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Abstract

This thesis aims to identify current applications of artificial intelligence in airline pilot training,
review existing research, evaluate potential improvements, and examine associated limitations.
A literary study was conducted to achieve this. Open research was found to be limited but
broad, showing a wide range of potential uses. A few airlines and training providers were found
to be currently utilising Al to improve their training in various ways. They, however, only
provided limited information about how it is operationalised. The study found that Al offers
significant promise but faces challenges related to transparency, reliability, bias, and ethical
considerations. For more widespread utilization of Al in airline pilot training, more research
will likely be needed.
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1. Introduction

Pilot training has come a long way since the Wright Brothers first took flight in 1903
(Barata, 2017). Throughout the years, as the number of flights increased, more comprehensive
training programs were developed (Barata, 2017). In 1929 the first commercially-built version
of a flight simulator, the link-trainer, was created to allow pilots to practice flying by
instruments (Myers, 2018). As different technologies advanced so did flight simulators. Today,
full flight simulators can simulate complex aircraft system and flight characteristics (Myers,
2018).

In more recent years, a new training and assessing methodology has been developed;
Evidence-Based Training (EBT) (International Civil Aviation Organization [ICAO], 2013).
This new framework focuses on training and assessing pilot competencies rather than the
completion of a number of predictable worst-case scenarios.

Over the next 20 years, global passenger numbers are expected to increase by 3.8% per
year on average (IATA, 2024b). To keep up with this growth Boeing (2024) forecasts that
674,000 new pilots will be needed between 2024 and 2043 to maintain the global commercial
fleet. As commercial flights become more numerous and the need for pilots increases,
improvements in the training system will become increasingly important to maintain or
increase current safety standards, reduce costs and not hinder market growth.

Since the release of ChatGPT in late 2022, Artificial Intelligence (AI) has been
receiving increasing attention (Marr, 2023). It has shown to be a useful tool in many areas such
as engineering, business, medicine, weather forecasting, etc. (Patil et al., 2023). These areas
are already seeing an increase in quality and efficiency. According to a bibliometric analysis
(Roza Sh. Akhmadieva et al., 2024), research on Al in education has increased dramatically
from 2004 to 2023, with a particularly dramatic increase after 2019.

Every day over 100,000 flights generate large amounts of data (International Air
Transport Association [IATA], 2024a), this data can potentially be processed through Al in
order to improve pilot training. The same idea could be applied to information gathered by
flight simulators as well as other channels of data. Al is expected to revolutionize the world in
the so-called fourth industrial revolution (Velarde, 2019). It is expected to transform virtually
all sectors, enhancing productivity and enabling new business models (Velarde, 2019). As we
look into the future, Al has the potential to become a powerful training tool, moving pilot
training into a new era.

1.1 Purpose

The purpose of this study is to gain a broad understanding of Al how it works, identify
how it is currently being implemented in airline pilot training and explore its potential to further
enhance training effectiveness, safety, and efficiency. It also seeks to identify challenges, risks
and limitations with Al integration.

1.2 Question Statement
How is Al currently used in airline pilot training, what research exists on its application,
and what are the key advantages and limitations?



2. Method

To gain an overview of Al research in airline pilot training the search portal LUBSearch
was used to find relevant scientific articles. A search was made using the words “artificial
intelligence in airline pilot training” on 20" March 2025. Non-peer reviewed articles were
filtered out and no date range was specified resulting in 17 search results. After four duplicates
were removed 13 scientific articles remained.

Titles, abstracts and some other parts of the articles were screened for relevance. Criteria
for relevance included: Use of Al to improve pilot training or pilot selection (if the findings
could be transferable to training). The latter was included due to the relevance of assessment
in airline pilot training. This left a total of five articles. After the full articles were read, an
additional article was excluded leaving a total of four articles.

To gain an overview of Al in general and its history, multiple search engines were used
(LUBSearch, Google Scholar and Google). Due to the breadth of the topic, a concise and
structured search was not possible. Multiple searches were made with various search words
being used. Due to this, this part of the research has not been documented in detail and
consequently cannot be accurately presented in this paper. 15 sources were used for Al history
and 10 sources were used to give an overview of Al. These were selected based on based on
relevance and credibility. Mainly scientific articles were used although some webpage-sources
such as IBM (2021) and Goldman Sachs (2023) were also used due to their respective expertise
and their ability to provide the most up-to-date perspectives on recent developments in artificial
intelligence.

To identify companies utilizing artificial intelligence in pilot training, Google was used
as the primary search engine. This approach was chosen because Google offers the most
comprehensive and up-to-date coverage of company websites, news articles, and industry
reports, which are often not well covered in academic databases. Multiple searches were made
using phrases such as, but not limited to: “Al”, “artificial intelligence”, “airline pilot training”,
“flight simulators™ and “CAE”. Based on the findings, further searches were made to find more
information about interesting projects.

The following companies were found to be incorporating Al in pilot training in some
form: Airline Pilot Club (APC) in collaboration with Amelia, CAE, Lufthansa Aviation
Training (LAT) in collaboration with 3Spin Learning, and Hinfact. Emails were sent to APC,
Amelia, CAE, LAT and 3Spin Learning requesting an interview. APC, Amelia and CAE did
not answer. 3Spin Learning was unable to share information due to confidentiality agreements.
LAT accepted the request and an interview was scheduled. Although their project was not
directly related to airline pilot training, the interview was conducted to find potential parallels.
Ahead of the interview a few questions were prepared, each with follow up questions, to be
used dependent on the interviewee's answers.

Participant

A one-hour semi-structured interview was conducted with Saskia Foysi, Product
Manager Digital Learning at Lufthansa Aviation Training (LAT). Foysi was involved in the
development of the 3spin Al Soft skills project. The interview was conducted on the 11th of
April 2025 through Microsoft Teams.



Foysi was not personally working with the Evidence Based Training (EBT)
methodology. She was unable to connect me with someone within LAT working on an EBT
related project.

3. Results

3.1 History of Artificial Intelligence

In 1942, American Science Fiction writer Isaac Asimov published a short story called
Runaround (Haenlein & Kaplan, 2019). This story is said to have inspired generations of
scientists in the field of robotics, Al and computer science (Haenlein & Kaplan, 2019).

3.1.1 Alan Turing and the Turing Test

In 1938, British Mathematician Alan Turing published a paper in which he proposed a
machine capable of computing any computable function (Turing, 1938). This would later be
known as the Turing Machine (Smith et al., 2006). This paper and the Turing Machine provided
the basis for the theory of computation (Smith et al., 2006).

