ERB T (10)

$;9FAT = OFAT sensitivity index measures the rate of change in the model output with
respect to a single input while holding all other inputs constant, representing the local
OFAT sensitivity.

f (x) = model function that maps a vector of input parameters

e; = unit vector; ensures that only the selected variable is perturbed

A = a small, finite change applied to the input while all other variables remain constant;

determines the magnitude of the OFAT adjustment
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3.8 Methodology for Performing Monte Carlo Simulation in Python

To extend the useful insights of the previous CCA and sensitivity analysis
assessments, the study integrated a Monte Carlo simulation framework. A limitation of
CCA is that it is predominantly deterministic and descriptive in nature. It lacks the ability
for forward-looking risk projection and even the ability to model non-linear behavior.
Addressing these limitations required the incorporation of Monte Carlo simulations to
complement the existing analysis with forward looking scenarios. This required
leveraging the pertinent probability distributions from the primary dataset. Including the
applicable distributions allowed the simulation to capture both the variability and
uncertainty in the natural commercial aviation environment.

This probabilistic modeling approach is extremely valuable in the context of
commercial aviation, where random variation and low-probability and high-impact events
are central to risk outcomes. Using historical data from the post-COVID era (2020-2024)
as a baseline, the simulation aimed to accurately replicate real-world characteristics
across a range of independent and dependent variables, validating the modeling fidelity
before projecting forward looking trends. Figure 3.6 below presents the distributions used

to simulate each variable and the justification for each distribution.
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Variable Distribution Justification
Engine Age Lognormal Always = 0; nght-skewed life-cycle data
TSN (Time Since New) Lognormal Accumulates over time; positive and skewed
TSI (Since Inspection) Lognormal Time-between-events; reliability modeling
TSO (Since Overhaul) Lognormal Maintenance-driven lifecycle; skewed nght
TR (Thrust Rating) Normal Bounded spec variation across engine families
Pilot Age Normal Symmetric, bounded between regulatory age limits
PTF (Total Flight Time) Lognormal Flight hours are strictly positive and skewed
PIC (Pilot in Command Time) Lognormal Accumulated hours, right skewed
PI (Instructor Time) Lognormal Positive-valued, often zero-inflated or skewed
Fatal Injuries Negative Binomial Count data, rare, highly overdispersed
Serious Injuries Poisson Variance =~ mean; count-based event modeling
Minor Injuries Negative Binomial Frequent but highly variable; overdispersed
Total Injuries Negative Binomial Count data, overdispersed and heavy tailed

Figure 3.6 Variable Distribution and Justification for Monte Carlo Simulation

Engine Variables and Distributions

EA, TSN, TSI, and TSO variables are inherently non-negative and have a right-
skewed nature, so lognormal distribution was selected to simulate these variables. These
engine variables show cumulative operational exposure and cannot take on negative
values. They also tend to exhibit a long right tail considering some engines remain in
service for extended periods or accumulate significantly higher flight hours than the
average unit. This distribution is well-suited to modeling such variables because it
captures the multiplicative processes underlying wear, degradation, and usage over time.
Additionally, previous studies in aviation maintenance modeling have supported the use
of lognormal distribution in representing component life and aging, for instance, Egbe et
al.’s (2025) attempts to model similar variables for gas compressors. TR was simulated
using a normal distribution. This choice was justified by the empirical distribution of TR

values in the 20202024 dataset, which demonstrated symmetry around the mean and
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limited skew. TR represents a continuous engineering parameter with relatively stable
variance across the fleet, unlike the other related variables which can only be positive and
generally are heavily right-tailed. A normal distribution provides a theoretically
consistent representation of thrust levels in statistical modeling in the literature, e.g.,
Matsuda et al.’s (2025) work to model climb thrust using normal distribution for thrust
metrics. The mathematical expression for lognormal distribution, as defined by Limpert
et al. (2001), is shown below. As annotated by Limpert et al. (2001), a random variable is
considered lognormally distributed if log(x) has a normal distribution. The random

variable’s probability density function will take on the following form:

flx;u,0) = mexp (_Tiz (log(x) — ,u)z) ................................ (11)

f(x; pu, 0) = describes the probability density function of the variable x in the lognormal
distribution with mean p and standard deviation ¢

log(x) = natural logarithm of x; transforms the variable x into log format, where it follows a
normal distribution

exp() = exponential function

Pilot Age

PA was modeled using a normal distribution because aviation demographic data
shows a tendency for PA to cluster around a central mean with roughly symmetric
variability. For example, Riaz et al.’s (2020) study of general aviation pilots reported a
mean age of 54.60 years, with a standard deviation of 14.38 years, and observed that the

age distribution was approximately normal. The mathematical formula for a normal
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distribution, taken from Viti et al. (2015) and based on the Gaussian distribution is shown

below.

f(x;u,0) =mexp (_%(ﬂ)z) ................................ (12)

f(x; u, 0) = describes the probability density function X of the value x for a normal distribution,

with mean p and standard deviation ¢

Pilot Experience Variables and Distributions

PTF, PIC, and PI were each simulated using a lognormal distribution equation as
annotated section 3.8, due to the nature of these variables as cumulative time-based
experience metrics. These values are strictly non-negative and tend to be right-skewed, as
most pilots accumulate moderate amounts of flight experience. A smaller subset logs
substantially higher hours over long careers. The lognormal distribution captures the
exponential growth of flight hours over time and reflects the non-symmetrical spread
commonly observed in real-world pilot populations. This approach is supported by
existing aviation research such as Pierce et al. (2013), which found that log-transforming
flight hour data improved statistical fitness and predictive accuracy in their research
involving general aviation accidents.
Fatal Injury Distribution

Negative binomial distribution was used in the Python model to project fatal
injury counts for the post-COVID period. The simulation was run 10,000 times to ensure
statistical rigor. The resulting output from the model using this distribution aligns with

historical aviation precedent as it captures the statistical rarity of fatal outcomes. Injury
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data is zero-inflated by nature. This means that the vast majority of aviation operations
results in zero casualties. As this was the target, the negative binomial distribution was
found to be the right fit in the model as it has been used in other statistical models in
established aviation literature such as Panagiotakopoulos et al., (2009). Figure 3.7 below
shows the output of the simulation for fatal injuries. The mathematical expression for the
negative binomial distribution is also shown below and is based on Lloyd-Smith’s (2007)

efforts with overdispersed count date.

_ _T(k+x) m \¥ m_k _
Pr(X =x) =22 (=) (14 %) x=01 2, (13)

X = count random variable, a nonnegative integer outcome being modeled
x = realization of X, a specific count value such as 0, 1, 2, etc.

k = dispersion or shape parameter

m = mean

I' = gamma function
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count loeoe . oooeee
al143ee
155878
aeae0e
aeae0e
aeae0e
75% aeae0e
max . Beae0e
Name: Simulated_Fatal Injury_Count_NegBinom, dtype: floated
Zero fatalities: 9831
Non-zero fatalities: 109

Simulated Fatal Injuries (Negative Binomial, 10,000 Trials)

mean
std
min
25%
Se%

® e o o0

un

10000 A

8000 1

6000 4

Frequency

4000 -

2000 4

T T T
-0.5 3 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Fatal Injury Count

Figure 3.7 Python Output for Negative Binomial Simulation of Fatal Injuries

Serious Injury Distribution

Monte Carlo was used to forecast serious injury counts in commercial aviation
safety events during the post-pandemic period based on a Poisson distribution. The
Poisson distribution was selected due to its appropriateness to modeling rare count data
and its simplicity in capturing the expected variance under baseline conditions. The
results are captured in Figure 3.8 below. The simulation was based on 10,000 iterations
and reflected a right-skewed distribution, where serious injuries occur more frequently
than fatal injuries, but both remain rare. This simulation provides a quantitative basis for
understanding the likely distribution of serious injuries in future aviation events, offers

valuable input for probabilistic safety forecasting, and is shown to be a great fit when
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comparing the means (0.89% difference) and the standard deviations (7.47% difference).

