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Abstract

Time-critical decision making in emergency situations poses significant chal-
lenges for both humans and traditional multi-criteria decision-making methods.
Under such demanding conditions, supporting human decision makers with
tools that structure information and reduce cognitive burden is both beneficial
and prudent. This thesis addresses this challenge by introducing the ExACT-
MCDM methodology, a framework that integrates artificial intelligence with
multi-criteria decision-making concepts to support high-stakes decisions in en-
vironments where human operators remain responsible and actively involved
in the emergency scenario.

The proposed methodology reformulates emergency, time-critical multi-criteria
decision-making problems as supervised ranking tasks, enabling the use of ma-
chine learning models that preserve the structure of options and attributes while
providing rapid, context-aware recommendations. To address the scarcity of
real emergency data, a synthetic scenario generation and labeling process was
developed, incorporating expert knowledge through structured scoring func-
tions with hard and soft constraints. Robustness was achieved by simulating
realistic variability in contextual factors and maintaining their interdependen-
cies, resulting in datasets that reflect the uncertainty inherent in real emergency
operations.

The methodology was applied to the dynamic alternate-airport selection prob-
lem, a representative aviation emergency scenario in which pilots must select a
diversion airport under dynamic and unfamiliar conditions. Experiments were
conducted using both classification and ranking formulations across a range of
models. The results indicated that ranking was better suited to the structure
of the problem and more consistent with real decision-making processes, where
the goal is to order feasible alternatives rather than output a single preferred
choice. Interpretability and explainability were incorporated throughout the
process using inherently interpretable models, structured feature contributions,
and model-agnostic tools such as SHAP, with the aim of helping stakeholders
maintain oversight of why recommendations are made.

The results demonstrate the potential that artificial intelligence has to en-
hance multi-criteria decision making and provide fast, context-sensitive, and
transparent decision support suitable for emergency situations while preserv-
ing the responsibility and authority of human decision makers. Aside from
the ExACT-MCDM methodology, this thesis contributes a scalable benchmark
that advances understanding of the dynamic alternate-airport selection prob-
lem and provides guidance for integrating such models into operational systems.
Together, these contributions demonstrate how artificial intelligence can mean-
ingfully augment decision making in complex, unpredictable, and high-stakes
environments, including cockpit decision-support tools such as the Intelligent
Pilot Advisory System under development at the German Aerospace Center.
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Zusammenfassung

Die zeitkritische Entscheidungsfindung in Notfallsituationen stellt sowohl fiir
Menschen als auch fiir traditionelle Methoden der multikriteriellen Entschei-
dungsfindung eine erhebliche Herausforderung dar. Unter solchen anspruchsvollen
Bedingungen ist es sinnvoll und vorteilhaft, menschliche Entscheider durch
Werkzeuge zu unterstiitzen, die Informationen strukturieren und die kogni-
tive Belastung reduzieren. Diese Dissertation begegnet dieser Herausforderung
durch die Einfiihrung der ExACT-MCDM-Methodik, eines Rahmens, der kiin-
stliche Intelligenz mit Konzepten der multikriteriellen Entscheidungsfindung
verbindet, um Entscheidungen mit hohen Risiken in Situationen zu unter-
stiitzen, in denen menschliche Akteure weiterhin verantwortlich sind und aktiv
im Notfallszenario eingebunden bleiben.

Die vorgeschlagene Methodik reformuliert atypische, zeitkritische multikriterielle
Entscheidungsprobleme als iiberwachtes Ranking-Problem und ermdéglicht so
den Einsatz von Modellen des maschinellen Lernens, die die Struktur von Op-
tionen und Attributen bewahren und gleichzeitig schnelle, kontextabhingige
Empfehlungen liefern. Um dem Mangel an realen Notfalldaten zu begegnen,
wurde ein Verfahren zur synthetischen Szenariogenerierung und -kennzeichnung
entwickelt, das Expertenwissen iiber strukturierte Bewertungsfunktionen mit
harten und weichen Nebenbedingungen integriert. Die Robustheit der Daten
wurde durch die Simulation realistischer Variabilitdt kontextueller Faktoren
und die Beriicksichtigung ihrer gegenseitigen Abhéngigkeiten erreicht, sodass
Datensétze entstehen, die die Unsicherheiten realer Notfalloperationen wider-
spiegeln.

Die Methodik wurde auf das Problem der dynamischen Auswahl eines Auswe-
ichflughafens angewendet — ein représentatives Notfallszenario in der Luftfahrt,
bei dem Piloten unter dynamischen und potenziell ungewohnten Bedingungen
einen geeigneten Ausweichflugplatz bestimmen miissen. Experimente, in de-
nen Klassifikations- und Ranking-Formulierungen iiber verschiedene Modelle
hinweg untersucht wurden, zeigten, dass der Ranking-Ansatz besser zur Struk-
tur des Problems passt und nidher an realen Entscheidungsprozessen liegt, bei
denen mehrere machbare Alternativen geordnet werden miissen, anstatt auss-
chlieftlich eine einzige Option vorherzusagen. Interpretierbarkeit und Erklér-
barkeit wurden durch den Einsatz inhérent transparenter Modelle, strukturi-
erter Beitragsanalysen und modellunabhéngiger Werkzeuge wie SHAP iiber den
gesamten Prozess hinweg integriert, um Beteiligten ein Verstédndnis dariiber zu
ermoglichen, weshalb Empfehlungen ausgesprochen werden.

Die Ergebnisse verdeutlichen das Potenzial kiinstlicher Intelligenz, die mul-
tikriterielle Entscheidungsfindung zu unterstiitzen und schnelle, kontextsensi-
tive und transparente Entscheidungsunterstiitzung fiir Notfallsituationen bere-
itzustellen, wihrend die Verantwortung und Autoritdt menschlicher Entschei-
dungstrager gewahrt bleiben. Neben der ExACT-MCDM-Methodik liefert diese
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Dissertation einen skalierbaren Benchmark, der das Verstdndnis des Problems
der dynamischen Ausweichflugplatzwahl vertieft, und bietet praktische Hin-
weise zur Integration solcher Modelle in operationale Systeme. Zusammen
zeigen diese Beitrége, wie kiinstliche Intelligenz die Entscheidungsfindung in
komplexen, unvorhersehbaren und sicherheitskritischen Umgebungen sinnvoll
erweitern kann — einschlieflich cockpitnaher Entscheidungsunterstiitzungssys-
teme wie dem Intelligent Pilot Advisory System, das derzeit am Deutschen
Zentrum fiir Luft- und Raumfahrt entwickelt wird.
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Introduction

1.1 Motivation

1.1.1 Challenges of Time-Critical MCDM and the Role of Al

Decision-making is a fundamental aspect of human existence, from routine daily
choices to complex strategic determinations that shape our personal and profes-
sional lives. Every day, we navigate countless decisions, weighing options and
considering consequences based on our experience, knowledge, and preferences.
In our everyday lives, many decisions are made almost instinctively, drawing
on what psychologists call “System 1” thinking, which is a fast, automatic, and
emotionally driven cognitive process [135]. This intuitive decision-making pro-
cess relies on mental shortcuts known as heuristics and on pattern recognition
developed through years of experience [92]. While these cognitive shortcuts
serve us well in familiar situations, they can also lead to systematic biases and
errors in judgment [105]. As the complexity of a decision increases, however,
the need for a more structured approach also grows. This engages what is
known as our “System 2” thinking, which is slower, more deliberate, and more
analytical [135]. Structured thinking allows people to break down problems
into clear elements, evaluate trade-offs, and weigh multiple factors more con-
sistently. This is precisely the kind of reasoning that Multi-Criteria Decision
Making (MCDM) methods aim to support. By providing a formal framework
for comparing alternatives across different dimensions, MCDM helps decision-
makers reach choices that balance competing objectives in a systematic and
transparent way.

The complexity of MCDM increases significantly when decisions must be made
under uncertainty, where the decision-maker must consider not only known
factors but also potential future scenarios and their implications. Traditional
MCDM approaches typically rely on methods such as pairwise comparisons,
trade-off matrices, and weight assignments to capture decision-maker prefer-
ences and help to make a decision. While these techniques have their uses
in certain decision-making scenarios, they become increasingly impractical in
time-constrained situations. The cognitive demands of systematically com-
paring alternatives, establishing consistent weights, and maintaining coherent
preference structures are particularly challenging under time pressure. More-
over, these conventional methods often assume that decision-makers have suffi-
cient time to gather information, analyze alternatives, and carefully weigh their
options. However, in many real-world situations, particularly during emer-
gencies or crises, decision-makers face severe time constraints while operating
under heightened stress levels. These conditions can significantly impact cogni-
tive processing, potentially leading to suboptimal decisions precisely when the
stakes are highest.



The challenge becomes even more pronounced when dealing with emergency sit-
uations, which are scenarios that fall outside the scope of the decision-maker’s
routine operational experience. In such cases, the decision-maker must not
only process multiple criteria under time pressure but also adapt their decision-
making approach to less frequently encountered or contextually unfamiliar cir-
cumstances while managing the psychological stress of the situation. This
combination of time pressure, multiple criteria, and atypical circumstances can
create a particularly challenging decision-making environment.

The limitations of traditional MCDM methods raise the question of how such
decisions could be supported more effectively. To address these limitations, this
thesis explores methods from the field of Artificial Intelligence (AI), since they
can process complex inputs quickly, recognize patterns across many varying
circumstances, and produce recommendations even when the available infor-
mation is incomplete or noisy. In this way, an Al agent could evaluate a complex
set of circumstances and options and provide the human decision-maker with
a suitable recommendation in a timely manner.

1.1.2 Dynamic Alternate-Airport Selection: A Practical Use Case

A particularly relevant example of an emergency MCDM problem under a time
constraint is mid-flight dynamic alternate-airport selection. Namely, during an
event, such as an engine fire or medical emergency, commercial pilots may be
faced with diverting from their original airport to a new alternate airport mid-
flight. In such a predicament, decision-making in the cockpit of an airliner
remains one of the most challenging and workload-intensive tasks for the flight
crew. Pilots are required to gather and assess a wide range of information to
support their decision-making. This may include details about the nature of a
technical malfunction and its operational consequences, current weather condi-
tions, nearby air traffic, and the infrastructure available at potential alternate
airports.

Traditional alternate-airport selection, typically defined during pre-flight plan-
ning, relies on fixed alternates chosen according to static criteria. However,
this approach does not reflect the dynamic nature of in-flight operations, where
conditions may change rapidly [236, 225]. Dynamic alternate-airport selection
acknowledges the fact that, in such cases, a diversion airport may change dur-
ing the flight due to evolving weather patterns, airport status changes, airspace
constraints, or updates to the aircraft’s fuel state and position [298, 100]. Flight
crews must therefore continuously update their mental models of potential al-
ternates, integrating real-time information about multiple options while simul-
taneously managing their primary flight responsibilities. It is precisely the
presence of these characteristics that makes a dynamic alternate-airport selec-
tion a suitable use case for an MCDM problem, in which decision-makers must
balance competing objectives such as safety, fuel considerations, operational
constraints, and passenger impact under significant time pressure.

Although diversions do not happen so readily, they account for approximately
0.3% of all flights in European airspace according to EUROCONTROL, which
still is 28,000 diversion annually [89].

In the United States, according to the U.S. Bureau of Transportation Statistics,
only 0.32% of flights were diverted in June 2024 [46]. The number of diversions,
as well as the their percentage from the total flights, based on the data from
the U.S. Bureau of Transportation Statistics are shown in figure 1.1.

Based on the available data, EUROCONTROL estimates that diversion cost
varies significantly depending on the type of flight, with regional flights costing
between €1,000 and €7,000, continental flights between €1,400 and €10,500,
and intercontinental flights between €7,000 and €77,200 [89]. Beyond the
direct costs, diversions can trigger cascading delays throughout the airline’s
network, affecting subsequent flights and potentially impacting thousands of
passengers.
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PO The dynamic and time-critical nature of these decisions makes them a rele-
Statistics [46]

vant environment for exploring Al-enhanced MCDM. This work therefore uses
dynamic alternate-airport selection as the primary application context for in-
vestigating such an approach.

These considerations align closely with ongoing work at the German Aerospace
Center (Deutsches Zentrum fiir Luft- und Raumfahrt) (DLR), where current
efforts are being undertaken to develop an Intelligent Pilot Advisory System
(TPAS) as a research platform in order to investigate the potential of artificial
intelligence in future commercial aircraft cockpits and examine the integration
of human and Al systems in complex operational settings. The system was
first introduced in [279] and has since been in active development [280, 281]. A
specific functionality currently being developed for the IPAS system is exactly
decision support capabilities for alternate-airport selection. A proposed system
model for the IPAS system can be seen in Figure 1.2.

Aircraft
Flight Crew IPAS
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Figure 1.2: IPAS System Model,
taken from authors publication

[279] The figure illustrates the main components of the system. It includes the

AT Core Module (AICOM), which contains the models that support decision-
making, and the AI-Crew Interaction System (AICIS), which presents these
recommendations to the decision-makers (pilots). It also includes the data-
collector module and the translation module, which enable communication be-
tween the AICOM and the AICIS. Within the context of this thesis, the IPAS
in general and the AICOM in particular provide a practical environment for ex-
amining how Al-enhanced MCDM concepts can be implemented and evaluated
as part of an intelligent Decision-Support System (DSS).



1.2 Research Goals and Questions

1.2.1 Research Goals

The main goal of this thesis is to develop a methodological approach on how
to incorporate ideas from the field of Al to extend MCDM methods and enable
the creation of concepts for intelligent DSS capable of providing support to
decision-makers in time-critical emergency situations. To this end, this thesis
addresses the following research goals:

G1: Develop a methodology for addressing atypical, time-critical MCDM prob-
lems using artificial intelligence to complement and extend traditional MCDM
approaches.

While decision-support systems for MCDM problems are well established
in the literature, this research focuses on creating an approach that can
help human decision-makers under uncertainty, especially when time pres-
sure, unfamiliar situations, or stress make conventional methods imprac-
tical or insufficient.

G2: Demonstrate and evaluate this approach through the dynamic alternate-
airport selection problem, contributing practical insights for further develop-
ment of the IPAS system.

Dynamic alternate-airport selection serves as a realistic and demanding
test case that reflects the challenges of high-stakes aviation decisions in-
volving multiple, often conflicting, criteria under rapidly changing condi-
tions. By applying the developed approach to this use case, the research
both tests its feasibility in practice and provides valuable knowledge for
enhancing the development of the IPAS.

1.2.2 Research Questions

Building on these two goals, this thesis formulates the following research ques-
tions, each addressing a specific aspect of the methodological and practical
challenges:

RQ1: In what ways can artificial intelligence techniques be integrated with
MCDM concepts to improve decision support in emergency, time-critical situa-
tions where the main decision-makers and responsibility holders are embedded
in the emergency scenario itself?

The use of Al for supporting MCDM problems is already present in the lit-
erature. Various approaches exist in which AT models learn the weights or
preferences for decision factors not through elaborate pairwise comparisons
or direct expert elicitation, but by leveraging historical data relevant to
the problem. Once these weights are estimated, standard MCDM method-
ologies can then be applied. In other instances, Al has been combined with
MCDM methods to learn how to score each option by treating the prob-
lem as a regression task, allowing the model to approximate scores and
rankings more efficiently. However, these examples typically address rou-
tine operations, such as supplier selection, where there is no severe time
pressure or life-threatening consequences. In such contexts, Al-based ap-
proaches help automate processes and enhance decision-making, benefiting
from relatively stable conditions and sufficient time to analyze information.

Taking the use of Al further, this thesis explores how Al can be employed
within MCDM problems where decisions must be made under significant
uncertainty, high stakes, and severe time pressure. Crucially, it focuses on
scenarios in which the ultimate decision-makers are not only managing the
emergency but are embedded in it and will directly bear the consequences
of their choices.



RQ2: Due to the diverse nature of emergencies, how can the AI model be
trained in such a way that it may be able to provide decision-support adapted
to the situation at hand?

Decision-making is rarely performed in a vacuum. Decisions are heavily
influenced by the context and conditions in which they are made. In fact,
one could argue that the use of weight vectors, pairwise comparisons, and
preference point setting is one of the most straightforward ways to not only
express preferences but also embed information about the circumstances
surrounding the decision. Therefore, it is important that the model can
take into account the full context in which the decision is being made and,
through this lens, provide appropriate suggestions to the decision-makers.

RQ3: What data requirements, limitations, and design considerations need
to be addressed to develop and train an AI model that can reliably support
time-critical, high-stakes MCDM scenarios?

Given that emergencies are, by nature, exceptional events and do not fall
within the scope of routine day-to-day operations, the availability of a
suitable dataset for training an Al model is unlikely. Even if some data do
exist, the question remains whether its distribution is adequate for train-
ing since emergencies can take many different and unpredictable forms.
An aptly representative distribution in the training dataset is essential to
ensure that the model can handle a wide range of scenarios rather than
becoming specialized in just one type of emergency and failing to perform
in others. For this reason, it makes sense to explore how data augmen-
tation and synthetic data generation techniques can be used to produce
sufficiently diverse and robust input for model training.

RQ4: How can interpretability and explainability be integrated so that stake-
holders can have clear oversight regarding the decision-making process?

In time-critical and high-stakes decision-making scenarios, such as dynamic
alternate-airport selection, it is essential that stakeholders maintain clear
oversight of how decisions are reached. Stakeholders in this context include
not only the pilots making the decisions themselves but also airlines, in-
vestors, developers of the DSS, and governing bodies responsible for safety
and certification. For all of these actors, integrating interpretability and
explainability into the decision-support framework is a prudent and nec-
essary step.

By adopting a methodological approach in which the outputs of AT models
are transparent, including how different factors are weighted and why spe-
cific options are prioritized, decision-makers can better understand, trust,
and verify the system’s recommendations. Techniques such as inherently
interpretable models, clearly structured feature-importance measures, and
visual explanations help translate complex model behavior into informa-
tion that is accessible and meaningful for human operators. This ensures
that stakeholders remain in control of the final decisions, are able to ques-
tion or override system suggestions when necessary, and ultimately feel
confident in the system’s ability to support them under uncertain and
dynamic conditions.

1.3 Thesis Structure

This thesis is organized into three distinct parts and nine chapters in total,
following a logical progression from theoretical foundations to a showcase of a
practical implementation.

Chapter two establishes the theoretical background, covering fundamental con-
cepts in MCDM, as well as a showcase and classification of the various types
and methods available. Afterwards, robust decision-making is explored, along



with its variants, which incorporate multiple scenarios and multi-objective con-
cepts. What follows is a short primer on machine learning, covering concepts
from regression, classification, and multi-class classification. Additionally, rein-
forcement learning is also covered, along with a brief explanation of the Markov
Decision Process and a greater focus on bandit algorithms, with the notable
inclusion of contextual multi-armed bandits. Following this, the Learning Clas-
sifier Systems paradigm is introduced, along with the multiplexer problem that
is commonly associated with them. The chapter concludes with another primer
on explainable and interpretable Al

Chapter three reviews related work, focusing on the role of MCDM in emer-
gency management and identifying key research gaps in existing approaches.
It also surveys the use of Al in emergency contexts, discusses decision-making
mental models, and presents aviation decision-support systems as a relevant ap-
plication environment. The chapter ends with an overview of existing combined
AT-MCDM approaches. Together with Chapter two, it helps contextualize the
challenges underlying RQ1 and RQ2.

Chapter four outlines the theoretical contributions of this thesis and situates
them within the author’s publication record developed during the research pe-
riod. Chapter five then introduces the ExACT-MCDM methodology, a struc-
tured, context-aware approach developed iteratively through successive refine-
ments to address the previously identified challenges. These two chapters di-
rectly address RQ1 and RQ2, explaining how context can be represented and
how the methodology emerged.

Chapter six addresses RQ3 by presenting the data-generation pipeline used in
the experiments. It describes the design of synthetic scenarios, perturbation
techniques, and the integration of contextual information required to obtain a
diverse and representative dataset for training and evaluation.

Chapter seven outlines the experimental design in detail. It describes the im-
plementation of the ExACT-MCDM methodology, the simulation setup, the
dataset characteristics, and the models selected for evaluation. It also dis-
cusses aspects of interpretability and explainability within the models and the
supporting Explainable Artifical Intelligence techniques, thereby partially ad-
dressing RQA4.

Chapter eight presents the experimental results and provides a comparative
analysis of the models. Performance, robustness, feature-importance patterns,
and interpretability characteristics are examined, offering empirical insights
relevant to RQ1 and additional evidence for answering RQ4.

The thesis concludes with Chapter nine, summarizing key findings and outlining
directions for future research.
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) Scientific Fundamentals

This chapter provides a systematic overview of the fundamental concepts upon
which this thesis builds. It begins with a general introduction to Multi-Criteria
Decision-Making and its subfields, followed by a closer examination of key
methods from the area of Multi-Attribute Decision-Making. Next, the core
ideas of Robust Decision-Making are introduced. The chapter then outlines
essential concepts in machine learning, covering its main branches, such as su-
pervised learning, unsupervised learning, and reinforcement learning. This is
complemented by a brief discussion of Learning to Rank and weak supervision.
Building on this foundation, concise descriptions of Gradient Boosting for de-
cision trees, Artificial Neural Networks, and Learning Classifier Systems are
provided. The chapter then explores explainable and interpretable Al, which
frames the importance of transparency in decision support systems.

2.1 Multi-criteria Decision-making

Multi-Criteria Decision Making (MCDM) emerged as a distinct field in the
mid-20th century, building on the foundations laid by von Neumann and Mor-
genstern in their 1947 work Theory of Games and Economic Behavior [199].
Their groundbreaking contribution to game theory and economic behavior pro-
vided a mathematical framework for understanding strategic decision-making,
which eventually influenced the development of MCDM and Multi-Attribute
Decision Making (MADM) [258].

The field gained further traction in the 1960s with seminal works such as
Charnes and Cooper’s goal programming [55], which introduced systematic
approaches to handling multiple, often conflicting, objectives in decision prob-
lems. The recognition that real-world decisions typically involve balancing
various criteria, rather than optimizing a single objective, was a key insight
that drove the growth of MCDM methods in both theory and practice.

The fundamental formulation of a MCDM problem can be expressed in its most
basic form as follows [128]:

Given:

A={A1,As,...., A} (set of alternatives)

C={Cy,Cy,....,Cr} (set of criteria)

The decision matrix X represents the performance of each alternative against
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each criterion:
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The objective is to find:
A* = opt, [ (i1, Tis vy Tin)
Where:

e x;; represents the performance value of alternative ¢ under criterion j.
e A* is the optimal alternative.

e f isthe decision function that maps performance values to a final decision.

This basic formulation serves as the foundation for more complex MCDM meth-
ods [32, 258].

MCDM naturally evolved into two main subfields: Multi-Objective Decision
Making (MODM) and MADM [128]. MODM deals with continuous decision
spaces and focuses on problems where multiple objective functions need to
be optimized simultaneously, typically in design or planning scenarios where
decision variables can take any value within defined constraints. In contrast,
MADM addresses problems with discrete decision spaces, where decision-makers
must choose from a finite set of predetermined alternatives, each character-
ized by multiple attributes [32]. This fundamental difference in problem struc-
ture—continuous versus discrete decision spaces-leads to distinct mathemati-
cal approaches and solution methodologies, with MODM employing techniques
from mathematical programming and optimization theory, while MADM uti-
lizes methods based on preference modeling and alternative comparison [140].

In [32], the authors challenge the conventional academic treatment of Multi-
Criteria Decision Analysis (MCDA) that often begins with well-defined alter-
natives and criteria, arguing instead that real-world decision problems emerge
as complex, unstructured challenges. Based on [32], the MCDA process unfolds
in three distinct but interconnected phases:

1. Problem identification and structuring, focuses on fully understanding the
complexity of the situation. During this phase, stakeholders and analysts
work together to capture all relevant aspects of the problem, creating
a foundation for moving forward. This initial exploration is crucial for
ensuring that no critical elements are overlooked.

2. Model building. Here, the complexity captured in the first phase is dis-
tilled into its essential elements, creating a model that can support de-
tailed evaluation of potential solutions. While the resulting model may
appear simple, it should emerge from a deep understanding of the under-
lying complexity. This simplification follows the principle of "Through
complexity to simplicity"—not denying the complexity but rather cap-
turing its essence in a workable form.

3. Development of action plans, where the insights gained from the model
are translated into concrete steps. These actions might include imple-
menting specific actions, making recommendations, or establishing moni-
toring procedures. The process is inherently iterative, with the possibility
of moving back and forth between phases as new insights emerge or cir-
cumstances change.
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Throughout all phases, multiple stakeholders play crucial roles—from decision-
makers and clients to analysts and other affected parties. Their involvement
and interactions shape the process, while various internal and external factors
influence each phase. Different MCDA approaches primarily diverge in how
they handle the model-building and use phase, particularly in their methods
for information elicitation, specification, and synthesis. This understanding of
MCDA as a comprehensive process rather than just an evaluation tool provides
a more realistic and effective framework for addressing complex decision prob-
lems. It emphasizes the importance of thorough problem structuring before
rushing to evaluate alternatives, ensuring that the final solution addresses the
real needs of the situation [32].

The field has seen significant applications across diverse sectors. In urban plan-
ning, MCDM methods help evaluate transportation infrastructure projects,
considering factors such as cost, environmental impact, and social benefits
[178]. In environmental management, these techniques assist in renewable en-
ergy planning, waste management strategies, and climate change adaptation
policies [269]. The healthcare sector employs MCDM for hospital location de-
cisions, medical technology assessment, and treatment protocol selection [182].

2.1.1 Multi-Objective Decision Making and Multi-objective Optimization

Multi-Objective Optimization (MOO) is very near to multi-criteria decision
making MCDM, as both the MODM subfield of MCDM and MOO aim to
generate new solutions that approximate the best possible trade-offs among
objectives. The primary goal in both MOO and MODM is to find or approx-
imate the Pareto front, which represents solutions where no objective can be
improved without degrading another. This approach allows decision-makers to
explore a range of trade-offs and make informed choices based on their prefer-
ences and priorities.

A multi-objective optimization problem with n decision variables and m objec-
tives, can be mathematically formulated as:

Minimize F(x) = (f1(x), f2(x), ..., fm (X)) Subject to x € Q (2.1)

where: x = (z1, 22, ..., 2,) is the vector of decision variables, F(x) is the vector

11
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of objective functions, and € is the feasible set defined by constraints.

In comparing solutions, the concept of domination is crucial. A solution x* € Q)
is Pareto optimal if no other solution x € () exists such that:

filx) < fi(x*) Vie{l,2,...,m} (2.2)

and

fi(x) < fj(x*) for at least one j. (2.3)

This implies that no objective can be improved without worsening at least one
other objective. The Pareto front is the set of all Pareto optimal solutions,
meaning it contains the solutions with the only the very best trade-offs that
the decision-makers should consider [69].

Evolutionary Multi-Objective Optimization (EMO) makes use of Evolutionary
Algorithms (EA) to handle multiple conflicting objectives. EMO algorithms
exploit the population-based nature of EAs to explore and approximate the
Pareto front. By maintaining a diverse set of solutions, EMO provides a set of
possible solutions and enables decision-makers to consider their various trade-
offs.[69, 61].

EAs, foundational to EMO, are inspired by natural evolution, with roots in the
1960s through the work of pioneers like John Holland [231]|, Lawrence Fogel
[102], and Ingo Rechenberg [216]. These algorithms are particularly well-suited
to complex optimization problems due to their ability to explore large search
spaces effectively.

The typical steps of an evolutionary algorithm are as follows:

1. Initialization: The process begins with the random generation of an initial
population of potential solutions [25]. Each solution, often referred to
as an individual, is represented by a chromosome. This chromosome
encodes the decision variables of the problem, which are the parameters
that need to be optimized. Decision variables can be continuous, discrete,
or a combination of both, depending on the nature of the problem. The
size of the population is a crucial parameter, as it affects the algorithm’s
ability to explore the search space. A larger population can provide more
diversity, but it also requires more computational resources. The initial
population serves as the starting point for the evolutionary process.

2. Evaluation: Each individual in the population is assessed using a fitness
function, which quantifies how well the solution satisfies the objectives of
the optimization problem [106]. The fitness function is problem-specific
and plays a critical role in guiding the search process. It translates the
multi-objective problem into a scalar value that can be used to com-
pare solutions. In multi-objective optimization, techniques such as Pareto
ranking or weighted-sum approaches may be used to evaluate fitness. The
evaluation step is essential for identifying the most promising solutions
in the population.

3. Selection: This step involves choosing individuals from the current pop-
ulation to serve as parents for the next generation. Selection is based on
the fitness of the individuals, with fitter individuals having a higher prob-
ability of being selected. Two common selection methods are as follows:

e Roulette Wheel Selection: Also known as fitness proportionate se-
lection, this method assigns a probability of selection to each indi-
vidual based on its fitness relative to the total fitness of the popula-
tion [231]. The selection process is analogous to spinning a roulette
wheel, where each individual occupies a segment proportional to its
fitness. This method ensures that individuals with higher fitness



have a greater chance of being selected, but it can be less effective
when fitness values are very close.

e Tournament Selection: In this method, a subset of individuals is cho-
sen randomly from the population, and the fittest among them is
selected as a parent [107]. The tournament size, which is the number
of individuals in each subset, is a key parameter. Tournament selec-
tion is robust and easy to implement, and it allows for fine-tuning
of selection pressure by adjusting the tournament size. Larger tour-
naments increase selection pressure, favoring fitter individuals more
strongly.

The goal of selection is to favor better solutions while maintaining diver-
sity within the population.

4. Crossover (Recombination): In this step, pairs of selected individuals
(parents) are combined to produce offspring [231]. Crossover involves ex-
changing segments of the parents’ chromosomes to create new individuals
that inherit characteristics from both parents. This process introduces
new genetic material into the population and allows for the exploration
of new areas of the search space. Various crossover techniques exist, such
as single-point, multi-point, and uniform crossover, each with its own
advantages and trade-offs. Crossover is a key mechanism for generating
diversity and innovation in the population.

5. Mutation: Mutation introduces random changes to the chromosomes of
some individuals in the population [25]. This step is crucial for maintain-
ing genetic diversity and preventing premature convergence to suboptimal
solutions. Mutation can involve altering one or more genes in a chromo-
some, and the mutation rate determines the likelihood of these changes
occurring. A carefully chosen mutation rate helps balance exploration
and exploitation in the search process. Mutation ensures that the al-
gorithm can explore new solutions that may not be reachable through
crossover alone.

6. Replacement: After generating the offspring through crossover and mu-
tation, the new generation is formed by replacing some or all of the old
population [106]. Replacement strategies vary, with some algorithms us-
ing elitism to ensure that the best solutions are carried over to the next
generation. Elitism helps preserve the best solutions found so far, pre-
venting them from being lost due to random genetic operations. The pro-
cess of selection, crossover, mutation, and replacement is repeated until a
termination criterion is met, such as a maximum number of generations,
a satisfactory level of fitness, or convergence of the population.

EAs’ flexibility and ability to handle multiple objectives simultaneously make
them a powerful tool for multi-objective optimization [69, 61].

In the literature, several algorithms have gained prominence for solving real-
world problems and serving as benchmarks for others. Notable examples in-
clude SPEA-II by Zitzler et al. [297], c MOEA by Deb et al. [71], and MOEA /D
by Zhang and Li [290]. From these, one can argue that the NSGA-IT algorithm
has, in a certain sense, become the workhorse in MOO and a solid initial choice.

The core idea of NSGA-II is its non-dominated sorting mechanism, which di-
vides the population into several fronts and selects individuals from the best
fronts sequentially. Only solutions in the best fronts that fit the defined popu-
lation size survive [70].

Fast Non-Dominated Sorting (FNDS) in NSGA-II calculates a domination
count n, and a set of solutions S, for each solution #). The domination
count represents the number of solutions that dominate #(®), while .S, contains
solutions dominated by Z®). Solutions with a domination count of zero are
added to the first front F;. For each member in F}, the domination count
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Elementary Methods

of solutions in S, is reduced by one. Solutions that become non-dominated
are added to the next front Fy. This process continues until all solutions are
assigned to a front [70].

When a front cannot fully fit into the population, the crowding distance is used
to select solutions. This measure indicates the density of solutions around a
given solution in the objective space. Solutions with higher crowding distances
are preferred, as they are in less crowded areas, making them easier for decision-
makers to differentiate. This differentiation is crucial for achieving diversity in
the final solution set [70].

The NSGA-II algorithm’s ability to balance convergence and diversity results
in a well-distributed approximation of the Pareto front, making it one of the
more popular choices.

2.1.2 Multi-attribute decision-making methods

MADM methods are designed to evaluate and rank a finite set of alternatives
based on multiple criteria [128]. These methods typically follow a structured
approach consisting of the following:

1. Problem definition and structuring. This involves clearly defining the
decision objective, identifying the alternatives to be evaluated, and de-
termining the criteria that will be used for evaluation. In some cases,
a hierarchical structure of criteria is established to better organize the
decision problem [254].