In 1950, while he was the Deputy Director of the computing laboratory at the University
of Manchester, Turing published a paper that presented a test which he then referred to as “the
imitation game” (Smith et al., 2006). This would later come to be known as the Turing Test, a
way of testing if machines were capable of thinking (Smith et al., 2006). This test involves a
person (the interrogator) communicating with a machine and another person (Smith et al.,
2006). Through conversation the interrogator needs to identify which is human and which is
machine (Smith et al., 2006). The idea behind the test is that if a machine is indifferentiable
from a human, it should be considered intelligent (Smith et al., 2006).

Turing's hope was that the test would be passed by the year 2000 (Smith et al., 2006).
In a very recent study (Jones & Bergen, 2025), which is yet to be published at the time of
writing this paper, ChatGPT 4.5 managed to pass the Turing test 73% of the time while LLaMa-
3.1-405B managed to pass 56%, ELIZA 23% and GPT-40 21% of the time. Turing is often
referred to as the father of Al and the father of computer science (Cooper & J Van Leeuwen,
2016).

3.1.2 Dartmouth Summer Research Project on Artificial Intelligence

Later, in 1956, Marvin Minsky and John McCarthy hosted the Dartmouth Summer
Research Project on Artificial Intelligence (DSRPAI), an eight-week workshop funded by the
Rockefeller Foundation (Haenlein & Kaplan, 2019). It marked what would later be known as
the Al Spring, a period of increased funding and optimism. Its purpose: to gather researchers
from different fields and create a new research area aimed at building machines capable of
simulating human intelligence. It was here the term Artificial Intelligence was officially coined
(Haenlein & Kaplan, 2019). The two following decades saw significant progress in Al research
(Haenlein & Kaplan, 2019).



3.1.3 Artificial Intelligence Winter

However, in 1973, the U.S. Congress became very critical of the high spending on Al
research (Haenlein & Kaplan, 2019). The same year, British mathematician James Lighthill
published a report questioning the optimism surrounding Al research (Lighthill, 1973). In
response to this, the British government ended support for almost all universities in the country
with the U.S. government following suit (Haenlein & Kaplan, 2019). This marked the
beginning of the Al winter, a period where a lot of research and many projects were shut down
due to reduced funding.

According to Haenlein & Kaplan (2019) one reason for the lack of progress in the field
of Al was because of the way early Al systems such as the programs ELIZA and the General
Problem Solver tried to replicate human intelligence. They were so called Expert Systems that
had a top-down approach, using a series of if-then statements. Expert Systems performed
impressively well in areas with specific set rules. For example, IBM created a program called
Deep Blue, that in 1997 managed to beat World Champion chess player Gary Kasparov (IBM,
n.d.). However, when faced with other problems expert systems are unable to adapt or learn.
These situations require a bottom-up approach, to learn the rules from the data itself. Haenlein
& Kaplan (2019) claimed that (based on their definition of Al) because Expert Systems lack
the ability to learn from data and adapt, they are not true Al

As early as the 1940s Canadian psychologist Donald Hebb developed a theory of
learning known as Hebbian Learning, this method replicates the way neurons function in the
human brain (Huyck, 2021). This would later develop into Artificial Neural Networks, a
bottom-up approach. However, research on this stagnated in 1969 when Marvin Minsky and
Seymour Papert showed that the available processing power at the time was insufficient to
handle that kind of network (Minsky & Papert, 1969).

Since then, computing power has increased significantly. Moore (1965) observed that
the number of components (such as transistors) that could be placed on a single integrated
circuit was doubling roughly every year. He predicted that this would continue for the
foreseeable future. Moore also anticipated that this trend would drive major advances in
computing, miniaturization, and new applications for electronics. Later, this law was modified
to doubling every two years (Zhu et al., 2023). His insight, now known as Moore’s Law,
became a guiding principle for the semiconductor industry and a catalyst for the rapid evolution
of modern technology (Flamm, 2018).

As the years passed by, computing power increased, and Artificial Neural Networks
returned in the form of Deep Learning (Haenlein & Kaplan, 2019). In 2015 Google used this
method to create a program called AlphaGo that was able to beat a world champion in a game
called Go, a significantly more complex game than chess (Google DeepMind, n.d.). Most
programs we know today as Al are driven by Artificial Neural Networks and Deep Learning
(Haenlein & Kaplan, 2019).

Throughout its history, Al has seen both ups and downs as optimism and hope have
attracted large amounts of investments followed by significant drops in funding (Francesconi,
2022). Figure 1 below shows how interest in the field has varied throughout the years.
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Figure 1. The ups and downs of Al investment and research, (Francesconi, 2022)

Throughout its history, experts have predicted that artificial general intelligence (AGI),
Al that exhibits human-like intelligence and adaptability across diverse tasks (Raman et al.,
2025), was just a few years away (Haenlein & Kaplan, 2019). However, any time Al mastered
something the definition of Al or of intelligence was changed to exclude the latest Al
capability. This phenomenon is called the “Al Effect” (Haenlein & Kaplan, 2019).

3.2 Overview of Artificial Intelligence

According to Kaplan & Haenlein (2019) Al is “a system’s ability to correctly interpret
external data, to learn from such data, and to use those learnings to achieve specific goals and
tasks through flexible adaptation”. In a more fundamental but also vague sense, Al is “a broad
field of computer science concerned with building smart machines capable of performing tasks
that typically require human intelligence” (Sarker, 2022). In this chapter we will explore some
fundamental concepts related to Al to gain a broad, surface level understanding of how it
works.

3.2.1 Expert Systems

According to Durkin (1990) Expert Systems are programs designed to model the
problem-solving ability of human experts by modelling their knowledge, reasoning,
conclusions and explanations. They function based on explicitly programmed rules and
knowledge bases. They require rich datasets containing only relevant knowledge and well-
focused tasks. One of the most common ways of representing knowledge in Expert Systems is
through rules, which are represented by conditions; if-then statements. This presents
knowledge as cause and effect, similar to how human experts would formulate their knowledge.
These systems then reason primarily through two inference techniques: backward chaining or
forward chaining. Backward chaining relies on having a goal or hypothesis and then testing



new data against preexisting knowledge (datasets). Forward chaining involves collecting new
data and attempting to infer information from it based on preexisting knowledge (datasets).
Both inference methods can be integrated, for example forward chaining can be used to produce
a hypothesis and backward chaining can be used to verify it. A major advantage of Expert
Systems is that they can explain how they reached their conclusions, providing transparency.
They can easily be improved and adapted by adding, deleting or updating rules based on new
knowledge or recent trends (Sarker, 2022).