Use of the Poisson distribution aligns with Ma et al.’s (2008) work on prediction

modeling of crashes by severity. The mathematical expression for the Poisson

distribution is shown below and is based on Viti et al. (2015).

e~k

PriX =k) ==

X = count random variable, a nonnegative integer number of events in a fixed interval
k = realization of X, a specific count value such as 0, 1, 2, etc.
A = the mean rate of the events within a given interval

e = mathematical constant, base of a natural logarithm that is equal to ~2.717828

count laaee . ooaae
mean @ .406688
std B.636816
min 2 .0oaa00
25% 2. 008808
Sai 2.008000
75% 1.00a8a00
max 5.008202

Name: Simulated_Serious_Injury Count, dtype: Tloaté4
Zero serious-injury cases: 6645
Non-zero serious-injury cases: 3355

Simulated Serious Injuries (Poisson, 10,000 Trials)

6000

5000 ~

W £
(=] [=
[=] [=
[=] [=]
I 1

Frequency

2000 ~

1000 4

0 T T T T T T
0 1 2 3 4 5

Serious Injury Count

Figure 3.8 Python Output for Poisson Simulation of Serious Injuries
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Minor Injury Distribution

The negative binomial distribution was used to model minor injury count in
Python because the data is non-negative and exhibits overdispersion which is common in
transportation safety data. The mathematical expression for negative binomial can be
found in Section 3.9. The negative binomial distribution was chosen over the Poisson
distribution as the latter cannot adequately represent most aviation events which have
zero minor injuries while a very limited number have larger counts, producing a long-
tailed distribution. The negative binomial distribution provides an additional dispersion
parameter to flexibly accommodate this variability. This modeling approach is supported
by other transportation safety research studies such as Zhang et al. (2022) who used a
negative binomial distribution-based model to analyze accident frequencies by injury
severity on freeways and found it offered superior goodness-of-fit and predictive
accuracy in handling overdispersed injury data. Similarly, Poch and Mannering (1996)
used a negative binomial distribution when analyzing intersection-accident frequencies,
which was inclusive of minor injuries. Figure 3.8 below provides an overview of the

Python simulation output.
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Estimated r: @.8679
Estimated p: @.8985
count 18868 . 008308

mean 8.693808
std 2.802468
min 2.0020008
25% B.202208
Se% B.202208
75% B.202208
max 53.008008

Name: Simulated_Minor_Injury_Count, dtype: floatéd
Zero minor-injury cases: 8580
Non-zere minor-injury cases: 1588

Simulated Minor Injuries (Negative Binomial, 10,000 Trials)

8000 +

7000 4

6000 +

o+ (5]
[=] [=}
o [=]
o [=]
L L

Frequency

3000 A

2000 4

1000

T T
0 10 20 30 40 50
Minor Injury Count

Figure 3.9 Python Output for Negative Binomial Simulation of Minor Injuries

Total Injury Distribution

Total injury count is the sum of all injury categories, and this data inherently
possesses high variance and a positively skewed distribution. For this reason, the negative
binomial distribution was selected. It effectively accounts for the compounded
overdispersion introduced by summing minor, serious, and fatal injuries. Figure 3.10

below details the Python output for total injuries.
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count logee . ooaeee

mean 1.117388
std 3.082573
min a.00aa28
25% 2.000008
sak 2. 008008
75% 1.00aa28
max 37 .000e280

Mame: Simulated Total Injury_Count, dtype: floatéed
Zero injury cases: 7212
MNon-zero injury cases: 2788

Simulated Total Injuries (Negative Binomial, 10,000 Trials)
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Total Injury Count

Figure 3.10 Python Output for Negative Binomial Simulation of Total Injuries

Summary of Distributions Selected for Monte Carlo Simulation

Monte Carlo simulation was the primary predictive tool used to project aviation
safety outcomes as it is stochastic nature was able to replicate the operational variability,
as well as the uncertainty, in the post-pandemic world. Established aviation precedent and
the statistical properties of the NTSB data was used to select the appropriate probability
distributions. Engine maintenance parameters, including EA, TSO, TSN and TSI, and
pilot experience parameters, including PI, PTF and PIC, were modeled using lognormal
distributions. These variables were right skewed and non-negative in nature. This
modeled the real-world well as it reflected the cumulative natural wear and flight hour

accrual. On the other hand, TR and PA were modeled using normal distributions as they
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were naturally dispersed symmetrically around well-defined means. Event outcome

modeling was more complex to model. Serious injuries required the use of the Poisson

distribution for serious injury counts due to its relative stability; however, minor, fatal

and total injury counts needed to be modeled using negative binomial distributions as this

data was overdispersed. This methodological approach was especially rigorous, yet it

proved essential for effective modeling in the simulation to mimic real-world patterns.

Figure 3.11 below shows the comprehensive synthesis of the variables, distributions,

rationale, and academic source material for the methodology.

Real-world engine ages are right-skewed; lognormal captures typical and cutlier Egbe, Gregory; Kure, Halima;
behavicrs. Stay realistic (no negative values), Capture variation across the fleet, well- Obi, Emenike; Ebenuwa,
supported in literature and industry usage. Gives my simulation methodology strong Solomon; ljemaru, Gerald;
Engine Age Lognormal PP ) o ) ryusag y ) & = ) ! )
academic credibility, demonstrating that lognormal fits are methodologically scund for | Mwajana, Augustine; 2025,
aging, failure, and maintenance data in engineering contexts. Always 2 0; right-skewed Reliability-centered
life-cycle data maintenance using reliability
arameters on gas
Time-to-event data (from new to failurefinspection); legnormal medels it well. P =
TEM Legnermal X . compressors; Internaltional
Accumulates over time; positive and skewed X
- N — N - - y Journal of Manufacturing,
Reflects scheduling variance; distribution skews right due to inspection delays. Time- X .
15l Legnormal . . Materials, and Mechanical
between-events, reliability medeling R R X
- - - — Engineering; 14{1):1-31;
Maintenance planning and delays are right-skewed, positive-only values. i
T20 Lognormal ) i . . 10.4018/1JMMME.367256
Maintenance-driven lifecycle, skewed right
TR istypically assigned by design (e.g., 24k-32k [bf). Since we are simulating across
TR Normal multiple engine models, Normal is appropriate here. Bounded spec variation across Matsuda et al 2025
engine families
Pilot age follows a symmetric bell-curve between regulatory limits (e.g., 21-65). You X
. " . . Riaz, Maeem, Kahn, Abas, &
Pilot Age Mormal can use NORM.INV(RANDY(}, p, o) but truncate results to 21-65. Symmetric, bounded Ullah. 2020
ah,
between regulatory age limits.
PTF Lognormal Flight hours are strictly positive and highly rig.ht-skewed (e.g., some pilotswith 30k+
hours). Lognormal is best here.
Also same as flight-time-based, with similar skew, use lognormal. Accumulated hours, | Pierce, Williams, Broach, &
PIC Lognormal
right-skewed Bleckley, 2013
Instructer hours are subset of PTF, alse skewed and positive. Positive-valued, cften
Pl Legnermal K
zero-inflated or skewed
Countdata, rare, highly overdispersed, Megative Binomial best captures the high "
Fatal Megative Binomial K X v P | K . A Panagictakopeoulos et al, 2009
dispersion, r-value calculated at 0.015 due to high disepersion.
Serious Poisson Variance = mean; count-based event modeling Ma and Kockelman, 2006
Megative Binomial distribution isthe best cheice because it handles rare but heavy-
. . . .| tailed count data, It allowswvariance * mean and minor injuries are more frequent than
Minor Megative Binomial . o . K
sericusffatal, but still irregular across cases. Frequent but highly variable; Zhang, et al., 2022 and Foch
overdispersed and Mannering, 1996
- . . . Count data is non-negative, exhibits overdispersicn, based on a skewed sum and
Total Injuries | Megative Binomial K X
accounts for zero-inflation.

Figure 3.11 Table of Variables, Distributions, and Academic References
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Monte Carlo Procedure Validation

The aviation of the simulation architecture was completed in two separate phases:
one being a truncated calibration phase and the other being an untruncated exploratory
stage. The initial stage was used to artificially cap the predicted total injuries to twenty-
five, which was consistent with the historical maximum observed within the post-COVID
dataset. This artificial constraint was deliberate. It was used as a control mechanism to
ensure that the central tendencies of the model mimicked historical reality before any
extreme variance was introduced.

This model provided consistent results that were identical to the post-COVID
dataset which confirmed that the model was able to replicate this historical dataset’s
central tendencies. Additionally, the modeled simulated means and variances align
closely with historically observed values. However, this truncation eliminated the
possibility of rare, high-severity outcomes. The second stage thus added an untruncated
approach, which preserved the full distribution of simulated outcomes. The untruncated
model revealed rare events exceeding the historical maximum of twenty-five total
injuries, thus accounting for the potential of catastrophic outcomes and resulting in its
being selected for simulation.