2. Data collection and normalization. This involves gathering performance
data for each alternative against each criterion. Since criteria may be
measured on different scales, normalization is necessary to ensure compa-
rability. Both qualitative and quantitative criteria are considered, with
appropriate methods applied to handle each type [254].

3. Criteria weighting. This determines the relative importance of each cri-
terion in the decision-making process. Various methods can be used to
assign weights, such as direct weighting or pairwise comparisons. It is
important to validate the consistency of the assigned weights to ensure
they accurately reflect the decision-maker’s preferences [128].

4. Alternative evaluation. The chosen madm method is applied to calculate
final scores or rankings for the alternatives. Sensitivity analysis is often
performed to assess the robustness of the results [254].

2.1.3 Classification and Analysis of Multi-Attribute Decision Making Meth-
ods

The classification of MADM methods has evolved over time, with different au-
thors proposing various taxonomies based on different criteria. Here, a synthe-
sized classification for madm applications is presented. The proposed classifica-
tion borrows from both traditional classification approaches while incorporating
modern developments in decision analysis.

Elementary methods form the foundation of madm, offering straightforward
and transparent approaches to decision making [258]|. These methods excel in
situations where criteria can be clearly quantified and the decision structure
is well-defined. Their simplicity makes them particularly valuable for initial
analysis and as pedagogical tools for understanding basic madm concepts. One
of the most commonly used methods from this category is the Weighted Sum
Method (WSM).

The WSM represents one of the most straightforward and widely used MADM
techniques [42]. Its popularity stems from its simplicity, transparency, and ease
of implementation.



Value/Utility Methods

The WSM makes use of a weight vector to derive a score for each alternative
[42]. Mathematically, it is calculated as:

n
Al = E W;Tij
Jj=1
Where:

o A% is the WSM score for alternative i.
e w; is the weight of criterion j.
e ;; is the normalized performance value of alternative i on criterion j.

o > i_, wj =1 (weights sum to 1).

The WSM is still used to tackle MADM problems. Its simplicity makes it a
very tempting choice for decision-makers in all contexts and especially interdis-
ciplinary teams. However, despite its advantages, WSM faces several important
limitations:

e An assumption of criteria independence. The method assumes that no
interactions exist between different criteria, which is often in contrast to
real-world situations where criteria frequently exhibit complex dependen-
cies and relationships [119].

e Poor performance in one criterion must be compensated by good per-
formance in others [32]. This is especially problematic where minimum
performance thresholds must be maintained across all criteria or where
certain criteria are critical to the decision outcome. As in the case of
alternate-airport selection, certain criteria have set minimal safety limits
that should not be violated.

e Linear preference assumptions, which may not accurately reflect real-
world preference structures [119].

Value or utility-based methods provide a structured way to incorporate decision-
maker preferences using systematic mathematical functions [140]. These ap-
proaches are especially powerful when both quantitative and qualitative criteria
must be integrated and preferences must be modeled precisely.

The Analytic Hierarchy Process (AHP), introduced by Thomas L. Saaty [228,
227], is one of the best-known methods in this family. AHP helps decision-
makers break down complex problems through three core principles: structur-
ing the decision problem hierarchically, performing pairwise comparisons using
a ratio scale, and synthesizing priorities [261].

AHP uses Saaty’s fundamental 9-point scale for pairwise comparisons, allow-
ing experts to express the importance of one element relative to others. The
pairwise comparison matrix is reciprocal, with each entry defined by:

1 aiz -t aip
1/0,12 1 s aA2n,
A =
l/aln 1/a2n R 1

The weight vector representing the relative importance of each criterion can be
derived either by solving the eigenvalue problem,

Aw = )\IIlaXW7
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Outranking Methods

or via the geometric mean method,

_ (H?:1 az’j)l/n |
D het (H?:l akj)l/n

After determining criteria weights, alternatives are compared pairwise under
each criterion using a similar matrix structure. To ensure logical consistency
in judgments, AHP calculates the Consistency Index (CI) and the Counsistency
Ratio (CR):

W;

A -n Ccl
CI="*_ (CR=—.
n—1 RI
A CR below 0.1 indicates acceptable consistency. Final scores for each alter-
native are synthesized by multiplying the criteria weights by the performance
scores for each alternative:

n
Sk = sz‘ “ Dik-
i=1

AHP has proven remarkably versatile across domains, such as ecological evalua-
tion [20], supplier selection [29], energy planning [148], and healthcare decision-
making [45], demonstrating its value as a flexible value-based MCDM approach.

Outranking methods, developed by the European school of decision-making,
provide a more nuanced approach to modeling preferences [222]. Unlike sim-
ple ranking methods, they recognize that strict preference and indifference are
not the only possible relationships between alternatives; weak preference and
incomparability are also possible, making these methods suitable for complex,
real-world decisions with incomplete or uncertain information. The ELimina-
tion Et Choix Traduisant la REalit¢ (ELECTRE) family is among the most
prominent examples [97].

The original ELECTRE I method, first documented by Roy and colleagues at
SEMA in 1966 [33, 220], marked a significant departure from weighted-sum
approaches. ELECTRE I does not seek a single optimal solution but instead
identifies a kernel of superior alternatives through outranking relationships,
even when options are incomparable [41].

This method builds on two key concepts: concordance and discordance indices.
The concordance index quantifies the degree of evidence supporting that an
alternative a is at least as good as b:

D jev(an) Wi
Z?:l wj
where w; is the weight of criterion j and v (a,b) is the set of criteria where a

performs at least as well as b. The discordance index measures the extent to
much b is strictly preferred to a:

Cl(a,b) =

maX;eA(a,b) [T(b7 Cj) - T(Cl, Cj)]

DI(a,b) = maxg,y[r(2, ¢;) = r(y, ;)]

Performance scores are first normalized:

U(a’ia CJ)

o, 05) = S
> iy vlas, ¢)

An outranking relation exists if the concordance index exceeds a threshold C'T*

and the discordance index remains below DI*:



Distance-based Methods

aOb < CI(a,b) > CI* and DI(a,b) < DI*

Through these pairwise comparisons, ELECTRE I constructs a robust subset
of feasible alternatives that demonstrate strong performance across multiple
criteria [41]. This approach has proven valuable in complex applications where
trade-offs between criteria make a single “best” choice unrealistic. ELECTRE I
has been applied in domains such as ecotourism planning [202], water resources
management [65], wastewater treatment [252], investment planning [17], and
many others. Variants such as ELECTRE II, ITI, and IV extend the method
to handle ranking or quasi-criteria problems [109, 223, 221, 224].

Recent developments continue to expand ELECTRE’s flexibility through fuzzy
logic and other integrations [117, 260]. Overall, the ELECTRE I method re-
mains a well-established tool within the outranking family, known for its ver-
satility in supporting complex, real-world multi-criteria decisions.

Distance-based methods in MADM are founded on the principle that the best
alternative should have the closest proximity to an ideal solution and the far-
thest distance from an anti-ideal (negative-ideal) solution [258]. This approach
provides an intuitive geometric interpretation of alternative comparison.

The fundamental concept behind distance-based methods is the measurement
of separation between alternatives and reference points (ideal and anti-ideal
solutions) in a multi-dimensional space. Each criterion represents a dimension,
and alternatives are viewed as points in this space [288]. The ideal solution rep-
resents a hypothetical best case that maximizes benefit criteria and minimizes
cost criteria, while the negative-ideal solution does the opposite. A represen-
tative of these method is the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS), developed by Hwang and Yoon [128]. TOPSIS eval-
uates alternatives through a decision matrix D containing m alternatives and
n criteria:

T11 T12 Tin

T21  T22 Tan
D =

Tml Tm2 e Tmn

where z;; represents the outcome of the ith alternative with respect to the jth
criterion.

The method first normalizes the decision matrix to enable comparisons across
criteria. Each element r;; of the normalized matrix R is calculated as:
ZL’ij
m 2
Dim Lij

The weighted normalized decision matrix V is then constructed by multiplying
each normalized value by its associated criterion weight w; (where Z;‘L=1 wj =

1):

Tij =

Vij = WjTi;

The ideal (A*) and negative-ideal (A~) solutions are determined as:
A* = {(maxwv;;|j € J), (minv;;|j € J)|i =1,2,....,m} = {v],v5,...,v5}
3 3
A™ ={(minwv;;|j € J), (maxv;;lj € J)|i=1,2,..,m} = {v],v3,...,v, }
2 1
where J represents the benefit criteria and J’ represents the cost criteria.
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Hybrid Methods

The separation measures from the ideal (S}) and negative-ideal (.S;

) solutions
are calculated using:

(’Uij—Uj_)Q, 7::1,2,...,771

n
=1

J

Finally, the relative closeness to the ideal solution is computed as:

CEZL’ 0<Cr <1
S;+5;

where C; = 1 if the alternative matches the ideal solution and C; = 0 if it
matches the negative-ideal solution. Alternatives are then ranked according to
descending values of C7.

TOPSIS has demonstrated its versatility across various fields. Behzadian et
al. [31] provided a comprehensive literature review identifying key application
areas.

In manufacturing and logistics, Parkan and Wu [208] applied TOPSIS for per-
formance evaluation of manufacturing plants. Deng et al. [73] utilized TOPSIS
for supplier selection in manufacturing systems. In environmental management,
Soltanmohammadi et al. [244] employed TOPSIS for post-mining land-use de-
termination.

Hybrid methods combine two or more traditional MADM approaches to lever-
age their complementary strengths while addressing their individual limitations
[258]. These hybrid approaches can be categorized into several types:

1. Integration of different MADM methods.
2. Extension with fuzzy set theory to handle uncertainty.

3. Enhancement via mathematical programming.

The Fuzzy Analytic Hierarchy Process [264] is one of these methods, which
extends the traditional AHP by incorporating fuzzy logic to handle uncertainty
in decision-making processes. Fuzzy AHP is particularly useful when decision-
makers’ judgments are not precise and can be better represented by fuzzy
numbers.

Fuzzy numbers represent uncertain values with a range and a membership
function. Triangular fuzzy numbers (TFNs) are commonly used, denoted as
a = (I, m,u), where [ is the lower bound, m is the modal value, and u is the
upper bound.

The usage of the method follows a similar pattern to the standard AHP method.
Initially, the decision problem is structured hierarchically, with the goal at
the top, criteria at an intermediate level, and the alternatives on the bottom.
Following this, fuzzy numbers are used to represent pairwise comparisons, with
fuzzy rations being provided by decision-makers. Employing this allows the
decision makers to incorporate uncertainty in their preferences. For example,
when comparing the importance of two criteria, instead of a crisp number like 3,
a fuzzy judgment might be represented as d;; = (I;;, m;j, u;;). Having defined
the importance of the criteria, fuzzy arithmetic is used to altercate the fuzzy
weights of the criteria and alternatives. This involves operations like fuzzy
addition or multiplication and taking the geometric mean of fuzzy numbers.



The geometric mean for a fuzzy number a,; = (l;;, mi;, u;;) is calculated as:

1/n 1/n 1/n

n n n
7:1‘ = H lij 5 H mij s H uij (24)
j=1 7j=1 7j=1

Afterward, the fuzzy weights are converted into crisp values using, e.g., the
center of area (COA) method. The COA method for a triangular fuzzy number
a = (I,m,u) is given by:

B l+m+u

COA(a) -

This allows for the ranking of alternatives based on crisp scores. Although
traditional consistency checks (such as CI and CR) are not directly applicable
to fuzzy matrices, certain methods extend these concepts to fuzzy environments
to ensure logical consistency in judgments. Finally, the weights of criteria and
alternatives are combined. The final score for alternative k is computed as:

n
Sk = Zwi * Dik
i=1

The alternative with the highest score is considered the best choice. While
fuzzy extensions of MADM methods (such as Fuzzy AHP or Fuzzy TOPSIS)
are sometimes categorized as hybrid methods, they are more accurately de-
scribed as extensions of traditional methods to handle uncertainty and impre-
cise information [136].

Hybrid approaches have been utilized in several fields to enhance decision-
making processes:

In e-supply chain management performance, AHP was employed to determine
criteria weights, and TOPSIS was used to rank alternatives [256].

In previous research, a fuzzy AHP-TOPSIS approach was applied to prioritize
solutions for inverse reinforcement learning [147].

For smart sustainable waste management strategies, fuzzy AHP was used for
weighting, and fuzzy TOPSIS was applied for ranking [72].

In healthcare, a hybrid AHP-TOPSIS model was proposed for selecting tomog-
raphy equipment [212].

In shipyard selection, integrated AHP and TOPSIS were employed to enhance
the decision-making process [257].

2.2 Robust Decision Making

Robust Decsion-making (RDM) is a framework of concepts, processes, and tools
designed to shift the role of quantitative models and data from prediction to
decision support in highly uncertain environments. Instead of using models to
forecast outcomes and rank decisions, RDM leverages them to systematically
assess assumptions, explore a wider range of possible futures, develop innova-
tive responses to risks and opportunities, and navigate complex trade-offs. By
focusing on improving decision quality rather than prediction accuracy, RDM
helps decision-makers make more informed and resilient choices. [155, 156, 213].

Traditional Decision Analysis (DA) relies on an expected utility framework,
which represents uncertainty using a single joint probability distribution over
future states of the world. This probability distribution is often Bayesian,
reflecting subjective judgments rather than purely frequentist interpretations.
DA then applies optimality criteria to rank decision options, seeking the best
possible choice given the assumed probabilities. In contrast, RDM views un-
certainties as deep, meaning they are difficult to quantify precisely. Rather
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Figure 2.2: Steps in an RDM
analysis. Source from [154]
adapted from [181]

than relying on a single probability distribution, RDM considers multiple pos-
sible distributions, drawing on the concept of imprecise probabilities. Instead
of optimizing for the best outcome under a specific set of assumptions, RDM
prioritizes robustness, selecting options that perform well across a wide range
of possible futures. This approach is particularly useful for complex, uncertain
challenges where future conditions may be unpredictable or contested, such as
climate change or long-term policy planning [181].

RDM is built upon multiple analytical methodologies that, together, create a
structured yet flexible framework for decision-making. These include:

e Scenario Planning: Constructing multiple plausible futures to explore
a range of possible outcomes rather than relying on a single forecast
[267, 235].

e Exploratory Modeling: Running numerous simulations to understand
how strategies perform under different conditions [28].

e Assumption-Based Planning: Identifying key assumptions underlying strate-

gies and evaluating their potential failures, enabling decision-makers to
design more resilient policies [75].

1. Decision Framing

~
. 5. New Features and 2. Evaluate Strategy
4. Tradeoff Analysis Strategies Across Features
J
N\
3. Vulnerability
Analysis
Robust
. J
Strategies

Decision-Relevant
Scenarios

RDM explicitly follows a learning process called “deliberation with analysis” in
which decision-making parties deliberate on their objectives and options [62].
The process consists of five steps [181], as depicted in Figure 2.4. The five steps
are:

1. Decision Framing

The RDM process begins with a decision-framing exercise, in which stake-
holders identify the key factors in the analysis. These include the decision-
makers’ objectives and criteria, the alternative actions available, the
uncertainties that might influence the connection between actions and
outcomes, and the relationships between actions, uncertainties, and ob-
jectives. This information is typically organized into a matrix called
"XLRM," representing Exogenous Uncertainties (X), Policy Levers (L),
Relationships (R), and Measures of Performance (M). This step ensures a
comprehensive understanding of the problem by articulating the factors
that will influence decision-making.



2. Evaluate Strategy Across Futures

Once the factors have been defined, RDM evaluates the proposed strate-
gies across a range of possible futures using simulation models. This
step involves generating a large dataset from simulations, capturing each
strategy’s performance under various plausible scenarios. Strategies may
originate from public debate, optimization routines, or a broad spectrum
of simple strategies that are refined to more sophisticated alternatives.
This evaluation helps assess the robustness of strategies under different
future conditions.

3. Vulnerability Analysis

In this step, analysts and decision-makers use visualization and data ana-
lytics to identify and assess vulnerabilities in the proposed strategies. Sta-
tistical tools, such as Scenario Discovery (SD) algorithms, are employed
to categorize and display the key factors that distinguish futures where
the strategies meet or fail to meet their goals. These "policy-relevant
scenarios" highlight the vulnerabilities of policies, providing a clearer,
reproducible, and unbiased understanding of strategy performance.

4. Trade-off Analysis

The next step involves evaluating the trade-offs between different strate-
gies using the identified policy-relevant scenarios. This analysis consists
of comparing the performance of strategies on various objectives, such as
reliability and cost, and visualizing the trade-offs through multi-objective
curves. These analyses allow decision-makers to assess how to best bal-
ance their competing objectives in light of the uncertainties surrounding
future scenarios.

5. New Futures and Strategies

Based on the insights gained from the previous steps, analysts and decision-
makers can identify more robust strategies—those that provide better

trade-offs than the existing alternatives. These strategies may incor-

porate additional policy levers, often in the form of adaptive strategies,

which include short-term actions, signposts, and contingent actions based

on observed signals. In some cases, these strategies are developed using

expert judgment, while in others, optimization algorithms are employed

to determine the optimal combination of actions and signposts for adap-

tive strategies.

Many-Objective Robust Several additional advanced methods have been developed in an effort to refine
Decision-Making  the RDM framework. Many-Objective Robust Decision Making (MORDM)
extends traditional robust decision making by incorporating Multi-Objective
Evolutionary Algorithms (MOEA) to explore trade-offs between competing ob-
jectives. Instead of relying solely on scenario analysis, this method seeks solu-
tions that balance multiple decision criteria simultaneously. MORDM follows
a process in which decision alternatives are optimized across many objectives
and then tested for robustness against deep uncertainty. This approach is par-
ticularly useful in environmental and infrastructure planning, where decision-
makers must consider trade-offs between economic, ecological, and social ob-
jectives. The outcome is typically a set of Pareto-optimal solutions that offer
different trade-offs rather than a single best option [137].

Multi-Scenario Many-objective  Multi-scenario MORDM builds upon MORDM by incorporating multiple sce-
Robust Decision-Making narios during the optimization search phase rather than evaluating robustness
only after identifying solutions. This adjustment prevents solutions from be-
ing overly optimized for a single reference scenario. By assessing candidate
strategies across a range of possible futures early in the process, multi-scenario
MORDM ensures that the identified solutions are broadly applicable and re-
silient to uncertainty. This method is particularly valuable in long-term strate-
gic planning, where future conditions, such as climate change or economic shifts,
are highly uncertain [272].
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Many-Objective Robust Optimization (MORO) differs from MORDM in that it
integrates robustness directly into the optimization process rather than treat-
ing it as a separate evaluation step [86]. In MORO, robustness is explicitly
maximized alongside other performance metrics, ensuring that solutions are
inherently stable across multiple uncertain futures. This approach is espe-
cially beneficial in high-stakes decision-making environments in which failing
to meet performance criteria under uncertain conditions carries significant con-
sequences. While MORO may lead to solutions that sacrifice some degree of
optimality in idealized scenarios, it provides greater stability and reliability
over a wide range of uncertain futures.
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By shifting the focus from prediction to robustness, RDM provides a powerful
decision-support tool for navigating deep uncertainty. It allows policymakers to
make informed, resilient choices without an over-reliance on uncertain forecasts,
thereby improving long-term planning and reducing the risks of unexpected
future developments [155, 153].

2.
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3 Machine learning

Having touched upon how the field of AI, and more specifically machine learn-
ing, has inserted itself into MCDM, a continuation and deeper exploration of
the topic is warranted. The field of Al emerged from the fundamental ques-
tion of whether machines can think, first formally posed by Alan Turing in his
seminal 1950 paper "Computing Machinery and Intelligence" [255]. This work
introduced the famous Turing Test and laid the groundwork for the field of Al
Since then, the field’s relevance has only grown, especially as the amount of
data in the world has increased, along with methods to both store and utilize
it.

Al e encompasses a wide range of approaches and methodologies. However,
the most prominent and widely applied paradigm today is Machine Learning
(ML). Unlike early rule-based systems, which sought to emulate human decision
making through a collection of human-written rules, ML focuses on developing
algorithms that can learn directly from data, identifying patterns that may not



Machine Learning Definition

Regresion

even be noticed by humans.

The term that gave the subfield its name and is widely used was defined in
[187] as follows:

“A computer program is said to learn from experience E with respect to some
class of tasks T' and performance measure P, if its performance at tasks in T,
as measured by P, improves with experience E.”

Based on the learning task being adressed and the learning feedback used, ML
methods can be broadly categorized into three types: supervised, unsupervised,
and reinforcement learning.

2.3.1 Supervised Learning

Supervised learning involves training a model on a labeled dataset, where the
input data is paired with the known correct output. The goal or T is to then
learn the input—output mapping that can be used to predict the output for
new, unseen data [116].

Regression is the supervised learning task used when the output variable one
wishes to predict is continuous. The objective is to learn a function f : R® — R
that maps input features x to a continuous output y.

This function is learned from data by minimizing a loss function that quantifies
the discrepancy between the predicted and true values. The choice of loss
function directly affects the behavior of the model, including how it handles
errors and outliers [116].

In regression tasks, two of the most commonly used loss functions are the mean
squared error (MSE) and the mean absolute error (MAE). Both measure the
difference between predicted values and ground truth targets, but they differ
in how they penalize deviations [195].

The mean squared error (MSE) is defined as follows:

ACMSE W b (2.5)

||Mz

where y; € R is the true target for the i-th sample and g; is the model predic-
tion. MSE penalizes larger errors more heavily due to the squared term, which
makes it sensitive to outliers. It is commonly used when large deviations are
particularly undesirable, and under the assumption that the error terms are
normally distributed.

The mean absolute error (MAE) is an alternative that minimizes the average
absolute difference:

»CMAE W b Z |y2 yz (26)

MAE treats all deviations linearly, making it more robust to outliers and bet-
ter suited to datasets where large deviations should not be disproportionately
penalized. However, its non-differentiability at zero can make optimization
slightly less smooth compared to MSE, though it is still widely used in practice
[195].

Choosing between MSE and MAE depends on the specific application and the
desired sensitivity to large errors. In some cases, hybrid loss functions such as
the Huber loss are used to combine the advantages of both [116].

The most elementary approach for regression is linear regression, where the
relationship between the inputs and the target is modeled as a weighted linear
combination of the input features:
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Figure 2.4: Private jet price
prediction

Classification
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where By, B1,. .., B, are the coefficients to be learned, and ¢ is the error term.

As a concrete example, the use of a linear regression to predict the price of a
private jet is showcased. The features include engine power, number of seats,
range, and age. The model can be expressed as:

Price = By+/51 x Engine Power+ (3, x Number of Seats+ (3 x Range+ /54 x Age+e
(2.8)

where [y is the intercept, 51, B2, 83, and (4, are the coefficients for each feature,
and € is the error term.

To better understand the model, one can visualize the predicted relationship in
three dimensions by fixing certain variables and plotting how the price changes
with two key features. For instance, the figure below illustrates how the pre-
dicted price varies as a function of engine power and range, assuming other
variables are held constant.

Classification is a supervised learning task used when the target variable is
categorical rather than continuous. The objective is to learn a function that
maps an input feature vector x to one of several predefined classes. In the
binary case, the model assigns each input to one of two categories, such as
"positive" or "negative."

To train such models, a common approach is to minimize a probabilistic loss
function that captures how well the predicted class probabilities align with the

true labels. One of the most widely used loss functions for binary classification
is log-loss, also known as binary cross-entropy loss [116]:

N
£lw,b) = —%Z [y log(7) + (1 — i) log(1 — )] (2.9)

Here, y; € {0,1} is the true label for the i-th sample, and ¢; € (0,1) is the
predicted probability that the sample belongs to class 1. These probabilities
are typically obtained by applying sigmoid activation to a linear function of
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the inputs:

;i = a(wai +0b)

The cross-entropy loss penalizes confident but incorrect predictions more heav-
ily than uncertain predictions. For example, if the true label is 0 but the model
predicts a probability near 1, the loss is very high. This property makes cross-
entropy particularly effective for training probabilistic models, as it encourages
the model to produce confident predictions only when they are correct.

From an information-theoretic perspective, cross-entropy can be interpreted
as the average number of extra bits required to encode the true labels using
the predicted probability distribution. Minimizing this loss therefore helps to
ensure that the model’s output probabilities are both discriminative and well-
calibrated [116].

While binary classification provides a foundational understanding of how mod-
els can distinguish between two categories, many real-world problems simple
involve more than just two classes. Tasks such as handwriting recognition,
document categorization, or disease diagnosis often require assigning inputs to
one of several possible classes. This naturally leads to the need for multi-class
classification [116].

In multi-class classification, the goal is to assign each instance to one of three
or more distinct classes. Several strategies can be employed to adapt binary
classifiers to this setting:

e One-vs.-All (OvA) involves training one classifier per class, where the
samples belonging to the target class are treated as positive examples
and all others as negatives. During inference, the class whose classifier
yields the highest confidence score is selected.

e One-vs.-One (OvO) constructs a binary classifier for every pair of classes.
Each classifier votes for one of its two classes, and the final prediction
is made by selecting the class with the most votes across all pairwise
comparisons.

e Regression (also known as multinomial logistic regression) directly models
the probability distribution over all classes using the softmax function.
For an input x, the probability of class ¢ is given by:

ebe x
c T
Zj:l 661 x

where C' is the total number of classes, and 3. is the parameter vector associated
with class ¢. This formulation ensures that the predicted class probabilities
are positive and sum to one, making it suitable for probabilistic interpretation
and optimization using cross-entropy loss, generalized to the multi-class setting
[116].

It stands to reason that after models have been trained, be it for binary or multi-
class classification, their performances must be evaluated. Model evaluation is
important to understand both how a model has learned the training data and
how well it can generalize on unseen data.

Ply=c|x)= (2.10)

Several performance metrics are commonly used to quantify classification ac-
curacy. It is important to note that in many real-world problems, class dis-
tributions may not be perfectly balanced; thus, it is particularly important to
include additional metrics where accuracy alone may be misleading. Among the
most widely used are precision, recall, and the F; score [116]. These evaluation
rely on the following basic classification outcomes:

e True Positives (TP): Correctly predicted positive instances.
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Learning to Rank

e True Negatives (TN): Correctly predicted negative instances.
e False Positives (FP): Instances incorrectly predicted as positive.

o False Negatives (FN): Instances incorrectly predicted as negative.

Precision measures the proportion of positive predictions that are actually cor-
rect:

TP
Precision = ————— 2.11
recision = T FP ( )
Recall, also called sensitivity, measures the proportion of actual positives that
were correctly identified:

TP
Recall = m (212)

The F; score provides a single performance measure that balances precision
and recall. It is defined as the harmonic mean of the two:

Precision x Recall
Fi=2 2.13
! % Precision + Recall ( )

In the case of multi-class classification, precision, recall, and F; can be extended
using averaging strategies:

e Macro-averaging computes the metric independently for each class and
takes the unweighted mean.

e Micro-averaging aggregates all true positives, false positives, and false
negatives across classes before computing the metric, effectively weighting
by class frequency.

These evaluation metrics provide a more nuanced and reliable view of model
effectiveness than accuracy alone, helping practitioners identify failure modes
and improve robustness [214].

Learning to Rank refers to the application of ML techniques to train a ranking
model that sorts items based on their relevance to a given input. Formally,
given training data consisting of queries, documents, or options, and their
associated relevance judgments, the goal is to learn a function f(g,d) that
assigns a score to each item d for a given query q. When items are sorted by
this score in descending order, the output should reflect the correct relevance
ranking. Unlike traditional regression or classification, the goal is concerned
with producing correct orderings rather than predicting exact values or class
labels [172, 159].

Learning-to-rank methods are generally divided into three categories: point-
wise, pairwise, and listwise [172]. Each of these approaches models the ranking
task differently based on how it processes the training data:

1. Pointwise Approach [159]: Each item is treated independently. The rank-
ing problem is reduced to a standard regression or classification task
where the model predicts a relevance score ¢; for a single item z;. A
common loss function in this setting is the mean squared error:

N
1 .
ﬁpointwise = N z;(yz - yz)2
i—
where y; is the true relevance score of item i. While simple and fast to
train, pointwise methods ignore relationships between items, which may
limit their ranking effectiveness.
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2. Pairwise Approach [48, 133]: This approach considers pairs of items and
learns a binary preference function. The model is trained to predict
which item in a pair should be ranked higher. For example, RankNet
uses a probabilistic model based on a logistic function:

1

The corresponding loss function is the binary cross-entropy over pairs:

Lpairwise = = Y [Sijlog Py + (1 = Sij) log(1 — Pyj)]
(i,5)€P

where S;; = 1 if item ¢ should rank higher than item j, and P;; is the pre-
dicted probability. This approach effectively models relative preferences
and is more aligned with ranking tasks than pointwise methods.

3. Listwise Approach [51, 47]: This approach treats the entire ranked list as
the training dataset and attempts to directly optimize a ranking metric
(e.g., NDCG, MAP). One example is ListNet, which models the permu-
tation probability of the ground truth and predicted rankings using the
softmax function: X

eYi

Z] e?;j

The loss is typically the cross-entropy between the predicted distribution

and the ground-truth relevance distribution:

P(y:) =

N
Liistwise = — ¥ P"™(y;) log PP (y;)

=1

Listwise methods, such as LambdaMART [278], extend this by using
gradient-boosted decision trees and differentiable surrogates of NDCG.
These methods offer the closest alignment between training objectives
and evaluation metrics.

Learning-to-rank models are evaluated using rank-sensitive metrics that reflect
the quality of the produced ordering.

Precision@k measures the fraction of relevant items in the top-k ranked posi-
tions:

PQk =

T =

k
Z I(r is relevant).
r=1

Mean Average Precision (MAP) is the mean of the precision scores computed
at the rank positions of relevant items, averaged over all queries [26].

1 (1
MAP = @q; &) > Py(k) (2.14)

kER,

where ) denotes the total number of queries, the set R, contains the rank
positions where relevant items appear in the retrieved list, |R,| is the total
number of relevant items for that query, and P, (k) represents the precision at
rank k, which is the proportion of relevant items among the top k retrieved
results for query gq.

Normalized Discounted Cumulative Gain (NDCG) accounts for both the posi-
tion and graded relevance of items. DCG at rank k is computed as:

k

D =N
CGak ;mgQ(rH)’

2rel(r) -1
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Weakly supervised learning

and NDCG@k is obtained by dividing DCG by the ideal DCG@k for that query,
producing a value between 0 and 1 [131, 111].

Unlike regression or classification, Learning to Rank seeks to optimize a model
such that the induced ordering of items maximizes a ranking metric (e.g.,
NDCG, MAP). The model is not evaluated based on whether individual pre-
dictions are accurate, but rather on whether the sorted list matches the true
relevance order [159]. Many surrogate losses used in training (e.g., logistic or
hinge loss) serve as upper bounds on ranking metric loss, making them tractable
to optimize in practice [172].

In summary, Learning-to-rank methods aim to learn a model that outputs a
ranking of items tailored to a specific query or context. Pointwise methods offer
simplicity, pairwise methods capture relative preferences, and listwise methods
often yield the best alignment with ranking objectives. Evaluation is based on
metrics that reward correct ordering, and recent advances have improved both
the performance and interpretability of ranking models [111].

Supervised learning techniques often require a large number of ground-truth-
labeled training data in order to successfully learn. However, acquiring the
myriad labels needed for strong supervision information can be rather expensive
and time-consuming, so efforts have been made regarding ML methods to learn
from weak supervision [296].

Typically, weak supervision approaches can be grouped into three types [296]:

1. Incomplete supervision, in which only a small subset of data from the
dataset has labels while the rest are unlabeled. A common strategy in
this setting is using semi-supervised learning methods that leverage the
structure of the unlabeled data to improve generalization, such as graph-
based label propagation or consistency regularization.

2. Inexact supervision, in which certain supervision information is provided,
albeit less precise than desired. For example, instead of instance-level la-
bels, supervision may occur in the form of group-level labels or ranking
preferences, whereby models are trained to infer instance-level signals us-
ing techniques like multi-instance learning or expectation maximization.

3. Inaccurate supervision, in which the labels provided are not exactly ground
truth and may suffer from errors. This is often addressed by modeling
label noise explicitly or using robust loss functions, noise transition ma-
trices, or probabilistic methods to denoise the labels during training.

One example of a system designed to support learning from weak supervision
is Snorkel [215]. In Snorkel, supervision is provided through multiple noisy or
heuristic labeling functions instead of manually annotated labels. These func-
tions, denoted as A1, Aa, ..., A\, each map an instance x; to a label in {0,1, 1L},
where | indicates an abstention. The outputs of the labeling functions form
a label matrix A € {0,1, L}™*™ where m is the number of instances and n is
the number of labeling functions. Snorkel then learns a generative label model
Py(Y | A) that estimates the latent true label Y given the noisy labels in A,
by modeling the accuracy and correlation of each ;. This makes it possible to
generate training labels from weak sources, allowing ML models to be trained
without relying on extensive ground-truth annotation [215].