3.2.2 Machine Learning

Machine Learning, also known as data-driven learning, is a subset of Al. By learning
from data or experience, it automatically builds analytical models (Sarker, 2022). Various types
of machine learning algorithms exist, such as supervised, unsupervised, semi-supervised, and
reinforcement learning (Sarker, 2021). The primary difference between these algorithms is the
way in which they learn from a dataset to create their models (Trezza et al., 2024). Machine
Learning models usually consist of a set of rules, procedures or transfer functions that are used
to identify patterns of interest or anticipate future behaviour. By analysing historic data, models
are built which can then be used with new data to make predictions about future outcomes,
which can for example help businesses assess risk.

3.2.3 Artificial Neural Networks

Artificial Neural Networks (ANN) are Machine Learning programs or models that
mimic the way biological neurons work in a brain (IBM, 2021). One example of ANNSs is
feedforward neural networks, also known as multi-layer perceptrons (MLPs). These consists
of layers of Artificial Neurons (also called nodes); an input layer, an output layer and one or
more hidden layers in between. Each node is connected to other nodes. The nodes have certain
weights and thresholds (also known as bias), these depend on the importance of given variables
(inputs). A nodes weight determines how much influence its output has on the next node. Its
threshold is how much input is required for it to activate. There are numerous types of ANNs
such as Convolutional neural networks (CNNs) and Recurrent neural networks (RNNs) but due
to the scope of this paper they will not be covered. ANNs require datasets and learning
algorithms to create models.

3.2.4 Deep Learning and Black Box Artificial Intelligence

Deep Learning is a subset of Machine Learning (Sarker, 2022). When an ANN has more
than one hidden layer (more than three total) it is considered a deep learning algorithm. It
utilizes these multiple layers and processing to build data-driven models. An illustration of an
ANN with deep learning can be seen below in figure 2.
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Figure 2. Deep neural network (IBM, 2021)

A problem that arises with deep learning is a lack of transparency (Kosinski, 2024).
Although the input and output are visible, due to the complexity of the “hidden layers” the way
in which the system achieves the output is unknown, this kind of Al system is referred to as a
black box Al. Many of the most advanced machine learning models available today, such as
large language models like OpenAl’s ChatGPT and Meta’s Llama, are black box Als. Due to
the large datasets they were trained on and the complex deep learning processes they use, even
their own creators do not fully understand how they work. The opposite of black box Al is
white box Al, also known as explainable Al (XAI) or glass box Al. Expert systems are usually
considered XAI. According to Kosinski (2024) researchers are working on increasing the
transparency of black box Al systems.

3.2.5 Generative Artificial Intelligence and Hallucinations

Generative Al is a computational technique that is capable of generating seemingly new
content such as text, images or audio from training data (Feuerriegel et al., 2023). It draws upon
patterns and relationships found in training data. Deep neural networks are particularly well
suited for these kinds of models. A popular example of generative Al is OpenAls ChatGPT
(Feuerriegel et al., 2023). GPT (generative pre-trained transformer) being a popular family of
LLMs (large language models).

Industry reports predict that generative Al could raise global gross domestic product
(GDP) by 7% while the equivalent of 300 million full-time jobs could be lost to automation
(Goldman Sachs, 2023).

There is however a major limitation with generative Al. Due to their machine learning
models relying on probabilistic algorithms for making inferences, they generate the most
probable response, not necessarily the correct one (Feuerriegel et al., 2023). This means that
they can produce misinformation and deceive users. This kind of behaviour is called
hallucination.



3.2.6 Deep Learning Methods

Supervised learning is a task-driven strategy, a particular goal is desired. A dataset with
labelled data is provided to train the algorithm to classify data or forecast outcomes (Sarker,
2022). The most common uses of supervised learning models are classification and regression.
Classification involves predicting a label, such as identifying spam email, while regression
involves predicting a quantity, such as the price of a house.

Unsupervised learning is a data-driven method where patterns, structures, or knowledge
are derived from unlabelled data (Sarker, 2022). The most common tasks associated with
Unsupervised Learning include clustering, visualization, dimensionality reduction, finding
association rules, and anomaly detection. A clustering model could for example be used for
identifying distinct patient subgroups (Trezza et al., 2024). Unsupervised Learning is a useful
tool for complex data processing tasks where manual labelling is not possible due to the
complexity of the dataset.

Semi-supervised learning 1s a hybrid approach; a mix of Supervised and Unsupervised
Learning (Sarker, 2022). This method uses both labelled and unlabelled data to train models.
This kind of learning can be useful for situations where data must be labelled automatically
without human interaction.

Reinforced learning like Unsupervised Learning is trained on an unlabelled dataset
(Sarker, 2022). Reinforced learning, however, utilizes a feedback loop that allows the
algorithm to assess its own output. By assessing whether its solutions effectively solve a
specified problem it learns through trial and error. This type of system is capable of perceiving
and interpreting its surroundings as well as taking actions based on this. Therefore, it can be
considered an environment-driven approach.

Based on the required task, different types of data-driven models can be built (Sarker,
2022). Common examples include analytical methods such as descriptive (what happened in
the past?), diagnostic (why did it happen?), predictive (what will happen in the future?), and
prescriptive (what action should be taken).

3.2.7 Fuzzy Logic

In contrast to the rule-based expert systems described earlier in this chapter, another
possible approach is a fuzzy logic-based approach (Zadeh, 2008). While rule-based systems
work in binary (1s and Os, yes or no) fuzzy logic creates precise logic of unclear, incomplete
or conflicting information, similar to how humans' reason. It creates scales to allow reasoning
between the values of binary logic. For example, instead "is it hot or cold?”” where a threshold
temperature would need to be set, fuzzy logic could consider the specific temperature. It allows
values between 0 and 1; it allows things to be partly true or partly false.

3.2.8 Artificial Intelligence Bias and Ethics

A challenge with Al algorithms is potential Al bias caused by unrepresentative data,
human prejudices in data labelling, and algorithmic design choices (Wajid et al., 2024). These
biases can manifest as selection, measurement, or algorithmic bias, often leading to unfair or
discriminatory outcomes in areas like healthcare, hiring, and criminal justice. According to
Wajid et al. (2024) these biases not only perpetuate social inequalities but also erode public
trust in Al systems.