Scenario designs were then employed by increasing average fleet EA to represent
conditions of deferred maintenance and limited access to spare parts in the post-COVID
aviation environment. The simulation tested four scenarios in which average EA
increased by 25%, 50%, 75%, and 100% relative to the 2020-2024 baseline. For each
scenario, the model generated large samples with n = 100,000 to provide stable estimates

of both central outcomes and rare tail events. Outputs from the simulation were organized
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into summary tables and graphical representations. Line charts were created to show the
trajectory of mean injuries across scenarios, and probability plots were created. Section
4.9 in the next chapter provides the detailed results of both the simulation and validation

procedure.
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Chapter 4 — Data Analysis and Results

4.1 Introduction

To determine the interplay between engine maintenance, pilot experience and
safety outcomes, this chapter provides a multi-layered and detailed analysis using a
combination of CCA, Wilks’ lambda and significance testing. An initial high-level
analysis is provided of the NTSB data. CCA analysis is introduced to help isolate
relationships that indicate which linear combinations of variables are indicative of injury
outcomes. Next, Wilks’ lambda significance testing is used to test whether injury
outcomes changed between pre- and post-COVID timeframes. Sensitivity analysis is then
performed for purposes of variable prioritization, i.e., to help quantify the variable impact
magnitudes and identify which variables were most influential in their respective
categories. Finally, two prominent variables identified through sensitivity analysis and
confirmed with CCA analysis, which include EA and PTF, are further analyzed with
Monte Carlo simulation to project the variables with forward-looking scenarios to better
understand how systemic increases in each variable shape future injury distributions. The
chapter concludes with a summary of the integrated findings.
4.2 Descriptive Analysis of the NTSB Dataset

The dataset used for CCA analysis included 572 unique NTSB Form 6120 reports
from aircraft operating under Part 121 operations within U.S. from January 1%, 2010,
through December 31%, 2024. Each of the reports was linked to a unique FAA-registered
aircraft and NTSB report number, preventing the duplication of any data and ensuring
that each report could be easily identified if further background analysis was required to

better understand the nature of any safety events. This dataset includes a critical fifteen-
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year period of both pre-pandemic and post-pandemic operational conditions which allows
for the examination of how aviation safety variables evolved in response to pandemic
disruption. Summary descriptive statistics for engine maintenance variables (Figure 4.1),
pilot experience variables (Figure 4.2) and safety impact data (Figure 4.3) are included
below. For additional details on how variables shifted over time, trend data on all key

variables can be found in Figures 4.4—4.16 below.

Average Engine Engine Thrust Rating Average Engine Time Since New  Average Time Since Inspection Average Time Since Overhaul

Age (TR) (TSN) Tsh (TSO)

count 572.000000 572.000000 350.000000 296.000000 273.000000
mean 21.532634 27837.760490 36718.245876 9130.259645 15959.888663
stel 9.276628 19073.874346 22963.074249 10321.862479 13878.778460
min 1.000000 750.000000 501.820000 4.000000 103.000000
25% 15.000000 14500.000000 17472.645000 1587.750000 6077.000000
50% 22.000000 24000.000000 33012.625000 6017.500000 11705.000000
75% 27.000000 32000.000000 52885.750000 12744,000000 23067.000000
max 72.000000 93400.000000 109590.000000 63449500000 89465.000000

Figure 4.1 Descriptive Statistics for Engine Maintenance Variables 2010-2024

Age (Pilot) Pilot Total Flight Time (Pilot) Total Pilot in Command Time (Pilot) Total Instructor Time (Pilot)

count 409.000000 411.000000 312.000000 129.000000
mean  50.440098 13048.681265 6850.403846 929.875969
std 9.796306 6982.698461 5587.158093 1068.268700
min  25.000000 85.000000 5.000000 0.000000
25%  44.000000 7794500000 2174.000000 0.000000
50%  53.000000 12328.000000 5810.500000 710.000000
75%  58.000000 17512.500000 9812,000000 1300.000000
max __ 64.000000 37244.000000 34375.000000 65564.000000

Figure 4.2 Descriptive Statistics for Pilot Experience Variables 2010-2024
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count
mean
std
min
25%
50%
75%

max

Fatal Injury
Count

572.000000
0.013986
0.166808
0.000000
0.000000
0.000000
0.000000

3.000000

Serious Injury
Count

572.000000
0.410839
0.589536
0.000000
0.000000
0.000000
1.000000

4,000000

Minor Injury
Count

572.000000
0.681818
2744232
0.000000
0.000000
0.000000
0.000000

27.000000

Total Injury
Count

572.000000
1.106643
2991668
0.000000
0.000000
0.000000
1.000000

27.000000

Figure 4.3 Descriptive Statistics on Safety Variables 2010-2024
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Figure 4.4 TSN Trends in NTSB Reports 2010-2024
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Highest Injury Level > Average Time Since Inspection (TSI) ~

Average of Average Time Since Inspection (TSI)

Part 121 Average Engine Time Since Last Inspection (TSI) 2010-2024 (in Hours)

16000
14,879
14000
12000 11,507 11,391
10,962 10,922
10,157
10000 9,597 9,624
9,229
8,793
8000
5,965
6000 5,569 5679
5,190
4,679
4000
2000
[
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year .Y
. .
Figure 4.5 TSI Trends in NTSB Reports 2010-2024
Highest Injury Level ~ Average Time Since Inspection (TSI) ~
Average of Average Time Since Overhaul (TSO)
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Figure 4.6 TSO Trends in NTSB Reports 2010-2024
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Highest Injury Level = Average Time Since Inspection (TSI) ~

Average of Age (Pilot)
Part 121 Average Pilot Age 2010-2024 (in Years)
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Figure 4.7 Plot of Average PA from NTSB Reports 2010-2024
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Figure 4.8 Plot of Accidents and Incidents from NTSB Reports 2010-2024
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Average of Fatal Injury Count

Part 121 Average Fatal Injuries by Year 2010-2024
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Figure 4.9 Average Fatal Injuries by Year 2010-2024
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Figure 4.10 Fatal Injury Count by Year 2010-2024
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Average of Serious Injury Count

Part 121 Average Serious Injuries by Year 2010-2024
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Figure 4.11 Average Serious Injuries by Year 2010-2024
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Figure 4.12 Total Serious Injuries by Year 2010-2024
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Average of Minor Injury Count

Part 121 Average Minor Injuries by Year 2010-2024
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Figure 4.13: Average Minor Injuries by Year 2010-2024
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Figure 4.14: Total Minor Injuries by Year 2010-2024
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Average of Total Injury Count

Part 121 Average Total Injuries by Year 2010-2024
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Figure 4.15 Average Total Injuries by Year 2010-2024
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Figure 4.16 Total Injury Count by Year 2010-2024
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4.3 Research Question 1: Results for Engine Variables Pre-COVID

Research Question 1: Is there a correlation between engine maintenance
variables (TSO, TSN, TSI, EA, and TR) and the safety variables total injury count and
level of severity of injuries when comparing pre- and post-COVID-19 intervals?

The pre-COVID-19 period (2010-2019) consisted of steady growth in air traffic
and adequately resourced maintenance and training programs. Commercial aviation
adhered closely to established protocols under 14 CFR Part 121 with predictable patterns
in engine overhauls and pilot recertification cycles. The integrity and completeness of
accident and incident reporting to the NTSB during this decade offers a robust baseline
for assessing the natural correlations between variables such as pilot experience, engine
maintenance, and injury severity under normal operational conditions.

To further explore the relationships between engine maintenance variables and
severity of injuries in commercial aviation events, CCA was conducted using Python, as
detailed in Appendix A. To address Research Question 1, CCA was performed to
examine the associations between a set of five engine maintenance variables and four
injury-related safety outcome variables. The predictor set included EA, TR, TSN, TSI,
and TSO. The outcome included injury counts across multiple levels of severity,
including fatal injuries, serious injuries, minor injuries, and total injuries. Two
statistically meaningful canonical functions were noted. Figure 4.17 below includes the

CCA results for the pre-COVID period.
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Predictor Canonical Loadings:
Canonical Var 1 Canonical Var 2

Average Engine Age -@. 341867 @.67795%
Engine Thrust Rating (TR) 8.360811 -0.487602
Average Engine Time Since New ([TSN) 8.738993 @.441487
Average Time Since Inspection (TSI) 9.152027 -8.181565
Average Time Since Overhaul (T50) -8.382378 -@.273352

Outcome Canonical Loadings:
Canonical Var 1 Canonical Var 2

Fatal Injury Count B8.9136564 @.232497
Serious Injury Count @.332525 -B. 894586
Minor Injury Count @.141364 8.312478
Total Injury Count @.186218 8.219471

Figure 4.17 CCA Results of Engine Variables Pre-COVID (2010-2019)

Interpretation of Results

To interpret the CCA results, it is important to keep in mind that CCA is used to
examine the relationship between two sets of variables, such as the engine maintenance
(predictor) set and injury severity (outcome) set used in this praxis. Rather than simply
evaluating one predictor against one outcome variable, as would be done in simple linear
regression, CCA evaluates how linear combinations of predictors relate to a linear
combination of outcomes. These combinations are called canonical variates, and each
CCA solution yields pairs of these variates. Simply put, Canonical Variate 1 in the
predictor set is paired with Canonical Variate 1 of the outcome set.