2.3.2 Unsupervised Learning

Unsupervised learning deals with unlabeled data, where no ground truth is
available. The aim is then to uncover hidden patterns or structures within the
data. It focuses on creating clusters of similar data points to help reveal these
structures. Another important aspect is the use of dimensionality-reduction
techniques, in which the data is transformed in an effort to more clearly capture
its underlying characteristics. This not only reduces the dimensionality of the
data but also enables it to be viewed and inspected from different perspectives.
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In many cases, it even helps in visualizing high-dimensional data, making it
more understandable to humans [197].

Unlike in supervised learning, where a known ground truth is established and
can be used to gauge how well the task is performed, unsupervised learning
relies on alternative evaluation methods. In clustering, the quality of the re-
sulting clusters is typically assessed using metrics that capture intra-cluster
similarity and inter-cluster separation. In the case of dimensionality reduction,
the focus is on how well the transformed data represents the original dataset,
ideally preserving its structure and minimizing information loss [197].

2.3.3 Reinforcement Learning

Reinforcement Learning (RL) is a type of ML where an agent learns to make
decisions by interacting with an environment. The agent’s goal is to maximize
cumulative rewards over time. The basic components of RL include the agent,
environment, state (s), action (a), and reward (r). The goal in reinforcement
learning is to devise a policy (7), that determines the behavior of the agent
given a certain state of the environment [250].
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Many reinforcement learning problems are modeled as a Markov Decision Pro-
cess (MDP). MDP is a mathematical framework used to describe decision-
making in which outcomes of the future state depends only on the current
state and action. An MDP is formally defined by the tuple (S, A, P,R,7v),
where

S is the set of states; A is the set of actions; P(s' | s,a) is the state transition
probability, i.e., the probability of transitioning to state s’ when taking action a
in state s; R(s,a) is the reward function, giving the immediate reward received
after taking action a in state s; and v € [0, 1] is the discount factor, representing
the preference for immediate rewards over future rewards.

The way the MDP is structured makes it suitable for many reinforcement learn-
ing problems, especially those involving sequential decision-making [250].

The Multi-Armed Bandit Problem is a simplified RL problem in which an
agent must choose between multiple options, often refereed to as arms, to
maximize rewards. Each arm provides a random reward from a probability
distribution. The key challenge is balancing exploration, by testing new arms
and exploitation, which results in selecting the arms that are known to provide
good rewards [23].

Contextual Multi-Armed Bandits extend the traditional multi-armed bandit
problem by incorporating context or side information into the decision-making
process. In a such a setting, the agent observes a context vector before se-
lecting an arm, allowing it to tailor its actions based on the current situation.
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Mathematical Formulation

This approach is particularly useful in scenarios in which the reward distribu-
tion of each arm depends on the context, such as personalized news articles
recommendations or adaptive clinical trials [160].

In a contextual Multi-Armed Bandit problem, at each time step ¢, the agent
observes a context vector x; € R? and selects an arm a; from a set of available
arms. The reward r; received is a function of both the chosen arm and the
context:

Tt = f(at,xt) + €t (215)

where f(as,x;) is the expected reward function, and €, is a noise term.

The goal is to maximize the cumulative reward over time:

T
Maximize » 7y (2.16)

t=1

A common approach to solving these problems is to use linear models, such as
LinUCB [160] and Linear Thompson Sampling [11], where the expected reward
is assumed to be a linear function of the context:

fla,x) =6, x (2.17)

where 6, is a parameter vector specific to arm a.

The agent’s objective is to then learn the parameter vectors 6, for each arm
in order to make informed decisions that will maximize the expected reward.
This involves balancing exploration (testing different arms to learn their reward
distributions) and exploitation (choosing the arm with the highest expected
reward).

2.4 Ensemble Methods and Gradient Boosting

30

Decision trees

Gradient boosting

XGBoost

Ensemble learning methods aim to improve predictive performance by com-
bining the outputs of multiple individual models. These approaches are based
on the idea that a group of diverse learners, when properly aggregated, can
outperform any single model [104]. A widely used base model for this task is
the decision tree.

Decision trees are simple models that make predictions by recursively splitting
the data into regions based on feature values. Each internal node compares
a feature to a threshold and routes the input left or right, depending on the
outcome. This process continues until a leaf node is reached, which contains
a fixed prediction. Regarding regression, the prediction is often the average of
the target values in that region. Trees are constructed by selecting splits that
minimize a loss function, such as mean squared error [44].

While decision trees are easy to interpret and fast to train, individual trees
often overfit the training data. To address this, ensemble methods, such as
boosting, combine many trees to improve accuracy and robustness. In this set-
ting, individual trees are trained sequentially, with each new model attempting
to correct the residual errors of the ensemble so far. This strategy is known as
gradient boosting [104].

Extreme Gradient Boosting (XGBoost) is a powerful ensemble learning method
based on decision trees, designed for speed, accuracy, and efficiency. It has be-
come a popular choice across a range of ML tasks, particularly structured data
problems, due to its ability to combine predictive power with computational
scalability [57].



XGBoost key aspects

Mathematically, the model builds an additive function:

K
Gi =Y fulx:), fu€F (2.18)
k=1

where F is the space of regression trees, K is the number of boosting rounds,
and each fj is a tree that maps the input x; to a score.

The learning objective includes both a loss function £ measuring the prediction
error and a regularization term €2 to penalize model complexity:

n K
Liotal = Z;ayi, i) + kz Q(fx) (2.19)
i= =1

The regularization term encourages simpler models:
1
Qf) =T + FA[w]” (2.20)

where T is the number of leaves in the tree, w represents the leaf weights,
controls tree complexity, and A regularizes the weights.

During training, XGBoost constructs trees greedily, choosing splits that opti-
mize a second-order Taylor expansion of the loss function. For each split, the
algorithm evaluates the gain in loss reduction:

G G (GL +Gr)?

Gain = = — —
am 2 HL+)\+HR—|—/\ H; +Hp+ X\

(2.21)

where G and H are the accumulated first and second derivatives (gradient
and Hessian) of the loss function over the left and right children. This allows
XGBoost to use rich optimization techniques not available to traditional tree
learners [57].

Given an input feature vector x, the prediction ¢ is the sum of scores from all
trees:

K
§=3 fula) (2:22)
k=1

Each tree f; is added iteratively by minimizing the objective:

n

£0 =37 [elor ™ + fulw))] + () (2:23)

i=1

This is optimized using a greedy tree construction algorithm that selects the
best split by maximizing the gain.

XGBoost introduces several key innovations that contribute to its strong empir-
ical performance and widespread adoption. It includes regularization through
both /5 penalties on the leaf weights and a complexity term penalizing the
number of leaves, which helps reduce overfitting and improve generalization
[57]. The algorithm employs second-order optimization by utilizing both the
first and second derivatives of the loss function. This allows for more accurate
and stable split decisions during tree construction. Additionally, XGBoost per-
forms column subsampling, where a random subset of features is used when
constructing each tree. This increases model diversity and improves its ability
to generalize. Another notable feature is its sparsity-aware algorithm, which
can handle missing or sparse data by automatically learning the optimal default
directions in tree splits. Furthermore, XGBoost supports parallel computation
across features during split finding, enabling fast and efficient training, even on
large datasets [57, 34].

Comparative studies have showcased XGBoost’s strong performance, especially
on tabular data, often surpassing Random Forests and standard gradient boost-
ing regarding speed and accuracy [34].
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2.5 Neural Networks

Figure 2.6: Feedforward Neural
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Network Diagram

Neural Network (NN)s are powerful function approximators inspired by biolog-
ical neurons, which are specific types of cells most commonly found in animal
brains [118]. Much like their biological counterparts, NNs are composed of
layers of interconnected neurons, each performing simple computations, which
together can model complex mappings. Mathematically, an NNs defines a pa-
rameterized function:

fo:R" — R™ (2.24)

where 6 denotes the trainable weights and biases across the layers.

L J ( ] | J
Input layer Hidden layers Output layer

A typical feedforward network, as depicted in Figure 2.6, consists of L layers.
Each layer performs an affine transformation followed by a non-linear activa-
tion. Given an input vector z € R?, the computation steps are as follows:

a® =2z (input layer) (2.25)
20 =WwOa=Y 4 p®  (linear transformation) (2.26)
oV = o (z0)  (non-linear activation) (2.27)

where: W) € R™*™-1 is the weight matrix for layer I, b) € R™ is a bias
vector, 20 is a pre-activation linear output, a® is an activation output, and
oW is a non-linear activation function (ReLU, Sigmoid, Hyperbolic tangent).

max(0,z) (ReLU)
o(z) = H% (Sigmoid)
tanh(z)  (Hyperbolic tangent)

The output of the final layer, a(%), is denoted as §j and represents the network’s
prediction.

To train the network (in order for the model to learn), a loss function £(g,y) is
used, which quantifies the error between the prediction § and the true target y.
For a dataset {(z(,y®)}N . The two most common loss functions include:

Mean Squared Error (MSE) for Regression

N
1 NG i
Lysk = N Z 159 =y (2.28)
i=1

1 N C
Lop=— Z Z “ log (3! (2.29)



Backpropagation

where C' is the number of classes.

The learning process involves minimizing the loss over the training set by ad-
justing the network parameters 6. This is commonly achieved using the gradient
descent, where the parameters are updated iteratively in the opposite direction
to the gradient:

0 0—nVeL(0) (2.30)

where 17 > 0 is the learning rate controlling step size and VgL is the gradient
of the loss with respect to the parameters. In practice, the gradient VoL is
commonly computed using the backpropagation algorithm [226].

The core idea of backpropagation is to compute the gradient of the loss with
respect to each parameter in the network, layer by layer, starting from the
output layer and propagating backwards.

For example, given the error signal 61 at layer I:

s _ OL

=20 (2.31)

which represents the sensitivity of the loss to the linear output z() of layer .
The backpropagation process unfolds in the following steps steps:

1. Output Layer Gradient:
At the output layer L, we compute the gradient of the loss with respect
to the activation a(%); then, the chain rule is used:

s _ 0L

a

This uses the element-wise derivative of the activation function o(&).

2. Recursive Backward Propagation:
For each hidden layer | = L — 1,...,1, the error signal is computed
recursively:

5(l) _ (W(l+1))T5(l+1) o O_/(l)(z(l)) (233)

This step functions based on the fact that the gradient of the loss with
respect to z(!) depends on the gradient from the next layer and the local
derivative of the activation function.

3. Gradient of the Parameters:
Once the error signals 6 are known, we can compute the gradient of the
loss with respect to the parameters:

oL _
ST = 5O (=T (2.34)

This arises from the chain rule, in which the gradient of the loss with
respect to a weight is the product of the error and the activation from
the previous layer.

The overall complexity of backpropagation is linear regarding the number of
weights and activations, making it efficient and scalable. However, updates
of the model’s parameters using gradients computed over the entire training
set can still be computationally expensive; therefore, the Stochastic Gradient
Descent is often employed [219]. It is a practical alternative that works by
approximating the true gradient using a smaller subset (mini-batch) of the
dataset each iteration. This also introduces noise into the updates but allows
the model to explore the loss landscape more efficiently, often escaping shallow
local minima and speeding up convergence.
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Universal Approximation
Theorem

A key reason for the success of NNs is their remarkable ability to approximate
complex functions. This capability is formally supported by the Universal
Approximation Theorem [126, 63|, which states that a feedforward NNs with
a single hidden layer containing a finite number of neurons can approximate
any continuous function on a compact subset of R™, given a suitable non-linear
activation function.

The activation function o plays a crucial role in this result. It introduces non-
linearity into the network, allowing it to model intricate patterns and decision
boundaries. Without non-linear activations, a NNs would be reduced to a
series of linear transformations and could not represent complex mappings.
In practice, deeper networks are often used to improve training efficiency and
generalization, but the universal approximation result provides a foundational
guarantee that NNs are capable of representing the wide class of functions
needed in real-world learning tasks.

2.6 Learning Classifier Systems

34

Origin and Concept

Paradigms

Typical Architecture of an LCS

Learning Classifier Systems (LCS) were introduced by John H. Holland as part
of his pioneering work on adaptive systems in the 1970s and 1980s. Holland en-
visioned a framework in which a population of if-then rules, called “classifiers”,
could collectively adapt to solve problems, a strategy somewhat inspired by bi-
ological evolution and learning in complex adaptive systems [125]. In essence,
an LCS is a rule-based machine learning approach that evolves and learns a
set of condition—action rules online. Holland’s early LCS (e.g., CS-1) aimed
to model an agent in an unknown environment by enabling rules to evolve and
credit to propagate based on received rewards, thereby overcoming the inflex-
ibility of hand-coded expert systems [125]. This concept positioned LCS in
the broader context of complex adaptive systems, viewing the learning system
as a population of interacting, adaptive rules that collectively produce intelli-
gent behavior. Holland’s approach is often termed the Michigan style of LCS
,where learning is performed within a single rule population. In contrast, the
Pittsburgh style also exists, where entire rule sets evolve as individuals [259].
The Michigan LCS paradigm, originated by Holland, became the standard for
subsequent research [125].

LCS combines three key paradigms: reinforcement learning for credit assign-
ment, evolutionary algorithms for rule discovery, and rule-based knowledge
representation [275, 259]. The knowledge in an LCS is encoded as a set of
explicit rules, which helps to ensure the learned model is human-interpretable
as a collection of conditions and associated actions or predictions. Each rule,
also called a classifier, typically has an associated strength or utility estimate
reflecting the expected payoff. The system learns through interactions with
an environment, using reinforcement learning techniques to update these rule
parameters based on the feedback received [249]. At the same time, a genetic
algorithm drives exploration by evolving the rule population. Rules that have
a higher fitness are more likely to be selected to reproduce, thus creating new
candidate rules and eliminating poorly performing rules [125]. By integrating
reinforcment learning with an evolutionary search in a rule-based framework,
LCS perform a variation of global searching for useful hypotheses in tandem
with local incremental learning from reward. For example, early LCS used Hol-
land’s bucket brigade algorithm to propagate rewards internally [125], whereas
modern variants, such as Wilson’s XCS, employ explicit temporal-difference
methods for credit assignment [275, 249]. This hybrid design allows LCS to
continually discover, evaluate, and refine a set of decision rules, making it
well-suited to complex problems where the solution may require balancing ex-
ploration and exploitation across a large, unknown search space.

Conceptually, an LCS consists of three primary subsystems [259]:

e Performance Component: Interfaces with the environment by sensing



inputs and selecting actions.

e Reinforcement Component: Applies credit assignment and updates rule
parameters based on feedback.

e Discovery Component: Generates new rules and removes or generalizes
existing ones, usually via a genetic algorithm.

These three components work together in a tightly coupled learning cycle,
where each interaction with the environment triggers a series of steps that
enable the system to sense, decide, learn, and adapt. The typical sequence of
operations in an LCS is outlined below:

1. The system perceives the current state from the environment through
input sensors and encodes it in a format suitable for the rules. This
input constitutes the situation to which the LCS must respond.

2. The LCS maintains a population [P] of classifiers, each with a condition
that specifies the states in which it is applicable. All classifiers in [P] are
validated against the current state, and those whose condition matches
form the match set [M].

3. If no rule in the population matches the current state, the LCS invokes
a covering mechanism to create a new rule that covers that state [259].
The new rule is added to [P] and [M].

4. Given [M], the LCS computes a predicted payoff for each action a using:

Zie[M]a Fi - pi
Zie[M]a o
where [M], is the subset of classifiers in [M] advocating a. The action

with the highest P(a) is selected using a variety of selection mechanisms,
with e-greedy exploration being a prime example [249]..

P(a) = (2.36)

5. All classifiers in [M] that proposed the chosen action form the action set

[A4].
6. The system executes the action on the environment via its effectors.

7. The environment returns a reward r, and possibly a new state, which the
LCS uses as feedback.

8. The system updates each p; for classifiers in [A] using:
pi < pi+ 0 [r +ymax Pryq(a’) — pil, (2.37)
where (3 is the learning rate and +y is the discount factor.
9. The fitness F; is updated based on the error €; using:

, if €; < €,
R = N\ Y . (238)
(%) ) if €; Z €0,

and F; is moved toward ;.

10. The Genetic Algorithm selects parents from [A], applies crossover and
mutation, and inserts offspring into [P], replacing weaker classifiers [275].

These ten steps are repeated as the LCS interacts with the environment. Steps
1-7 form the performance component, steps 8-9 constitute the reinforcement
component, and step 10 contains the discovery component.

Advantages of LCS LCS are inherently adaptive to non-stationary environments [259]. They dy-
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Figure 2.7: LCS diagram
adapted from [259]

namically evolve and refine their rule population based on ongoing feedback.
Unlike static models, LCS can accommodate shifting reward structures and
concept drift. Moreover, LCS break down decision spaces into modular rules,
enabling effective coverage of heterogeneous domains. Accuracy-based LCS like
XCS evolve complete and general mappings from states to actions, yielding ro-
bust and transparent policies [275]. LCS also excel in environments with sparse
or delayed rewards. Their reinforcement learning mechanisms can assign credit
to actions across multiple steps, and genetic algorithms support exploratory
rule creation, which facilitates better long-term policies. Finally, their rule-
based nature makes them interpretable and transparent, making LCS suitable
for domains where explainability is critical, such as healthcare, cybersecurity,
and robotics [259].

2.7 Explainable and Interpretable Al

Explainable Artificial Intelligence (XAI) refers to methods and techniques that
make the outputs of Al systems understandable to humans. As Al systems
are increasingly deployed in critical domains such as healthcare, finance, and
criminal justice, the need for transparency and accountability is paramount
[22]. XAI aims to bridge the gap between complex, often opaque models and
the human need for comprehension, trust, and control.

In the 1970s and 1980s, rule-based expert systems were used to emulate hu-
man decision-making. Due to their straightforward rule-based nature, these
systems were inherently transparent, allowing users to trace the reasoning be-
hind decisions. However, the advent of more complex models, such as NNs
and ensemble methods, introduced challenges in interpretability due to their
"black-box" nature [193, 22], which limited full comprehension by humans.

Thus, the interest in XAI is driven by both practical considerations for im-
proving models and broader concerns about their real-world deployment. Ini-
tially, understanding model behavior helps with debugging, enhancing perfor-
mance and ensuring robustness. However, as models are developed and ap-
plied in practice, ethical considerations and transparency become increasingly
important for identifying biases, promoting fairness, and meeting legal obli-
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gations such as the EU’s General Data Protection Regulation (GDPR) [108]
and the European Union Aviation Safety Agency (EASA) Artificial Intelli-
gence Roadmap [91]. These frameworks emphasize the right to explanation in
automated decision-making and advocate for a human-centric approach to Al,
particularly in safety-critical domains, such as aviation.

Several definitions of interpretability have been proposed in the literature. For
instance, Biran and Cotton [35] define it as “the degree to which a human
can understand the cause of a decision,” while Kim, Khanna, and Koyejo [142]
describe an interpretable method as one where “a user can correctly and effi-
ciently predict the method’s results.” Despite these efforts, clear and consistent
definitions of both interpretability and explainability remain elusive, and the
terms are often used interchangeably. However, a useful distinction is that
interpretability typically refers to a model’s transparency, i.e., the degree to
which its internal mechanics can be understood by humans, whereas explain-
ability pertains to post hoc methods that provide human-understandable jus-
tifications for a model’s behavior, even if its internal workings remain opaque
[167].

Based on [185], the primary goals of XAI include the following:

e Transparency: Providing insights into how models make decisions.
e Trust: Building user confidence in Al systems.
e Fairness: Detecting and mitigating biases in decision-making.

e Accountability: Enabling stakeholders to hold systems responsible for
their outcomes.

e Compliance: Meeting legal and ethical standards for automated decisions.

e Debugging and Model Improvement: Providing aid to developers and
data scientists in diagnosing model errors and improving performance.

Although specific methods have been developed to enhance the interpretabil-
ity of machine learning models, it is important to note that some models are
inherently more interpretable than others due to their structure. Models such
as linear regression, decision trees, and rule-based systems are generally con-
sidered highly interpretable. These models offer clear and direct mappings
between input features and outputs, allowing users to easily trace how predic-
tions are made. For example, in linear regression, the influence of each feature
is represented by an explicit coefficient, and in decision trees, the decision path
can be followed node by node. In contrast, ensemble methods, such as random
forests and gradient boosting machines, are often classified as moderately inter-
pretable. While they are built from simpler base learners, such as decision trees,
their aggregated and often complex structure makes individual decision paths
harder to follow, thereby reducing their transparency. At the other end of the
spectrum, models such as deep NNs and support vector machines are typically
regarded as having low interpretability. These models rely on highly abstract
mathematical transformations and operate in high-dimensional feature spaces,
making it difficult for humans to intuitively understand how predictions are
derived. Consequently, the level of interpretability can be seen as a function
of both the model’s internal complexity and the ease with which its decision-
making process can be understood and communicated [22, 192].

Interpretable machine learning has led to the development of various tax-
onomies aimed at organizing the growing body of methods and evaluation
approaches. These taxonomies serve to clarify the diverse goals, character-
istics, and audiences of XAl techniques. Here, two influential taxonomies are
presented: one categorizing XAI methods across multiple technical and practi-
cal dimensions, and another focused specifically on how interpretability should
be evaluated in different research or deployment contexts.
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Based on [234], XAI methods can be categorized along several dimensions:

1. Scope of explanation

(a)

Global: These methods aim to explain the overall behavior of the
model across the entire input space. They help users understand
general patterns, trends, and the logic that governs the model’s pre-
dictions as a whole.

Local: These methods focus on explaining individual predictions or
small subsets of the data. They are especially useful for understand-
ing specific decisions and providing instance-level insights into why
a model made a particular prediction.

2. Model specificity

(a)

Model-agnostic: These methods are independent of the underlying
model architecture and can be applied to any black-box model. They
typically rely on probing the model with inputs and analyzing out-
puts to construct explanations.

Model-specific: These methods are designed to work with particular
classes of models, such as decision trees, linear models, or NNs.
They leverage the internal structure and properties of the model to
generate explanations.

3. Timing of explanation

(a)

Intrinsic (Ante hoc): In this case, interpretability is built into the
model architecture from the outset. Examples include linear regres-
sion, decision trees, and rule-based models, which are transparent
and interpretable by design.

Post hoc: These explanations are generated after the model has been
trained. They aim to provide insights into the model’s decision-
making process without altering the model itself. Techniques such
as LIME, SHAP, and saliency maps fall into this category.

4. Target audience

(a)

(b)

()

Experts: These are individuals with machine learning expertise, such
as data scientists or engineers, who seek detailed, technical insights
into the model’s functioning and decision logic.

Lay users: These are non-technical end-users, such as consumers,
patients, or citizens, who need simplified and intuitive explanations
to understand how and why certain decisions affect them.

Domain experts: These users are professionals in specific fields, such
as healthcare or law, who require explanations that align with their
domain knowledge and support decision-making within their area of
expertise.

5. Explanation form

(a)

(b)

38

Visual: Explanations are provided in the form of images, plots, or
heatmaps (e.g., saliency maps or feature importance plots) that il-
lustrate model behavior or highlight influential features.

Textual: Explanations are expressed in natural language or descrip-
tive text, summarizing the factors that contributed to a prediction
in a human-readable format.

Example-based: These methods use representative instances, such
as prototypes or counterfactuals, to explain decisions by showing
similar examples or contrasting outcomes based on small changes to
the input.



Permutation Feature
Importance (PFl)

(d) Mathematical/Formal: Explanations take the form of symbolic rules,
equations, or formal logic that describe the decision process in pre-
cise mathematical terms.

6. Fidelity and completeness

(a) Faithful: These explanations accurately reflect the model’s true be-
havior and decision-making process. They aim to be consistent with
how the model actually works internally.

(b) Approximate: These explanations provide simplified or abstracted
versions of the model’s logic to improve human understanding, though
they may not fully align with the exact model behavior.

7. Evaluation approach

(a) Application-grounded: Evaluation is performed with real users in
the context of real-world tasks. This approach offers high ecolog-
ical validity and measures the utility of explanations in practical
scenarios.

(b) Human-grounded: This approach uses human subjects in simplified
tasks to evaluate explanation quality, often through user studies or
surveys, without requiring a full application context.

(c¢) Functionally grounded: These evaluations do not involve humans
and, instead, rely on formal metrics or proxy tasks, such as sparsity
or accuracy of approximation, to assess interpretability.

The taxonomy highlights that interpretability is a multifaceted concept shaped
by the goals of explanation, the nature of the model, and the needs of the in-
tended audience. Importantly, they emphasize that not all explanation meth-
ods serve the same purpose, and that both method selection and evaluation
should be context-sensitive. These frameworks provide a foundation for sys-
tematically understanding and comparing different approaches, as well as for
aligning technical solutions with practical requirements in real-world applica-
tions.

2.7.1 Prominent Explanation Techniques

Permutation Feature Importance (PFI) quantifies the extent to which a model
relies on a feature by measuring the change in predictive performance when that
feature’s values are randomly permuted, thereby breaking its association with
the outcome [43, 98]. The permutation feature importance approach, based
on [98], for a trained model f, data (X,y), and loss L, involves the following
steps:

1. Estimating a baseline model error.
€orig = ZL @ f(x® ))- (2.39)

2. For feature j, a permuted dataset is constructed X, by shuffling column
j and computing the error based on the predictions of the permuted data:

€perm,j = ZL @, fxD)). (2.40)

3. Calculation of the importance of feature j as a difference or a ratio:

FI™ = cpormj — €onig  or  FI) = formid, (2.41)
’ €orig

with repeated permutations and averaging often used to reduce variance.
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Integrated Gradients

Should permuting a feature j degrade model performance, then that model
depends on the feature, and if performance is unchanged, then that feature
contributes little to the trained model f on the evaluated data [98, 192].

PFT is highly valued for its simplicity and model-agnostic nature [192]. PFT also
enables insight into the data itself as if there is a feature that the model uses for
prediction but, in reality, is irrelevant, then PFI will still show, approximately
zero importance for that feature [192]. Additionally, PFT takes into account
all interactions with other features because permuting the feature not only
breaks the main effect of the feature itself but also interaction effects with
other features. Consequently, interaction contributions are counted for each
interacting feature, so importance values usually do not equate to the overall
drop in performance [192].

However, despite being a simple and model-agnostic measure, PFI has certain
limitations. First, the measure is tied to model error and therefore perfor-
mance—when robustness rather than performance impact is of interest, addi-
tional steps are needed, such as analysis of output variance [192]. Second, the
feature importance provided is only an overall ranking, with no additional in-
formation regarding the direction of the effect on the prediction or interactions
with other features [192]. Third, randomness is introduced by the shuffling pro-
cedure, so repeated permutations and averaging are recommended for stability
at the cost of additional computation [192]. Fourth, issues arise concerning
correlated features. When a feature is permuted, the correlation structure is
broken and unrealistic instances can be generated, so biased importance can be
obtained. In addition, if a correlated feature is added, the importance can be
split between the pair so that each appears less important individually, which
makes interpretation and prioritization more difficult [192].

Integrated Gradients is a widely used gradient-based attribution method for
interpreting deep neural networks, attributing a model’s prediction to its input
features in a mathematically principled way. Integrated Gradients is defined
for a differentiable model f and an input x, relative to a baseline input x’,
which is often a zero vector or neutral reference. This baseline is one of the
key defining aspects of the approach, representing a state where the features
provide no or neutral information. IG computes the feature attributions by
integrating the gradients of f along the straight-line path from the baseline to
the input, formally defined as:

! x' + a(x — x’
1Gi(x) = (w; — ) / Of(x' + a(x — X))

a=0 axi

dov (2.42)

In essence, for each feature i, the gradient of the model’s output with respect
to that feature is calculated at many smaller steps along the straight-line path
from the baseline to the input, and these calculated gradients are then aggre-
gated [248)].

Integrated Gradients satisfies several desirable axioms, including Sensitivity
and Implementation Invariance, making it theoretically grounded and consis-
tent with intuitive expectations about feature importance [248]. The Sensitivity
axiom stipulates that if a feature’s change from a baseline x’ causes a prediction
change, it must recieve a non-zero attribute. Simple gradients can fail here due
to "saturation." Integrated Gradients addresses this problem by using integra-
tion—Dby integrating along the path, the full effect of the feature is captured,
not merely its local sensitivity.

The Implementation Invariance axiom specifies that if two models perform
the exact same task, they should have identical explanations, regardless of
how they’re built internally. Since Integrated Gradients relies on a concept
(gradients) that is invariant to implementation details, it can quite readily
satisfy this axiom.

Due to the aforementioned properties, the Completeness property is fulfilled as
a direct result of the design. This property guarantees that all feature attribu-
tions amount to exactly the total difference between the actual prediction and



Shapley Values and SHAP

the baseline prediction. This leads to fully accountable and easy-to-understand
explanations.

ZAttributioni (x,x") = f(x) — f(x) (2.43)

i=1

The approach’s strengths include its somewhat model-agnostic nature (requir-
ing a differentiable model), robust theoretical background, and efficient compu-
tation speed as a gradient-based method. However, despite these strengths, a
significant problem was highlighted by [8]: these methods can be insensitive to
either the model’s parameters or the data distribution, and in the case of image
recognition, often yield results resembling simple edge detection. For tabular
data, a primary difficulty lies in specifying a meaningful baseline. Another
issue for tabular data is that the assumption of a straight-line path between a
baseline and an input can generate implausible intermediate data points, es-
pecially with complex feature relationships or categorical features. This can
lead to inaccurate gradients along the path, meaning the final attribution is
less reflective of the feature’s true contribution [192].

The idea behind Shapley Values borrows concepts from cooperative game the-
ory and attempts to explain the prediction by assuming that each feature
value of the instance is a “player” in a game where the payout is the pre-
diction itself [239]. Formally expressed, in a setting where a group of n players
N ={1,...,n} cooperatively contribute to a total value represented by a char-
acteristic function v : 2V — R, the Shapley value ¢; for a player i is defined as
the average marginal contribution of ¢ across all possible subsets S C N\ {i}:

o= ¥ FREEA= R s u ) - us).
SCN\{i} '

The Shapley value is uniquely determined by several natural axioms:

1. Efficiency: The total allocated value equals the full coalition value. That
is, the Shapley values ¢; equate to the total value of the grand coalition
(excluding the empty set), ensuring additive completeness.

2. Monotonicity: If a player’s marginal contributions in one game are always
at least as large as in another, its Shapley value should not be smaller in
the former.

3. Symmetry: If two players contribute equally to all coalitions, they receive
equal Shapley values.

4. Missingness: A player that adds no marginal value to any coalition re-
ceives a Shapley value of zero.

These axioms collectively define the Shapley value and justify its use as a
principled method for feature attribution in explainable AI [239]. A visual
represesntaion of the defining terms related to the Shapley value are shown in
Figure 2.8.

Lundberg and Lee [176] adapted Shapley values for use in machine learning by
interpreting each input feature as a player and the model’s output as the value
function. SHAP (SHapley Additive exPlanations) explains a prediction f(z)
by attributing contributions to each feature, such that:

M
9(#@) = do+ Y ;% (2.44)
j=1
where g is the explanation model, z’ = (2},...,2),)T € {0,1}M is the coalition

vector, M is the maximum coalition size, and ¢; € R is the feature attribution
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(a) Defining terms

(b) Axioms .
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Figure 2.8: Defining terms
related to Shapley values,
adapted from [56]

for feature j. Here, the term coalition vector is taken from [192] and replaces
the term ’simplified features’ that was used in the original paper.

Based on its use of Shapley values, SHAP uniquely satisfies the axioms of
Efficiency, Symmetry, Dummy and Additivity. However, in their paper [176],
the following properties are described:

1. Local Accuracy
This property ensures that the sum of feature attributions equals the
model output for a given instance. Let f (x) be the original model output
and g(x’) be the explanation model using a coalition vector x’, then:

M
f(x) = g(x') = ¢o + Z o5 (2.45)

If all 2, = 1, this is reduced to:
X M X M
F) =0+ & =E[f(X)]+) ¢ (2.46)
Jj=1 j=1

where ¢y = E[f(X)] is the expected model output over the background
distribution.

2. Missingness

This property states that if a feature is absent from the input, i.e., ex-
cluded from the coalition, it should have zero attribution:

@i =0=¢;=0 (2.47)

This ensures that only features present in the coalition receive non-zero
SHAP values, which is particularly useful for handling missing data or
conditional feature masking.



3. Consistency

If a model changes such that the marginal contribution of a feature in-
creases, the SHAP value assigned to that feature should not decrease.
Let f and f' be two models. For all binary input coalitions z’ € {0, 1}
and any subset z’_, if:

model versions.

ful@) = fx(z) = fx(@) = fi(@. )
then the SHAP values must satisfy:
d)j(f/ax) > d)j(f?x)

This guarantees that SHAP respects increasing feature importance across

(2.48)

(2.49)

SHAP’s main strength lies in its solid theoretical foundation. The attributions
it produces are grounded in cooperative game theory, yielding consistent and
additive explanations. Unlike other methods, SHAP ensures that the sum of the
attributions matches the actual model output, allowing both local and global
interpretability . Moreover, SHAP values can be aggregated across multiple

instances to produce reliable global feature importance scores [175, 192].