There are several strategies for addressing Al bias, including enhancing data quality and
diversity, implementing fairness-aware algorithms, and conducting regular audits with bias
detection tools (Wajid et al., 2024). Further mitigation of Al bias can be achieved by
assembling diverse, multidisciplinary teams, using transparent and explainable Al systems
where possible, and developing robust ethical guidelines and regulatory frameworks.

While addressing bias is crucial to ensuring fairness in Al systems, it represents just one
part of the broader topic of Al ethics (Haenlein & Kaplan, 2019). The Trolley Problem is a
popular thought experiment where a choice needs to be made between not acting and letting
many people die or acting and killing other, albeit fewer, people. Scenarios like this need to be
accounted for and when things do go wrong, the question of liability becomes highly relevant.
How do you integrate ethical considerations into the advancement of Al research and
technology to ensure that innovation progresses responsibly and delivers meaningful benefits
to society as a whole? These are just some of the questions that researchers, developers, end
users and regulators need to consider.

3.3 Evidence-based Training

In 2007, at an IATA meeting on training and qualification, stakeholders expressed the
need for a strategic review of airline pilot training (ICAQO, 2013). They felt that developments
in aircraft design and reliability, as well as the rapidly evolving operational environment were
not being adequately considered from a human factors perspective.

In response to this, IATA facilitated the creation of an international working group
consisting of Civil Aviation Authorities, academic institutions, aircraft original equipment
manufacturers, airlines, international organizations, pilot representative bodies and training
organizations (ICAO, 2013). This group conducted a strategic review of airline pilot training,
starting with recurrent training. Based on this review, the group created a new methodology for
airline pilot training: Evidence-based Training.

The philosophy of EBT is to identify, develop and evaluate the competencies required
to operate safely based on relevant threats identified in accidents, incidents, flight operations
and training (ICAO, 2013). The idea behind the core competencies is that they are transferable.
If trained in one scenario, they can be applied to others. There are eight core competencies:

e application of procedures

e communication

e aircraft flight path management, automation

e aircraft flight path management, manual control

e leadership and teamwork

e problem solving and decision making

e situation awareness

e workload management (ICAO, 2013)

Each core competency has a set of behavioural indicators which are used to assess their
associated competency (ICAO, 2013). For example, the behavioural indicators for application
of procedures are:

e identifies the source of operating instructions

o follows SOPs unless a higher degree of safety dictates an appropriate deviation



e identifies and follows all operating instructions in a timely manner

e correctly operates aircraft systems and associated equipment

e complies with applicable regulations.

e applies relevant procedural knowledge (ICAO, 2013)

Before the introduction of EBT, international standards for airline pilot training evolved
from the evidence of accidents involving early generation jets (IATA, 2014). The belief was
that repeated exposure to “worst case” scenarios would provide effective training for pilots.
Over time however, novel events resulting in serious occurrences were simply added to an
increasingly crowded list of manoeuvres and training scenarios. This eventually led to a “box
ticking” approach to training rather than focusing on enhancing the overall abilities of the pilots
undergoing training. EBT shifts the focus of the training towards competencies and training
programs are adapted based on derived threats from recent evidence from multiple sources.

3.4 Aviation Regulators and Artificial Intelligence

The European Union Aviation Safety Agency (EASA) and the Federal Aviation
Administration (FAA) are considered the most influential aviation regulators in the world (Tao
et al., 2014). Their regulations often set benchmarks for and influence aviation authorities
worldwide. Consequently, their approaches to artificial intelligence are likely to shape the
industry as a whole. Both regulators have published documents outlining their strategies for
integrating artificial intelligence into aviation and informing stakeholders of their intentions.

3.4.1 EASA Artificial Intelligence Roadmap 2.0

The Artificial Intelligence Roadmap 2.0 defines EASA’s strategy for the safe and
trustworthy integration of artificial intelligence in aviation (EASA, 2023). The roadmap
identifies several primary challenges, including ensuring public confidence, establishing robust
certification for advanced automation, integrating ethical considerations such as transparency
and fairness, and developing additional processes and standards to maximize Al’s safety
benefits.

EASAs stance appears to be human-centric, balancing a desire to accelerate investments
and promote development but at the same time ensuring safety and ethics (EASA, 2023). In
alignment with this, a regulatory proposal was published by the European Commission in April
2021, the EU Al Act. This Act is a legal framework that entered into force on 1% of August
2024 and will be fully applicable from 2™ of August 2026 (European Commission, 2024).

The EU Al Act includes a number of key provisions (EASA, 2023). It introduces a risk-
based approach, defining four levels of risk for Al systems: minimal, limited, high and
unacceptable risk, each with different levels of obligations (with the exception of unacceptable
risk for obvious reasons). It mandates transparency (e.g., users must be informed when
interacting with Al systems like ChatGPT), requires high-quality and unbiased training data,
and enforces strict data protection. The Act also stipulates that appropriate human oversight
must be maintained, particularly for high-risk Al applications.
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3.4.2 FAA Roadmap for Artificial Intelligence Safety Assurance

The FAA has developed this roadmap to establish the guiding principles for assuring
the safety of artificial intelligence in aviation and to establish priorities and plans for its safe
introduction (FAA, 2024). In contrast to EASA’s roadmap, the FAA’s roadmap does not
address ethical aspects of Al, stating that it is outside the scope of the document.

The FAA’s strategy for integrating artificial intelligence in aviation follows an
incremental, risk-based approach (FAA, 2024). The agency prioritizes the introduction of Al
in lower-risk applications first, allowing for the accumulation of operational experience and
the adaptation of safety assurance methods. Over time, lessons learned from these initial
implementations are intended to inform the safe expansion of Al into higher-risk, safety-critical
applications. The initial focus is on leveraging Al to enhance safety, rather than other uses such
as those providing efficiency gains. They also highlight the risk in personifying Al. They claim
that it can erode safety as it creates ambiguity on the assignment of responsibility for safe
operations.

The FAA also acknowledges the need for in house expertise (FAA, 2024). Due to the
speed at which AI research is expanding the FAA cannot rely on conventional aviation
experience. Among other roles the FAA has hired a Chief Scientific and Technical Advisor for
AI/ML. This will allow them to oversee the safe introduction of Al and foster continuous
learning.

3.5 Studies on Artificial Intelligence in Airline Pilot Training

3.5.1 Application of Big Data and Artificial Intelligence in Pilot Training a Systematic
Literature Review

This paper is a systematic literature review of 10 papers related to Big Data and Al,
primarily in airline pilot training (Shaker & Al-Alawi, 2023). The reviewed papers were from
between 2017 and 2022, seven of them were related to commercial aviation and three of them
to military aviation.