Canonical loadings can be viewed as correlations between individual variables
and the canonical variate to which they contribute to and show how strongly each
variable loads onto the pattern represented by the variate. These loadings range from -1 to
+1, with higher absolute values closer to 1 indicating the stronger influence. The sign

(+/-) indicates the direction of the relationship. CCA works by finding multiple
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independent canonical functions, each of which capture a different dimension of the
multivariate affiliation. Canonical Variate (CV1) is the strongest shared linear
relationship between the two sets. Canonical Variate 2 (CV2) is the second strongest and
attempts to capture a different dimension not already explained by CV1. One can view
each canonical variate as representing a different mode of correlation between subsets of
predictors and outcomes. The interpretation of CCA used in this praxis aligns with
Hardoon et al.’s (2004) widely cited work.

The results presented in Figure 4.18 can be analyzed using this comprehensive
understanding of CCA. Below are some of the more important interpretations of CV1:

e The dominant outcome variable in CV1 is fatal injury count = +0.91; therefore,
CV1 primarily reflects fatal accident risk of those aboard the aircraft.

e The dominant predictor variable is TSN = +0.80. Combining this knowledge with
the information on fatal injury count above, we can deduce that high TSN is
strongly associated with fatal outcomes.

Putting this information together, the results pattern suggests that aircraft with high
accumulated TSN were more likely to experience fatal outcomes in the Pre-COVID era.
Canonical Function CV2 can be analyzed in a similar manner:

e The dominant outcome variable in CV2 is serious injury count = -0.89; therefore,
CV2 primarily reflects an inverse serious injury risk. In other words, the higher
the CV2 inverse, the fewer the serious injuries.

e The dominant predictor variable in CV2 is engine age = +0.68, indicating that
older engines correlated with fewer serious injuries in this period. This makes

sense as mature engine platforms operated in this area. These platforms had
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highly calibrated maintenance cycles. Periodic serving of older engines was a

normal occurrence in this timeframe.
Research Question 1: Results for Engine Variables Post-COVID

The pre-COVID timeframe of 2010-2019 was introduced in Section 4.3 to
illustrate the context for a normal operational scenario prior to the arrival of COVID-19
in the aviation sector. The 2010-2019 data forms a baseline to which the 2020-2024
post-COVID data can be compared. Breaking up the accident/incident analysis in this
way helps to highlight significant changes that may have been induced by COVID, and,
by extension, the effects of COVID on engine variables and safety outcomes. CCA was
conducted again; however, this time, the data only included the post-COVID (2020—

2024) timeframe shown in Figure 4.18 below.

Predictor Canonical Loadings:
Canonical Var 1 Canonical Var 2

Average Engine Age @.151122 g, 326844
Engine Thrust Rating (TR) -2.614004 B8.7415844
Average Engine Time Since New (TSN} 8.696876 B.363666
Average Time Since Inspection (TSI) 8.229126 B.24294%8
Average Time Since Overhaul (TSO) -@.249859 -8.389981

Outcome Canonical Loadings:
Canonical Var 1 Canonical Var 2

Fatal Injury Count -8.221725 -8.456685
Serious Injury Count 2.161439 B.842724
Minor Injury Count -@.743753 8.188289
Total Injury Count -8.689596 B.266995

Figure 4.18 CCA Results of Engine Variables Post-COVID (2020-2024)
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The post-COVID-19 era (2020-2024) reflects a much different risk environment
when compared to the pre-COVID timeframe. Fleet groundings and the furloughing of
tens of thousands of pilots and technicians became the norm. It also included the rapid
retirement of aging and experienced pilots. MRO schedules were widely disrupted with
parts shortages and backlogs in heavy inspections delaying the return of aircraft to
service. Airlines were faced with complex choices on how to keep operating reliably
while also weighing how to effectively scale operations back up to meet surging
passenger demand during a time when airlines were already grappling with depleted labor
pools and inconsistent opportunities for recurrent pilot training. These dynamics not only
affected how aircraft were operated and maintained but also introduced new risks that
require further academic examination. Dividing the dataset into these two intervals
enabled a comparative CCA analysis to be conducted such that the research could assess
whether the relationships between engine variables and safety outcomes remained stable
or shifted under post-pandemic conditions.

Below are some of the more important interpretations CV1, based on an analysis
of the results shown in Figure 4.18:

e The strongest outcome group loading is minor injury count = -0.743.
e The strongest positive predictor loading is TSN = 0.696.
e The strongest negative predictor loading is TR =-0.614.

To summarize the CV1 loadings, the CCA results indicate that in the post-COVID
period, engines with higher TSN correlated with a lower number of minor injuries. This
is not surprising, as higher TSN engines are more mature engines in the fleet with longer-

established maintenance profiles to help ensure operational safety. Another point the
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data highlights is that when the negatives are cancelled out, TR and minor injury count
are positivity correlated. This means that as one variable increases, so does the other.
Recall from Section 4.3 that the data showed an increase in TR correlated to an increase
in number of serious injuries. Putting these insights together, an interesting pattern starts
to emerge: Injuries of multiple levels increase as TR increases. This makes sense, as
higher TR engines are installed on larger aircraft, and, by extension, have a larger number
of passengers. Any accident involving a large aircraft with a high TR engine will result in
more total injuries across all levels.

The CCA results for CV2 in this same post-COVID period also show the
following:

e The strongest outcome loading is serious injury count = +0.842.

e The strongest predictor loading is TR = +0.741.

This dataset exhibits the same pattern. TR and serious injury count are positively
correlated, and both increase in the same direction.

4.4 Research Question 2: Results for Pilot Variables Pre-COVID

Research Question 2: Is there a correlation between pilot experience variables
(PA, PTF, PIC, and PI) and the safety variables total injury count and level of severity of
injuries when comparing pre- and post-COVID-19 intervals?

The pre-COVID decade of 2010-2019 offers a robust baseline for assessing the
natural correlations between variables such as pilot experience and injury severity under
controlled operational conditions due to the integrity and completeness of accident and
incident reporting to the NTSB during this timeframe. Operators witnessed a steady

regulatory environment in tandem with global air traffic growth, as well as well-
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resourced pilot training programs. Operators closely followed established regulatory
protocols under Part 121 and worked under predictable patterns in pilot recertification
cycles and operator safety audits.

A Python-based CCA model was created to investigate the relationships between
operational predictors and safety outcomes using this pre-COVID dataset. This initial
model incorporated both maintenance-related and pilot experience variables across the
full dataset. To isolate the effects of human performance factors, the model was then
refined to include only pilot experience and safety outcome variables from the 2010—
2019 timeframe, allowing for a focused evaluation of pre-COVID operational stability.
The model was run with these adjusted parameters. The resulting canonical variates are
included in Figure 4.19 below. Using the CCA model in Python, two canonical functions
were extracted, and the standardized canonical loadings were analyzed to interpret the
strength and direction of association between the two variable sets. This allowed for
useful interpretation of the multivariate bond between pilot experience and injury severity
in commercial aviation events pre-COVID.

The CV1 results yield the following:

e The primary outcome loading is serious injury count = +0.689.
e The primary predictor loading is total PIC time = +0.814.

e PA =-0.528 is a moderately negative predictor loading.
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Predictor Canonical Loadings:
Canonical Var 1 Canonical Var 2

Age (Pilot) -3.528035 -6.061430
Pilot Total Flight Time (Pilot) a.e83166 8.97a732
Total Pilot in Command Time (Pilot) @.814427 -8.184882
Total Instructor Time (Pilot) -8.240578 -8.287178

Outcome Canonical Loadings:
Canonical var 1 Canonical Var 2

Fatal Injury Count a.222200 2. 002288
Serious Injury Count B.689025 @.696397
Minor Injury Count -8.619579 @.422358
Total Injury Count -@., 375986 @.580218

Figure 4.19 CCA Results for Pilot Experience Variables Pre-COVID (2010-2019)

The results suggest that a lower PA correlates to more serious injuries. This also
highlights that more experienced pilots with high PIC are less likely to be in accidents
resulting in minor or total injuries.