However, the exact computation of Shapley values is exponential regarding
the number of features, which poses a computational challenge. KernelSHAP
approximates these values via sampling and weighted linear regression, making

it model-agnostic but computationally intensive [176].

TreeSHAP [175], in

contrast, is optimized for decision tree models and computes exact values in
polynomial time, drastically improving efficiency.

Aspect

SHAP

Permutation Feature
Importance (PFI)

Integrated Gradients
(1G)

Explanation Type

Scope

Compatibility

Output Format

Key Assumptions

Advantages

Limitations

Use Cases

Additive feature
attributions based on
Shapley values

Local and Global

Model-agnostic and
model-specific

Feature contributions that
sum to the prediction

Cooperative game theory
axioms

Fair, theoretically
grounded; consistent
explanations; applicable to
complex models

Computationally intensive;
can be slow for large models

Feature attribution;
auditing decisions; both
local and global insight

Performance change after
randomly permuting a
feature’s values to break its
association with the target
Global (dataset-level
ranking of feature reliance)
Model-agnostic (works with
any predictive model and
metric)

Importance score as
difference or ratio of
error/score before vs. after
permutation

Permutation disrupts
information carried by the
feature; chosen metric
reflects task performance
Simple, fast, no retraining;
model-agnostic; captures
main effects and
interactions; produces clear
global rankings

Sensitive to feature
correlation (bias/splitting);
randomness from
permutation; global and
loss-based (no
directionality)

Global importance ranking;
model monitoring and drift
checks; sanity checks and
feature selection

Gradient-based cumulative
attribution from a baseline
to the input

Local

Model-specific
(differentiable models)

Attribution vector showing
each feature’s contribution
to the prediction

Input space is
differentiable; baseline
reference is meaningful

Computationally efficient;
captures gradient
sensitivity; faithful for deep
models

Sensitive to choice of
baseline; only applies to
differentiable models

Interpreting deep neural
networks; attribution in
vision, NLP, or tabular

domains

Table 2.1: Comparison of
Popular Model Explanation
Techniques
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Challenges in Explainable and Many researchers have explored the problems and open questions in Inter-
Interpretable Al pretable and Explainable Machine Learning, indicating that a strong scientific
basis for interpretability is needed [83], and several practical and technical chal-
lenges have been described in detail [194]. These often include concerns about
how accurate and trustworthy explanations are, how clearly they reflect the
model’s reasoning, and how useful they are in real-world situations. Some of
the most important and widely discussed challenges include the following:

1. Statistical uncertainty: Many XAI methods do not quantify the uncer-
tainty of their explanations, which can mislead practitioners when inter-
preting noisy or sparse data.

2. Causal interpretation: Most XAl techniques reflect correlation, not cau-
sation, limiting their use in domains where actionable or causal insights
are needed.

3. Feature dependence: Techniques that rely on independent feature as-
sumptions (e.g., permutation methods) can break when features are cor-
related, leading to misleading attributions.

4. Lack of definition: Interpretability remains vaguely defined, making eval-
uation inconsistent and comparisons across methods difficult.

5. Evaluation metrics: There is no agreed-upon ground truth for expla-
nations, so evaluation often relies on qualitative or subjective human-
centered metrics.

6. Local vs. global explanations: Bridging the gap between localized instance-
level explanations and broader global understanding remains challenging.

7. Scalability and complexity: Many XAI methods are computationally in-
tensive, limiting their application to high-dimensional or real-time sce-
narios.

8. Human factors: Interpretations must be understandable by humans, yet
what counts as "understandable" varies greatly depending on the user’s
domain knowledge and cognitive abilities.

Explainable Al is crucial for the responsible deployment of AI systems. By
providing insights into model decisions, XAl fosters trust, ensures fairness, and
facilitates compliance with ethical and legal standards. As AT continues to per-
meate various aspects of society, the development and adoption of XAI methods
will be essential in aligning AI systems with human values and expectations.

2.8 Summary of this Chapter

This chapter provides the theoretical basis for the thesis by outlining the funda-
mental concepts and methods that guide the development of the proposed ap-
proach. It begins with a structured overview of Multi-Criteria Decision-Making
and its subfields, with a particular focus on Multi-Attribute Decision-Making,
which plays a central role in the evaluation of alternatives under multiple cri-
teria. This is followed by the introduction of Robust Decision-Making, which
highlights strategies for handling uncertainty and variability in complex deci-
sion contexts. The discussion then turns to core principles of machine learning,
encompassing supervised, unsupervised, and reinforcement learning, while also
touching on Learning to Rank and weak supervision, both of which are directly
relevant to modeling preferences and learning from imperfect data. Building
on this foundation, specific learning methods, such as Gradient Boosting, Neu-
ral Networks, and Learning Classifier Systems, are introduced and briefly ex-
plained. Finally, the growing importance of explainable and interpretable Al
is addressed, underlining why transparency is essential for decision support in
safety-critical domains.

44



3 Related Work

This chapter reviews the relevant literature on decision-making in emergency
management. It begins by examining the role of MCDM methods in emergency
contexts, highlighting its proven utility and identifying key research gaps. This
is followed by an exploration of how AI has been applied to support decision-
making during emergencies, additionally addressing the important point of of
ethical considerations when deploying AI in high-stakes environments. The
chapter then examines how MCDM and AI have been integrated, showcasing
emerging hybrid approaches. Finally, decision-support systems and mental
models used in the field of aviation are presented, offering insights into how
critical decisions are made under pressure in real-world, safety-critical domains.

3.1 MCDM in Emergency Management

3.1.1 Overview of Emergency Management and MCDM

Emergency management encompasses the coordinated activities of mitigation,
preparedness, response, and recovery, which aim to reduce the impact of sud-
den disasters on people, property, and the environment. As modern societies
have grown more interconnected and technologically complex, the types of risks
encountered have expanded correspondingly. These not only include natural
hazards but also industrial accidents, public health emergencies, and opera-
tional disruptions in domains such as aviation. The latter category includes
tasks like alternate-airport selection, where decisions must be made rapidly
under uncertainty and time pressure [161].

A substantial portion of this subsection draws on the comprehensive survey by
Li et al. [161], which provides an excellent overview of how emergency man-
agement is conceptualized and how MCDM methods have been incorporated
into its various phases. Their work served as both an intellectual foundation
for understanding the structure of emergency management and as a roadmap
of the wider literature discussed throughout this chapter. According to their
synthesis, the central objectives of emergency management can be summarized
into four overarching goals:

1. Protect human life through preparedness measures and timely, effective
responses during disaster events.

2. Minimize damage to property and infrastructure via proactive mitigation
strategies and coordinated emergency interventions.

3. Safeguard the environment by preventing or reducing long-term ecological
harm and enabling environmentally responsible recovery.
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4. Restore social order by facilitating post-disaster recovery, strengthening
community resilience, and supporting the return to normal societal func-
tioning.

3.1.2 Applications of MCDM in Emergency Scenarios

MCDM methods have a rich history of application in emergency management,
spanning all major phases: mitigation, preparedness, response, and recovery.
Several studies have emphasized the importance of understanding key success
factors in managing emergencies effectively. For example, Fakhry et al. [93]
used a neutrosophic DEMATEL approach to handle uncertainty in expert eval-
uations and identified "Preparedness and Planning" as the most critical factor
among six main dimensions. This need for strategic foresight is echoed in stud-
ies like Hsu et al. [127], who used modified DEMATEL, Dombi aggregation,
and VIKOR to assess airport disaster resilience in Taiwan, confirming that
pre-disaster planning was the most influential factor.

Logistics and infrastructure location planning is another key area where MCDM
plays a crucial role. Feng et al. [95] and Xu et al. [284] applied GIS-based
MCDM models to optimize the placement of emergency logistics centers, fac-
toring in access to populations, infrastructure robustness, and risk exposure.
Liu [170] extended this idea with a multi-hazard assessment framework for
post-earthquake emergency medical facilities in China, while Sirbiladze et al.
[241] developed a two-stage fuzzy MADM model to locate temporary logistics
hubs. Eelagh and Abbaspour [85] integrated CRITIC and TOPSIS to optimize
the spatial distribution of post-earthquake shelters, emphasizing that effective
coverage is more important than quantity alone.

In the context of public health emergencies, particularly during the COVID-19
pandemic, numerous studies adopted MCDM to prioritize medical interven-
tions and patient care. Abdulkareem et al. [6] created the Multidimensional
Examination Framework (MEF), combining CRITIC and VIKOR to rank pa-
tients based on clinical data. Alsalem et al. [18] designed a real-time triage
system using AHP and VIKOR to allocate mesenchymal stem cell therapies
to critical patients. Ahmad et al. [12] addressed uncertainty in COVID-19
diagnostics using TOPSIS with non-linear Diophantine fuzzy numbers. Mao
et al. [180] incorporated cumulative prospect theory into MADM to account
for psychological behavior in epidemic response, while Davodabadi et al. [66]
combined fuzzy MCDM with simulation to prioritize ICU admissions.

Healthcare system performance and preparedness were further explored by
Ortiz-Barrios and Alfaro-Saiz [205], who developed a hybrid model integrat-
ing FAHP, FDEMATEL, and TOPSIS to assess emergency department per-
formance. Pegoraro et al. [211] employed DEMATEL and PROMETHEE II
to identify operational improvements. Aminjarahi et al. [19] used Entropy,
VIKOR, and SAW to rank lean techniques in emergency departments based on
feedback from physicians and nurses.

Natural hazard risk assessment is another major application of MCDM. Pathan
et al. [210] and Sun et al. [247] evaluated flood risks in India and China,
respectively, using AHP, TOPSIS, and VIKOR. Hajilo et al. [113] assessed
seismic risk in rural Iran using GIS and VIKOR, while Zhang et al. [29]]
applied entropy-weighted 3D-TOPSIS to assess flood defense capacity across
Chinese regions. Shafiei Shiva et al. [240] used TOPSIS to map urban heatwave
risks in Arizona, revealing unequal vulnerability.

Broader resilience assessment has also seen innovative use of MCDM. Wang
et al. [271] studied unsafe behaviors in intelligent mines using fuzzy DEMA-
TEL and MMDE, highlighting the role of leadership and regulation. Caylor
and Hammell [53] applied AHP-TOPSIS to identify vulnerable counties dur-
ing COVID-19 using infection and social data. Nagy et al. [198] evaluated
emergency suppliers under uncertainty using four different MCDM models,
confirming robustness across methods. Wang et al. [268] introduced a WSR-
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based framework for emergency medical facility siting by separating criteria
into physical, systemic, and human domains.

MCDM has also informed strategic decision-making tools. Chen et al. [5§]
developed a hybrid GRA-CBR approach for real-time, adaptive emergency de-
cisions. Ali et al. [16] introduced a three-way decision model using fuzzy soft
dominance to manage uncertainty in complex scenarios. Pagano et al. [207]
used AHP to design a DSS for drinking water emergencies that included ex-
pert and societal input. Otay and Jaller [206] applied IVIFS to assess national
disaster readiness.

In the reconstruction phase, Mohammadnazari et al. [190] compared four
MCDM methods (TOPSIS, ELECTRE III, VIKOR, and PROMETHEE) to
prioritize post-disaster recovery projects, validating their findings using ANN
models. Bait et al. [27] used AHP-TOPSIS to help companies identify suit-
able African nations for post-COVID investment, reflecting shifts in logistics
and infrastructure needs. Liu et al. [169] used a two-stage fuzzy TOPSIS and
optimization framework to plan emergency material allocation during chemical
spills.

Finally, several contributions aimed to improve MCDM methodology itself.
Jiang et al. [132] combined Pythagorean fuzzy sets with the Chebyshev dis-
tance in TOPSIS to manage uncertainty in disaster planning. Zhan et al.
[289] proposed a PF-TOPSIS approach built on Pythagorean fuzzy rough sets
to support decisions in unconventional emergencies. Abdel-Basset et al. [5]
demonstrated the power of plithogenic sets in combining AHP, TOPSIS, and
VIKOR to evaluate smart disaster response systems.

Albarracin Zambrano and Villalta Jadan [287] further extended the field into
maritime safety by using MCDM with information fusion to assess risks in
autonomous ship navigation. Their work highlights the growing importance of
MCDM in emerging risk domains where data uncertainty, technical complexity,
and system integration are key challenges.

In summary, MCDM has proven to be a highly adaptable and insightful frame-
work across the extremely varied field of emergency management. Its ability
to combine diverse information, accommodate uncertainty, and provide clear
decision support makes it an indispensable tool for researchers, practitioners,
and policymakers facing the increasing complexity of modern emergencies.

3.1.3 Research Gaps and Challenges

Much of the discussion of methodological limitations in this section is based,
again, on the excelent survey paper by Liu et al. [161], which provides an
excellent analysis of gaps within MCDM for emergency management.

Although MCDM methods have been increasingly applied in emergency man-
agement, several significant research gaps remain. First, most current uncertain
MCDM methods are developed under static environments and do not effectively
consider temporal continuity or historical decision data. As emergencies evolve
dynamically over time, decision models should incorporate temporal aspects,
such as the decay of information reliability, which remains largely unaddressed
[161]. Furthermore, many existing approaches treat decision attributes inde-
pendently, overlooking the interactions between attributes that can significantly
influence decision outcomes [161]. In the case of a diversion to an alternate air-
port, many of the key factors evolve over time and may depend on one another.
For example, changing wind and weather conditions can affect fuel consump-
tion and aircraft performance, which in turn may alter the prioritization of
available diversion options.

A fundamental challenge in emergency decision-making is the inherent het-
erogeneity of information. Decision-makers must process diverse data types,
including numerical measurements, categorical classifications, and qualitative
descriptions. Current MCDM approaches typically address this heterogeneity
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either through indirect methods, which convert all data to a common numerical
format at the cost of information loss, or direct methods which rely on similar-
ity measures while potentially neglecting the semantic meaning of attributes.
This becomes particularly problematic in emergency contexts in which the in-
terpretation of heterogeneous data often depends on contextual relationships
that can be lost in these transformations [161]. In an alternate-airport selec-
tion scenario, pilots must interpret heterogeneous data, such as numerical fuel
estimates, categorical airport operational statuses, and qualitative Air Traffic
Control (ATc) reports describing expected delays. Transforming these diverse
data types into a suitable decision-making format while preserving their con-
textual meaning is challenging.

Emergency situations are characterized by dynamic information environments
in which data evolves continuously. While some MCDM methods can accom-
modate changing information, they often fail to address two critical aspects:
the heterogeneous nature of temporal changes across different data types, and
the evolution of attribute interactions over time. For instance, in wildfire
management, the relationship between meteorological factors and fire behav-
ior changes as the incident progresses, requiring dynamic reassessment of both
individual attributes and their interdependencies. This necessitates methods
that can adapt not only to new information but also to evolving relationships
between decision factors [161]. For instance, in alternate-airport selection, dif-
ferent types of information evolve at different temporal scales: wind condi-
tions may change minute-by-minute, fuel state evolves deterministically, and
runway closures can occur abruptly without notice. These heterogeneous tem-
poral dynamics alter how criteria such as weather, aircraft performance, and
operational constraints interact, requiring decision methods that update both
attribute values and their interdependencies over time.

The modeling of attribute interactions presents another significant challenge.
While advanced mathematical frameworks such as Choquet and Sugeno inte-
grals have been proposed to capture attribute interdependencies, most MCDM
implementations still rely on the simplifying assumption of attribute indepen-
dence [161]. This limitation is particularly problematic in emergency contexts
where factors often exhibit complex, time-varying interactions. For example, in
the alternate-airport selection problem, the interaction between weather con-
ditions and aircraft performance constraints is highly non-linear. A shift in
wind direction may simultaneously affect the required landing distance, fuel
margins, and the feasibility of multiple airports, meaning that it is difficult to
evaluate the importance of one attribute independently of the others.

One important aspect to consider is that the MCDM methods proposed and
applied in emergency management have typically been developed from the per-
spective of external response organizations. Although these entities are respon-
sible for coordinating disaster relief and emergency response, they are seldom
embedded within the emergency scenario itself to the point of directly experi-
encing the outcomes of the decisions made. In the alternate airport selection
problem, the pilots (who are the ultimate decision-makers) are directly affected
by the decisions made and their outcomes, especially in situations where an un-
suitable diversion choice could have severe consequences.

3.2 Al in Emergency Management
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Natural hazard risk assessment

Just as MCDM has been used to support decision-makers in emergency con-
texts, methods from the field of AI have also been recognized for their po-
tential to assist in this endeavor. AI techniques have been employed across
various phases of emergency management, including prevention, preparedness,
response, and recovery [173, 138, 286].

Given Al methods’ ability to learn complex patterns from data, they are suit-
able for predicting emergencies and supporting decision-makers—not only in
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responding effectively but also in identifying specific vulnerabilities [150]. For
instance, Moustra et al. [196] utilized neural networks with diverse input data
to forecast earthquake magnitudes. Similarly, Reyes et al. [217] used neural
networks to estimate both the occurrence and recurrence probabilities of seis-
mic events. Turning to hydrological hazards, Sahay et al. [230] developed a
machine learning model to forecast monsoon river flows one day in advance,
which posed challenges due to their erratic and irregular behavior. Transition-
ing to wildfire prediction, Deparday et al. [74] integrated weather data and
image classification techniques to significantly improve forest fire predictions.
Finally, addressing human-induced emergencies, Kim et al. [143] proposed a
neural network-based time-series forecasting model to predict storm surges,
enabling more timely evacuation decisions.

Human detection and rescue in emergencies often involve time-critical decisions
vital for saving lives. Lygouras et al. [177] demonstrated how deep learning
and computer vision can be employed to detect open-water swimmers. Dong
et al. [82] applied machine learning to thermal imagery for human detection,
enabling effective aerial search operations. During the COVID-19 pandemic,
Nguyen et al. [200] used AI methods for crowd monitoring, supporting both
citizens and authorities in maintaining social-distancing protocols.

While both AT and MCDM methods have distinct strengths in emergency man-
agement, they tend to serve complementary roles. Al methods primarily sup-
port the information phase, i.e., providing decision-makers with data-driven
insights, forecasts, and classifications, such as estimating the likelihood of an
event or identifying high-risk locations. MCDM, by contrast, aides in the evalu-
ation and choice phase, helping structure and weigh alternatives based on mul-
tiple criteria, ultimately guiding the selection of the best course of action. In
high-stakes emergency scenarios, where both human lives and critical resources
are at risk, this combination is especially valuable. AI enhances situational
awareness, while MCDM facilitates transparent and justifiable decision-making.

3.2.1 Challenges of using Al in Emergencies

One of the more immediate and glaring problems in using Al for emergencies is
the general lack of data. Emergencies represent rare events that do not occur
frequently, and as a result, the amount of available data is often quite limited.
This presents two key challenges: a scarcity of training data and limited oppor-
tunities for end-users to apply and evaluate these models in real-world settings
[150]. One way to counteract this is through the use of synthetic data and data
augmentation techniques. In particular, the growing use of digital twins, i.e.,
virtual replicas of physical environments that simulate interactions between
people, places, and devices, offers a promising solution [186, 103]. By replicat-
ing real-life conditions in a virtual space, these systems enable the development
and testing of ML algorithms in scenarios that closely resemble actual emer-
gencies. This not only provides large volumes of synthetic data for training
and validation but also allows emergency responders and safety professionals
to observe how ML systems behave and assess their practical utility [294, 150].

Having discussed the importance of explainable and interpretable models in the
previous chapter, it is important to emphasize that, in emergency situations,
decisions made with the help of such systems must meet even higher standards
and more stringent requirements. Given the high-stakes nature of emergencies
and the potential consequences of poor decisions, it is vital that all involved
actors have a clear understanding of the algorithm’s capabilities as well as the
rationale behind its estimations or recommendations, with trust and confidence
in the systems and the resulting decision being particularly important.

The use of Al in emergency management presents significant ethical consider-
ations that must be addressed alongside its technical capabilities. The paper
by Jaideep Visave [266] focused specifically on the ethical implications of ap-
plying these new and promising techniques in emergency situations. As Al
systems become increasingly involved in decision-making processes, it must be
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clear who is responsible for the consequences of Al-guided decisions. Further-
more, concerns about bias and fairness are particularly important in emer-
gency decision-making, where time is limited and historical data may reflect
systemic inequalities. For instance, AI models might inadvertently prioritize
well-resourced regions over underserved communities, thereby reinforcing ex-
isting disparities that are entrenched in the data used to train the models.
Privacy and data protection also play a central role, as real-time emergency
responses often require access to sensitive personal information, such as health
data, geolocation, or surveillance input. These requirements must be carefully
balanced against individuals’ rights and legal safeguards. Lastly, transparency
and public trust are essential for the legitimacy of Al-based interventions, yet
public engagement in the development and deployment of such systems is often
lacking. Ethical deployment demands that not only are technical requirements
satisfied but also legal ones, ensuring that decisions are explainable, affected
populations are informed, and AT tools reflect shared values rather than merely
optimizing for efficiency.

3.3 Al and MCDM
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Incorporating Al methods into MCDM frameworks is increasingly common in
the literature. The ability of modern machine learning models to estimate fea-
ture importance or generate option scores aligns naturally with the fundamental
MCDM tasks of ranking and selecting alternatives.

In traditional MCDM approaches, decision-makers determine the relevant fac-
tors based on domain expertise or brainstorming, which can be subjective,
incomplete, or impractical when the problem space is large and data-rich. For
example, the study by Darko and Liang [64] ascertained that big unstructured
data, such as online reviews, pose a challenge to extract meaningful evaluation
criteria. Modern machine learning techniques have been shown to help auto-
mate the extraction of relevant criteria from unstructured or high-dimensional
data [163]. Machine learning methods geared toward dimensionality reduction
and clustering have become common tools for automatically extracting relevant
criteria. Among these, Principal Component Analysis (PCA) is one of the most
frequently used. This method reduces complex, high-dimensional data into a
smaller set of principal components while retaining the essential information.
Leveraging this, Lim et al. [165] used PCA to identify key elements in vehicle
exhaust datasets, while Boodhun et al. [39] employed it for feature selection
in life insurance risk prediction. The study by Ye et al. [285] developed a
framework that incorporated PCA, fuzzy sets, and TOPSIS to refine evalua-
tion systems, and Jomthanachai et al. [134] applied PCA to determine the most
informative economic indicators for forecasting national logistics performance.
In a similar vein, the paper by Stevic et al. [245] integrated PCA with MCDM
to assess transport company efficiency by generating new principal components
for input into efficiency calculations, while in the paper by Modibbo et al. [188],
PCA was used to identify the top criteria for pharmaceutical supplier selection.

Beyond PCA, other advanced ML methods, including deep learning, have also
been adapted for criteria extraction. Sadhu et al. [229] employed an NN to
uncover non-linear relationships among frying criteria and sensory evaluation
factors, integrating AHP and a multi-objective genetic algorithm for optimal
parameter tuning. From fryers to the restaurant industry, Han et al. [114] ap-
plied correlation-based feature subset selection to identify the attributes most
closely linked to restaurant sales performance. Eshkevari et al. [87] leveraged
the Dawid—Skene algorithm to combine user sentiment at the aspect level, then
used the Best—Worst Method for hotel ranking, treating aspects as decision cri-
teria. Wang et al. [270] combined deep learning with MCDM techniques to
help organizations improve decision-making by extracting more relevant crite-
ria from data-rich business intelligence systems. Finally, in gaming, the paper
by Ince [130] demonstrated that dynamic player preferences in gaming envi-
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ronments can be modeled using a BiLSTM combined with fuzzy AHP, showing
how adaptive hybrid systems can capture changing preferences based on player
behavior.

Many real-world MCDM problems involve criteria that interact in non-linear,
non-additive ways. Classical approaches often oversimplify this by assuming
that criteria are independent and can be aggregated linearly—a common criti-
cism of traditional MCDM methods. By incorporating ML models, these com-
plex interdependencies can be better captured and modeled [163].

One widely recognized tool for capturing interdependencies is the Choquet inte-
gral. The Choquet integral is a widely used aggregation operator for modeling
interactions among criteria in MCDM problems, especially when criteria are
interdependent. Unlike simple additive models, the Choquet integral employs
a fuzzy measure to assign importance not only to individual criteria but also
to all possible subsets, allowing it to capture synergy or redundancy effects.
Mathematically, for a vector of criteria evaluations x = (x1,%2,...,2,), the
discrete Choquet integral is defined as:

Co(z) = [z — 26-1)] - 9(A@), (3.1)
i=1
where z(1) < z(9) < -+ < 1, are the input scores sorted in ascending order,

x) = 0, and A is the subset of criteria with the top i largest values. The
function g(-) represents the fuzzy measure, which defines the importance of each
subset of criteria. By computing differences between consecutive ordered scores
and weighting them by the fuzzy measure, the Choquet integral generalizes
linear aggregation and better reflects real-world dependencies among criteria
[59].

However, as Moghtadernejad et al. [189] pointed out, manually assigning im-
portance weights for the Choquet integral becomes highly complex when deal-
ing with a large number of criteria. Mohebbi et al. [191] addressed this chal-
lenge by combining a fuzzy neural network with the Choquet integral, enabling
the automated handling of interaction effects in MCDM processes. Building
on this idea, Moghtadernejad et al. [189] further proposed integrating PCA
and a neural network to estimate the necessary weights for the Choquet inte-
gral, demonstrating reliable performance when ranking optimal building fagade
systems.

In addition to these indirect methods, some machine learning approaches di-
rectly address criteria dependency by transforming the data. For example, Liu
et al. [168] introduced the IVIF-PAC model for large-group decision-making
tasks with many criteria, using PCA to reduce dimensionality and produce
more independent principal components. Similarly, Liu et al. [171] found
strong interdependencies when evaluating navigation signal performance and
applied PCA with fuzzy clustering to decorrelate and restructure the underly-
ing criteria set. Guo et al. [112] proposed a neural network-based MCDA model
that uses an NN to capture higher-order interactions and non-linear relation-
ships between attributes. Zhong et al. [295] took this further by designing a
multi-criterion-based reward quantification approach and introducing a multi-
criterion Q-learning algorithm to manage complex interaction effects. Despite
these advances, criteria interaction remains a significant modeling challenge.
Cai et al. [50] noted that deep neural networks occasionally underperform on
structured data precisely because they cannot adequately capture non-additive
interaction patterns among criteria. To overcome this, they incorporated the
Kano model to better handle non-linear and non-compensatory interactions
within the decision process.

A central challenge in MCDM is determining model parameters such as criteria
weights, thresholds, and utility functions. Conventionally, these are elicited
through surveys or expert pairwise comparisons, which are time-consuming
and can become inconsistent under cognitive stress or uncertainty. Machine
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Solutions

Of somewhat greater relevance

learning models can be employed to derive these parameters automatically by
training on historical data [163].

For example, in the paper by Arabameri et al. [21], the COPRAS model was
combined with machine learning algorithms such as Random Forest, Boosted
Regression Trees, and logistic regression to specifically derive criteria weights.
Dugger et al. [84] argued that traditional elicitation methods can be ineffi-
cient and subjective, so PCA was applied to reduce dimensionality and assign
weights based on the proportion of variance explained by each principal com-
ponent. The approach demonstrated how PCA can effectively generate a rank
order for U.S. Army pilots by evaluating attributes like emotional intelligence,
safety attitudes, and safety citizenship. Xu et al. [283] also integrated D num-
bers with PCA to identify and weight secondary indicators for offshore wind
turbine selection, while in another paper, Marzouk and Hassan [184] devel-
oped a hybrid PROAFTN-K-means-genetic algorithm framework to determine
indicator weights for modeling museum evacuation and visitor proximity sim-
ulations.

Aside from learning from historical data, preference learning has been applied
to improve how decision rules and weights are derived in MCDM. Preference
learning is a branch of machine learning focused on modeling and predicting hu-
man or group preferences. In their work, Birlutiu et al. [36] presented an active
preference learning framework that intelligently selects queries from available
preference data, reducing respondent burden and computation time. Zhen et
al. [293] proposed a semi-parametric preference learning model that combines
the strengths of both parametric and non-parametric techniques to capture
more flexible preference structures. Zhao et al. [292] introduced an online
graph-regularized user preference learning (OGRPL) framework for social rec-
ommendations, integrating collaborative user—item relationships and content
information into a unified process. Similarly, in their paper, Sun et al. [246]
developed a Long- and Short-Term Preference Modeling approach to point-
of-interest recommendations, enabling the model to capture both recent and
stable user preferences more accurately.

Beyond isolated tasks such as weighting or ranking, the literature increasingly
reports fully integrated systems that combine machine learning and MCDM
into robust, explainable decision support systems. Such hybrid DSS frame-
works typically embed ML modules to extract, model, and forecast relevant
decision data, while MCDM modules aggregate this information in a struc-
tured and transparent way for ranking, selection, or policy recommendations
[163]. For instance, Kuznetsova et al. [149] designed a reinforcement learning
framework to optimize battery scheduling decisions for individual consumers,
treating this as an MCDM problem that balances criteria such as utilization
rates and demand forecasts. Their system processed historical battery usage
and real-time conditions to output battery control actions.

In the work by Ferreiro-Cabello et al. [96] tackled housing slab design as an
MCDM problem, developing a DSS that combines heuristic algorithms and
deep learning to generate a database of solutions. This system also integrated
Pareto optimality techniques and graphical tools to help decision-makers an-
alyze trade-offs more effectively. He et al. [120] created a deep reinforcement
learning-based DSS for textile chemical process optimization, treating the pro-
cess as a Markov decision process and combining Random Forests with the
AHP method. Their proposed approach utilized the DQN algorithm to solve
the sequential decision problem. Similarly, dos Santos et al. [233] developed
an ANN-powered DSS to help users choose between electric and conventional
fuel vehicles, using input criteria such as purchase price and driving range.

While the broader literature provides a comprehensive overview of how AI and
MCDM have been combined, certain papers stand out for their unique con-
tributions or particularly relevant methodologies. These works deserve special
attention and are briefly highlighted below.



Abdulla and Baryannis [7] proposed a hybrid supplier selection framework that
combined ML and MCDM with the explicit goal of retaining explainability and
trust for stakeholders. Their motivation stemmed from the fact that classi-
cal MCDM methods, such as AHP or TOPSIS, are familiar and transparent
but struggle with scalability when the number of criteria or suppliers is large,
whereas modern machine learning can handle large datasets but often lacks
transparency. To bridge this gap, the authors maintained the centrality of
MCDM for the final supplier ranking and selection, while using machine learn-
ing primarily as a complexity reduction mechanism.

The framework operates in three phases. First, relevant data is collected and
preprocessed, merging multiple datasets and performing feature cleaning and
transformation to ensure quality. Second, an interpretable machine learning
model, such as a decision tree, is used to identify the most important features
for supplier selection or to narrow down the number of potential suppliers. For
example, feature importance is calculated using Gini impurity reduction:

H(Qm) =Y pm(1 = pmg) (3.2)
k

where @), represents the data at node m of the decision tree, and p,,; is the
proportion of samples belonging to class k at that node.

After the feature importance is calculated, only the top features are retained.
In their case study, this reduced the number of criteria from 26 to 8, making
the problem manageable for MCDM.

The third phase applies an MCDM method, via the AHP method. The calcu-
lated feature importance values are used as criteria weights. For each supplier,
their scores on each criterion are normalized, weighted, and summed to obtain
an overall score:

Si = ij * Tij (33)
j=1

where S; is the final score for supplier ¢, w; is the weight of criterion j, and
x;j is the normalized score of supplier ¢ on criterion j. The supplier with the
highest score is then selected, and the entire process is fully explainable, as
each step can be traced and justified.

The framework was validated through two real-world case studies in the oil,
gas, and aerospace supply chains. In addition to combining ML and MCDM
methods, this work also showcases and integrates the aspect of interpretability
and highlights its importance within a decision-making process.

The paper by Liang et al. [162] introduced reference dependence and loss
aversion functions. The motivation for their work was derived from the idea
that while machine learning models can predict preferences, they often lack
transparency, making them less useful for practical decision support. Classical
MCDM models, on the other hand, assume that criteria are independent or
linearly additive, which does not realistically capture how people perceive trade-
offs, gains, and losses.

To address this, the authors extended the MAU to what they call the Reference-
dependent Multiplicative Multiattribute Utility (RMAU) function. Each at-
tribute is modeled relative to a reference point, with gains and losses perceived
differently. This results in better alignment between the function and real-world
behavioral effects such as loss aversion.