The authors of this paper found that there is a lack of Micro-Adaptive learning in airline
training programs (Shaker & Al-Alawi, 2023). Micro-Adaptive learning adapts training
programs to individual pilots learning styles and abilities on a micro level in real-time. This
allows instructors to focus on pilots' weaker areas rather than areas they have already
demonstrated competency and proficiency in. They argued that pilots are highly motivated so
by allowing them to see their own data they would be driven by self-discovery and a desire to
improve.

When pilots undergo training a large amount of data is generated containing dormant
patterns capable of revealing operational deficiencies (Shaker & Al-Alawi, 2023). They
recommend future research focuses on utilising Al to process this data to generate real-time
feedback, customised recurrent training, cognitive based assessments during training and
micro-adaptive training. They found that most studies use single methods in exploring Big Data
and Al applications, they argue that multi-methodological approaches would be more
appropriate for future research.
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3.5.2 The intelligent forecasting approach of learning curve in fits training of student pilot

In this study, machine learning was utilised to forecast student pilots learning-curves
(Huang et al., 2019). This allows training programs to be adapted to the specific learning-curve
of individual student pilots. Linear regression and data collected from flight academics were
used to build an intelligent system. This was tested on 24 students in a recreation pilot program
at an aeronautical academy in Taiwan. The program contains 12 courses and 30 flight hours as
standard.

The study showed that the model could be used for prediction but requires fine-tuning
as there are some deviations (Huang et al., 2019). According to the authors, these deviations
were likely due to the small sample size and the difference in learning-curves between the
different courses.

3.5.3 AI semantic knowledge base for Competency-based training

In this study Al was used in the form of a semantic reasoner to help develop an EBT
Ontology (EBTOnto) (Dapica & Peinado, 2021). A semantic reasoner is a software tool
designed to infer implicit knowledge by applying defined rules to explicit knowledge
(Carbonaro, 2022). The authors intention with EBTOnto was to make it easier to reuse existing
pilot training scenarios (used in simulator training) by mapping out what EBT core
competencies they train. Furthermore, it incorporated a large amount of aviation incident data
(37,568 incident reports) from the U.S. National Aeronautics and Space Administration
(NASA) Aviation Safety Reporting System (ASRS). These reports were classified based on
what lack in core competencies were identified to be likely contributing factors. This facilitated
the development of new training scenarios. It also helped identify potential combinations of
scenario elements that are related to errors in non-technical skills in real environments.
Ultimately this could help verify training programs by quantifying the prevalence of real-world
competency deficiencies allowing a direct comparison with what is being trained.

The focus of this study was on the following non-technical competencies:
communication (COM), problem solving and decision making (PSD), situational awareness
(SAW), and workload management (WLM). However, leadership and teamwork (LTW) could
not be mapped because it was not made explicit in any of the concepts represented in the
taxonomy used in the ASRS database.

The main role of Al in this study was to help determine the consistency of the ontology,
it also classified the incidents, establishing whether they corresponded to valid training
scenarios in accordance with the non-technical core competencies considered in the study.

In their conclusion they stated: “The use of EBTOnto in future intelligent systems opens
an unexplored path for the customization of competency-based flight training scenarios, with
results that can be understood and explained by the flight instructors who must apply them.”
(Dapica & Peinado, 2021, p. 10).

3.5.4 Pilot Selection in the Era of Virtual Reality Algorithms for Accurate and
Interpretable Machine Learning Models

Although not directly training related, this study (Ke et al., 2023) was considered
relevant due to the importance of assessment in pilot training. Also, according to Ke et al.
(2023) the study’s virtual reality simulation platforms and algorithms could also be used for
pilot training. They argue that machine learning algorithms exhibit high predictive powers
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because they can reflect complex interactions and non-linearities thanks to their ability to
handle a large number of predictor variables. In the future these algorithms could include inputs
such as personality, cognitive task performance, electroencephalography (EEG), heart rate, eye
movements, and flight dynamics.

In order to identify and measure differences between experts and novices, 46
participants flew a traffic pattern in a flight simulator using a virtual reality headset. 23 of these
participants were considered experts and 23 novices. Eye movement and flight data was
collected from the flight, 8 metrics from eye tracking and 21 from flight data. These metrics
were then fed into a machine learning model to infer relevant differences between expert and
novice pilots.

They found that a support vector machine (SVM) algorithm performed better than other
algorithms commonly used in similar studies in the past. SVM algorithms are supervised
machine learning methods that help classify data (IBM, 2023). In this study the SVM algorithm
proved to be robust, highly accurate and was able to mine a large amount of latent knowledge
from data, meaning it could even be effectively used on smaller datasets. However, SVMs can
lose performance due to data noise (irrelevant data in the dataset). To address this, the SVM
algorithm was complemented by a feature that derived a mutual information coefficient (MIC).
MICs help rank the importance of different features by quantifying how dependent two
variables are to each other (Kinney & Atwal, 2014).

Ke et al. (2023) recommend that future research should investigate the use of other
inputs such as heart rate. They argue that this increase in multimodality could lead to a more
accurate assessment taking into account more of the complexities of human performance. They
added that future research could also consider more complex neural networks, although
interpretability could be an issue.

3.6 Companies That Utilise Artificial Intelligence in Airline Pilot Training

3.6.1 CAE

CAE is a Canadian company that manufactures simulators and provides training,
including pilot training (CAE, n.d.-b). They use Al to allow their systems to automatically learn
and improve from continued use and experience (CAE, n.d.-a). One example is their “CAE
Trax Academy” which functions as an overarching training framework that divides the training
process of pilots into three parts: learn, practise and perform (CAE, n.d.-c).