Regarding CV2, the results include:

e The primary outcome loading is serious injury count = +0.696.

e On the predictor side, the strongest loading, by far, is PTF = +0.970.

The CV2 results showcase a very interesting insight: Higher PTF correlates with
higher overall injury severity and particularly with serious injuries. Although seemingly
counterintuitive, this result details the disproportionate exposure pilots with high PTF
have to high-intensity operating environments. This aligns with the findings of Li et al.
(2003) showing that difficult flight profiles increases latent risk, even if the pilot has
experience with high flight hours. On the same note, Folke and Melin (2024) showed that
36% of pilots interviewed had perceived deteriorating safety conditions since the onset of
the pandemic, demonstrating that even experienced pilots with high PTF hours are aware

that experience alone does not guarantee zero injuries.
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4.5 Research Question 2: Results for Pilot Variables Post-COVID
This section provides the results of the CCA analysis based on data from the post-

COVID period to provide a better understanding of the associations between pilot
experience variables and injury severity outcomes. This timeframe captures the peak of
the pandemic where there were shifts in pilot demographics and interruptions of recurrent
training cycles. New risk precursors that influenced the safety outcomes of commercial
flight operations were introduced during this period. The results of this analysis help to
uncover latent patterns that explain how pilot experience contributed to aviation safety as
airline operations resumed post-pandemic. Canonical functions using pilot experience
variables such as PA, PTF, PIC, and PI and their correlation with fatal, serious, minor,
and total injuries metrics are discussed here. The results shown in Figure 4.20 reveal the
strongest canonical relationships and their implications:

e The strongest outcome loading is serious injury count = +0.642.

e The primary predictor loading is PTF time = +0.832.

e PA =-0.531 is a moderately negative predictor loading

Predictor Canonical Loadings:
Canonical Var 1 Canonical Var 2

Age (Pilot) -8.531747 ®.125375
Pilot Total Flight Time (Pilot) @.8326384 -0. 889268
Total Pilot in Command Time (Pilot) -8.186487 -8.353877
Total Instructor Time (Pilot) 9.111991 B.922854

Cutcome Canonical Loadings:
Canonical Var 1 Canonical Var 2

Fatal Injury Count -@.5640857 2.148756
Serious Injury Count @.642185 @.689771
Minor Injury Count -3.411481 @.454531
Total Injury Count -@.316523 @.543589

Figure 4.20 CCA Results for Pilot Experience Variables Pre-COVID (2020-2024)
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The CV1 data indicates that greater total flight experience is associated with a
reduced likelihood of minor, fatal, and overall injuries, even though it was positively
correlated with serious injuries. Additionally, it suggests that post-COVID veteran pilots
with high cumulative experience encountered situations in which serious injuries still
occurred, but outright fatalities or superficial minor injuries were reduced, due partly to
their better control in crisis scenarios resulting from their greater experience. Consistent
with patterns observed in the pre-COVID model (-0.528), the results for PA here also
show a moderately negative canonical loading (—0.531). Additionally, in both
timeframes, a negative PA predictor resulted in a positive loading for serious injury
outcomes of (0.689) and (0.642), respectively. The analysis shows here a negative PA
loading and a positive loading for serious injury count across both periods, suggesting
that pilots with lower PA were more associated with higher injury severity across both
timeframes. This inverse relationship is consistent despite the pandemic disruptions and
shows that enhanced pilot experience remains a stabilizing factor for safety.

CV2 results identified:

e The strongest outcome loading is serious injury count = +0.689
e A primary predictor loading is PI time = +0.922

The pilots with high PI time have additional exposure to flight operations
involving training-heavy or transitional phases, where the risk of an incident is often
elevated. For example, increased flight risks are often associated with pilot check rides
and proficiency restoration flights where the student pilot is often new and lacking

experience. The pilot check ride is a formal evaluation conducted by an FAA-designated
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examiner or a qualified check of a flight student to determine the student’s competence in
performing required flight maneuvers, procedures, and decision-making skills for a
specific rating. As the student is often inexperienced, this increases the risk of making a
mistake resulting in serious injuries, even when in the presence of an experienced pilot
with high PI time.

4.6 Research Question 3: Pre- and Post-COVID Significance Testing

Research Question 3: Is there a statistically significant difference in safety
outcomes, specifically, the total injury count and injury severity levels, between pre-
pandemic and post-pandemic aviation accidents/incidents?

This section focuses on directly testing whether injury outcomes changed between
the pre- and post-COVID 19 periods. A multivariate analysis of variance (MANOVA)
using Wilks’ lambda significance testing was employed here, which evaluates whether
the combined means of multiple dependent variables differ significantly between injury
outcomes across two distinct time periods. The dataset here is the same used for the CCA
analysis for consistency. Each observation includes fatal, minor, and serious injury
counts. Each record was classified by year, with 2010-2019 representing pre-COVID and
being 20202024 representing post-COVID. Figure 4.21 below presents an excerpt of the

data that was fed into the Wilks’ lambda significance test.
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Year ﬂ Fatal Injury Gnuntﬂ Serious Injury Gnuntﬂ Minor Injury Count g
2024 0 1 0
2024 0 2 1
2024 0 ] 0
2024 0 2 0
2024 0 1 0
2024 0 ] 0
2024 0 ] 0
2024 0 ] 0
2024 0 ] 0
2024 0 0 0
2024 0 ] 0
2024 0 1 3
2024 0 ] 0
2024 0 0 0
2024 0 ] 0
2024 0 Q 1
2024 0 ] 0
2024 0 1 0

Figure 4.21 Injury Data Used for Wilks’ Lamba Test MANOVA (2010-2024)

Hypothesis and Test Selection
Null Hypothesis (H0): There is no statistically significant difference in the multivariate
combination of injury outcomes (fatal, serious, and minor injuries) between the pre-
COVID and post-COVID periods, with o = 0.05.
Alternative Hypothesis (H1): There is a statistically significant difference in the
multivariate combination of injury outcomes (fatal, serious, and minor injuries) between
the pre-COVID and post-COVID periods, with a = 0.05.
Results of Wilks’ Lambda MANOVA

A one-way MANOVA test was conducted to determine whether injury outcomes
differed significantly between the pre-COVID (2010-2019) and post-COVID (2020—

2024) eras with fatal, serious, and minor injury counts classified as the dependent
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variables and the temporal grouping classified as the independent variable. This helped to
categorize each case based on whether the incident occurred before or after the onset of
the COVID-19 pandemic which also better enabled the assessment of whether there were
collective differences in injury profiles between the two time periods, rather than
examining each injury type in isolation.

The MANOVA results, as depicted in Figure 4.22, indicated a statistically
significant difference between groups of dependent variables. The Wilks’ lambda p-
value was 0.0177. The p-value is below the commonly accepted significance threshold of
o = 0.05; the null hypothesis was rejected. This statistical result confirms that injury

patterns were significantly different between the pre- and post-COVID era.

Group Value Mum DF Den DF F Value Pr > F

Wilks" lambda ©.2224 3.80008 568.0088 3.3953 A.08177

Figure 4.22 Wilks’ Lambda MANOVA Results for Pre- vs. Post-COVID

4.7 Sensitivity Analysis of 2010-2024 NTSB Accident/Incident Data

Relative influence was identified using OFAT perturbation. This approach
allowed for an interpretable measure of each variable’s marginal effect on safety
outcomes with the results expressed as percent change from the baseline. Figure 4.23
summarizes these results for the full period 2010-2024. These CCA results are further
broken down into pre- and post-COVID-19 timeframes in the sections that follow to

provide a more focused analytical view of each timeframe.
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Tornado Chart: Sensitivity Analysis of Predictors

Engine_Age -

Pilot_Age -

|
|

| |
|
|

Pl 1

TSI

150 ] D

|

T T T T T
-10 -5 0 5 10
Impact on Total Injury Count (%)

Figure 4.23 Python Output for Sensitivity Analysis (2010-2024)

Sensitivity analysis shows PIC as the highest mitigator of risk. An 11.46% drop in
injuries resulted from a 10% increase in PIC experience. This reinforces existing
literature on pilot command experience from Li et al., (2003). On the other hand, EA was
identified as the primary driver of risk. An increase in EA resulted in a 10.30% rise in
projected injuries. Pilot metrics PA, PTF and PI show a similar increasing trend as EA, to
a lesser degree. TSI and TSO also show positive, yet less impactful trends on injury rates.
Like PIC, increases in TSN lessened injury rates. This suggests that more recently
manufactured engines are associated with higher variability or limited maintenance
histories, while more mature engines reflect stabilized operational histories. When TR
was increased by 10%, the results showed a 4.66% increase in injury count, indicating
that aircraft with higher thrust output or an overall higher rated engine thrust are
associated with more severe consequences in the event of an incident. Overall, this

sensitivity analysis was useful in providing a ranked prioritization of the variables most
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relevant to aviation safety outcomes and helped to highlight variables for further study
using Monte Carlo simulation.
Sensitivity Analysis Comparing Pre- and Post-COVID Timeframes for Total
Injuries

The sensitivity analysis performed for the full 2010-2024 period was repeated for
both the pre-Covid (2010-2019) and post-COVID (2020-2024) timeframes, individually.
The results revealed some significant paradigm shifts, which are discussed in the
following sections. Figure 4.24 presents a side-by-side comparison of the sensitivity
analysis results for each period. Tornado charts of this analysis showing both pre- and
post-COVID timeframes were produced to highlight the differences between the two

periods, and these charts can be found in Figures 4.25 and 4.26 below.