The general form of the multiplicative utility function is given by:

v(ar,as,...,a,) = Z kjvi(a;) + kz Z kikquj(a;)vglag) + ...
Jj=1 J=lg>j

+ kn_lklk‘g L kpur (al)vg(ag) L. vn(an) (34)
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Here, v;(a;) is the utility of attribute j, k; represents the attribute weights, and
k is a normalizing constant. To include reference dependence, each attribute-
specific utility function is defined relative to a reference point 7;:

<0, a; <T;
Uj(aj) = 0, a]' = ’I’j (35)
> 0, aj >T;

This captures the idea that falling below the reference point is seen as a loss,
while increasing above is a gain. The slope of the utility function around the
reference point is adjusted to reflect diminishing sensitivity and steeper penal-
ties for losses. This is achieved via piecewise linear segments using parameters
a; and B

a;Av; g if s>,
Avjepr =14 7% ’ (3.6)
,BjA’Uj,s if s < Tj.

The final model is estimated by solving a convex optimization problem that
fits the utility function to observed preference data, ensuring that the piecewise
segments remain smooth and interpretable.

Here, again, interpretability can be seen as an important consideration; how-
ever, aside from that, the real focus is on loss aversion. In some sense, the paper
introduces an interesting way to represent soft constraints for each criterion,
showing that failing to meet them can have a more pronounced effect on the
final ranking of an option. This aligns well with problems related to emergency
decision-making, whereby safety is often a critical factor and the satisfaction
of certain safety-related factors is crucial.

The work of Liao et al. [164] proposed an Environmental Emergency Decision-
Support System that used a hybrid framework combining a Case-Based Rea-
soning approach with an NN. Their motivation emerged from the idea that
emergency response for sudden environmental incidents, such as hazardous
chemical leaks, must be fast and reliable, yet in practice, it often relies on
static plans or expert judgment that may be incomplete or outdated. The au-
thors argued that historical accident cases contain valuable decision knowledge
that should be reused to improve emergency response decisions.

The framework begins with the collection and digitization of historical environ-
mental accident cases. Input features such as leakage quantity, hazard level,
weather conditions, and nearby population are coded numerically through Fea-
ture Assignment . Output actions, such as emergency personnel deployment,
equipment use, and containment measures, are defined according to Intensity
Hierarchical levels that reflect how strongly each measure should be applied.

A Case-Based Reasoning system forms the backbone of this approach. When a
new incident occurs, the system first searches the historical case library for the
most similar past scenarios. This provides an initial basis for decision-making,
even when direct training samples for the specific situation are limited. The
retrieved case measures are then used as reference input—output pairs to help
the NNmake consistent, robust predictions.

The NN itself maps current accident conditions to recommended emergency
measures. It is trained on the digitized cases to learn the relationships between
input features and the intensity of each action measure. To improve the net-
work’s performance and avoid local minima, a EA is used to optimize the NN’s
weights, hidden node configuration, and learning parameters in a global search
process. However, the specific technical details of the network training are less
critical than the fact that the NN serves to generalize knowledge across cases
and produce a full set of recommended measures for new scenarios.

The output of the system is a vector indicating the recommended level for
each measure, such as how many responders to deploy, how much equipment
to use, and what containment actions to prioritize. A translation method is



then applied to convert these numerical outputs back into practical resource
plans, based on conventional ratios and expert rules.

This papers deals directly with emergency decision-making and acknowledges
many of the additional issues it presents in comparison to traditional MCDM
methods in various scenarios such as supplier selection. Particularly interesting
is the case-based approach, which acknowledges that the decision-making in an
emergency scenario ought to be considered on a case-by-case basis, and that
since it differs from standard practices, the decision needs to be considered
within the confines of the current situation.

3.3.1 Unresolved Challenges and Research Gaps

Data challenges Despite promising advances, integrating ML with MCDM still faces significant
challenges that warrant further research. One persistent issue is the complex-
ity of accurately extracting, weighting, and modeling the interactions among
multiple criteria from massive, heterogeneous, and often weakly correlated data
sources, especially as real-world decision contexts become more dynamic and
data-driven. Sparse and imbalanced data also remain a challenge, particularly
for tasks such as preference learning, emergency decision-making, and modeling
criteria interactions.

Dynamic adaptation Of particular note, and increasingly apparent in an emergency context, as
shown by the data used in much of the literature, is the lack of adaptation.
Specifically, once a model is trained to understand preferences from a large
dataset, there seems to be a tendency to fixate on the average preferences of
the decision-makers as a whole. This might work well under relatively stable
conditions in which the decision-makers’ preferences remain valid. However,
would this still hold true if the situations or contexts in which these decisions
are made change? For example, in supplier selection, would models trained to
learn the decision-makers’ preferences and rank suppliers still be suitable in the
event of a pandemic? To what extent are these learned preferences robust to
changes in the context in which they are applied? Does the system need to be
updated with new data and preferences, and if so, how often?

Interpretability and The black-box nature of many ML models is, again, a limiting factor. This
explainability is critical in high-stakes fields such as healthcare or emergency management,
where decision rationales must be explainable to stakeholders. In addition,
inconsistency in results when applying different ML techniques to the same
problem suggests a lack of robust guidelines for selecting the most suitable

algorithms for specific decision contexts.

Real world DSS  Building integrated and flexible decision support systems that combine subjec-
tive human inputs with objective ML insights in a meaningful and trustworthy
way continues to be an open research frontier. Addressing these gaps will re-
quire interdisciplinary approaches, the development of novel hybrid models,
and a stronger focus on explainability, robustness, and adaptation to domain-
specific needs.

3.4 Decision-Making Models and Support Systems for Cockpit Operations

Pilots are among the best-trained decision-makers, carefully selected and rig-
orously trained to handle unexpected situations and emergencies. While it is
important to seek techniques to enhance and support their decision-making
capabilities, it is equally valuable to understand the mental models and struc-
tured frameworks these experts already use to make critical judgments under
stress.

3.4.1 Decision Mental Models

Pilots are trained to use structured decision-making models to handle unex-
pected or critical situations in the cockpit. These models provide a logical
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framework to ensure that, under stress, crucial steps are not overlooked. They
are an essential part of Crew Resource Management (CRM) and Aeronautical
Decision Making (ADM) training. Before applying any model, pilots follow the
basic principle “Aviate, Navigate, Communicate,” meaning they maintain con-
trol of the aircraft, navigate away from danger, and communicate as needed.
Once the aircraft is stable, a structured decision model can guide the crew
through diagnosing the problem, exploring solutions, and executing a safe out-
come [10]. To support this process, several structured decision-making models
have been developed and refined through decades of aviation safety research
and operational practice. What follows is a brief showcase of some of the most
well-known frameworks used in cockpit operations for making decisions.

The Detect, Estimate, Choose, Identify, Do, Evaluate (DECIDE) Model is one
of the earliest and most widely taught frameworks. This model encourages pi-
lots to define a problem clearly, systematically work through possible solutions,
implement an action, and then evaluate its effectiveness. It is especially useful
when there is time to analyze multiple options, such as deciding whether to
divert due to weather [10].

The Facts, Options, Risks & Benefits, Decision, Execution, Check (FOR-DEC)
Model was developed by Lufthansa and the German Aerospace Center, DLR. It
adds structure and logic to crew decision-making by emphasizing fact-gathering
and risk analysis before committing to a plan. The model encourages all crew
members to participate actively, thus improving coordination and helping to
avoid snap judgments. Its structured approach has even been adopted beyond
aviation, such as in nuclear power plants and medical crisis management [243].

The Time, Diagnose, Options, Decide, Assign, Review (T-DODAR) Model is
commonly used in British aviation and was developed by British Airways. It
emphasizes assessing the time available before problem-solving begins, which is
vital in emergencies. The model then guides the crew through diagnosing the
issue, considering options, deciding on a course of action, assigning roles clearly,
and reviewing the outcome. This ensures that even under time pressure, the
crew maintains a shared understanding and adapts as needed [24, 243].

The Problem, Information, Options, Select, Execute, Evaluate (PIOSEE) Model
is similar to T-DODAR but uses slightly different terminology. It consists of
problem identification, gathering information, developing options, selecting the
best solution, executing it, and then evaluating the result. Some airlines prefer
PIOSEE for its simplicity and clarity [60].

There are, of course, other models, and while the acronyms vary, they all share
core principles: maintain situational awareness, generate options, analyze risks,
make a decision, act, and review the outcome. These frameworks help pilots
break down complex problems into manageable steps, ensure clear communica-
tion among crew members, and maintain safety even under high workload and
stress. Through consultation with an experienced DLR pilot, it was also em-
phasized that the primary priority in any real cockpit situation is always flying
the aircraft and managing the immediate, safety-critical actions, with navi-
gation and higher-level decision making intentionally relegated to secondary
and tertiary roles. Consequently, these models are designed not as rigid check-
lists but as cognitive scaffolds that support pilots in structuring their thinking
while preserving the ability to take instinctive, time-critical action when nec-
essary. Pilots are therefore trained to recognize when immediate intervention
is required without stepping through every element of a decision model.

Combining highly trained and skilled decision makers with well-designed men-
tal models and a robust, interpretable decision support system should augment
human judgment during time-critical MCDM problems. Importantly, concepts
for systems such as the one being developed in this work can be aligned with
existing cockpit decision frameworks by providing structured, context-aware in-
sights that fit well with current models. Namely, a system like the IPAS, with
its ability to provide suggestions for dynamic alternate selection, can rapidly



Diverter

CASSY and CAMA

evaluate and rank diversion options, which directly supports the Options, Risks,
and Decision phases of many of the models. Rather than completely replacing
the pilot’s reasoning process, the system can serve as a cognitive aid that helps
break complex, high-uncertainty situations into manageable components. In
this way, human expertise and algorithmic assessment reinforce one another,
enabling safety and efficiency even under demanding and rapidly changing con-
ditions.

3.4.2 Cockpit Decision Support Systems

Decision support systems in the cockpit are not a new concept. Over the years,
various prototypes and operational tools have been developed to help pilots
manage complex tasks, unexpected scenarios, and dynamic decision-making
under stress. These systems aim to complement the expertise of trained crews.
Reviewing these earlier approaches provides useful context for the broader chal-
lenge of supporting decision making in dynamic, multi-criteria operational en-
vironments such as alternate-airport selection.

NASA’s “Diverter” Al-based decision aid [236] is one of the earliest concepts
specifically aimed at employing Al for alternate-airport selection and diver-
sion support. The idea centered on continuously updating the feasibility of
each potential diversion airport against strict operational constraints such as
required runway length, aircraft landing performance, and weather conditions.
The system focused primarily on constraint satisfaction and ranking feasible
alternatives. However, the approach relied heavily on manually defined rules
and logic, also illustrating how the meaning of the term AI has evolved over
time. Although never fully implemented, Diverter clearly demonstrates early
interest in using Al-inspired methods to support decision making in emergency,
time-critical tasks such as alternate airport-selection.

The FINDER system [37] is an early knowledge-based cockpit decision aid de-
veloped to support crews during in-flight replanning and diversion scenarios. Its
core idea was to continuously monitor weather, aircraft state, and operational
constraints and to generate alternative routes or diversion options when con-
ditions deviated from the original plan. FINDER used structured knowledge
rules and an A*-based optimization mechanism to evaluate candidate routes
according to criteria such as fuel requirements, airspace restrictions, and op-
erational feasibility. A central element of the system was its explanation and
dialogue component, allowing pilots to query why a particular option was sug-
gested and to engage in “what-if” exploration. Although FINDER was not
deployed operationally, it remains one of the most detailed attempts to design
an intelligent cockpit assistant capable of dynamic replanning. FINDER also
demonstrates that explainability and interpretability are not afterthoughts but
rather important design principles in cockpit decision support. Its architecture
shows that such qualities are essential for DSS of this type, reinforcing their
inclusion as core requirements in the methodology being developed in this work.

The CASSY and CAMA prototypes [203] represent an exploration of cognitive
automation in aviation, with the aim of designing cockpit assistants that reason
in a manner closer to human decision making. These systems were built around
Rasmussen’s model of human cognition and introduced modules for environ-
ment interpretation, pilot intent monitoring, conflict detection, and dynamic
mission planning. Unlike traditional automation, which follows predefined
rules, these assistants attempted to interpret evolving situations, detect devia-
tions from expected behavior, and propose proactive solutions. CASSY/CAMA
treated the assistant as a “third crew member,” supporting—but not replac-
ing—the pilot’s judgment, particularly under high workload or rapidly chang-
ing conditions. Although still conceptual prototypes, they demonstrate a shift
toward context-aware, cooperative decision support. This directly relates to
the aims of this thesis: embedding structured reasoning, uncertainty handling,
and interpretable recommendations within a system that remains subordinate
to human expertise during time-critical operations such as alternate-airport
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selection.

The 2020 study on enhancing diversion airport selection [298] presents a more
recent approach to improving the decision process during diversion scenarios.
The methodology focuses on integrating real-time operational constraints, such
as runway performance data, weather conditions, aircraft limitations, and air-
port serviceability, into a structured evaluation framework. A key element of
this approach is the construction of an Airport Diversion Risk (ADR) score,
defined as a weighted combination of seven predefined risk elements. In their
formulation, each element is represented by a severity score S; and a corre-
sponding availability or status index A;. The overall diversion risk is computed

as
7

ADR =) "5, A, (3.7)
j=1

where each term reflects a different operational factor, such as meteorological
risk, aircraft performance constraints, fuel state, or airport service availability.
Airports with lower ADR scores are preferred because they represent lower
operational diversion risk. While the structure is transparent and easy to in-
terpret, it relies on manually specified weights and a linear combination of fac-
tors, which limits adaptability and may oversimplify the interactions present
in rapidly evolving, time-critical scenarios. Another critique of the proposed
methodology is the fact that it simply highlighted criteria and proposed their
weighted sum without providing the actual weights or specifying how they could
be obtained.

As can be observed from these real-world concepts and methods, there is a clear
interest in approaching alternate-airport selection and time-critical decision-
making problems more broadly using structured support tools, especially in
the field of aviation. However, many of the existing concepts are either purely
conceptual or too rigid, relying on rule-based systems in environments that
would benefit from more adaptable, data-driven approaches. Finally, it is
noteworthy that the CASSY and CAMA systems place particular emphasis
on transparency in their decision-support concepts, a sentiment that is shared
and further developed in this work.

3.5 Summary of this Chapter
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This chapter reviews decision-making in emergency management with a focus
on MCDM, AI , and their integration into decision-support systems. It be-
gins by presenting how MCDM methods have been applied across all phases
of emergency management, including logistics planning, public health crises,
natural hazard assessment, resilience evaluation, and post-disaster recovery.
These applications demonstrate MCDM’s ability to combine diverse informa-
tion, handle uncertainty, and provide structured guidance for complex choices.
At the same time, the chapter highlights key limitations, such as the static
nature of many models, the difficulty of processing heterogeneous and dynamic
information, and the limited ability to capture interdependencies between at-
tributes—factors that are particularly critical in rapidly evolving emergency
scenarios and time-critical emergency decision-making and that this thesis aims
to adress.

The chapter then examines the role of Al in emergency contexts, outlining
how machine learning techniques have been applied to predict hazards, sup-
port real-time decisions, and enhance situational awareness. Examples include
earthquake and flood prediction, wildfire monitoring, and human detection in
search-and-rescue missions. While these studies underline the potential of Al
to uncover patterns and improve decision support, challenges remain regarding
data scarcity, robustness, trustworthiness, and explainability. Ethical consider-
ations are also central, particularly the need to address issues of bias, fairness,
accountability, and privacy when deploying Al systems in high-stakes envi-



ronments where human lives are at risk. Of particular note are aspects such
as robustness from a performance standpoint, given that in a dynamic envi-
ronment like alternate-airport selection, intelligent DSS should be capable of
adapting to changing circumstances and providing resilient suggestions for a
course of action. Furthermore, the inclusion of elements such as accountabil-
ity, trustworthiness, and transparency is vital if Al-based systems are to be
employed in emergency decision-making.

Next, the chapter explores the integration of AI and MCDM, where hybrid
approaches combine the strengths of both. AI can support tasks such as cri-
teria extraction, modeling interdependencies, and learning parameters from
data, while MCDM provides a transparent framework for structuring and ex-
plaining results. Integrated decision-support systems are presented to illustrate
how these approaches can be applied in practice, but unresolved challenges re-
main, especially regarding adaptation to changing conditions, maintaining in-
terpretability, and ensuring robust cooperation between human decision-makers
and automated systems.

Finally, the chapter turns to the aviation domain, where decision-making under
pressure is most evident. Mental models such as DECIDE, FOR-DEC, T-
DODAR, and PIOSEE illustrate the structured approaches that pilots use to
make critical judgments under stress. These frameworks are complemented by
cockpit decision-support systems such as FINDER, CASSY, and CAMA, which
highlight how knowledge-based reasoning and cognitive automation can assist
crews in complex and time-critical situations. Together, these examples show
both the interest in the topic and the relation to practical problems, as well as
some of the challenges faced when designing a system that can handle atypical
scenarios.

59



60



Part 11

Methodology Development

61






4 Approach Development

This chapter illustrates the steps taken to address some of the challenges as-
sociated with MCDM in time-critical emergency applications. It explores the
authors publications, highlighting the lessons learned in each paper and how
it relates to the problem. By doing so, the chapter illustrates the progression
of ideas, methods, and practical considerations. The aim is to showcase how
certain challenges associated with the problem were addressed and provide a
clearer train of thought as to why certain approaches were employed.

4.1 Bi-objective optimization problem

The following is largely based on the author’s paper “Description and First
Evaluation of an Approach for a Pilot Decision Support System Based on Multi-
attribute Decision Making” [77],

4.1.1 Main ldea

Having identified the need for an approach to help decision makers in time-
critical emergency contexts, both as a gap in the literature and as a real world
need as shown by pilot interviews in [279], the initial idea was simply to de-
termine how to weigh the specific factors in a weighted-sum style. This was
a straightforward concept and aligns well with the AT and MCDM literature,
which often uses AI or similar methods to learn how to weight the factors and
then incorporates these learned weights into an automation mechanism that
uses them to rank possible options.

In [77], a two-stage approach was proposed. In the initial stage, the avail-
able alternatives are assessed and filtered so that only the most viable options
remain. In the second stage, the system uses the learned weights to appropri-
ately assign a score to each option and thus provide the decision makers with
a ranking and, by logical extension, a recommended go-to option. A visual
representaion of the approach is shown in Figure 4.1.

The goal was to develop and conduct an initial evaluation of this approach and
explore whether it could serve as a component of a pilot decision-support system
based on MCDM methods, addressing the dynamic alternate-airport selection
problem. The aim of such a system would be to quickly provide decision-
makers with a course of action during an emergency in an effort to salvage
a failed mission. The term ’'mission’ in this context refers to the successful
transportation of goods and/or passengers from point A to point B. Thus, by
salvaging the mission, the idea is that the approach and any system built upon
it will help the decision makers (in this case, the pilots) make a decision that
aims to achieve the best possible outcome in the predicament they have found
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themselves in.

4.1.2 Optimization Problem description

To include both a filtering mechanism and a way to determine the weights for
the features, the decision-making problem was reframed as a scenario-based
bi-objective optimization problem consisting of the following objectives:

1. Risk, which indicates the extent to which the decision affects the safety
requirements.

2. Cost, which measures the financial implications of the chosen airport.

Using these criteria, in the initial stage, the options are filtered so that only
those that are part of the Pareto front (that is, the best trade-off between the
objectives) remain. In the next stage, these objectives are used together to
determine the weights of the factors.

Within the paper [77], the risk was initially expressed as:

1 1
Risk= ————— +cw + — 4.1
(ldhave - ldneed) fr ( )

where ldpqve and ldy,c.q denote the available and required landing distances,
respectively, cw is the crosswind component in knots at the alternate airport,
and f, refers to the remaining fuel upon arrival at the selected airport.

However, for various critical situations, a piecewise definition was used to ensure
that particularly dangerous combinations are assigned a significantly higher risk
value:

12 if cw > 38 kn

15 if ldyeeqd > ldpave

20 if f. <1600 kg

25 if ldpeeqd > ldpave and cw > 38 kn

30 if ldpeeq > ldpave and fr. < 1600 kg

35 if ldpeed > ldhave, fr < 1600 kg, and cw > 38 kn

-

Risk =




Cost objective

Clarification on how the
objectives relate to one another

To account for the different scales of these variables, the landing distance and
fuel values were normalized on a scale of one to ten, while the crosswind values
were normalized from zero to one. This ensures that the combined risk function
remains positive and that each component contributes meaningfully and pro-
portionally: for example, an increase in crosswind always results in an increase
in the risk value. The thresholds and normalization ranges were chosen based
on findings from pilot interviews [279] and the Airbus Flight Crew Operating
Manual (FCOM) [13].

The cost is defined as:

Cost = (dplanned - dactual) X Cf + fu (43)

where (dpianned—dactual) Tepresents the difference between the aircraft’s planned
final position and its actual final position, i.e., the gap between where the air-
craft was intended to land and where it ultimately did. The underlying idea is
that a larger deviation from the original plan results in higher financial costs
for the airline, as passengers may need to be compensated, accommodated,
or rerouted to reach their intended destination. The cost factor c¢f, which is
currently set to 1, allows airlines to adjust the model to better reflect their
specific cost structures if needed. The term f,, accounts for the fuel consumed.
It should be noted that the purpose of these risk and cost metrics is not to pro-
duce precise or absolute figures but rather to capture the key considerations
that pilots are likely to weigh when making time-critical decisions.

Given how the objectives are formulated, some clarifications are necessary re-
garding their dependence on the positions of the aircraft and the airports.
According to the flight crew operating manual (FCOM) [13], the landing dis-
tance required for an aircraft depends greatly on its mass and the condition of
the runway. The mass of the aircraft can be seen as consisting of two parts: the
passengers and luggage, which remain constant, and the fuel on board, which
changes during flight depending on the distance flown. In addition, the con-
dition of the runway, its length, and the prevailing wind conditions all depend
on the specific airport, meaning they are tied to its location. Therefore, the
key variables linking both objectives are the locations of the airports and the
aircraft, along with the initial fuel load. The objective values were structured
and presented in this way to reflect the type of information and variables that
would realistically be available and relevant to a human decision maker, such
as a pilot. In this sense, the components of the objective functions represent
higher-level factors that already incorporate other variables within them.

4.1.3 Tackling the Optimization Problem

To learn how to weigh the relevant factors, a scenario-based approach was
employed in which a dataset of decision-making scenarios was created. Simply
put, a dataset of possible decision-making problems was and used as a dataset
in order to learn how to weigh the factors such that they would be applicable
in a wide range of emergency scenarios.

Regarding this scenario-based dataset, a weighted sum was employed to deter-
mine the option chosen for a specific scenario based on the best value. Mathe-
matically, the choice for a scenario S; can be expressed as:

where W represents a vector of weights corresponding to the m number of
characteristics of the options/airports, within scenario S;, i.e., @ € R is an m
dimensional vector. The goal is to find a weight vector  that minimizes the
following objective functions:

min Riskavg(’u_f), COStavg(u_j)

(4.5)
s.t. er;l w; = 1
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Scenario Dataset

where Riskq.,, and Coste,g are the average risk and cost values for the whole
data set, i.e.,

1 m

Rishiaug() = 1 > Risk; (4.6)
1=1
1 m

Costapg (W) = z Z Cost; (4.7)
=1

where the Risk and Cost values for an airport/option are calculated based
on equations 4.1 and 4.3. As can be seen, the learning of the weights can be
condensed to a MOOP.

Since real-world aviation data is highly sensitive and not readily available, with
limited well-structured datasets regarding emergency scenarios, the scenario-
based dataset was created using information from the pilot survey [279] and
the flight crew operating manual [13]. The dataset consisted of many scenarios,
each representing a moment in which pilots must make a decision under certain
conditions.

Each scenario was structured as an nxm matrix S; with n = 11 representing the
major commercial airports in Germany. One airport was always the planned
destination and therefore unavailable as an alternate [274]. The remaining
m = 6 features describe the conditions at each airport:

e Longest runway length available [m].
e Wind speed at the location of the airport [kn].
e Wind direction at the location of the airport [°].

e Status of the runway, expressed as a value from 0 to 6 4.1.

Distance from current aircraft position to planned destination [nm)].

Distance from current aircraft position to appropriate alternate airport
[nm].

Runway lengths were sourced from the BlueSky ATC Simulator Project [123].
Wind speed, direction, and runway status were generated using Latin hyper-
cube sampling within defined ranges:

e Wind speed, 5 to 45 [kn].
e Wind direction 0 to 359 [°].

e Runway status from 0 to 6, see Table 4.1.

Higher wind speeds were favored to make the scenarios more challenging. Wind
speed and direction were transformed into crosswind and tailwind components
to better reflect how pilots interpret wind data, as illustrated in Figure 4.2.

For each scenario, the aircraft’s position was defined using realistic flight plans
between airports. These plans were taken from an online flight planner used
by amateur pilots [204]. In total, 26 routes were created connecting the 12
airports, with waypoints selected within the cruise phase of each flight, shown
in Figure 4.3, to simulate realistic decision points. The most frequent routes
were determined using data from FlightRadar24 [101].

The fuel required was calculated by simulating the flights, from take-off to
landing at each of the possible available options. The custom-made simulation
only encompasses the Airbus A320 aircraft and makes use of information from
the Airbus A318/A319/A320/A321 Flight Crew Operating Manual [13], the



Table 4.1: Airport estimated
runway condition assessment.

Figure 4.2: Relative wind
direction representation, adapted
from [77]

Code Runway condition description Reported
braking action

6 Dry Dry

5 Wet or damp surface; up to 1/8” (3 mm) of slush, dry Good
snow, or wet snow

4 Frost; compacted snow (outside air temperature at or Good to medium
below —15°C)

3 Slippery when wet; more than 1/8” (3 mm) of dry snow Medium

(max. 57 / 130 mm) or wet snow (max. 13” / 30mm);
compacted snow (outside air temperature above —15°C)
2 More than 1/8” (3mm) of water (max. 1/2” / 12.7mm) or Medium to poor
slush (max. 1/2” / 12.7mm)
Ice (cold and dry) Poor

0 Wet ice; water on compacted snow; dry or wet snow over Nil
ice

90°  Crosswind
Sampled vector
wind vector

Tailwind
component

Eurocontrol A320 performance database [88], and consultation with a pilot
employed at the DLR.

In summary, each scenario represented a snapshot of a situation in which a
diversion decision must be made. Twelve airports were considered, one of which
is always unavailable. Each airport option was defined according to the key
features described above. Combining 100 variable combinations for wind and
runway conditions with 26 flight plans resulted in a dataset of 2600 scenarios,
structured as the tensor Dy, p

4.1.4 Result analysis

For the determination of the weight vectors w, the NSGA-II algorithm [70]
was employed. The experiments were conducted using the python framework
pymoo version 0.5.0. [38]. The algorithm was run 31 times to control for the
heuristic component element of the NSGA-II algorithm.

A cumulative Pareto front, as presented in Figure 4.4, was created by compil-
ing the non-dominated solutions identified across all 31 runs. From this figure,
it can be seen that the solutions tended to cluster near the extreme ends of
the objective axes, leaving a noticeable gap in the central region. One possi-
ble explanation for this pattern is that the basic weighted sum approach may
not have been able to fully capture the complexities of the trade-offs involved.
Additionally, the choice of hyperparameters likely contributed to this distribu-
tion, and applying more refined hyperparameter tuning could help generate a
smoother, more continuous front. In the paper, it was specified that greater
focus should be placed on solutions with average risk values around 8 or lower.
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Constant: FL350

L,

Cruise directly
to airport

Take off Cruise Decent

Figure 4.3: Phases of a flight,
adapted from [77]

Selecting solutions with minimal cost but risk levels exceeding 8 was deemed
unwise, as such values would come dangerously close to catastrophic failure.
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runs of the algorithm, adapted 4.1.5 Lessons Learned
from [77]

The paper served as an initial investigation into how an MCDM problem
could be addressed under uncertain, time-sensitive, and atypical situations in
which the decision-makers represent multifaceted interests, are directly embed-
ded in the situation, and will bear both the responsibility for and the con-
sequences of the outcome. The limitations of traditional MCDM approaches
were identified as making them unsuitable for such emergency scenarios, and a
decision-support-based approach was explored. This approach considered how
the decision-making strategy could be determined in advance and then, when
needed, called upon to provide assistance in reaching the final decision, similar
to the automation-focused AI-MCDM hybrid methods.

Data availability 'The paper highlighted a common issue regarding data availability, noting that
certain types of data, such as those related to emergencies, are less common,



Factor constraints

less accessible, and often have more problematic distributions. It also empha-
sized that real-world problems must contend with legal, safety, and practical
constraints when gathering data. To address this, a scenario-based approach
was employed, using synthetic data generation techniques informed by expert
knowledge and other available sources to produce suitable inputs. The work
further demonstrates that many real-world problems will not come with clean,
ready-to-use datasets. Instead, it is often necessary to aggregate information
from different sources to construct inputs that the model can learn from and
that match the type of inputs the system will encounter when put to use.

Through the bi-objective formulation, what could be observed is that in safety-
focused fields (and perhaps many that deal with emergencies), there are certain
factors that need to be satisfied to a certain degree while optimizing the other
goals as much as possible. Additionally, soft constraint mechanisms are also
necessary as scenarios may arise in which all options break certain constraints,
thus eliminating the possibility of simply filtering all options based on con-
straint violations.

4.2 Multi-objective Multiplexer and Context

Multiplexer problem

The following is largely based on the author’s paper “Multi-objective Multiplexer
Decision Making Benchmark Problem” [76],

4.2.1 Main ldea

Inspired by the alternate-airport selection problem, which the paper defines
as the Dynamic Alternate Airport Selection (DAAS) Problem, and recogniz-
ing parallels with the well-known multiplexer problem, a new scalable multi-
objective benchmark problem was proposed. The Multi-objective Multiplexer
Decision-Making Benchmark Problem was developed to enable the exploration
of a multi-objective decision-making problem that is decoupled from the real
data requirements of the DAAS Problem, given that data from the aviation
industry is not easily obtainable. Although similar benchmark problems have
been proposed [52], they have typically been defined with a fixed number of
objectives and cannot easily be scaled to larger or more complex scenarios.
This is further compounded by the fact that they are often designed around
simplified games, which is common practice in the reinforcement learning field.

The new benchmark combined two well-known problems from the literature:
the multiplexer problem [146] and the DTLZ problem [71, 68]. The multiplexer
was selected for its incorporation of interactions between its features and its
heterogeneous structure. This was conducted due to its similarity with the
way pilots must prioritize different airport characteristics depending on the sit-
uation. The DTLZ problem was included because it captured the trade-offs
inherent in the pilot’s decision-making process and due to its known Pareto
front, which can be scaled as necessary. Thus, the benchmark problem was
designed to reflect the challenges seen in the DAAS problem while remain-
ing conceptually straightforward, scalable, and suitably challenging as a test
problem.

4.2.2 Component problems

To provide a better understanding of the newly proposed benchmark problem,
a short primer will be given on both the multiplexer and DTLZ problems.

The n-bit multiplexer is a classic benchmark problem for LCS. It is a Boolean
function defined over a binary string of length n = k+2*, comprising k address
bits and 2* data bits, also called register bits [259]. Conceptually, the multi-
plexer is based on an electronic multiplexer circuit in which the address bits
select one of the data bits, and the output is the value of that selected data
bit. In this problem, each input instance is a binary string, and the task is to
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Example Instances
from Training Data

State
010110
111110
000100
100010
100000
110001

000000

Class

o = O = O O =

predict the single output bit, usually thought of as a class label, determined by
this addressing scheme.

A typical example used in demonstrations is the 6-bit multiplexer (here, k = 2,
so n = 6). This instance has 2 address bits and 22 = 4 data bits. In the
example, the input 010110 is split into an address part 01 and a data part
0110. The address 01 (binary for 1) points to the data bit at index 1 (counting
from 0) in the data part. The data bits in this example are 0110, and the bit
at index 1 (the second data bit) is 1. Thus, for this input, f(010110) = 1.

-

. 010110:1

N

6-bit Multiplexer Class Determination \ ( Address Bit Key )

Register Bits 00 — 0

| 01=1
10 =2

S
Address Bits

ID of register
bit that

determines the
/ class value

% Each instance has 6 binary digits (bits).

+« Addresses bits point to one of four registered bits.

+«¢ The value of the target register bit determines the class value.

+ For a given instance, only 3 out of 6 bits are used to determine
the class value

Figure 4.5: 6-bit Multiplexer
Problem Example, adapted from

[259]

In general, for the 6-bit multiplexer, an address of 00 (decimal 0) selects the
first data bit, 01 (decimal 1) selects the second data bit, 10 (decimal 2) selects
the third, and 11 (decimal 3) selects the fourth data bit as the output. The
same principle extends to any n-bit multiplexer: for k address bits, there are
2% possible address values (contexts), each selecting one corresponding data bit
to determine the output.