The learn stage includes courseware and virtual reality (VR) technology to help the
student learn a procedure. It also utilises a feature called Adaptive Learning to capture student
performance data and monitor competency acquisition (CAE, n.d.-c). From this, automated Al-
based personal recommendations are provided to enhance the learning process. The student
then practises to consolidate what was learned through a VR system called CAE Sprint. A
virtual coach provides immediate, actionable intervention to support progress. Performance is
measured from the sessions, allowing trends to be monitored, and gaps identified. Finally, the
student performs in a high-fidelity simulator. Showing what they have learned and consolidated
in the earlier stages. This learning management system is now being used by the U.S. Air Force.
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3.6.2 Airline Pilot Club
The Airline Pilot Club™ (APC) is an Irish company that serves as an international
platform supporting aspiring and experienced pilots through partnerships with airlines, flight
schools, and training organizations (APC, n.d.). APC utilises SoundHoundAI’s Al agent
platform Amelia (APC, 2025; Amelia, n.d.). According to APC (2025) this Al agent has
already been used with partner companies to make recruitment more efficient, enhance training
by enabling them to realise the efficiencies provided by EBT and increase operational safety
and efficiency. In the future APC (2025) aims to use this Al agent to introduce:
Enhanced predictive analytics for pilot performance and training needs. Expanded scenario-
based training scenarios using Al-driven adaptive learning. New applications for non-pilot
aviation roles, including cabin crew and maintenance staff. Deeper integration with industry

standards like CBTA and EBT frameworks, ensuring regulatory compliance and operational
excellence. (APC, 2025)

3.6.3 Hinfact

Hinfact is a French software company that utilises human factors research and
technological innovation to develop training tools (Hinfact, n.d.-a). Among other things, they
provide automated and adaptive training management systems through the use of Al (Hinfact,
n.d.-b). These systems include automatic detection of observable behaviours based on
simulator data, including eye-tracking data, enabling automatic grading based on predefined
rules (Hinfact, n.d.-c). This allows for objective insights, providing greater consistency. This
data can further be used to provide analytics, allowing tracking of long-term progress.

Al is also used to automate workflows (Hinfact, n.d.-c). For example, training programs
can be adapted to individual trainees, and training schedules can be automated, with monitoring
of resources such as simulators, aircraft, and instructors.

3.6.4 Lufthansa Aviation Training

Lufthansa Aviation Training (LAT) is a German training provider for over 250 airlines
including the Lufthansa Group (LAT, 2024). They have been integrating Al into their training
programs in the context of various pilot projects (LAT, n.d.). One example is by extending a
LLM from GPT by adding a context layer, consisting of data relevant to training and flight
operations such as operative manuals. This can then be accessed in simulator training scenarios
as Al support via a chat or voice interface.

Moreover, they have been working on a soft skill, de-escalation training prototype in
collaboration with 3Spin Learning, a company specialized in utilising VR and augmented
reality (AR) and Al to digitize learning (LAT, 2024). This is covered below in 3.7.

3.7 Interview with Lufthansa Aviation Training

Foysi is involved in the development of most digital trainings within LAT, from web-
based training to VR and Extended Reality (XR).

In this field, there is a lot of focus on the utilization of Al. One use is content creation,
as it makes the creation of pictures, videos, etc. easier. Traditionally, soft skill training has been
conducted either by watching a video in a classroom and then using this video as a basis for
de-briefing or through role-play. Due to the lack of immersion with typical role-playing
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exercises trainees may not behave very similarly to how they would in a real scenario. This is
where AI/XR has potential to facilitate better training. Lately LAT has been working on
implementing Al more directly with training. They are currently developing a prototype with
3Spin Learning which utilizes a GPT interface inside a unity engine (a game engine). The main
advantage they see with this is a more personalized learning experience for the trainee. The
trainee wears VR goggles and interacts with an Al-supported avatar to train soft skills. This
creates a realistic yet safe environment in which trainees can try different communication
strategies and see their impacts.

This allows trainees to try different strategies which are recommended in dealing with
difficult situations, such as having to deal with passengers that refuse to follow rules. Foysi
highlights the importance of practice, as many of these situations don’t always have a “right or
wrong” way of dealing with them. Although this project was initially small, a practical
approach using trial and error, it shows potential for future development with the Al not only
reacting to the trainees' spoken words but to other data such as tone of voice, and
position/distance. This data could be used to adapt the avatars behaviour to the trainee's
reactions and behaviour.

This data could also be generally useful for suggesting training that is specifically
aligned with trainees’ competency goals. If and which data may be collected and used always
depends on the individual requirements of the respective airlines.

The current version only uses language spoken by the trainee within the current session.
It does not utilize data from previous sessions or other sources of data.

Initially this project was aimed at being used as a basis for de-briefing in a classroom,
but now we have the potential to provide feedback through an Al-driven instructor. This means
that the practice could be done completely without the use of a human instructor. It is important
that the Al is given accurate and reliable models or tools in order to give consistent and valid
feedback. The Al-driven instructor is currently in the “testing and checking phase”.

The Al analyses what the trainee says and compares it to a methodology that's given in
a briefing and checks whether what was said matches certain criteria. The more context you
give the Al the better. For example, if six-step approach is recommended for a certain scenario,
it can check if you apply those steps. They found this approach to be the best due to its
transparency.

This could lead to cost saving as less time needed in classrooms could reduce the need
for location infrastructure as well as trainers. The most expensive aspect of development is
creating the virtual environment, the avatars and their animations (such as gestures). Another
significant cost is the hardware, the VR goggles. Although the initial cost is high, once
purchased they can be used for a long time. After these initial costs, it is relatively easy to add
more avatars with different briefings and create new scenarios. Meaning it is adaptable and
scalable.

As this is quite new technology and many people do not have their own VR goggles at
home, there could be a need for some level of location infrastructure and technical support in
its initial roll out. This could create a bottleneck and reduce cost saving early on.

Another project that LAT is currently working on is the D-CEET (Digital Cabin
Emergency Evacuation Trainer) project in collaboration with ETH Ziirich which is more of a
research-based project utilizing eye-tracking, Al and VR. Foysi was not personally involved in
this project and was unable to arrange an interview with anyone involved in this project.
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LAT currently do not have any data that shows any increase in learning or retention rate
compared to traditional methods as they are still in the prototype and test phase. The prototype
had only been tested on trainers and training managers at the time of the interview. Foysi
referred to a study by PWC (2021) demonstrating that soft skill VR training yields better results
compared to web-based or classroom training.

One thing LAT learned from the internal tests is that the VR soft skill training is
surprisingly efficient even when the surroundings are not perfectly realistic due to the focus
being on the interaction. Response time, however, is important. A lag in the avatar's response
takes away from the immersion. So, the focus will be on improving the response time and
ensuring a good internet connection in order to ensure a smooth experience. Overall, it appears
to be motivating as trainees get the opportunity to try different methods without putting
themselves in danger.

This prototype is currently not planned for airlines outside of the Lufthansa Group. It
has been created by LAT, and it might serve as the basis for adaptations for different airlines
within the group.

The biggest challenge in the development of the soft skills training prototype was to
make the Al stay in its role and not be too independent. To create a realistic scenario but still
have some sort of control so it goes in the right training direction. The available data set was
small for this prototype meaning the briefing given to the Al needs to be particularly precise
so the training does what it should.