2010-2019 Pre-COVID 2020-2024 Post-COVID

Variable Baseline Impact (%) Variable Baseline Impact (%)
5 Pilot_Age 49,829 18.25 ® Engine_Age 16.19 20.21
g PTF 12952.180 7.98 5 PTF  14004.44 10.44
8 PI 843.960 7.78 8 PI  1084.89 9.62
3 TSO 13600.740 6.49 4 TR 33821.59 8.79
2 TSI  8170.060 4.98 2 TSI 11250.65 4.83
1 TSN  34657.480 4.40 3 150 20011.91 -1.43
a TR 25513.048 1.70 1 TSN 42249.77 -4.39
@ Engine_Age 23.635 -13.34 7o PIC usnm -10.03
2 PIC  6631.026 _15.07 5 Pilot_Age 52.00 -47.49

Figure 4.24 Comparison of Sensitivity Analysis for Pre- and Post-COVID
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Tornado Chart: Sensitivity Analysis of Predictors
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Figure 4.25 Python Output for Sensitivity Analysis for 2010-2019 Data

Tornado Chart: Sensitivity Analysis of Predictors
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Figure 4.26 Python Output for Sensitivity Analysis for 2020-2024 Data
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The results show a change in direction for EA when comparing pre and post
COVID timeframes: -13.34% (pre-COVID) and +20.21% (post-COVID). Prior to the
pandemic, older engines were associated with lower injuries due to their mature
maintenance programs. However, after COVID, the prolonged use of engines operating
in maintenance environments where spare parts were not readily accessible causing
delayed replacement cycles significantly contributed to higher injuries. It is worth noting,
here, that the average of total injuries in the post-COVID timeframe was 1.275, as
opposed to 1.04 average total injuries in the pre-COVID timeframe; this represents a 23%
increase in total injuries between these two periods as reported in NTSB 6120 forms.
This increased injury rate between pre- and post-COVID timeframes clearly illuminates
the shift in safety outcomes due to the pandemic. TSI and TSO had consistent moderate
impacts. The most dramatic inversion between the periods was PA, with pre-COVID at
+18.25% and post-COVID at -47.49%. Though initially PA was viewed as a risk factor,
this reversal shows that its influence transitioned over time and became a safety net after
the pandemic. Although PA reversed sharply, other variables showed a more consistent
influence over time. Examples include PTF (+7.98% pre-COVID to +10.44% post-
COVID), PIC (-15.07% to -10.03%), and PI (+7.78% to +9.62%).

4.8 Integration of Sensitivity Analysis with Canonical Correlation Analysis (CCA)

Comparing the results of CCA with sensitivity analysis helped to cross-validate
the primary drivers of aviation safety. This dual method approach provided a more robust
view of the pandemic’s impact on the focus variables. It also highlighted how individual
shifts in engine usage and pilot experience influenced broader trends over the two time

periods.
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Pre-COVID (2010-2019) Insights

2010-2029 data indicates that EA was more associated with lower injury rate.
This finding is supported by both CCA (-0.4727) and sensitivity analysis (-13.34%). This
is due to the mature maintenance cycles of the pre-COVID area and more routine
inspections. Also, a survivorship bias effect may be present here. As with any new
complex mechanical system, new engines have a break-in period where any significant
issues are likely to result in the engine being removed early from service or replaced on
warranty earlier in their lifecycles. However, engines which have been in service beyond
their early years often have proven reliability and fewer novel technology anomalies. The
results suggest that increased EA, when supported by a mature maintenance system,
correlates with enhanced operational safety rather than diminished performance.

PIC showed a moderate negative influence on injury outcomes in the sensitivity
analysis in both the pre-COVID (-15.07%) and post-COVID (-10.03%) timeframes. This
shows that greater PIC consistently contributed to lower injury outcomes. Sensitivity
analysis revealed that PA had the strongest positive impact on predicted total injury count
in the pre-COVID period; a 18.25% change when perturbed by +£10%. This data indicates
that small proportional changes in PA produced large variation in injury outcomes and
highlights that PA is a highly influential driver of risk for the dataset consisting of the
pre-COVID timeframe. PI showed only a moderate positive influence (+7.78%). The
remaining variables of interest had a more limited impact overall.

Post-COVID (2020-2024) Insights
Results from the post-COVID data review shows several cases where the safety

dynamics shifted. PTF sensitivity rose modestly between pre-COVID (+7.98%) and post-
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COVID (+10.44%) timeframes; this signifies the increased effect of this variable over
time. Recall that in the 2020-2024 CCA results, PTF also had the highest canonical
loading (0.8327) of all pilot experience variables on CV1. Thus, both CCA and
sensitivity analysis in the post-COVID timeframes have shown PTF to have a recurring
influence on total injury outcomes. Consequently, PTF was selected as the pilot
experience variable to further analyze with Monte Carlo simulation later in Section 4.9.

PA exhibited the highest magnitude impact, with a sensitivity value of -47.49%,
indicating that older pilots are strongly associated with reduced total injury counts. This
finding is supported by the CCA result, which also showed a negative loading for PA (-
0.532). However, PA was not the predominant canonical loading in that canonical
variate, being overshadowed by PTF (0.832); therefore, it was not selected for further
Monte Carlo analysis. The findings suggest that increased PA may serve as a risk-
mitigating factor in the post-pandemic safety environment. One explanation for this is
that during COVID-related disruptions, a large portion of the workforce exited early,
leaving behind a smaller pool of highly experienced pilots.

By contrast, PI time showed a positive relationship with injury outcomes.
Alongside the result for PIC time, this suggests that high aggregate instructor credentials,
alone, may not be enough to mitigate future safety outcomes. It is possible that the
quality and recency of experience, rather than cumulative totals, are more meaningful in
determining safety outcomes in post-COVID operations.

The results of the sensitivity analysis show a 20.21% increase in total injury count
and a positive loading in both canonical variables, which makes EA the most influential

risk factor from the engine maintenance variable group. This can be due to post-pandemic
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supply chain constraints where engines witnessed prolonged service life and limited spare
parts availability. This operational aging has increased exposure to mechanical
degradation and unplanned failures. Due to the recurring high association of engine age
with injury outcomes from both CCA and sensitivity analysis, this variable was picked as
a focus for Monte Carlo simulation in Section 4.9.

4.9 Monte Carlo Simulation for Forward-Looking Insights

Research Question 5: Using Monte Carlo simulation, does a post-COVID 19
increase in EA or PTF time lead to an increase in total accidents?
Monte Carlo Simulation 1: Engine Age

Once validated against the observed post-COVID data, the model was extended to
simulate forward-looking scenarios in which the average EA of the fleet increased by
25%, 50%, 75%, and 100% relative to the 2020—2024 baseline. The simulation was
conducted without any truncation of the injury distributions which allowed for the
possibility of rare but plausible major safety events that may exceed values observed in
the calibration dataset.

A key insight from the results in Figure 4.27 below was the shift in the
distribution’s upper tail where the model generated a greater likelihood of high-severity
injury events than is observed in historical data. Although the empirical dataset for the
post-COVID results was capped at 25, Monte Carlo simulation with the untruncated
model was consistent in projecting scenarios that exceeded this limit. The probability of
exceeding the 25 total injury threshold based on historical post-COVID data only grew

with each successive increase in average EA, showing that fleet aging raises not only
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central injury risk but also the likelihood of extreme, high-severity accidents. Figures

4.28, 4.29, and 4.30 detail how the probability of injury increased as EA increased.