Learning algorithms is challenging for the multiplexer problem because of its
epistatic structure [259] whereby epistasis means that the output depends on
an interaction of multiple bits rather than any single feature in isolation. In
a multiplexer, knowing the value of any one bit alone provides no information
about the class label, thus the contribution of a given bit to the output is only
meaningful in conjunction with others. For instance, the value of a particular
data bit matters only when the address bits point to it, and conversely, the
address bits only indicate the output when combined with the corresponding
data bit’s value.

Aside from epistasis, the problem is also characterized by heterogeneity , mean-
ing that different subsets of features determine the class in different instances.
Each unique address value defines a distinct context in which a different data
bit becomes the relevant feature for predicting the output. Thus, the function
effectively consists of 2¥ local sub-functions (one for each address context), each
involving an interaction of k + 1 bits (the k address bits plus one data bit).

These characteristics have resulted in the multiplexer being a difficult function
for many machine learning methods to learn [249]. Nonetheless, the multiplexer
has served as an important and rigorous test for LCS algorithms, precisely be-
cause it encapsulates high-order feature interactions and context-specific fea-



DTLZ benchmark problem

Figure 4.6: NSGA-II population
on the DTLZ?2 test problem

ture relevance in a clean, scalable form [259]. The presence of varying im-
portance between the factors depending on the situations is what makes the
multiplexer problem and DAAS problem so similar. Namely, in the DAAS
problem, the characteristics of the actual aircraft, i.e., its position, fuel level,
altitude, and planned mission, represent the address bits. They dictate which
characteristics representing the airports should be considered more and by how
much more. This is one of the reasons that the multiplexer problem was chosen.

The DTLZ benchmark problems were introduced by Deb et al. in [68] and
further expanded in [71]. In these works, the authors describe a bottom-up
approach for constructing test problems: the shape of the Pareto-optimal front
is defined first, and the objective space is then formulated accordingly. The
suite includes multiple problems, labeled DTLZ1 through DTLZ9, distributed
across the two papers. For the purposes of this work, only the DTLZ2 problem
is illustrated. The DTLZ2 problem is defined mathematically as follows:

min(f1(Z)) = (1 + g(xm)) cos(x17/2) ... cos(Tpym—17/2),
min(f2(Z)) = (1 + g(xm)) cos(x17/2) . .. cos(xm—om/2) sin(xy,—17/2),
min(f3(Z)) = (1 + g(zm)) cos(x17/2) ... sin(xm—_o7/2),

min( (7)) = (1 + g(wm) sin(z17/2),
where

g(xm) = Z(xi—O.S)Z, 0<wz; <1, i=1,...,n.

T;iE€ETm

In this formulation, & is a vector containing k¥ = n — m + 1 variables. The
Pareto-optimal solutions occur when z; = 0.5 for each x; € x,,, ensuring
that the objective values satisfy the condition Y..", f2 = 1. Figure 4.6 shows
an example of the DTLZ2 problem tackled by the NSGA-II algorithm for a
case with three objectives. Including a multi-objective optimization element
like this reflects the trade-offs pilots must weigh when selecting an alternate
airport during dynamic decision-making.

1212
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Figure 4.7: General structure of
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the MOMP, adpated from [76]
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4.2.3 Multi-objective Multiplexer Decision Making Benchmark Problem
description

In [76], the Multi-Objective Multiplexer Problem (MOMP) was defined as a
multi-objective, multi-class classification task in which the aim is to select the
correct class—choosing the appropriate option from a set of possible alterna-
tives. This problem is designed as a synthetic dataset, in which each instance
is composed of a sequence of positive real numbers, in a similar vein to the
multiplexer problem. Hence, each instance follows a structure similar to the
traditional multiplexer problem. It consists of two main segments:

1. Context section, which is meant to mimic the adress bits from the mul-
tiplexer problem.

2. Alternatives section, which mirrors the register bits.

A visual overview of the general layout of the MOMP is presented in Figure 4.7.

In the example shown, the string of numbers represent a single instance drawn
from a dataset that can be easily produced synthetically. The correct context
values indicate the positions of the objective values that lie on the Pareto front,
which, in this design, are taken from the DTLZ problem, satisfying the condi-
tion >, f? = 1. The total number of possible choices equates to the number
of unique ways the alternative values can be arranged. The total number of
classes or possible selections is given by (Z), where n is the number of alterna-
tive values, and k is the number of objectives. The number of context variables
depends on the number of objectives, which is left to the user’s discretion.
Combinations rather than permutations are used to ensure that there is only
one Pareto-optimal selection for each case. One additional detail is that the
objective values are always positioned from left to right as they appear in the
sequence. The possible options are then derived from the combinations of the
remaining alternative values. The method for generating these decision combi-
nations can be chosen freely, but it is essential that the same method is applied
consistently across the entire dataset. For instance, decision one could always
mean selecting the first and second values in the sequence in that specific order.

To increase the challenge and to blur the distinction between context and alter-
native parts, the context values are substituted with numbers that fall within
predefined ranges. This design choice reflects real-world conditions such as the
DAAS scenario, where distinguishing relevant variables can be difficult. This is
accomplished by dividing an interval, such as the range from 0 to 1, into equally
sized sub-intervals that match the number of available alternatives. For exam-
ple, as shown in Figure 4.7, if four alternatives are possible, the range is divided
into segments of size 0.25. A context value of zero may then be replaced by any



Figure 4.8: Final MOMP,
adapted from [76]
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number within the interval [0, 0.25]. The complete version of the benchmark
problem is shown in Figure 4.8.

MOMP is formulated as a multi-objective optimization problem with the aim
of minimizing the objectives. The specific goal is to find

min(Fl,Fg, Fg, ey Fm)

where each F), is calculated as the average of all values for objective m across
the complete dataset of length n:

Essentially, the overall aim is to determine the decisions that minimize the
objectives across the entire dataset.

4.2.4 Lessons Learned

In this paper, the alternate-airport selection problem is more formally defined
and termed the DAAS problem, which will be the term used moving forward.
It also showcased a scalable benchmark problem that combined elements of
two well-established problems from neighboring areas in the literature, which
together reflected significant similarities to the practical DAAS problem.

Aside from proposing the new MOMP benchmark problem, the key insight
from this paper that relates to MCDM is the incorporation and emphasis on
context within decision-making. Namely, it recognizes that the options avail-
able and their factors are viewed differently depending on the context in which
they are being made. In fact, the paper argues that the use of preference-
elicitation methods such as weight vectors, pairwise comparison, and preference
points serve to both express decision-makers’ preferences and encode context-
related information within the problem. This is of great importance to atypical
decision-making problems such as those in emergencies, as it is likely that these
contexts will be varied and therefore of greater importance to the decision-
making process. For example, in the DAAS problem, the same set of alternate
airports with the same defining factors would be viewed rather differently if
the pilots also had to consider an engine failure or a medical emergency. This
context lens shapes the way in which the options are viewed. Hence, one of the
greater contributions from this paper is the integration of the context aspect
within the scenario-based approach for MCDM in time-critical emergencies, al-
lowing for decision-making approaches and strategies to also take into account
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the circumstances in which the decisions are being made and thus have greater
adaptation to the decision-making problem at hand, which is an important
consideration in decision-making in emergency and time-sensitive scenarios.

In the paper to tackle the MOMP problem and an LCS was used as an initial
method to tackle the problem. The LCS was used as it was one of the meth-
ods closely associated with the multiplexer problems while also being a model
characterized by its explainability due to its more transparent and rule based
structure. Due to this it became one of the models of greater interest going
forward.

4.3 Learning Directly from Decision-Makers
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Dataset acquisition

MCDM scenario characteristics

The following is largely based on the author’s paper “Wings of Wisdom: Learn-
ing from Pilot Decision Data with Interpretable AI Models” [80].

4.3.1 Main ldea

Given the somewhat limited availability of data, the aim was to go directly
to the source and determine what information could be collected and how it
might be applied within an AI-MCDM hybrid framework. To achieve this, a
survey was carried in which pilots were asked to resolve possible variants of
the DAAS problem. The resulting dataset would then serve to explore how
interpretable AT models, such as the LCS, could be trained on this information
and potentially integrated as a component in systems that could offer decision
support.

4.3.2 Dataset

The dataset was initially collected to gather greater information about the
importance of certain factors regarding the DAAS problem based on a mas-
ter’s thesis entitled “Are there any factors that make the pilots’ decisions pre-
dictable? An analysis of the impact of conditions on the choice of alternate
airports” [141]. The data collection process relied on an anonymous online
questionnaire using LimeSurvey [166]. This survey ran from October 28 to
November 12, 2022, and gathered responses from 46 participants. Recruitment
was performed via direct email invitations sent to contacts listed in the Insti-
tute of Flight Guidance’s mailing list, with no monetary or other incentives
offered to participants.

The study included the following components:

e A single inclusion condition: an active type rating for the Airbus A320
family (binary response).

e Sociodemographic details: birth year and gender.

e Questions on professional experience: total flight hours, hours flown in
the preceding year, flight hours on the A320 type, and current pilot rank.

e A set of twelve decision-making scenarios.

In each of the twelve scenarios, the participants were asked to rank three possi-
ble alternate airports according to their preference in the event of a mid-flight
diversion. The underlying reason for the diversion was intentionally unspeci-
fied, and scenarios operated on the assumption that the aircraft remained fully
operational without any technical issues. To maintain standard conditions,
each scenario described the same baseline context:

An Airbus A320 carrying a full passenger and baggage load amounted to a
total weight of 64.5 tons at its maximum allowable landing weight, cruising
at FL350. Weather conditions were set to standard ISA, with calm winds
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until reaching the alternates. Landings were to be performed manually, with
autothrust disengaged, medium auto brakes, and reversers in use. This setup
ensured that the aircraft’s operational status reflected an average, realistic
configuration for this type.

Each of the twelve scenarios included detailed information on the relevant air-
port characteristics:

1. Distance between the original destination airport and the alternate.

2. Landing performance indicator, translating runway surface conditions
(e.g., wet, icy) into expected landing behavior.

3. Margin between the available runway length and the aircraft’s required
stopping distance.

4. Crosswind component at the airport.
5. Tailwind component, calculated using wind direction and speed.

6. Fuel reserves remaining when reaching the alternate’s airspace, relative
to the minimum regulatory requirement.

7. Total number of runways available at the alternate.

To minimize bias, each airport was labeled with generic two-letter codes, pre-
venting pilots from being influenced by personal experience or preferences
linked to real airport names. The scenarios were purposefully designed to be
challenging, including more extreme cases where the optimal choice was less
obvious. As discussed in [141], these complex scenarios aimed to reveal deeper
insights into the trade-offs pilots make when balancing various airport factors.
The scenarios were also classified as either difficult or very difficult, with diffi-
culty defined by how close the parameters came to exceeding standard safety
margins.

Figure 4.9 presents the Rank 1 airport preferences chosen by the pilots for each
scenario. It should be noted that although a total of 46 pilots participated in
the study, not every participant completed all scenarios, which accounts for
the slight variation in the number of responses visible in Figure 4.9. The figure
shows that in several scenarios, participants tended to agree more strongly,
resulting in clearer preferences. However, in some cases, such as scenarios S7
and S9, the difference between the airport most frequently ranked first and
the second most preferred option is relatively small, which indicates that the
level of agreement was lower. Despite these occasional differences in individual
responses, the dataset remains highly valuable as it captures insights from
experienced professionals, making it a robust source of information for training
and evaluating models.

In the study described in [141], the scenario data were mainly analyzed by
considering all airport options as separate entries within one comprehensive
dataset. While there was some examination of each scenario as an individual
unit, this was addressed to a lesser extent. To gain more detailed insight into
the factors shaping the pilots’ decisions, an additional approach was used in
which each scenario was treated as its own subset within the dataset. The first
step in this process involved simplifying the target variable. Instead of working
with three separate variables representing each ranking, the pilots’ responses
were combined into a single score for each airport. This score was created by
incorporating all three ranks as follows:

R2(ai) + R3(ai)

SC(GJ = Rl(a» + 9 3

(4.8)
In this equation, a; represents a specific airport, and Rm corresponds to the

ranking position from the survey results. This scoring method makes it possible
to include the influence of all ranking positions rather than only focusing on the
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Figure 4.9: Distribution of pilots’
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top airport selections, adapted

from [80]
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first choice. This approach is especially important since Figure 4.9 indicates
that for certain scenarios, there is no clearly dominant choice.

Once the new scores were calculated, Pearson correlation coefficients were de-
termined for each scenario and then averaged. To ensure that these correlation
values were suitable for further analysis, Fisher’s z-transformation [99] was
applied. This transformation adjusts the variance and normalizes the distribu-
tion, which makes the results more robust. This method allows the possibility
of evaluating the impact of individual features across all scenarios, as shown in
Figure 4.10.

The results demonstrate that the Marginal Landing Distance and Related
Landing Performance are the strongest factors influencing pilots’ decisions,
with correlations approaching 1. This outcome is consistent with operational
reasoning, given that having an adequate landing distance is critical to avoid-
ing runway excursions. A runway excursion is an incident in which an aircraft
unintentionally leaves the runway during takeoff or landing. This can happen
for various reasons, including challenging weather conditions, pilot error, or
technical issues. Such incidents can involve the aircraft overrunning the end
of the runway, veering off the side, or completely leaving the runway surface.



Figure 4.10: Average feature
correlations, adapted from [80]
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These situations pose safety risks and often lead to further investigation to
identify causes and improve procedures. The strong correlation observed for
Related Landing Performance is also logical, as runway surface conditions di-
rectly affect the aircraft’s braking effectiveness, which plays a significant role
in preventing excursions.

Another interesting finding is that both crosswind and tailwind factors are
negatively correlated with the preferred airport choices, with crosswind hav-
ing a greater influence than tailwind. It was initially expected that tailwind
would have a larger impact because strong tailwinds can make landing more
difficult or unsafe under certain conditions. However, the results suggest that
crosswind conditions are more strongly linked to pilots’ decisions than previ-
ously assumed, showing the complex relationship between wind factors and safe
landing performance.

4.3.3 Training Dataset Generation

Having developed a clearer picture of the dataset’s structure, the next step is
to consider how it can be leveraged to train the model. The scenarios assessed
by the pilots were intended to approximate real-world decision-making tasks,
though in a simplified format. Due to practical constraints related to time
and resources, only a limited number of scenarios could be directly evaluated.
However, relying exclusively on such a small, narrowly defined dataset may
limit the model’s ability to generalize effectively. To ensure the model can
handle a wider variety of decision situations, it should be trained on data that
extends beyond the original set of scenarios. To address this, a larger train-
ing dataset was developed by generating additional scenarios. This involved
sampling from the pool of available airports and their characteristics and com-
bining these into new sets of three-airport scenarios. Care was taken to avoid
duplicate airports within each generated scenario. Through this process, and
given that 12 x 3 = 36 unique airports were available, a total of 988 new sce-
narios were created. These were then combined with the initial 12 scenarios,
resulting in a final training dataset of 1,000 scenarios.
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Preference inconsistency

Unlike the original evaluated scenarios, this expanded set initially contained
only unlabeled data. In this context, “unlabeled” means that no ground-truth
ranking or correct choice had been assigned to these new scenarios. The original
idea was to treat this as a reinforcement learning problem, where an agent
learns optimal behavior through iterative feedback in the form of rewards and
penalties. However, since this task is a single-step problem—meaning the agent
needs to make only one decision per scenario—it was more practical to convert
the dataset into a labeled format.

This labeling was achieved by applying a weighted similarity measure to each
airport option within the new scenarios. The evaluation score for a given option
a in scenario S was defined as:

—

EV(ah Sn) =

min (L, 0j

where, n represents the index of the scenario, while d,;,, (T, b:) denotes the min-
imum Euclidean distance between the current input scenario S and b;, which
is the jth row in the reference matrix b. This reference matrix is composed of
the original twelve scenarios, each flattened so that one scenario corresponds
to a single row.

This approach enables a comparison of the new, unevaluated scenarios with the
reference scenarios based on similarity. Each action (airport choice) in the new
scenario is scored using the original scenarios’ ranking scores, adjusted by their
similarity. The more similar a generated scenario is to an existing evaluated
one, the more its ranking should align with the original pilot responses. This is
quite similar to the case-based approach employed in [164]. Using this method,
each new scenario was assigned a “correct” label, which is simply the airport
with the highest evaluation score. In this way, the initially unlabeled dataset
is transformed into a fully labeled training set, ready for use in model training.

4.3.4 Result analysis

The experiments were implemented in Python version 3.9.6 using the XCSF
Python package [179]. Due to the large number of hyperparameters that need
to be tuned LCS, hyperparameter tuning was performed with a Bayesian op-
timization approach using the Optuna tuning library [14]. The tuning process
employed twenty initial random samples and fifty additional evaluations. To
account for the model’s stochastic behavior, each parameter configuration was
evaluated over thirty-one independent runs, using 10% of the dataset for valida-
tion. The weighted F1 score served as the primary metric for selecting the best
hyperparameter combination. The LCS performance was compared to that of
a random agent. The random agent randomly selects from one of the three
available classes for its prediction. The comparison can be seen on Figure 4.11.
Upon examining the figure, we an observe that the average accuracy of the
LCS lies somewhere between 0.55 and 0.6, which would indicate that it obtains
the correct answer approximately 60% of the time. Although the LCS has a
wider distribution accuracy values, even at its worst, it would still outperform
the random agent. Despite being able to outperform a random agent, the LCS
still has a mildly impressive accuracy.

4.3.5 Lessons Learned

This paper explored how data could be gathered directly from decision-makers
and later used to train an interpretable AI model to support other future
decision-makers in MCDM scenarios. Although the results were not entirely
in line with the initial expectations, the exploration highlighted two important
points that should be taken into account.

One of the more apparent observations from the paper was the inconsistency
between responses for certain scenarios. It is worth noting that there were no
initial expectations set before the investigation regarding the degree of variation



Figure 4.11: LCS accuracy
versus random agent accuracy
taken from [80]
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in the answers; however, the results were surprising. This outcome was under-
standable, as in a complex MCDM scenario like the DAAS problem, different
aspects are likely to be prioritized by different decision-makers, especially when
they are asked to evaluate scenarios individually rather than as part of a group.
This highlights some of the inherent challenges of using data collected as an
amalgamation of many decision-makers rather than from a single, consistent
decision-making process. It also further reinforces the difficulties associated
with data collection, given that having groups of experts treat each scenario as
its own MCDM problem is often too costly and time-consuming.

4.4 Expert considerations

Preference expression

The following is largely based on the author’s paper “Through the Psychological
Lens: Unveiling Biases in Multi-Criteria Decision-Making” [79].

4.4.1 Main ldea

Inspired by the previous revelations about how decision-makers may differ when
confronted with an MCDM problem, a more detailed investigation was per-
formed to more deeply explore the certain psychological considerations that
one should be aware of for MCDM problems involving human decision-makers.

4.4.2 Preference expression and logical consistency

In the paper [79], a greater focus was placed on MADM methods, which focus
more on selecting from a finite set of options and are more in line with the
topics of this thesis and the practical DAAS problem. One of the key consider-
ations when it comes to classical methods hybrids that use of AHP style factor
pairwise compressions methods is their preference-elicitation basis. However,
the concept of preferences itself often remains ill-defined. Depending on the
context, preference can refer to the perceived importance to stakeholders, a
decision-maker’s personal valuation, or simply a choice between alternatives
[152]. This lack of clarity complicates measurement, as different interpreta-
tions may call for different instruments, yet everyday language frequently blurs
these distinctions. As a result, the validity of preference measures can be ques-
tioned, as demonstrated by research highlighting that different methods used
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Logical inconsistencies

What constitutes an experts

Expert knowledge embedding

to assess attribute importance often yield inconsistent results, implying that
they capture different constructs [263].

Another significant challenge related to the consistency of judgments expressed
by decision-makers. Even when preferences appear logically transitive, real-
world assessments often reveal contradictions. For example, a decision-maker
may prefer option A over B and B over C but then rank C over A, violating
the basic transitivity rule. Such inconsistencies can arise from the inherent
variability in how individuals discriminate between alternatives, which is why
Thurstone’s law of comparative judgment proposes repeated evaluations and
mean preference frequencies to construct a coherent ranking [253]. Despite such
frameworks, logical inconsistencies still occur due to factors such as irrelevant
alternatives, uncertainty, or structural dependencies. A body of work has at-
tempted to address the logical inconsistencies in preference matrices. Papers
such as those by Bozoki et al. [40] treat the issue as an optimization problem,
where the goal is to obtain a perfectly consistent preference matrix or one that
is as close to consistency as possible.

4.4.3 Expert and expertise

Many of the MCDM and MADM methods rely on the experience of experts
to provide preferences and rankings that ultimately guide the decision-making
process. However, there is no universal agreement on what defines an expert
in the first place [273, 67]. Defining expertise is inherently complex and varies
greatly across disciplines [122, 262]. Even when a decision-maker has expertise,
it remains uncertain whether their judgments consistently outperform those of
non-experts. One must also consider the biases that experts can exhibit, such
as outcome bias, which experienced professionals like pilots are not immune to
[183]. The reliability of an expert’s judgment heavily depends on the decision
context. If future outcomes can be reliably forecast using past information,
expert judgments tend to be more accurate. Otherwise, non-experts may per-
form just as well [124, 110]. Interestingly, research shows that experts do not
always use more information than non-experts; instead, they tend to weigh the
criteria differently [237]. This suggests that using an extensive list of criteria
is not always necessary to benefit from an expert’s knowledge. Experts seem
to be much easier to identify in fields with many repetitions where feedback on
their performance can be provided within a short time, such as in chess games.
The short duration, clear win conditions, and closed system of chess make it
an ideal context for developing expertise in the game.

An equally important consideration is whether the mechanisms employed in
various MCDM methods can genuinely capture and use the experience of the
decision-maker. Harries and Harvey [115] argue that participants’ responses
often reflect how they believe the criteria should have been applied rather than
how they were actually used in practice. This raises doubts about the extent
to which MCDM techniques can effectively draw on accumulated experience.
However, Riquelme [218] showed that people can articulate their judgment
policies. In an experiment, participants asserted a holistic judgment on whether
they would buy a mobile phone plan and then indicated how they weighted the
criteria they had considered. The comparison between weights derived from the
holistic assessments and the explicit weights provided by participants suggested
that people can reliably describe their own judgment policies. On the other
hand, some MCDM and MADM methods do not even claim to incorporate the
experience of the decision-maker but instead focus on reflecting the interests
and priorities of stakeholders.

4.4.4 Lessons Learned

The key takeaway is that there are serious considerations when employing many
of the traditional MCDM mechanisms and that one should exercise caution re-
garding who the group of experts is. To relate this to the DAAS problem, it
helps explain the results obtained from the data generation step but also raises



some very important questions. Namely, can pilots or broader stakeholders
truly provide reasonable expertise for all emergency situations? Given that
emergencies do not occur frequently and are not part of typical operational
procedures, do the experts have enough relevant experience to be useful? Gen-
erally speaking, we cannot always obtain the ideal data or the perfect group
of experts, so we should attempt to make do with what is available, but it is
important to keep these considerations in mind and make adjustments to try
to address them. Simply stating that this is all the data there is or that these
are the only experts available should not dismiss the very real issues that could
arise from it.

4.5 Reinforcement learning-based approach

Learning Environment

Objective function

The following is largely based on the author’s paper “A Learning Classifier Sys-
tem Approach to Time-Critical Decision-Making in Dynamic Alternate Airport
Selection” [78].

4.5.1 Main ldea

Having examined the use of experts to directly gather data and employing
a more classical approach with the weighted-sum approach, a reinforcement
learning approach was attempted. The approach is undertaken as a scenario-
based formulation in which every scenario also contains information about the
context, i.e., the lens through which the options are viewed lends itself well
to ideas from reinforcement learning. The lack of data, along with some of
the difficulties and problems apparent in data-gathering methods, leads to the
investigation of how reinforcement learning could be used—allowing the model
to learn through trial and error to make the best decisions instead of trying
to simply emulate decision-makers. The idea was to reformulate the problem
as a contextual bandit problem. The inclusion of a context aspect that colors
the decision-making process was evident in both, and the single-step nature
of the contextual bandits aligns well with the more decisive and key MCDM
decision-making focus of the DAAS problem.

4.5.2 Implementation

For the reinforcement learning approach, the 2,600 scenarios generated for the
bi-objective approach were employed, where each scenario was a snapshot of
a situation in which a diversion decision must be made. Twelve airports in
Germany were considered, one of which is always unavailable. Each airport
was characterized by the following attributes:

e Longest runway length available [m].

Crosswind speed at the location of the airport [kn] 4.2.

Tailwind speed at the location of the airport [kn] 4.2.

Fuel needed to reach the airport [kg].

Status of the runway, expressed as a value from 0 to 6 4.1.

Distance from current aircraft position to planned destination [nm].

Distance from current aircraft position to appropriate alternate airport
[nm)].

Utilizing random Latin hypercube sampling, 100 variable combinations for wind
and runway conditions were sampled, along with 26 flight plans for realistic
airport positioning in the sky, resulting in a dataset represented as a tensor

Dk:,n,m-

Employing reinforcement learning necessitates an objective function that would
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provide evaluations on how the chosen recommendations by the model. This
is one of the disadvantages regarding reinforcement learning methods as they
tend to be problem-specific and somewhat of an art form to get right. Taking
the objective functions from the bi-objective approach, we can obtain groups
of objectives according to physical safety considerations and financial costs,
expressed as:

. L1,
Riskgy (W) = Z ;:1 Risk; (4.10)
RS
Costgug(W) = Z ;:1 Cost; (4.11)

where the Risk was calculated as:

1 1
isk = ————————— — 4.12
Ris (Zdhave - ldneed) towt fT ( )

However, for various critical situations, the risk was calculated as follows:

12 if cw > 38kn
15 if ldneeq > ldnave
20 if f. < 1600kg

Risk = ) (4.13)
25 if  ldpeed > ldnave & cw > 38kn
30 if Ildpeeq > ldpave & fr < 1600kg
35 if ldpeeq > ldpave, fr < 1600kg & cw > 38kn
and the cost was calculated as:
Cost = (dpianned — actuat) * cf £ fu (4.14)

The objective functions were very suitable for a very narrow use case, such as
that of the A321 Airbus aircraft, and were limited in the number of factors
they took into account. Additionally, the bi-objective approach always took
risk into account given that it always calculated the runway length needed and
the crosswind. However, many of these factors had hard constraints where
if the runway was sufficiently long, it made no sense to take it into further
consideration. Now, crosswind is always undesirable, and its best value would
be 0; however, there are also technically defined and legal limits for it, so one
could make the same argument for it as well.

The new objective devised was a single objective that essentially combined the
previous objective function. The function that provided the reward for the
model was represented as:

1
i bixet Z;nzl u;

Here, # denotes the input scenario unrolled as a vector, ordered by the con-
text and then the features of each options one after the other. The reward
was defined in terms of bounded and unbounded attributes, more comonly ex-
pressed as attributes with certain constraints associated with them that must
be satisfied and unconstrained attributes that should be optimized as much
as possible. The values b; and u; represent the ¢th and jth elements within

R(7) =

(4.15)

the bounded and unbounded dimensions, respectively. The vector b collects all
bounded attributes, which correspond directly to the active constraints. If any
constraints are violated, the magnitude of the deviation from the permissible
value is recorded within 5, meaning its cardinality variable is dependent on the



number of constraints breached. The scaling factor ¢ = 1 -+ |b| thus equals the
count of constraint breaches plus one. In parallel, @ represents all attributes
without hard constraints that should ideally be optimized.

This reward function formulation is intended to address some of the shortcom-
ings identified in the bi-objective formulation of risk and cost. It maintains
an emphasis on integrating both physical risk elements and economic consid-
erations. This revised structure makes it possible to add as many factors as
one like; thus, thus, for the DAAS problem, greater flexibility is granted to
airlines or aircraft manufacturers. Additionally, this form of reward is robust
across a broad spectrum of conditions. For example, in scenarios in which
most candidate airports are unsuitable from a safety perspective, the bounded
term will dominate the equation, pushing the model to select actions that limit
safety risks as much as possible. The inclusion of the factor ¢ achieves two
aims: it amplifies the influence of constraint violations, reinforcing the priority
of safety, and it echoes the "Swiss Cheese" model of accident causation [90],
which recognizes that multiple small deviations can collectively lead to unde-
sirable outcomes. As a result, the system applies stronger penalties to choices
with multiple minor breaches, helping mitigate compounded risk factors. On
the other hand, should there be a decision-making scenario in which safety
constraints are satisfied, the model would learn to prioritize optimization of
the economic factors.

Ultimately, this design seeks to reduce the likelihood of mission failure by bal-
ancing operational safety with cost considerations. Conceptually, the objective
is to reduce potential hazards and burdens for pilots. Practically, given that
the original formulation was a minimization objective, it was inverted into a
maximization task by obtaining its reciprocal. Additionally, for clarification,
all the factors and their respective constraints were normalized from 0 to 1. In
the current setup, four main constraints were imposed:

e Required landing distance must be less than or equal to the available
landing distance.

e Fuel required to reach the airport must not exceed fuel on board.
e Tailwind at the chosen airport must not exceed 15 kn.

e Crosswind at the chosen airport must not exceed 30 kn.

Finally, the distance between the original destination and the diversion airport,
along with the fuel required to reach it, should both be minimized. Wind
conditions and runway status are integral for calculating the required landing
distance.

Regarding the objective function formulation, we also note that it needs infor-
mation from experts to provide the constraints, but can also take on variables
as constraints. This is best showcased using the required landing distance and
the fuel needed, which are variable and depend on the scenario itself, requiring
the algorithm to also take into account more variable constraints that are not
specifically encoded as values in the objective function itself.

4.5.3 Results analysis

The model used was an LCS that uses hyperrectangle conditions, linear ap-
proximation, and integer actions. The majority of the structure is based on
[49] and makes use of the enhanced Michigan-style learning classifier, often
called XCSF [276] [277]. The LCS was employed due its rule-based structure,
which seemed to align better with explainability, and its close association with
the multiplexer problem, which has a similar single-step classification, context-
dependent nature as the DAAS problem. The results are shown in Figures
4.12 and 4.13, which depict the average reward and the corresponding number
of broken implications, averaged across 31 runs of the algorithm. As can be
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Figure 4.12: Reward
Improvement Trend Over Trial,
adapted from [78]

Figure 4.13: Cumulative broken
applications,a dapted from [78]
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seen, the algorithm does indeed learn to make better choices and subsequently
reduces the average number of broken implications. The decrease in broken im-
plications near the beginning, followed by the plateau toward the end, suggests
that the model correctly identified this as the first priority.
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Here an important point to consider is variability in the factors—namely, many
MCDM methods assume that the values presented are fixed and not subject
to change. However, in the real world, significantly more variability exists.
Taking the DAAS problem as an example, we note that weather phenomena
cannot be entirely accurately defined, with the system observing estimations
for the weather condition for each option. This could be subject to change
depending on the volatility of weather—in a storm, it is expected that wind
and weather phenomena would behave more erratically. For the purposes of
the experiments, it was assumed that the approximations are indeed exact and
variability would be considered another time.



4.5.4 Lessons learned

The paper explored how to tackle an emergency MCDM problem by employing
an explainable LCS model and converting the problem to a reinforcement-
learning classification problem.

Encoding domain experts The key insight gathered here was the use of an objective function in order to
knowledge encode an expert’s knowledge. Specifically, the presence of factors that need to
be satisfied for the safety aspect lends itself well to constraint-based approaches,
in which the decision-makers should be focused on providing the constraints and
determining how to deal with them rather than just comparing alternatives.
This focus on encoding knowledge in an objective, constraint-based function,
in addition to dealing with some of the previous issues outlined in the bi-
objective problem, serves as a much easier way for experts and stakeholders to
provide estimates for options and decisions that can span many decision-making
scenarios. While it may be more difficult than simply specifying which factor
or alternative they prefer in a pairwise comparison fashion, it offers additional
transparency and rigidity in the way their knowledge and insight is expressed,

which is valuable for transparency and retrospective analysis.

Implementation considerations The initial exploration of transforming the problem into a reinforcement-based
multi-class classification problem, in a similar vein to the multiplexer problem,
was not without faults. The understanding and grouping of factors based on
their impact on the decision presents as a useful idea; however, the objective
function formulation and its adaptation into a reward function were performed
in a very cumbersome manner. Additionally, the idea was for the LCS to
treat the problem as a more difficult, real-valued version of the multiplexer
problem due to certain identified similarities. However, the reward signal was
not normalized properly and came from an objective function with sharp con-
straints. A more appropriate formulation would have been to use the objective
function to, in essence, identify the best option and provide a 1 or 0, similar
to the process in the multiplexer problem. This labeling of the dataset leads
into the next consideration of variability. The scenario generation and model
learning cannot be performed on static scenarios and must take into account
the variability of the factors, allowing the model to learn how to make the
best decision under those variable conditions, balancing trade-offs and trying
to minimize constraint violations while maximizing other factors.