4. Discussion

Airline pilot training today is widely being conducted through the EBT methodology.
This utilises recent data from multiple sources to adapt training programs to “the threats of
today” while focusing on the required core competencies to mitigate those threats. Al could
potentially process this data very effectively as well as improve training in other areas.
Analytical Al for example could be used to “diagnose” the root cause of performance
deficiencies; it could also forecast potential future problems. There are however a few flaws
that must be considered: black box Al, Al hallucinations, Al bias and ethical considerations.
Aviation regulators must balance the potential benefits of Al with its inherent risks, creating
regulations that help Al integration and development while protecting those subject to their
regulations.

History

Al research has seen periods of optimism and progress followed by periods of
pessimism and a reduction in research (Francesconi, 2022). This was usually due to the Al
effect and overly ambitious goals. However, we have seen a consistent increase in computing
power in accordance with Moore's law (Moore, 1965). This increase in computing power
allows for more complicated and demanding algorithms to be developed, as well as larger
datasets to be processed. Whether we have reached the limit like in 1969 when research on
ANN s stagnated due to limited computing power (Minsky & Papert, 1969) is not clear based
on the papers included in this study. If history is to repeat itself, we might see another downturn.
Whether this will happen and if so when is however not clear.
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Generative AI and Hallucinations

Al hallucinating is similar to humans drawing conclusions based on correlation rather
than causation. Al simply uses probabilistic algorithms to make predictions based on historic
data regardless of whether there is evidence of causation (Feuerriegel et al., 2023). This could
reduce the efficiency of training if training scenarios are made based on this. Similarly, Al may
erroneously classify certain behaviours as negative due to hallucinations, potentially leading to
misguided conclusions and interventions. This could affect the individuals being trained or
examined unfairly. Due to these limitations, generative Al should be used with caution. If used,
it should include strong safeguards capable of limiting its agency and appropriate monitoring.
A threat matrix could be used to assess the potential risk in implementing it in different areas.
The way in which Al is being used by LAT seems like a good example of a low-risk
application.

Future research could explore algorithms that are capable of reasoning in a way that
infers causality, judges where it lacks sufficient evidence and limits itself appropriately. Until
an acceptable level of accuracy and reliability has been achieved, simpler versions of Al such
as expert systems could be used where possible.

Black box AI

Incorporating complex deep learning algorithms in airline pilot training presents
significant challenges due to their lack of transparency (Kosinski, 2024). Airlines function
within highly complex and dynamic environments, where changes in one area can
unpredictably influence multiple others, sometimes with severe or even fatal consequences. If
the performance of flight crew is altered in any way by changes in training, safety margins
could be reduced. The inability to comprehend how Al systems arrive at their conclusions
renders it impossible to verify or validate their decision-making processes.

In the event of errors or adverse outcomes, there are also issues with liability.
Determining responsibility is complicated when the underlying processes are opaque, raising
critical questions about who should be held accountable and who would be willing to assume
responsibility for decisions made by systems that cannot be fully understood.

AI Bias and ethics

Aviation training is an important part of what makes aviation so safe. Training scenarios
have long been based on data, initially on historic worst-case scenarios but lately with the
introduction of EBT, on more detailed and up to date information (IATA, 2014). Corrupted
data, whether intentional or not, can therefore potentially undermine the basis of the training
itself (Wajid et al., 2024). There could be bias in the data or inherently in the way an algorithm
works. It could pick up certain trends more easily than others, the same way certain threats may
appear more salient than others to humans despite not having a higher threat level. This bias
could affect the efficiency of training or even directly reduce safety margins. Bias could also
affect individuals, as mentioned earlier under the hallucination part of the discussion, as
behaviours exhibited by certain individuals could potentially be interpreted in an unfair way.
There are numerous ways to minimize bias (Wajid et al., 2024), these could be applied to airline
pilot training to improve data quality and facilitate oversight in order to maintain a fairer
system.
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The Regulators

The integration of Al into airline pilot training will be significantly shaped by regulatory
frameworks. Regulators face a challenging task, as the field of Al is rapidly evolving. They
must balance harnessing the benefits of Al with protecting the safety of those subject to their
regulations, while also ensuring that ethical considerations are addressed.

Overall, the FAA’s roadmap (FAA, 2024) seems to be more safety focused whereas
EASA’s roadmap (EASA, 2023), in addition to safety, explores ways of increasing investment
and accelerating development. This may not completely reflect the current or upcoming
regulations and their approaches as they may have different areas of responsibility and
authority. The FAA is tied to a single country whereas EASA regulates the numerous member
states of the EU.

Both roadmaps (FAA, 2024; EASA, 2023) show that these regulators are
communicating with stakeholders, that they want to facilitate the implementation of Al in the
aviation sector to benefit from it but recognise the risks and ethical considerations involved,
although the ethical considerations are only explicitly stated by EASA.

Studies

The four studies included in this paper cover a wide array of training aspects. The study
by Shaker & Al-Alawi (2023) provided a broad assessment of Al implementation in airline
pilot training. Their findings highlighted the need for more personalised training (micro-
adaptive learning) which could be achieved using Al due to its ability to process vast amounts
of data.

The next study (Huang et al., 2019) was able to forecast flight school students learning
curves. Although there is room for improvement, it did show that it was possible. With future
refinements, if used by airlines, it could facilitate a more proactive approach to training by
identifying and mitigating deficiencies earlier. This could increase training efficiency as
deficiencies likely distract trainees from developing other competencies, fixing them early
would allow more focus on other aspects of training. Furthermore, resources could be more
accurately allocated where they are needed. This should be easily scalable, as it is mainly a
digital solution only requiring data that already exists in training programs.

The following study (Dapica & Peinado, 2021), utilised Al to enhance the knowledge
base for EBT training. By utilising Al air safety report databases could be analysed thoroughly,
providing a comprehensive view of competency deficiencies in the real world. By linking these
competency deficiencies with competencies trained in training scenarios, training programs
could be adapted in a timely and accurate manner. The process used, along with the resulting
ontology, can serve as valuable tools to enhance an airline’s EBT program by improving its
thoroughness and allowing rapid adaptability. Once established, this should be relatively easy
to scale, as it mainly requires data from sources that already exist. This would allow large
organisations to be adaptive to new, emerging threats.