Engine Age Increase X Variable  Mean sD Pas PO9%  Max
25 Fatal #.88601 ©.8730 0.8288 ©.0000 1
25 Serious B.5674 8.7674 2.8888 3.8800 7
25 Minor ©.8118 3.8631 5.8288 15.2098 67
25 Total_Injury _Count 1.3854 3.1558 6.8088 16.908080 67
=12 Fatal ©.8866 ©.888°% ©.8288 0.20008 1
=12 Serious 8.6121 @.8811 2.8888 3.0000 7
=12 Minor ©.8888 3.3237 5.@988 17.0000 84
58 Total_Injury Count 1.5874 3.4228 6.8080 17.9808 84
75 Fatal ©.8870 ©.2832 ©.2288 0.2008 1
75 Serious ©.6543 @.8314 2.8288 3.8800 7
75 Minor ©.9412 3.5295 6.8988 18.0000 87
75 Total_Injury Count 1.6825 3.6231 ©6.8088 13.2808 87

1686 Fatal ©.8871 8.8841 6.80868 0.2008 1
188 Serious ©.6925 ©.8498 2.g8e88 3.8800 7
186 Minor 1.8285 3.8142 5.8288 19.20928 92
188 Total_Injury _Count 1.7281 3.9899 7.0080 28.90800 94

Figure 4.27 Table of Monte Carlo Simulation Results on EA

Simulated Mean + Tail Percentiles vs Engine Age Increase (Untruncated)
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.y == Fatal
o —e— Serious
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=¥ Minor P99
10.0 —&- Total_Injury_Count P95
--¥- Total_Injury_Count P99

12.5 A
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Figure 4.28 Simulated Mean and Tail Percentiles vs EA Increase (Untruncated)
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Simulated Mean Injuries vs Engine Age Increase (Untruncated)
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Figure 4.29 Simulated Mean Injuries by Type as EA Increases

Probability of Exceeding 25 Total Injuries (Untruncated)
Engine Age Increase % Threshold Probability

25 25 8.883085
58 25 8.884115
75 25 8.885655
1ee 25 8.8085648

Probability of Exceeding 25 Total Injuries (Untruncated)

0.005640
0.00505,
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Figure 4.30 Probability Plot of Monte Carlo Simulation Results on EA
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This is a plausible scenario, as airline MRO providers have continued to face
supply chain disruptions that limit the availability of critical engine components. Already,
the sudden rebound in global air travel demand has outpaced the ability of original
equipment manufacturers and suppliers to provide sufficient spare parts, leading to
extended shop visit times and deferral of non-critical maintenance. These conditions
often result in longer intervals between inspections and overhauls, which directly
contributes to the continued use of high-cycle components remaining installed for longer
durations and nearing the max limit of their design service life. These constraints, when
taken in tandem, suggest that solely relying on historical data alone creates blind spots
that are not necessarily capable of capturing rare and catastrophic failures.

Monte Carlo Simulation 2: PTF Time

Applied in the same manner as EA, PTF was reviewed with Monte Carlo
simulation. PTF increases from 25% to 100% were modeled to understand how this
would impact on the total injury rate. Figure 4.33 shows the results of this incremental
rise in PTF. The mean injury rate was 1.41 at +25%; it rose predictably to 1.89 at +100%
PTEF. This result showed a 34% increase from the baseline. When PTF increased, so too
did the safety risks. This finding aligns with both Bazargan & Guzhva (2011) and Lit et
al. (2003) and shows the cumulative nature of risk. Higher PTF is often correlated with
more operational exposure and makes the experienced pilot a prime candidate to take on
more demanding operational duties which can increase situational risk exposure. Figures
4.31 and 4.32 illustrate this compounding exposure effect, where incremental increases in

PTF correspond with proportional rises in predicted injury outcomes.
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PTF Increase X Variable  Mean sD Pas P99 Max
25 Fatal ©.8866 ©.8825 ©.9888 0.e00a 3
25 Minor ©.8236 1.1259 3.0888 5.0008 12
25 Serious ©.5834 B.7638 2.00008 3.0000 6
25 Total Injury Count 1.4135 1.3588 4.9888 6.000@ 14
58 Fatal ©.2868 ©.8333 9.9080 0.8 2
e Minor ©.988%9 1.2842 3.080808 5.0008 12
e Serious ©.6452 9.8832 2.0808 3.0000 7
58 Total Injury Count 1.5529 1.4475 4.8888 6.8088 13
75 Fatal ©6.2874 8.8373 ©.9080 0.e00a 2
75 Minor ©.9859 1.2821 4.8888 5.8 14
75 Serious ©.7154 2.8475 2.0808 3.0000 6
75 Total Injury Count 1.7887 1.5385 5.8888 7.eeg8 15
186 Fatal ©.2688 ©.8390 8.90880 b.e800a 2
186 Minor 1.8943 1.3721 4.8888 6.8008 14
186 Serious ©.788%9 ©.8397 2.0008 3.0000 7
188 Total Injury Count 1.8912 1.6367 5.8888 7.e088 15
Figure 4.31 Table of Monte Carlo Simulation Results on PTF
Monte Carlo Simulation: Total Injuries vs. PTF Increase %
L9
1.8
% 1.7 A
3
2
5 1.6 -
2
1.5
1.4 A
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PTF Increase (%)

Figure 4.32 Change in Simulated Total Injuries as PTF Increases
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Comparison of Monte Carlo Simulations

Both EA and PTF demonstrated upward trajectories in injury counts, although
with greater variability, when comparing the results of both Monte Carlo simulations in
Figure 4.33. The mean number of total injuries increased from 1.39, at +25%, to 1.72; at
+100%, a 24% increase across scenarios for EA. For PTF, the mean number of total
injuries increased from 1.41 at 25%; to 1.89 at 100%, an increase of 34%. Unlike PTF,
EA exhibited much heavier tails in the simulated outcomes, with maximum total injury
count extending to 94 injuries at +100% in one extreme case. The mean risk growth was

shown to be moderate, yet EA rises introduced rare safety events of high consequence.

Monte Carlo Simulation: Total Injuries vs. Variable Increase %
197 —e— PTF (Pilot Total Flight Time)
Engine Age
1.8
w
a
5 1.7 1
£
g
|_
= 1.6
m
[ ¥)
=
1.5
1.4
T T T T
25 50 75 100
Increase (%)

Figure 4.33 Monte Carlo Simulation Results for EA and PTF
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Model Validation for Monte Carlo Simulation

This model provided consistent results that were identical to the post-COVID
dataset which confirmed that the model was able to replicate this historical dataset’s
central tendencies. Additionally, the modeled simulated means and variances align
closely with historically observed values. However, this truncation eliminated the
possibility of rare, high-severity outcomes. The second stage thus added an untruncated
approach, which preserved the full distribution of simulated outcomes. The untruncated
model revealed rare events exceeding the historical maximum of twenty-five total
injuries, thus accounting for the potential of catastrophic outcomes and resulting in its
being selected for simulation.

Scenario designs were then employed by increasing average fleet EA to represent
conditions of deferred maintenance and limited access to spare parts in the post-COVID
aviation environment. The simulation tested four scenarios in which average EA
increased by 25%, 50%, 75%, and 100% relative to the 2020-2024 baseline. For each
scenario, the model generated large samples with n = 100,000 to provide stable estimates
of both central outcomes and rare tail events. Outputs from the simulation were organized
into summary tables and graphical representations. Line charts were created to show the
trajectory of mean injuries across scenarios, and probability plots were created to
highlight exceedance risk as average EA rose. Considering that both EA and PTF were
highlighted as the most influential variable within each of their respective independent
variable groups by both CCA and sensitivity analysis, this simulation framework was

repeated for PTF to obtain forward looking insights into both groups.

86



Comparing the truncated and untruncated model results showed a high degree of
consistency. The untruncated model produced almost identical means to that of the
truncated version with differences in mean values generally less than 1%. For example, at
a 100% increase in average EA, the untruncated simulation estimated a mean of 1.72 total
injuries, compared to 1.73 in the truncated model. This close correspondence confirmed
that truncation had little influence on average outcomes, which are governed by the
central tendencies of the distributions. Presented in Figure 4.34 is a comparison of

truncated and untruncated model results.