4.6 Summary of this Chapter

This chapter presented a comprehensive overview of the research trajectory
and key insights gathered from the author’s publications related to MCDM
in time-critical emergency applications. It traced the evolution of methods
and ideas employed to overcome the inherent limitations of traditional MCDM
techniques when applied to highly uncertain, high-stakes, and time-constrained
contexts such as the DAAS problem.

A recurring theme emerging from this investigation is the recognition that clas-
sical MCDM frameworks are not particularly well suited to emergency decision-
making with time considerations and in stressful situations. Another impor-
tant characteristic identified, which stemmed from a real-world problem, is the
occurence of a situation in which the decision-makers are embedded in the sit-
uation and will directly experience the outcome of their decision. This is some-
what different from typical MCDM methods and those applied to emergency
management in which the stakeholders, although responsible for the outcome,
seldom seem to bear the full implication of their choices directly. Thus, the
identified need for support systems that can replicate expert-like reasoning un-
der these conditions prompted a shift towards hybrid AI-MCDM approaches.

The investigation emphasized the challenges of data availability in emergency
settings, noting that clean, structured datasets are rare. This necessitated the
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use of scenario-based synthetic data generation, guided by expert input and
operational knowledge. The investigation attempted a more classical weighted-
sum approach based on domain knowledge, which was found lacking regarding
adaptability. Additionally, an attempt was made to gather data directly from
prospective decision-makers and stakeholders, specifically pilots who were pre-
sented with various DAAS problem scenarios for use in training AI-MCDM
models. These efforts highlighted the inherent variability and inconsistency
in human responses, especially when scenarios are presented in isolation and
without group deliberation. This also showcased the difficulty of using data
gathered in this manner to train MCDM-AI hybrid models.

A key insight gained from the studies is the centrality of constraints in emer-
gency MCDM problems. Rather than treating all factors equally, those related
to safety were identified as constraints necessitating satisfaction, while others
served as optimization goals. This naturally led to the use of constraint-based
formulations in which decision-making is framed as the identification of viable
options under hard and soft constraints. It was found that in such contexts,
encoding expert knowledge through an objective function was both practical
and transparent, allowing domain experts to specify rules rather than articulate
fuzzy preferences or weights. This, along with the investigation of explainable
rule-based models such as the LCS, seemed to be a useful direction for further
exploration.

In summary, this chapter showcased how the research evolved from a bi-objective
approach more in line with traditional MCDM formulations toward a learning-
based, constraint-driven AI-MCDM hybrid approach. It showcased how a time-
critical emergency MCDM problem could be reformulated as an optimization
problem more suitable for AT models, which could then be used in a decision-
support system.



5 Explainable Adaptive,
Context-aware

Time-critical MCDM -
ExXACT-MCDM

This chapter presents the methodology specifically developed to address several
challenges associated with time-critical decision-making in emergency applica-
tions. By combining a wide range of context-aware, synthetically generated
or data-augmented decision scenarios with domain knowledge encoded through
a structured labeling function in a weak supervision fashion, the methodol-
ogy enables the transformation of complex MCDM problems into a supervised
learning task. This facilitates the training of various AI models, which can then
be deployed as core components within an intelligent decision-support system.
The proposed methodology also aims to provide greater transparency, explain-
ability, and interpretability due to its complex nature and use of Al models.
It is titled Explainable, Adaptive, Context-aware, Time-critical Multi-Criteria
Decision-Making (ExACT-MCDM) and is designed for atypical, high-stakes de-
cision environments in which important and decisive actions need to be taken.

5.1 Main challenges and ideas

The methodology is based on the assumption that an Artificial Intelligence-Multi-
Criteria Decision-Making (AI-MCDM) hybrid approach used as part of a DSS
can provide suitable assistance in decision-makers embedded in these time-
critical emergency situations. The use of Al models occurs, in part, due to their
ability to generalize, handle a wide array of possible decision-making scenarios,
and examine the extent to which Al-based models are useful in applications of
time-sensitive emergency MCDM.

5.1.1 Emergencies and Data Scarcity

The main difficulty when using contemporary machine learning methods is
regarding data availability. Should a suitable, well-defined, and distributed
dataset exist, one can simply train a model, employ hyperparameter tuning,
and determine its incorporation into a DSS system. However, one of the most
difficult problems is procurement of this data and assuring that it is of sufficient
quality to be used in this manner. The data availability problems typically
result from two characteristics.

Emergency scenarios, such as those found in the DAAS problem, are inher-
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ently edge cases and fall outside the scope of normal operations. As a result,
their occurrence is rare, poorly distributed, and heavily biased toward more
typical cases, making it difficult to gather a well-representative dataset. This
is particularly problematic, as the need for decision support increases precisely
when the decision-making scenario deviates from standard procedures and the
experience of the decision-makers. This necessitates that the model be exposed
to as many edge cases as possible in order to provide assistance at the moment
it is needed most.

Traditional labeling approaches for decision data in emergency MCDM settings
present another set of challenges. The process is not only time-consuming
and dependent on expert availability but is also not a simple labeling task,
as each input that needs to be labeled is its own MCDM problem requiring
contemplation and careful consideration, if not the outright use of traditional
MCDM methods. This is additionally compounded by the diverse, edge-case
nature of the decision-making problems, in which the expert involved may not
have sufficient experience to properly assess the situation or recommend an
appropriate course of action. As a result, conventional labeling pipelines are
not practical or well suited.

5.1.2 Components

The ExACT-MCDM methodology makes use of three key components to over-
come the data availability issues and provide a suitable dataset for Al models.

1. Scenario-based data.

In order to train the models, scenario-based generated data is used. This
can encompass a wider range of possible decision-making scenarios, in-
cluding the most difficult and extreme ones. The use of generated data to
overcome data limitation problems is not especially radical and has been
employed in much of the literature, particularly in the Aerospace context,
as shown in [232] and [139]. An important point to consider here is that
the focus should be on providing suitable inputs for the model to learn
from, inputs that accurately reflect those it will encounter when in use in
the DSS. Essentially, many real-world problems are unlikely to have suit-
able representative datasets readily available on which to train; rather,
the data need to be adapted and tailored by aggregating different data
sources, consulting experts, and using a variety of sampling techniques
based on relevant information. The scenario-based approach allows for
addressing the data limitations and exploring scenarios of interest.

2. Weak supervision-based labeling mechanism.
Although the scenario-based synthetic data generation approach is able
to theoretically provide a rich and diverse dataset, there is the problem of
providing labels or evaluation for possible decisions within the scenarios
themselves. Typically, despite MCDM processes’, their evaluations tend
focus on cyclical refinement, initially engages with a mechanism to pro-
duce to be a priori-focused, where one engages initially in a mechanism
for producing evaluations, be it direct weight assignment or something
like AHP in which weights are derived. On the other hand, the idea pro-
posed here is to borrow from reinforcement learning, as well as strategies
such as the more well-known Best—Worst Method and TOPSIS. Essen-
tially, the goal is ascertain how good the outcome is after the fact, when
a decision has been made; in essence, focusing more on how to evaluate a
specific choice than determining how to weight and prioritize its factors.
Although subtle in nature, this shift in thinking is important. Following
from this, and inspired by methods of distance learning, an evaluation
function is used, similar to that proposed in Chapter 4.5, which can in-
corporate soft and hard constraints, as well as other domain knowledge.
Then, using this evaluation function, scores for each of the options can
be ascertained and, thus, a labeled dataset can be derived. Using this



approach, domain experts can impart their expertise and label a large
dataset without having to engage in labeling each option one by one.

3. Scenario simulation robustness

An important aspect occasionally overlooked in MCDM problems is ro-
bustness. Given the variability of aspects such as wind in DAAS prob-
lems, as well as general variability common in many real-world problems,
the incorporation of robustness and variance in the factors must be con-
sidered. To this end, the idea is to incorporate additional variability in the
factors so as to reflect the real world on a scenario basis. For example, in
the DAAS problem, this would mean varying the wind and weather phe-
nomena accordingly to simulate real possible deviations in the scenario,
whilst not varying distances as airport positions do not vary. Incorpo-
rating scenario-based variability of the factors along with the labeling
function for each option in a scenario allows m number of evaluations
based on the number of perturbations or variabilities employed. In this
way, we incorporate robustness into the final labeling of the dataset.

Core idea The core idea is thus to obtain scenarios which are their very own MCDM
problems, derive an evaluation function in order to score the options, and
incorporate robustness via controlled perturbations and simulation on a per-
scenario level. This would then be used to train an Al model. The Al model
acts as a surrogate and can be called up instantly in an emergency without
the need to use traditional methods, or, if this approach is considered, can
bypass the need for time-consuming simulations and with varying simulation
times depending on the use case. For example, for the DAAS problem, weather
simulation and stepwise simulation are needed to determine factor values, which
can be rather slow and vary in duration given the stepwise nature, as some
scenarios may require more simulation if, for example, airports are further away
and more time is needed to simulate the flight to them. A generalizable ML
model can simply obtain the best estimates for each of the values and, based on
what it has learned, provide a course of action almost instantaneously, which
is important in time-critical and stressful situations where each second counts.
Essentially, this approach can be likened to casting a huge net—the strings
are the scenarios generated and considered and the AI models function as a
mechanism to fill in the gaps in the net.

5.2 ExXACT-MCDM methodology description

Having described the three key components, this section will focus on showcas-
ing how they fit together to build a cohesive and usable whole. It is important
to specify the distinction between the various types of stakeholders involved
in the process. Essentially, stakeholders can be divided into interested parties
and decision makers. Taking the DAAS problem as an example, interested
parties would include airlines, aircraft manufacturers, the DSS designers, air-
port management, and crews. This subset of stakeholders is primarily engaged
in the development stage of the DSS, i.e., determining the objective function,
scenarios considered, evaluation criteria, etc. The decision makers represent
the final decision makers and, in most cases, the responsibility holders for the
decision—the pilots in the DAAS problem.

These two groups have somewhat different priorities and needs. Explainability
is needed in both groups but varies in extent. The interested parties require
a greater focus on more general evaluations, a clearer understanding of the
model’s decision capabilities, and clarity on how experts embed their domain
knowledge. The final decision makers, on the other hand, want fast recommen-
dations and a good breakdown of the recommendation on a single case basis,
namely the current scenario they are in. Given the focus of this PhD on Al
models and their integration into the DSS, the ExACT-MCDM method is pri-
oritized, regarding how one can ingrain domain knowledge, address the data
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scarcity issue, and train suitable AI models.

EXACT methodology steps The ExACT-MCDM methodology is envisioned as a cyclical process consisting
of the aforementioned key ideas brought together in the following way:

1. Problem description

As in many MCDM methods, the initial step is to determine the problem
and its scope. Here, the factors considered need to be taken into account
alongside the experts involved and the planning of the next steps. This
is the preparatory step and should encompass planning and taking into
account all actions needed for the execution of the following steps. Key
in this stage is defining the problem and scope as much as possible, de-
termining the number of options considered, defining the relevant factors
per option,and exploring specific contextual information that might affect
the decision in a given scenario.

2. Scenario generation
This is a key step in which the possible breadth and depth of the decision-
making scenarios need to be considered and generated. Key in this step
is determining how many scenarios will be generated, examining the pos-
sible cases they would encompass, and providing a detailed definition of
the simulation and/or sampling methods used to derive the scenarios.

Equally important is that scenarios not only include the decision options
and their associated factors but also the broader context or viewpoint
through which they are evaluated. In this sense, the construction of
scenarios follows a logic similar to that of contextual bandits, where both
the options and the situational context jointly define the decision space.
This is a pivotal step as it amounts to selecting and generating the dataset
from which the models will learn. Great care should be taken to ensure
that the generated scenarios align with the goals of the stakeholders and
provide ample instances that are of real interest. It is important to,
again, highlight that generating the decision-making scenarios is based on
expertise, data analysis, and already-available data, which is transformed
and augmented to serve as training input for later model training.

Generating the scenarios and subsequent dataset is therefore one of the
initial steps in encoding domain knowledge and focus, along with addi-
tional information ideally gathered from extensive data analysis, expe-
rience, and educated guesses. One should then consider is the cost per
scenario generated and the trade-offs between detail and accuracy com-
pared to producing a larger number of lower-fidelity scenarios. Using the
example of the DAAS problem, this could reflect the level of detail one
applies to weather modeling and fuel calculation, as these play influen-
tial roles in the final decision-making process and can be quite expensive.
Therefore, one also needs to consider the trade-off between scenario ac-
curacy and cost per scenario generation.

3. Evaluation function creation
The evaluation function is the most direct method of encoding expert
domain knowledge. The idea is to use this as a proxy for the group of
experts labeling each scenario separately.

It must be noted that, as the approach is inspired by the DAAS problem
and the lack of suitable methods, the assumption is that one would be
dealing with real-valued factors or a mixed arrangement consisting of real
values and categorical or ordinal values. This does not imply that all fac-
tors must be real values. Factors might also take categorical values, and
this method becomes useful when the number of possible combinations is
astonishingly large. In short, it would be applied when simply producing
a small number of scenarios is not sufficient for the scale of the problem.
Hence, the evaluation function provides a score for each option, should



it be chosen. The evaluation function is, in a sense, the most important
and difficult aspect of the methodology.

Although the involved experts may choose to craft whatever function they
deem appropriate, a suggested hierarchical and constraint-aware evalu-
ation function is presented, inspired by and used to tackle the DAAS
problem, which can also be employed in other fields with similar require-
ments. The goal was to provide a technique akin to a flexible function
capable of being adapted to a wide array of problems and further aug-
mented depending on the needs of the problem. The idea was also inspired
by the notion of having a go-to loss function, like RMSE, that could be
both used out of the box and modified to fit one’s needs.

. Scenario simulation and option estimation.

The goal of this step is to introduce variations in the factors for each
option in every scenario. This is performed to incorporate uncertainty and
to enable a better, more robust evaluation of the options in each scenario.
Within the DAAS problem, this would involve introducing changes to
wind and wind direction, as well as other weather phenomena that cannot
be exactly estimated upon arrival at the chosen airport, but for which we
only have the best estimates. However, like weather, certain factors may
be unpredictable, and it is therefore necessary to take their variability
into account when evaluating the options.

An additional point to consider is that the variations/perturbations should
not simply be the random introduction of noise. Rather, they should re-
flect real changes that would occur and, if necessary, be re-simulated. To
harken back to the DAAS problem, this would involve not only varying
the weather accordingly but also re-simulating the fuel requirements and
runway usage, as these are influenced by weather. Thus, perturbations
should not be performed carelessly and uniformly across all factors but
should instead be conducted in a manner that reflects reality.

Having incorporated realistic perturbations, the previously defined label-
ing function can be used to obtain an estimate for each of the options
in the scenario. To illustrate it simply, variations would be introduced
from the original scenario; then, using the labeling function, all options
would be assigned their score for this set of variations. Continuing this
pattern, scenarios would be varied accordingly and new scores for each
variation run would be produced. The final scoring of the options would
involve using their scores to produce one aggregate evaluation for the op-
tion, which can then be used to derive the best action and, in so doing,
label the scenario. The aggregation can be performed using a more naive
approach such as averaging. However, a slightly more sophisticated tech-
nique for aggregating the various simulation runs will be presented, one
that is based upon concepts and ideas from stochastic dominance.

. Model training

The model training logically follows the generation of a labeled dataset.
Here, the process is quite straightforward, involving the training and hy-
perparameter tuning of one or multiple models of interest. Given the
focus on explainability and interpretability, along with aiding in the eval-
uation of model performance, preference should be given to models that
align better with these requirements. Models such as learning classifier
systems, XGBoost, and similar approaches are preferred over neural net-
works.

. Evaluation

The final step in the cyclical process is the examination of the steps that
came before and the consideration of if, and what, changes and adjust-
ments need to be made. In this step, the experts involved can examine
the model performance, determine if it is suitable, decide whether more
scenarios need to be generated and of what type, and consider whether
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certain adjustments should be made to the evaluation function to better
capture their expertise.

As can be noted, the proposed methodology is not a radical departure from
conventional approaches in either MCDM or A, but rather identifies and makes
use of various ideas and concepts from both fields and combines them appropri-
ately in order to tackle MCDM in time-critical emergency applications where
ML models are used as a part of DSS.

The very cyclical nature of the process is derived from the general MCDM
framework. The derivation of scenarios, along with the incorporation of varia-
tions and simulations, is extracted from multi-scenario many-objective robust
decision-making. The inclusion of context information that changes how the
options are considered is borrowed from reinforcement learning states and, more
specifically, contextual bandits, along with the idea of using an evaluation or
objective function to score the performance of the choice. Finally, the incor-
poration of a hierarchical, constraint-aware function and the use of stochastic
dominance additionally fit well within common MCDM approaches.

Combining all of these concepts yields an approach geared towards tackling
time-constrained emergency MCDM problems with the use of an ML-based
DSS. It could also be used for a wide array of problems that meet similar
requirements, especially where decision makers need support in one decisive
and critical step while under great time pressure and stress.

A visual representation of the methodology can be seen in Figure 5.1.
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Figure 5.1: ExACT-MCDM methodology



5.3 Hierarchal Constraint-aware Evaluation function concept
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Function formulation

The evaluation function is the key aspect of this approach, in whereby the
experts can directly encode their domain knowledge and produce evaluations
for each option. Great efforts were made to provide a general concept of how to
create a function that could be applied to problems beyond the DAAS problem.
The proposed ideas make certain assumptions, and it is the duty of the relevant
parties to determine if this structure is usable for their own needs. The key
assumption is that the problem resembles the DAAS problem in that it has
multiple factors, some of which need to be satisfied and others that need to be
optimized as much as possible. This is in line with emergency decision-making
in which there are certain aspects that one aims to satisfy, often pertaining
to safety and well-being, and others that incorporate secondary and tertiary
aspects like economic considerations.

Let A= {a1,as,...,a,} be the set of alternatives. For each i € {1,...,n}, let
x; = (@41, ..., Tip) denote the feature vector describing a;.

The factors of each option can be grouped into two categories:

e C: constraint-critical features (e.g., safety, feasibility),

e P: preference-based features (e.g., efficiency, cost).

This grouping is akin to deriving a more general and flexible form of the risk
and cost objectives expressed in Section 4.1 and further expanded upon in the
reward function in Section 4.5.

Thus, for each group, we define a transformation function that is applied to
every feature within the group. For constraint-critical features, this function
serves to encode constraints that can be both soft and hard.

For example, for a constraint feature j € C, we define
O, if Lij S Sj,

d’j(xij) =4 Tij — S5, if S; < Tij < hj, (51)
Tij — S5, if Tij > hj,

where s; and h; denote the soft and hard thresholds for feature j. If the third
case applies, the violation counter is incremented (A < A+ 1).

The example above represents a simple linear transformation. However, the
functions and their shapes can be adjusted depending on the problem. This
can also be conducted independently for each feature, so each may receive a
different function.

For preference-based features j € P, an analogous transformation v, (x;;) may
be defined, depending on how preferences are expressed.

Each transformed feature should be normalized to the interval [0,1] before
aggregation, ensuring comparability within each group. The aggregated values
for the two groups are thus:

Szg:onstr — Z ¢j (xij)a SZPrCf — Z d)j ('Tij)- (52)

jec JjEP

Let A > 0 denote the number of hard-constraint violations for option 7. The
total score for option 7 is then computed as

Score; = Norm (S + X + Norm (Sfref) , (5.3)
—_—

Preference group

Constraint group (penalty-dominant)



Options and Features

Table 5.1: Threshold values for
each constraint feature

Step 1: Calculate Constraint
Violations

where Norm(+) denotes a global normalization function such as min—max nor-
malization applied across all options:
z; —ming z
Norm(z;) = —— ko (5.4)

maxy, 2 — ming 25

This structure guarantees that constraint-breaking options receive higher scores
(and are ranked lower), while still allowing preference-based features to differ-
entiate between feasible options.

5.3.1 lllustrative example

The following illustrative example showcases how the evaluation function is
used to devise scores for three possible alternatives in a simplified alternate-
airport selection scenario.

Let A = {a1, as, a3} represent our three diversion airport options.

Each option is described by the following features, which are grouped accord-
ingly:
Constraint-critical features C:

e x1: Visibility (meters)—higher is better.

e z5: Cloud ceiling (feet)—higher is better.

e z3: Crosswind (knots)—lowerr is better.

e z4: Runway margin (meters)—higher is better.

e z5: Fuel reserve margin (kg)—higher is better.
Preference-based features P:

e yp: Distance to original destination (km)—lower is better.
e yo: Distance to aircraft’s current position (km)—lower is better.

e y3: Distance to airline hub (km)—lower is better.

For constraint-critical features, the following soft and hard thresholds are de-
fined:

Feature Soft Threshold Hard Threshold Type

Visibility (z1) 1600 m 800 m Lower bound
Cloud ceiling (z3) 500 ft 100 ft Lower bound
Crosswind (z3) 10 knots 38 knots Upper bound
Runway margin (x4) N/A 0 m Lower bound
Fuel reserve margin (zs) 1500 kg 300 kg Lower bound

For the example given, the options have the following feature values:

For each constraint-critical feature, we calculate the violation magnitude using
the transformation function ¢;(z;;).

For lower-bound constraints (visibility, cloud ceiling, runway margin, fuel re-
serve), the violation is calculated as:

0, if 2;; > s; (no violation),
¢j (CL’ZJ) =4 8j — Xyj, if hj < x5 < 85 (SOft ViOla'EiOIl)7 (55)

sj — x5, if x;; < h; (hard violation).
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Table 5.2: Raw feature values
for the three options.

Violation Calculations

Feature Option a; Option a; Option as
Constraint-critical features

Visibility (1) 1200 m 600 m 2000 m
Cloud ceiling (z2) 400 ft 80 ft 600 ft
Crosswind (z3) 15 knots 40 knots 8 knots
Runway margin (x4) 150 m -50 m 200 m
Fuel reserve margin (zs) 1200 kg 200 kg 1800 kg
Preference-based features

Distance to original destination (y;) 120 NM 80 NM 200 NM
Distance to aircraft position (ys) 50 NM 30 NM 100 NM
Distance to airline hub (y3) 150 NM 100 NM 80 NM

For upper-bound constraints (crosswind), the violation is calculated as:

0, if z;; < 's; (no violation),

¢j(wij) = x5 — sj, if sj < x;; < h; (soft violation),

xi; — sj, if x5 > h; (hard violation).

Visibility (z1):

¢1(2z11) = 1600 — 1200 = 400 (soft violation)
¢1(x21) = 1600 — 600 = 1000 (hard violation)

¢1(x31) = 0 (no violation)

Cloud ceiling (z2):

¢2(x12) = 500 — 400 = 100 (soft violation)
¢2(x22) = 500 — 80 = 420 (hard violation)

¢2(232) = 0 (no violation)

Crosswind (x3):

¢3(x13) = 15— 10 = 5 (soft violation)
¢3(x23) = 40 — 10 = 30 (hard violation)

¢3(r33) = 0 (no violation)

Runway margin (z4):

¢4(x14) = 0 (no violation)

¢4(x24) = |(—50)| = 50 (hard violation)

¢4(x34) = 0 (no violation)

Fuel reserve margin (zs):

¢5(x15) = 1500 — 1200 = 300 (soft violation)
¢5(225) = 1500 — 200 = 1300 (hard violation)

¢5(z35) = 0 (no violation)

(5.6)

The number of hard violations are also determined () for each option:

A1 = 0 (no hard violations)

A2 = 4 (visibility, cloud ceiling, crosswind, runway margin)

A3z = 0 (no hard violations)



Table 5.3: Constraint Violation
Summary

Step 2: First-level
Normalization (Dataset-wide)

Table 5.4: Normalized
Constraint Violations

Step 3: Process Preference
Features

Table 5.5: Normalized
Preference Features

Step 4: Calculate Aggregated
Sums

Feature Option a; Option a; Option as
Visibility 400 (soft) 1000 (hard) 0
Cloud ceiling 100 ( oft) 420 (hard) 0
Crosswind (soft) 30 (hard) 0
Runway margin 0 50 (hard) 0
Fuel reserve margin 300 (soft) 1300 (hard) 0
Raw sum 805 2800 0
Hard violation count (\) 0 4 0

Each feature’s violations are normalized across all options to a range of [0, 1]
using min—max normalization. For each feature j:

¢ (wi5)

— mink ¢j (Jik])

Norm(¢;(x;;)) = - 5.7

(¢]( ])) maxy, (bj(xk:]) — miny ¢J(xk]) ( )
Feature Option a; Option a; Option as
Visibility 0.20 1.00 0.00
Cloud ceiling 0.25 1.00 0.00
Crosswind 0.14 0.86 0.00
Runway margin 0.00 1.00 0.00
Fuel reserve margin 0.19 0.81 0.00
Normalized sum 0.78 4.67 0.00
Hard violation count (\) 0 4 0

For preference-based features, given that they are distances, they should simply
as possible. First, each feature across all options is
normalized to the range, as was performed for the constraint features [0, 1] and

be minimized as much

depicted in Table 5.5.

Feature Option a; Option a; Option as
Distance to original destination (y1) 0.25 0.00 1.00
Distance to aircraft position (yz) 0.20 0.00 1.00
Distance to airline hub (y3) 0.88 0.38 0.00
Normalized sum 1.33 0.38 2.00

The normalized values of each group are summed.
Constraint Group Sum:

constr
S

1
Sconstr _

2

Sconstr
3

=10+10+10+1.0+1.0=5.0
=0.0+4+0.04+0.040.040.0=0.0

=0.4+0.238 +0.167 + 0.0 + 0.231 = 1.036
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Preference Group Sum:
SPref — 0.333 4 0.286 4 1.0 = 1.619
S5 = 0.0 4 0.0 + 0.286 = 0.286
STl = 1.041.040.0 =20

Step 5: Second-level

Normalization The aggregated sums are normalized across all options.

Normalized Constraint Sum:

1.036 — 0.0
N constr — =02
orm(S7 ) 50-00 0.207
5.0 —-0.0
N constr — = 1.
om(S;") = 5500 ~ 10
0.0 —0.0
N Sconstr — =0.0
orm (™) = 50,0
Normalized Preference Sum:
1.619 — 0.286
N pref _ —0.
orm(S7) 2.0-0986 0.778
0.286 — 0.286
N gprefy = =222 7 T2 0.0
(™) = =5 5= 0.286
2.0 — 0.286
N prefy _ 2 7270 10
orm(S3) = 550286
Step 6: Calculate Final Scores
The final score for each option is calculated as:
Score; = Norm(S£°™%) + \; + Norm(SP™) (5.8)

Score; = 0.207 4+ 0+ 0.778 = 0.985
Scores =1.0+4+ 0.0 =5.0
Score3 =0.0+0+1.0=1.0

Ranking of options

Since lower scores are better (representing fewer violations and better prefer-
ences), the options are ranked as follows:

Rank Option Score Explanation

ay 0.985 Best overall balance of constraints and preferences
2 as 1.000 No constraint violations but worse on preferences
az  5.000 Multiple hard constraint violations

Table 5.6: Final ranking of

options based on aggregated  This example demonstrates two key aspects of the evaluation function:
score.

1. Hard constraint dominance: Option as has four hard constraint viola-
tions, resulting in a significantly higher score despite having the best
preference features. In short, the evaluation function prioritizes safety by
heavily penalizing hard constraint violations through the A counter.

2. Balancing trade-offs: Option a; has several small soft constraint viola-
tions but performs sufficiently better regarding preferences than Option
as, resulting in a slightly better overall score. An important consideration
here is how the soft constraints are defined and viewed. In this specific
case, they are viewed as areas where pilots require more attention and
are deemed to be safe enough that the operational aspects are considered
on the same level; however, this could be enacted differently.



Grouping

Inclusion of transformation
functions and aggregation

In this aviation context, Option a; represents the best diversion airport because
it balances safety constraints, with only soft violations and operational pref-
erences. Option ay would be unsafe due to multiple hard violations of critical
safety parameters, while Option ag is safe but less optimal from an operational
perspective.

5.3.2 Final note on the evaluation function

The idea of the evaluation function is based on grouping features that will be
treated equally within the group, relating to the idea of the risk and cost metrics
from the initial approach. The benefit is that this new grouping mechanism
allows for the inclusion of as many factors as one wishes, which solves a major
limitation of the original approach where the risk and cost metrics were, in a
sense, fixed and defined for a specific type of aircraft and use case. This new
proposed evaluation function mechanism enables different airlines or aviation
producers to tailor the evaluation function and factors considered based on their
judgment, while also allowing for even further flexibility in other problems or
domains.

The transformation functions allow for the inclusion of soft and hard con-
straints, along with a finer expression of one’s preferences. The aggregation
on a per-group basis can be performed using simple sums or even a weighted
sum. Another possibility is the inclusion of the Choquet integral in order to
additionally express the synergies between features.

However, although weights can be used both within groups and between group-
ings to obtain the final score, they are discouraged. The idea is to rely on the
more expressive and clear transformation functions and groupings, as they are
more straightforward and transparent. Weights, on the other hand, can be
difficult to derive and even harder to justify regarding why certain values were
chosen. Thus, while they could be applied, they should be considered a last re-
sort once groupings, transformation functions, and the Choquet integral prove
insufficient.

5.4 Stochastic dominance-based score

First-order stochastic
dominance (5D1)

The methodology involves varying certain factors across a scenario in ordered
to obtain a better estimate and provide a better labeling. Although a simple
mean could be used, it may also obscure risk-related properties and fail to
provide the best estimate. Given that we obtained a distribution of values,
the approach makes use of ideas from Stochastic dominance (SD) to compare
options by considering the entire distribution of outcomes. In particular, first-
order stochastic dominance (SD1), second-order stochastic dominance (SD2),
and third-order stochastic dominance (SD3) are well-established tools in deci-
sion theory and finance for ranking risky alternatives [157, 158].

5.4.1 Classical Stochastic Dominance

Let X and Y be two random variables with cumulative distribution functions
(CDFs) Fx and Fy.

X first-order dominates Y (denoted X > Y) if
Fx(2) < Fy(z) for all z, (5.9)

with strict inequality for some z. This means that X yields higher values with
greater probability across all thresholds, and represents the preferences of all
decision makers who prefer “more to less.” A visual illustration is showcased in
Figure 5.2, in which A is better than B.

99



100

Figure 5.2: Stochastic
dominance type |

Second-order stochastic
dominance (SD2)

Figure 5.3: Stochastic
dominance type Il
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X second-order dominates Y (denoted X =5 Y) if

/ Fe(t)dt < / Fy(t)dt for all 2, (5.10)
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with strict inequality for some z. This corresponds to the preferences of all
risk-averse decision makers, since it penalizes distributions with more mass in
the lower tail. Visually, SD2 can be seen in Figure 5.2, in which A is better
than B.
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X third-order dominates Y (denoted X =3 Y) if

z t z t
/ / Fx(u)dudt < / / Fy (u)dudt for all z.

This captures the preferences of all decision makers who are risk-averse and
also prefer positive skewness (i.e., they dislike downside risk but appreciate
upside potential). Figure 5.4 presents this visually.

(5.11)
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5.4.2 Two-Stage Stochastic dominance-based ranking

Classical stochastic dominance relies on pairwise comparisons and thus could
result in incomplete ordering. To mitigate this problem, a two-stage process
may be implemented, which would result in complete ordering.

In the first stage, a pairwise comparison is carried out in which each option
receives a value based on the number of other options it dominates. Should
multiple outcomes have the same value, they are placed together in a group,
an idea borrowed from the fronts implementation in the famous NSGA-II al-
gorithm. Within each of these groupings, a score is calculated based on the
within-scenario ranking the options received. Thus, for each scenario, all op-
tions are ranked from best (rank 1) to worst (rank n) based on their perfor-
mance scores. These are then aggregated using a consistency-adjusted scoring
function:

m

1 & 1
Si = B : E Zrij + (1 - /8) : m Zmax(O,rij — 771‘)2 (512)
Jj=1 j=1

where 7; is the mean rank for option 4, and the consistency term only penalizes
ranks that are worse than the mean. Thus, with this method, additional scores
for each option within the grouping can be determined that function similarly to
the stochastic dominance method and enable complete ordering of the options
within a scenario.

The use of this stochastic-dominance-inspired ordering results from the fact
that it is a well-established method that aptly aligns with the goals defined
for this type of decision-making. However, the presented method is merely one
possible way to obtain the final ordering, with other methods and approaches
that could be considered based on the needs of the interested parties.

5.5 Benefits and Considerations

Benefits

The proposed methodology for tackling time-constrained MCDM problems
aligns well with the needs these problems present and attempts to fill the gap
regarding the current methods from the literature.

The core advantage of this methodology stems from its manner of addressing
the problem of limited data. The use of scenario-generated datasets, along
with the described evaluation function, means that many varied labeled data
inputs can be produced. The evaluation function in particular allows experts
to encode domain knowledge in order to generate better labels and evaluations
for the newly created datasets.
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Considerations

An argument could be made that there is a large degree of complexity in
the creation of the evaluation function, and that the methodology is not as
plug-and-play as methods such as AHP, which follow more straightforward
and easy-to-understand steps. However, the opposite argument can also be
made. The nature of these classical methods may deceptively appear clearer
and simpler because much of the difficult judgment is left to the decision makers
and stakeholders themselves, who must contemplate these challenging processes
and produce answers in the form of pairwise rankings or weight vectors.