Finally, the fourth study (Ke et al., 2023) explored the use of Al in the form of ML to
identify differences between expert pilots and novice pilots. If done on a larger scale, a
comprehensive map of behaviours, movements, techniques as well as other characteristics
could be created. Categorising based on core competencies in accordance with the EBT
methodology rather than merely “expert” or “novice” could provide even more insight.
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Identifying these types of differences could provide a basis for training. Being able to identify
different, potentially subtle behaviours could help pilots find the root causes for why they
cannot perform better in certain areas. The ability to identify these differences could also pave
the way for training without an instructor, allowing pilots to train with VR headsets to
complement their existing training.

Companies

Four companies were identified to be utilising Al to improve pilot training: CAE (n.d.-
a), APC (n.d.), Hinfact (n.d.-b) and LAT (n.d.). CAE (n.d.-a) and Hinfact (n.d.-b) share a
similar approach, offering comprehensive, systematically integrated end-to-end solutions that
encompass the full training system. In contrast, APC (n.d.) and LAT (n.d.) focus on more
targeted, specialised applications of Al, such as recruitment processes, scenario-based training,
and specific simulator enhancements. This diversity in approaches highlights the broad
potential for Al integration across various aspects of airline pilot training, from holistic
management systems to focused tools addressing particular industry needs.

Both CAE (n.d.-a) and LAT (2024) incorporate VR into their projects. AI’s capacity to
process large volumes of data enables the creation of highly personalized training experiences.
Digital environments can be rapidly, automatically, and extensively modified with minimal
cost, allowing for greater flexibility. Combined with the immersive qualities of VR, these
advancements have the potential to significantly enhance the affordability and scalability of
pilot training.

The companies found to be utilising Al did not share much data on for example:
measurable improvements in training efficiency, safety metrics or cost savings. They provided
varying, but mostly limited information regarding how their products are practically used. CAE
(n.d.-a) and Hinfact (n.d.-b) appeared to be more open about this in contrast to LAT (n.d.) and
APC (n.d.). This is possibly due to financial reasons. Giving away too much information could
compromise their profitability by giving away their unique advantage over competitors. This
could also be because the latter two have not progressed as far in their development.

Despite this, the mere fact that large reputable companies are marketing and associating
their brands with these solutions indicates that they have some degree of faith in its viability
and effectiveness. If these solutions were to be ineffective, their reputations and brands could
be negatively affected.

LAT Interview

The soft skills project by LAT, as detailed in chapter 3.7, utilises Al and XR to improve
training. It achieves this mainly through increased immersion in contrast to traditional methods
of teaching soft skills. In the future, collected data could be used to suggest training that aligns
with the trainee's competency goals. Although not directly related, this technology could be
adapted and utilised for airline pilot training. For example, pilots could train alone in VR
cockpits with an Al driven captain or first officer. This could for example, help pilots practice
how to utilise their colleagues better by practising their problem solving and decision-making
process while asking their Al colleague open questions. The Al in the soft skill training project
is also capable of checking whether certain recommended steps are taken. This could
potentially be applied to flight deck procedures such as normal and emergency procedures or
memory items to provide feedback. This could allow pilots to practise as needed at home to
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complement their existing training programs. This extra practise could lead to a reduced need
for costly full flight simulators, saving money in the long run.

Foysi also mentioned the D-CEET project being worked on within LAT. This could
potentially provide evacuation training for pilots as current training often ends with the
evacuation checklist being completed in the flightdeck.

4.1 Limitations

Due to the broad scope of this study, it was not feasible to use a structured search for all
segments. This limitation impacts the replicability of some segments of the research.
Addressing the research question required a comprehensive understanding of the topic, which
necessitated multiple searches and resulted in a substantial number of articles and sources.
Given the volume of search results, some sources were primarily selected based on their
prominence in search rankings. This approach may have introduced selection bias and led to
an unbalanced representation of the available research.

Additionally, the field of Al is evolving rapidly, which means that some of the research
cited in this paper may quickly become outdated. While efforts were made to include more
recent sources where possible, some of the reviewed literature may not reflect the latest
developments in Al

As a result, the findings presented in this paper likely represent only a limited portion
of the existing research. Future studies with a more structured methodology or a broader scope
could provide a more comprehensive perspective and help validate or expand upon these
findings. In hindsight, due to the limited available research, a broader approach, looking into
the use of Al in airline training in general could have provided a better result.

5. Conclusion

Overall, there is limited research available on the use of Al in airline pilot training and
limited information on its use by companies. This is likely because much of this research is
conducted in-house by airlines and training providers. Airlines are likely reluctant to share their
findings, as they have probably invested significant resources and seek to maintain a
competitive edge. Similarly, training providers risk losing their competitive advantage if their
research is shared, which could negatively impact profitability. Nevertheless, the available
research demonstrates a broad range of potential implementations from forecasting pilot
learning curves to identifying expert behaviours. The same can be said for its use by companies
in pilot training.

APC (n.d.) and LAT (n.d.) utilized LLMs to create tools/virtual assistants in the form
of chatbots, LAT (2024) also used LLMs to simulate human behaviour in their soft skills
training project. In contrast to this a lot of research and companies used or explored Al in the
form of analytical Al (CAE, n.d.-a; APC, n.d.; Hinfact, n.d.-b; Shaker & Al-Alawi, 2023;
Huang et al., 2019; Dapica & Peinado, 2021; Ke et al., 2023). Both approaches have a potential
to enhance training. The former could be a lower risk application as it merely provides an
additional situation or scenario for trainees to add to their experience whereas the analytical
approach directly addresses the trainee's performance.
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Although there is a huge potential for Al use in airline pilot training, there are a few
issues that must be considered. Deep learning, black box Al, algorithms lack transparency
(Kosinski, 2024), meaning even their creators are unaware of how they work. This is
problematic when used in safety critical industries. When the “thought process” of the
algorithm cannot be verified, it would have to be trusted blindly. When things go wrong,
liability becomes an issue.

Reliability is another problem with certain algorithms, due to the way they make
inferences, they may hallucinate, generating incorrect information (Feuerriegel et al., 2023).
Al models capable of hallucinating need to be carefully incorporated into training systems to
ensure that incorrect outputs cannot cause unacceptable harm through thorough risk
assessments.

Finally, ethical implications must be considered. The data and algorithms used could
perpetuate existing biases or inadvertently affect individuals unfairly (Wajid et al., 2024).
Regulators, researchers, airlines and training providers need to ensure appropriate safeguards
are in place to ensure its use is ethical.

Future research could explore Al implementation in general education and discuss the
potential to transfer some of this to airline pilot training. As mentioned in the introduction,
there has been a significant increase in research on Al in education. Potential mitigations for
some of the problems associated with Al, raised earlier in this paper, could also be assessed in
the context of training.
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