Engine Age Scenarios — Simulated Means (Truncated)
Engine_Age_Increase_% Sim Mean Fatal Sim Mean Serious Sim Mean Minor Sim Mean Total

25 8.0063 @.5783 @.8875 1.3841
5e 8.0864 8.61360 8.8867 1.5862
75 8.0867 B.6482 8.9546 1.6@85
1ee 08.08868 @.6872 1.8338 1.7277

Engine Age Scenarios — Simulated Means (Untruncated)
Engine_Age_Increase_% Sim Mean Fatal Sim Mean Serious Sim Mean Minor Sim Mean Total

25 8.00864 B.5755 B8.7935 1.3754
58 8.8872 B.6132 B.8915 1.5119
75 8.80865 B.6586 B8.9671 1.6242
lee 8.0069 8.6984 1.08265 1.7238

Figure 4.34 Validating Truncated and Untruncated Models in Python

The untruncated model allowed for outcomes beyond the historical maximum of
25 total injuries and that it becomes increasingly more probable as the fleet age increases.
This capability to model rare but extremely detrimental safety outcomes is critical for
aviation safety research, as these catastrophic outcomes have the most significant
consequences in terms of human impact. The untruncated model aligned considerably
well against observed data. It even expanded the initial model’s capabilities by capturing

high-severity safety events that were not seen in the historical data.
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4.10 Integrated Findings: Monte Carlo, Wilks’ Lambda, CCA, and Sensitivity

This multi-method approach provides insights well beyond simple correlation. It
provides a predictive framework for researchers to both understand and model aviation
safety. Figure 4.35 below details this consolidated framework. CCA and sensitivity
analysis successfully isolated PTF and EA as the variables with the most influence on
injury rates. Yet, Monte Carlo took this a step further and revealed a critical divergence
in their risk profiles. PTF influences were found to be cumulative and linear, whereas EA
highlighted the potential for low frequency and high severity safety outcomes. Cross-
referencing these findings with Wilks’ lambda significance testing validated the systemic
safety shift the praxis sought to better understand. With the dual threat of PTF and EA
now known, intervention strategies are highlighted in Chapter 5 to improve future

aviation safety outcomes.

/" Canonical Correlati N / Wilks’ Lambd ) imulati N
{ el = aelatian \ . w Sensitivity Analysis Monte Carlo Simulation \
Analysis (CCA Significance Testing Used post-COVID 19 data to create a calibrated
— - " —— (OFAT) " N )
Identified correlations * Confirmed significance of +  Isolated the most model for forward looking scenario analysis
between pilot and engine the multivariate N - . Validated with both truncated and untruncated
) - . influential variables: X
variables and safety relationship N models, central means consistent across both
X y Engine Age and PTF
outcomes * Validated model fit by Showed how these methods
Showed differences between showing the predictor set e Untruncated model revealed risk beyond 2020
- - amplify risk in post- X ) -
pre- and post-COVID reliably explained o —2024 maximum, with probability of
. P COVID 19 conditions ! . .
Evidence of structural variation in injury exceedance growing with an aging fleet
changes in risk factors / variables Captured rare but plausible catastrophic events

Integrated Findings
Multi-Method validation of safety precursors
Central trends combined with rate tail risks
Reinforces fleet age maintenance and pilot experience
Provides a forward-looking risk profile
Strengthens understanding of aviation safety in post-COVID 19 era

Figure 4.35 Multi-Method Framework for Pre- and Post-COVID Analysis
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Chapter 5 — Discussion and Conclusions

5.1 Introduction

This chapter presents the final takeaways for the statistical and hypothesis testing
performed within the praxis. It also provides recommendations for future research
intended to build on the strengths of this praxis while promoting the continued
advancement of safety outcomes in commercial aviation.
5.2 Research Question 1 Conclusions

Research Question 1 results confirm that CCA is a highly informative statistical
technique that is useful for evaluating the complex interrelationships between engine
maintenance variables and safety outcomes. The analysis was able to uncover previously
unknown relationships between the set of five engine maintenance variables and four
injury-related safety outcome variables. Statistically meaningful canonical functions were
identified that allowed for narrowing the focus on specific variables of interest for further
study with sensitivity analysis and Monte Carlo simulation.
5.3 Research Question 2 Conclusions

Research Question 2 findings demonstrate that CCA is a robust analytical method
for quantifying the associations between pilot experience variables and safety outcomes.
Ater synthesizing the NTSB data from accident and incident reports and feeding it into
the CCA model in Python, there was a clear divergence identified between the pre- and
post-COVID timeframes. The results highlight that the pandemic was indeed a catalyst
for systemic changes in pilot operations and these changes fundamentally reshaped
correlations between pilot experience and accident severity. The data suggests that
experience alone is not a safety net to ensure safe operations as it can be sensitive to

major industry-wide disruptions such as the ones caused by the pandemic.
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5.4 Research Question 3 Conclusions

Research Question 3 sought to understand if there was a statistically significant
shift in injury outcomes between the pre-COVID baseline data from 2010-2019 and the
post-COVID data of 2020-2024. Using a Wilks’ lambda MANOVA test, a meaningful
divergence was identified in the overall injury outcomes between these two periods. The
test resulted in a p-value of 0.0177 which was well below the statistical significance
threshold of a = 0.05 and caused a rejection of the null hypothesis. The confirmation of
statistical significance identifies that the distributions in injury severity did not fluctuate
by mere chance alone and were fundamentally altered due to the disruptions induced by
the pandemic. This result validated the praxis’ overall premise to understand if the
pandemic period of 2020-2024 represented a more volatile period for aviation safety, and
the results confirmed that a paradigm shift in aviation safety was evident across these two
periods.
5.5 Research Question 4 Conclusions

Research Question 4 findings isolated the critical dependent variables that most
dictated post-COVID safety outcomes and highlighted that PTF and EA consistently
surfaced as the primary driver of injury counts. In tandem with the results from CCA and
sensitivity analysis, PTF came out in the data as the most significant human factor
influencing aviation safety outcomes. On the other hand, EA was identified as the most
consequential predictor of injury counts from the maintenance variables.
5.6 Research Question 5 Conclusions

The Monte Carlo simulations for PTF and EA provided for a much more granular

look into these injury risk precursors. An increase in PTF exposure brought about a linear
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and more systemic rise in total injuries; however, and perhaps more importantly, the rise
in EA highlighted the opportunity for “black swan” safety outlier events where massive
spikes in injury rates could result from deferred maintenance and aging fleets.
5.7 Operational Recommendations Based on Praxis Simulations

The Monte Carlo simulations demonstrate that to mitigate future injury rates, a
twofold policy shift needs to be targeted at both pilot experience retention and increased
attention to mechanical degradation. As a means of incorporating these findings to
positively impact the safety of aviation operations, the following strategic interventions
are proposed:
Preventative Maintenance with an EA Focus

Air carriers must prioritize the expansion of preventative maintenance cycles
while operating an aging fleet, specifically targeting engines which are approaching high
usage or high-cycle thresholds. Although immediate overhauls are not always feasible,
the implementation of new and advanced non-destructive testing techniques for on-wing
inspections is one promising way to identify any latent fatigue in a more feasible manner
than detailed and expensive overhaul inspections off-wing.
Strategies for Pilot Retention and Phased Retirement with a PTF Focus

To prevent the experience drain introduced by the pandemic for tenured pilots,
incentive-based retention programs need to be established by industry stakeholders,
especially during periods where operations contracted as they did during the pandemic. A
closer reevaluation of rigid retirement mandates is also warranted based on the data.
Additionally, implementing a phased-retirement approach where the most senior pilots of

an operation are retained as subject matter experts would allow for the transition of
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critical knowledge to lesser experienced pilots, which can help preserve safety-oriented
experience in airline operations.
5.8 Recommendations for Future Research

Following this praxis, future research should continue to explore how the
COVID-19 era influenced aviation safety outcomes. Obtaining narrative insights from
pilots and maintainers to better understand how their experiences changed due to the
pandemic would be worthwhile. Expanding this work through predictive modeling with
Monte Carlo simulations on variables other than PTF and EA would also help to support
forecasting of injury risk under different assumptions, further increasing academic
understanding of these safety variables in commercial aerospace. Additionally, widening
the scope of the methodology used beyond the OFAT perturbation method is a highly
recommended endeavor. Using other methods such as Sabol sensitivity analysis would
help to provide a better picture of the contributions of multiple independent variables on
output variance, as well as identify the compounding effects that the product of multiple

risk precursors may have on future accident rates.
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Appendix A: Python & NTSB Accident Data Files

All Python files used within this Praxis can be found in the

Consolidated Python_Files.zip file embedded below. File extracting software such as 7z
or Zip Extractor is required to extract the files. All files were created using Python
Version 3.12 packages. Additionally, the full NTSB dataset encompassing the 2010-2024
timeframe is included for reference: AviationData2010-

2024 _Full NTSB Reference Data.xlsx.

[
3

a AviationData2010-2
Consolidated Python Files.zip 024_Full NTSB Refer:
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