Here, the method demands more clarity and precision from the experts, both
for the sake of both interpretability and explainability, but also in order to
tackle the more elaborate nature of the evaluation and its objectives. Thus, al-
though classical methods may seem simpler, one could argue that they obscure
highly complex decision-making processes behind the ready-made preferences
of experts, thereby reducing explainability and interpretability and causing
confusion and inconsistencies.

Having this dataset enables the training of a model that can then be deployed
as part of a DSS. It acts as a surrogate model, providing near-instant decision
support without the need to run lengthy and potentially less predictable simu-
lations at the time of the emergency. The model also enables generalization to
scenarios that were not directly seen or included in the dataset.

In a sense, the model also addresses the problem of similarity. Attempts to
create an explicit similarity function for the scenarios proved difficult due to the
associative and cumulative properties of addition. Currently, well-established
similarity functions seem ill-suited to address this issue, as they treat each of the
factors the same, but their importance varies with context, with some features
always being of considerable importance. In addition, scenarios are made up of
many options, and unrolling them into a vector and using them for comparison
results in uneven and unfair comparisons, where things such as the ordering of
the options can prove challenging. Therefore, the model can be understood as
a mechanism to implicitly encode how scenarios should be scored and related
to one another. This allows it to approximate which scenarios from the dataset
are most closely aligned with the one the decision makers are facing and to use
that information to produce a suitable suggestion for a course of action.

Finally, one of the common problems associated with using MCDM methods
in emergency situations is the fact that most methods cannot easily adapt to
a changing situation. Although the focus of this method is on making a sin-
gle decisive multi-criteria decision, that does not mean it cannot be employed
multiple times should the situation change. The models and the DSS they are
part of can simply be employed once when initial assistance is required, and
then again if new information arrives that changes the scenario. In such a
case, the model can reassess and provide new decision support for the updated
situation. In a way, it behaves similarly to memoryless contextual bandits and
allows continual decision support while also recognizing that the suggestions
need to remain valid and stable for at least some determined amount of time so
that the decision-makers can develop an understanding of them. This mecha-
nism can also be set up to continuously update the ordering and options in the
background, only presenting the new situation to the decision-makers if there
is an order change or a change in predetermined magnitude. This ensures that
the system is not overly sensitive and does not overwhelm the decision-makers.

Although the methodology provides options for addressing certain issues, there
are some aspects that should be taken into account when employing it. Fore-
most is the data generation, as this is the most crucial step and, ultimately,
what the model learns from. The data generation process, along with its sub-
sequent variation and perturbation, is vital-—as the old adage goes, garbage
in, garbage out. Therefore, great care must be taken. Of particular note is
the importance of deciding which types of scenarios are generated and how,
given that the sampling process is incredibly important for the generalization
capabilities of the model.



While making use of simulations and synthetic or augmented data, this does
not mean that the data is unlimited, as there could be high computational costs
in generating the scenarios. However, the assumption here is that the process
can be scaled and parallelized, and that computational time is less important
than human time and effort, which should be carefully planned for and used
effectively. Furthermore, arguments could be made for scenarios in which the
model training process is entirely reframed as a single-step, bandit-style, rein-
forcement learning process. In cases where the number of options is equal to
or significantly greater than the number of perturbations per option required
for a robust evaluation, it may be more computationally efficient to model the
problem this way, thereby reducing the number of simulations and evaluations
required. If such an approach is adopted, the exploration—exploitation trade-off
inherent in reinforcement learning should also be carefully considered.

Another important aspect pertains to the cyclical nature and evaluation of the
entire process. Although the evaluation function enables the labeling of the
entire dataset, depending on its size, it may be difficult to ascertain whether
the function is working exactly as intended or whether there are scenarios in
which the labeling does not align perfectly with the experts’ preferences and
guidelines. However, in many real-world datasets, mislabeling is inevitable
and should only be of concern if there are vast swaths of scenarios in which
this occurs. The real issue is the impracticality of checking each and every
scenario. A possible workaround is to ensure extreme edge cases and scenarios
of particular interest are prepared and inserted by the experts so that they can
validate whether everything is working as intended, supplemented with random
sampling of scenarios to be checked. Although this requires direct involvement
of the experts, the assumption is that checking a sample of scenarios is a far
less demanding task than having to provide evaluations for all of them.

The methodology has many moving parts. However, these make the process
more explicit and direct, and they provide mechanisms for the experts to clearly
state their preferences and intentions. Ideally, these would then be captured
by the models and later prove helpful in the deployed DSS.

5.6 Summary of this Chapter

This chapter presented the ExACT-MCDM methodology (Explainable, Adap-
tive, Context-aware, Time-critical Multi-Criteria Decision-Making), which was
designed to address the challenges of emergency decision-making in contexts
where data is scarce and time is limited. The approach combines scenario-based
data generation, a structured evaluation function, and robustness through sim-
ulation in order to create suitable training data for machine learning models
that can later act as part of a decision-support system.

The key idea is to encode expert domain knowledge into an evaluation func-
tion that distinguishes between constraint-critical and preference-based fea-
tures while incorporating both soft and hard thresholds. Scenario generation
and the introduction of variability provide robustness by simulating real un-
certainty, after which the evaluation function is applied to produce scores for
all options. This results in a labeled dataset that can be used to train in-
terpretable machine learning models. The cyclical nature of the methodology
resembles human-in-the-loop processes that can be refined continuously, align-
ing it with general MCDM principles while making it suitable for the demands
of time-critical emergency decision-making.
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Methodology Testing
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O Data Creation Pipeline

The following chapter describes the entire data generation pipeline for the
DAAS problem version that will be used as a testing ground for the newly pro-
posed ExACT-MCDM methodology. Although an existing dataset was used in
the process of developing the methodology, here, a more advanced version of the
problem will be used so that it more closely reflects the reality of alternative-
airport selection. What follows is a listing of the factors considered and with
their grouping, as well as the transformation functions and their soft and hard
constraints. The chapter also showcases how the scenarios are created, includ-
ing a more detailed description of the more sophisticated simulation used to
generate them.

6.1 Scope and Assumptions

In order to test the methodology in practice, the author assumes the role of a
unified expert panel, effectively acting as an aggregation of expert judgment.
This choice was made as a simplifying assumption to allow for systematic devel-
opment and evaluation of the methodology without the logistical complexity of
assembling a full expert group. Nevertheless, the process was not carried out in
isolation. Throughout the development, feedback was gathered from colleagues
working on the IPAS system and pilots that were at the DLR, in order to bet-
ter capture the operational perspective. Furthermore, technical documentation
and manuals were consulted to ensure that the assumptions, scenario defini-
tions, and evaluation functions aligned with established aviation practices. This
combined approach allowed the methodology to balance practical realism with
methodological clarity, while acknowledging that in a real-world deployment,
the role of expertise would be distributed across multiple interested parties
rather than concentrated on a single analyst.

Although the dataset and the respective simulations and mechanisms for their
creation are improved compared to the original ones used in the methodology,
similar assumptions are still present. Namely, for the experiments, only the
Airbus A321 aircraft is considered, which is one of the most widely used narrow-
body aircraft worldwide and particularly popular in Europe [129]. The choice
of focusing on a single aircraft type is an arbitrary but simplifying assumption
that allows for clearer analysis. At the same time, it reflects a realistic opera-
tional context, as the A321 is highly representative of short- and medium-haul
commercial aviation.

In the experiments, the scenario represents a single snapshot at the moment
when a decision needs to be made. At this point, the models receive their
input and produce recommendations regarding which options to take. It is
assumed that the model output remains generally valid for approximately ten
minutes, providing a reasonable buffer for the final decision makers to consider
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the evaluations produced.

Based on information from pilots indicating their desire for approximately five
options to be shown to them, the opportunity was taken to reduce the problem
by considering only the five closest airports to the aircraft position as possible
options.

Having clarified the assumptions, a more structured foundation for the data
generation process is established. The following sections build on this founda-
tion by specifying the factors considered and detailing the framework used to
create realistic decision scenarios.

6.2 Factors considered

The factors to be considered were determined through various information gath-
ering methods, primarily by consulting the flight manual [13] and interviews
with pilots [281, 280, 279).

The factors that were chosen are:

Context factors:

1. Airline—Different airlines may have contractual obligations, preferred
hubs, or operational restrictions influencing alternate choices.

2. Altitude—Determines reachable airports within remaining fuel and time
constraints.

3. Initial fuel—Critical for estimating endurance and feasibility of diversion
options.

4. Status—Captures the nature of the emergency (technical, medical, weather-
related), which can alter the priority of selection criteria.

Airport-specific factors:

1. Headwind—Increases fuel consumption and time required to reach an
alternate.

2. Tailwind—Reduces fuel consumption and travel time, making an alter-
nate more favorable.

3. Crosswind—Affects landing safety; strong crosswinds can render a run-
way unusable.

4. Visibility—Determines whether safe landing procedures can be performed.

5. Cloud ceiling—Restricts approach types and can limit accessibility to
airports with less advanced navigation aids.

6. Runway length—Physical limitation for landing; must be sufficient for
the aircraft type.

7. Runway length required—Minimum safe distance needed by the current
aircraft configuration and weight for landing.

8. Runway width—Necessary for safe maneuvering and rollout, especially
for larger aircraft.

9. Runway condition—Surface state (dry, wet, or icy) directly influences
braking performance and safety.

10. Fuel needed—Estimated fuel consumption to reach the alternate.

11. Average distance to closest airports—Reflects regional airport density and
potential backup options if conditions change.
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Context factors versus options
factors

Table 6.1: Grouping of features
into constraint-critical and
preference-based categories, with
units of measurement.

12. Distance to destination—Showcases the displacement in passengers and
goods with regards to the original plan

13. Distance to aircraft—Direct measure of time and fuel required to reach
the alternate.

14. Distance to hub—Indicates whether the alternate is near a hub with
support facilities.

15. Hub type—Classifies airports (major hub, regional, or maintenance base),
affecting available services during diversion.

The distinction between context factors and airport-specific factors is impor-
tant when it comes to dynamic alternate-airport selection. Context values
describe the initial situation of the aircraft and its operator, such as altitude,
fuel state, or airline policies. These values are relatively fixed for the decision
at hand and provide the boundary conditions within which diversion decisions
must be made. In contrast, airport factors describe the characteristics of the
available alternatives and their operational feasibility, such as weather, runway
conditions, and distances. These values can vary significantly across different
options and determine which airports are practically suitable in the given con-
text. Considering both categories together ensures that the decision-making
process remains suitable.

Based on the methodology, the factor groupings are showcased in Table 6.1.

Feature Unit

Constraint-critical features

Visibility (1) meters (m)

Cloud ceiling (z2) feet (ft)

Crosswind (z3) knots (kt)

Tailwind (x4) knots (kt)

Runway margin (z5) meters (m)

Fuel needed () kilograms (kg)

Fuel reserve margin (z7) kilograms (kg)
Distance to aircraft position (y2) * nautical miles (NM)

Preference-based features

Distance to original destination (y) nautical miles (NM)
Distance to aircraft position (yo) * nautical miles (NM)
Distance to airline hub (y3) nautical miles(NM)

Average distance to closest airports (y4) nautical miles (NM)

The transformation functions were defined in a similar manner to the exmaple
consisting of linear piecewise functions, specifically:

0, if z;; > s; (no violation),
¢j(wiz) = ¢ 85 —xyy, if hy < x5 < s; (soft violation), (6.1)
sj —xij, if ;5 < h; (hard violation).

for lower-bound constraints, such as visibility, cloud ceiling, runway length
needed, and fuel reserve.

0, if 2;; < s; (no violation),
¢j(xij) = x5 — 85, if s; < < h; (soft violation), (6.2)

xij — 84, if x;; > h; (hard violation).
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Table 6.2: Threshold values for
application constraint-critical
features

Caveats

for upper-bound constraints such, as crosswind. Additionally, we used the
violation counter \ to keep track of the hard constraint violations A < A+ 1

The soft and hard constraints for each factor can be seen in Table 6.2.

Feature Soft Threshold Hard Threshold Type

Visibility (x1) 1600 m 800 m Lower bound
Cloud ceiling (x5) 500 ft 100 ft Lower bound
Crosswind (z3) 10 knots 38 knots Upper bound
Tailwind (x4) 5 knots 10 knots Upper bound
Runway needed (z5) N/A Runway available m  Lower bound
Fuel reserve margin (zg) 1500 kg 300 kg Lower bound

Worthy of special mention is the distance to aircraft position, which is essen-
tially the distance from the airport to the considered alternative airport. This
distance is present in both groupings and makes them non-disjoint sets. The
value of this distance in the constrained factors is set to zero unless there is a
medical emergency on board, encoded in the status factor, which necessitates
the inclusion of this distance in both groupings to additionally highlight the
importance of ensuring timely medical attention for a passenger. Additionally,
within the preference groupings, the distance to hub airports is also slightly
adjusted, being halved when the closest hub is a primary hub, as such facilities
can offer ample support to both the crew and passengers.

6.3 Scenario Framework
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Having established the factors to be considered and the constraints, the focus
now shifts toward the scenario generation step. A scenario consists of the
context values and five options, each representing the possible alternatives (in
this case, airports). The scenario generation process is carried out by means
of a simulation with multiple components in order to simultaneously account
for wind and weather phenomena and simulate the technical aspects of the
aircraft. What follows is a detailed description of the various key elements of
the simulation, along with how they integrate into a final whole in order to
generate the data needed for training of the models.

6.3.1 Flight plans and Airports

Ensuring an accurate assessment of the possible positions in which an aircraft
might find itself when needing to decide on an alternate airport is of great im-
portance, as this directly influences the distance factors and, by extension, the
fuel calculations. Therefore, having accurate approximations of where such a
decision is most likely to occur in the airspace increases the real-world applica-
bility of the scenarios. To this end, in the scenario generation process, multiple
flight plans were taken from EUROCONTROL flight plan databases [3, 4].

A flight plan is the structured route that an aircraft follows between its depar-
ture and destination airports. It consists of a sequence of predefined naviga-
tion points, called waypoints, which are used by air traffic control and onboard
systems to ensure safe and efficient routing. Each waypoint is defined by ge-
ographic coordinates and often associated with airways that connect different
parts of the airspace network. In practice, flight plans balance operational
considerations such as air traffic regulations, weather conditions, and fuel ef-
ficiency. The example in Figure 6.1 illustrates a typical route between Berlin
(EDDB) and Frankfurt (EDDF), highlighting the intermediate waypoints that
structure the aircraft’s trajectory.



Figure 6.1: Illustrative example
of flight plan waypoints from
Berlin to Frankfurt

Figure 6.2: Geographical
bounding box defining the area
of parsed airports across Europe

The flight plans used were selected by considering the top destinations from the
largest commercial airports in Europe, ensuring reasonable realistic coverage.

Flight Route: Berlin — Frankfurt via

Frankfurt (EDDF)

Waypoints
|

Berlin (EDDB)

(4

To provide realistic geographical and infrastructural information about air-
ports, data were parsed from the X-Plane flight simulator database [151]. This
dataset contains detailed airport layouts, runway information, and navigation
aids, making it a valuable source for scenario generation. Although originally
intended for flight simulation, the X-Plane database is based on real-world
aviation data and is suitable for the intended use. The parsed airports were
additionally filtered to include only those with at least one runway 2000 m in
length and located roughly within Europe, which was defined by a constraint

box with the following coordinates as the vertices:

e Southern edge: 34.0° N.
e Northern edge: 71.0° N.
o Western edge: -24.0° E (24° W).

e Eastern edge: 40.0° E.

A visual representation of the bounding box can be seen in Figure 6.2. A
detailed list of the airports considered hubs and their respective airlines is also

included in Appendix B.
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Wind Data

Figure 6.3: MERRA-2 10m Wind
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Speed and Direction

Wind field

6.3.2 Wind and Weather phenomena

The wind and weather phenomena play the most crucial role within the sim-
ulation, as they have the strongest influence on many of the factors and are
outright factors themselves. It is important to note that realistic wind and
weather simulation can be extremely difficult and complex, thus for the cur-
rent use case, the simulation pipeline was somewhat simplified but still erred on
the side of providing reasonably realistic approximations that would be useful.

In order to realistically model the influence that the wind has on the decsion-
making process, the wind data was taken from NASA’s MERRA-2 (Modern-Era
Retrospective analysis for Research and Applications, Version 2) reanalysis
dataset [2]. MERRA-2 has provided globally gridded wind fields and other
meteorological variables since 1980, generated by merging satellite observations
with the GEOS model in a consistent framework.

The wind data was obtained for the period between 01.01.2020 and 01.08.2024
as NETCDF4 files. Each file corresponds to a single day and contains 24
hourly time steps. From these, a random hour was selected and the zonal
and meridional wind components (U10M and V10M) were extracted for the
European bounding box and subsequently employed to generate realistic wind
conditions for one scenario. A visual example of a possible wind field from
the extracted data can be seen in Figure 6.3. It is important to note one of
the simplifications applied here: although an actual wind field corresponding
to a realistic real-world distribution was employed, the wind field is constant
and does not change beyond the hour selected. However, a strong argument
can be made that wind incorporation is not often applied in many air traffic
control simulations, and even in many of DLR’s internal simulations, wind is
only specified as a constant vector rather than as a real wind field obtained
from actual atmospheric data.

Wind speed (m/s)

The MERRA-2 dataset provides excellent real-world wind information; how-
ever, it only near-surface wind components at 2 m and 10 m above ground
level. Additionally, it only includes information about the wind regarding the
regular latitude-longitude grid at a resolution of 0.5° x 0.625°. Due to aircraft
operations and to adress the limitation of the MERRA-2 dataset, the surface
values were extrapolated using the commonly applied wind profile power law
[121]. This formulation allows wind speeds at arbitrary altitudes to be approxi-
mated from a reference measurement height, while also incorporating a gradual



Crosswind and Tailwind
components

Figure 6.4: Wind direction
representation

change in direction with altitude. The power law is given by

V) = Vi) (2 ) , (63)

Zref

where V(z) is the wind speed at altitude z, zf is the reference altitude (2 m
or 10 m in the case of MERRA-2), and « is the empirical Hellmann exponent,
commonly taken as o = 0.143 for neutral atmospheric conditions. This ap-
proach allows for the generation of approximate wind profiles at typical flight
altitudes such as 10,000 ft and above, thereby ensuring that the simulated con-
ditions more closely resemble real-world flight environments. Additionally, to
obtain wind estimates at arbitrary aircraft positions, linear interpolation was
applied using the griddata function from the SciPy library [265]. This ensures
continuous wind information across the entire bounding box.

Regarding wind, the crosswind and tailwind components at the airport are
factors in their own right due to their safety implications and influence over
other considerations, such as the runway length required. However, airports
are not built without accounting for these aspects, and most runways are po-
sitioned to minimize the negative effects of crosswind and tailwind. Excessive
crosswind or tailwind can cause the aircraft to veer off the runway with catas-
trophic consequences (a situation also referred to as a runway excursion). At
the same time, runway orientation is designed to take advantage of headwind,
which slows the aircraft down and enables safer landing conditions. A visual
representation of the wind components and their relation to the runway can
be seen in Figure 6.4; the image is the same as the one used in Chapter 4,
Section 4.1, and is included again for additional clarity.

90°  Crosswind
Sampled vector
wind vector

Tailwind
component

Since many airports have many runways and two orientations per runway, a
method was create to compute a runway suitability score that guides the selec-
tion of the best runway for landing under given weather and aircraft conditions,
mimicking how real-world ATc would advise the pilots where to land. The over-
all scoring function combines factors related to the available runway margin,
wind components, and special equipment such as an instrument landing system
(ILS). Formally, the runway score S for each runway candidate is calculated
as:

S=M+H-T—-X+E+1I (6.4)

where M denotes the margin bonus, computed as the difference between the
available runway length and the total landing distance required,

M = Lavailable - Drequireda (65)
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BADA performance model

Stepwise simulation

and H represents the headwind benefit,

H = 50 - max(0, Wheadwind )- (6.6)
The term T captures the tailwind penalty,

T = 200 - max (0, Wiailwind), (6.7)

while X denotes the crosswind penalty, which increases non-linearly with the
magnitude of the crosswind component,

X =10 |Wcrosswind|1.5~ (68)
An additional margin-related bonus is included through F,

E=01- (Lavailable - Drequired)a (69)

and I provides a discrete bonus for the presence of an instrument landing
system (ILS),

[ {500, if ILS is present, (6.10)

0, otherwise.

This runway scoring function ensures that the selected runway maximizes safety
by favoring sufficient runway length, favorable wind conditions, minimal cross-
wind, and the presence of advanced landing aids.

6.3.3 Fuel calculations

The fuel calculation combines both technical information from the flight man-
ual [13] and the wind fields and interpolation approaches in order to produce
estimates of the fuel needed to reach one of the possible alternate airports. Fuel
calculation is not only relevant to the range of the aircraft but also important
because it influences the weight of the aircraft, which in turn has implications
when calculating the required runway distance, as heavier aircraft need more
runway for landing.

Regarding fuel estimation, two specific mechanisms are employed. The simu-
lation begins with the initial fuel from the obtained flight plans and then uses
the Base of Aircraft Data (BADA) 4 performance model [201, 1] to estimate
fuel usage up to the decision point. BADA, developed by EUROCONTROL,
is a performance model that contains standardized performance parameters
such as thrust, drag, fuel flow, and climb and descent profiles for many aircraft
types. These values are derived from flight manuals and further calibrated
with real-world flight data. For fuel simulation, BADA provides fuel flow val-
ues depending on altitude, aircraft weight, and speed, which makes it possible
to estimate fuel consumption during climb, cruise, and descent in a consistent
manner. Because the model is validated against airline operations, it has be-
come one of the main reference points when carrying out large-scale studies of
fuel consumption and traffic behavior.

While BADA provides reliable estimates for fuel consumption, it does not take
into account wind field modeling and requires flight plans in order to provide
accurate results. Therefore, from the decision point to the selected alternate
airport, the assumption was made that the aircraft would fly directly. For this
part of the fuel estimation, a custom stepwise simulation with a time step of 10
seconds was implemented. The simulation consists of three main components:

1. Fuel calculation for the cruise part of the flight.
This is the most complex part of the simulation. In order to estimate fuel
burn, the fuel burn tables from the flight manual [13] were used alongside
linear interpolation. These tables specify fuel burn for specific weights at
specific altitudes. To obtain a better estimate of fuel burn in this phase,
additional tables were also used and interpolated to determine the true



Figure 6.5: The wind triangle.
Here, 3 represents the side-slip
angle of the UAV, x the course
angle, 1 the yaw angle, and v,

the wind angle, adapted from

[94].

airspeed (V,). This then allowed for the use of the wind field to model the
influence of wind on fuel consumption through what is known as the wind
triangle. The wind triangle is a fundamental navigation tool in aviation
that expresses the vector relationship between the airspeed vector (17,),
the wind vector (V,,), and the resulting ground speed vector (V,). The
diagram also illustrates the angles between aircraft heading (1), ground
track (x), and the wind correction angle (5). By categorizing the wind
into crosswind and head/tailwind components, the simulation determines
the necessary correction to maintain the desired ground track and com-
putes the effective ground speed. Since ground speed governs the distance
covered per unit of time, and thus the associated fuel burn, wind is fully
integrated into the fuel calculation process. A visual representation can
be seen in Figure 6.5.

ground track

2. Fuel calculation for the descent part of the flight.

This is the fuel needed for the aircraft to perform the descent and land.
The descent distance and the fuel required is interpolated from another
table based on the flight manual [13].

. Fuel calculation for fuel penalties and fuel leaks.

This represents additional fuel usage due to technical failures, which could
impose an altitude ceiling on the aircraft, potentially causing it to fly at
a lower altitude and therefore consume more fuel. It also includes the
calculation of possible fuel leak amounts to be added to the final fuel
consumption required to reach the airport.

The fuel estimates from the BADA performance model and the custom stepwise
simulation were combined to obtain an accurate estimate of fuel usage.

6.3.4 Technical Problems Modeling

In order to ensure the simulation is realistic and covers a wider range of possible
emergency scenarios, a broad set of technical problems was included. Such
problems not only represent important safety considerations but also have a
direct impact on fuel usage, available altitude, and the overall set of feasible
diversion airports. In the simulation, several categories of technical issues were
modeled, each reflecting typical operational challenges that can arise in real-
world scenarios. The three types of technical failures are as follows:
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Technical status encoding

1. Engine-out condition

In aviation, the loss of one engine reduces available thrust and imposes
strict limits on the maximum cruising altitude. Aircraft performance
manuals specify a reduced altitude ceiling for engine-out scenarios in order
to maintain safe climb and cruise capability. In the simulation, this is
implemented by enforcing the altitude ceiling based on the current aircraft
weight, which forces the aircraft to cruise at lower flight levels. Since fuel
burn is higher at lower altitudes, this condition directly increases fuel
consumption and reduces the reachable set of alternate airports.

2. System degradations (G+B, G+Y)

Failures of onboard systems, such as degraded hydraulic, pneumatic, or
electrical subsystems, can increase fuel usage indirectly by lowering over-
all efficiency or requiring backup systems to remain active. In the sim-
ulation, these are modeled as stochastic percentage penalties applied to
the total fuel burn. The presence of multiple degraded systems leads
to larger penalties, reflecting real-world operational procedures in which
safety margins and redundancy increase fuel demand. These degradations
therefore reduce fuel reserves and limit diversion flexibility.

3. Fuel leaks (FL_1, FL 2, FL 3)

Fuel leaks are a serious safety issue in aviation and can range from minor
to critical depending on severity. In reality, leak detection systems and
crew procedures mitigate some of the risks, but a leak always reduces
the available fuel regardless of performance. In the simulation, fuel leaks
are implemented as additional losses on top of normal consumption, with
normally distributed leak rates depending on severity. Minor leaks con-
tribute only a small fraction of the normal burn rate, whereas critical
leaks can result in significant additional fuel loss, potentially exceeding
the planned consumption and greatly reducing the diversion range.

4. Medical emergencies (MED)
Medical emergencies on board represent time-critical situations requiring
expedited landing at a suitable airport with appropriate medical facili-
ties. While not directly affecting aircraft performance or fuel consump-
tion, medical emergencies impose strict time constraints on the decision-
making process and may prioritize closer airports over those with better
weather or runway conditions.

Together, these technical problems influence both the direct fuel consumption
and the set of feasible alternate airports. By increasing burn rates, reduc-
ing cruising altitudes, or causing direct fuel loss, they create more restrictive
operating conditions that must be reflected in the decision-making scenarios.

Another important aspect is the inclusion of combinations of technical failures,
with the most extreme case being an engine-out, a critical fuel leak, two hy-
draulic failures, and a medical emergency on board. The technical failures are
encoded in the technical status factor, which belongs to the group of context
factors.

In order to ensure the technical failures are usable within the machine learning
framework, a hierarchical encoding scheme was implemented. Each technical
problem is mapped to a unique numerical representation using a custom en-
coder that separates fuel leak severities into tiers and encodes the remaining
failures as binary flags. For example, fuel leaks are represented hierarchically
as FL_ 1, FL 2, and FL 3 with increasing severity, while non-fuel issues such
as engine-out, system degradations (G+Y, G+B), and medical emergencies are
encoded as bit flags. The encoder combines these into a single value, ensuring
that all possible combinations are uniquely represented and preserving the nat-
ural dominance hierarchy of the fuel leak severities (i.e., FL 3 always encodes
higher than FL._2 or FL_1). This structured encoding is particularly useful
for training the models since it allows the technical status factor to be directly



integrated into the decision-making process while ensuring the space of possible
failures is consistent and interpretable. In contrast to a purely categorical one-
hot representation, the hierarchical encoding ensures that the values also carry
ordinal meaning when normalized. For example, fuel leak severities form a nat-
ural progression from FL 1 to FL 3, rather than being treated as unrelated
categories. This ensures the encoding is more compact, avoids the overhead
of many binary flags, and provides the models with a meaningful numerical
structure that reflects the severity and combinations of failures. An example
of this can be seen in Table 6.3.

Problem Combination Encoded Value Explanation

None 0 No problems

MED 1 Medical emergency only (bit flag)

G+Y 2 Minor system degradation (bit flag)

G+B 4 Major system degradation (bit flag)

ENG_OUT 8 Engine-out condition (bit flag)

FL 1 16 Minor fuel leak (tier 1)

FL 2 32 Moderate fuel leak (tier 2)

FL 3 48 Critical fuel leak (tier 3)

FL 2+ G+B 36 Moderate fuel leak (tier 2) + major system
degradation

FL 3+ ENG_OUT + G+Y 59 Critical fuel leak (tier 3) + engine-out +

minor degradation

Table 6.3: Examples of
hierarchical encoding of technical
problem combinations. Fuel
leaks are ordered in severity tiers,
while non-fuel failures are
combined as bit flags.

6.3.5 Scenario Generation Process

The scenario generation process consists of several steps that result in a scenario
that can be passed through the scoring function and used as part of the dataset
to train the models.

The process can be subdivided into two distinct parts; one pertains to the
scenario as a whole and another is performed for each option.

Regarding the first part the steps taken are as follows:

1. Scenario type selection
This is the initial step undertaken. Scenarios are defined according to
two key dimensions:

e Weather conditions ranging from very calm to catastrophic.

e Technical failure severity ranging from very light to critical.

Each scenario type is a combination of these two dimensions, creating 60
possible scenario types (10 weather types and 6 failure severity types),
which can be seen in a tabular format in appendix A. Based on this, the
weather phenomena are defined alongside possible modifications to the
wind speeds and the number and types of technical failures.

2. Flight plan selection
From the many possible flight plans available, one is randomly selected.
This flight plan provides information on the route, waypoints, altitude,
and initial starting fuel. From the possible waypoints, one waypoint be-
longing to the cruise phase is selected as a decision point. The BADA
performance model is then used to calculate fuel usage up until that point,
providing reasonably accurate weight and fuel-onboard estimates.

3. Possible options determination
Having identified a decision waypoint, the n closest airports are calcu-
lated. It is also important to note that in order for the models to learn
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how to rate the options based on their characteristics, the list of the clos-
est possible options was shuffled so that the closest option was not always
in the initial position.

Continuing with the second element, which was employed for each option:

1. Options for weather and wind charactersitics determination

Taking into account the weather aspect from the scenario type and esti-
mating the best runway accordingly, the crosswind and tailwind aspects
are defined. The weather type influences if and by how much the wind
vector is modified from the original wind file. Some scenarios simply use
the original wind field, while others increase the wind intensity but still
maintain a reasonably similar wind direction to a real-world wind field.
Other scenarios also modify the wind direction in order to showcase the
effect of sporadic winds. An important caveat here is that this is another
simplification regarding the wind and weather phenomena modeling per-
formed. In reality, wind field simulation, and even simulating augmen-
tation of wind speed, could cause more complicated outcomes across the
entire wind field, so it is important to note the simplification used in the
scenario generation procedure. Additionally, based on the weather type,
appropriate values for the runway condition, visibility, and cloud ceiling
at each airport are specified.

2. Fuel needed and runway length required estimation

An aircraft object is created with the weight and fuel established by the
BADA performance model, and is placed at the altitude and position of
the decision waypoint from the flight plan. For each option, a direct flight
is simulated to estimate the fuel needed using the stepwise simulation.
Here, it is important to note that the scenario weather changes that
influence the wind at ground level for the options, which may have been
increased or altered from the original wind field, are additionally adjusted.
The adjustment involves calculating an adjustment factor based on the
ratio of change across all airports. This factor is then used to augment the
wind field across all flight levels, which corresponds to a more accurate
wind representation and better estimates of the fuel needed to reach the
destination. After the fuel burn is calculated, the weight is adjusted
based on the fuel usage, and this information, along with the crosswind,
tailwind components, and runway status, is used to estimate the runway
length required.

3. Key distances estimation
Distances to the aircraft, the original destination, and the nearest hub
are also estimated in nautical miles. Additionally, a contingency factor
is estimated, which is the average distance of the three closest airports.
This acts as another safety net or backup plan, with lower values being
preferred since there should be another airport in the vicinity if something
happens to the chosen option.

The described pipeline enables the creation of a wide variety of scenarios. The
way wind and weather effects are incorporated and modeled represents an im-
provement over the initial dataset and brings the simulation closer to real-world
conditions. The central element of the simulation, is without doubt, the fuel
calculation, since the weight of the aircraft is such an important factor for many
other aspects of the options. This required a detailed stepwise simulation to-
gether with wind modeling and adjustments in order to realistically capture
the interaction between fuel use, aircraft performance, and environmental con-
ditions.

6.3.6 Error Modeling and Uncertainty

The scenario generation also includes an error modeling component that in-
troduces uncertainty into the weather information, corresponding to expected



deviations for certain weather conditions. This is intended to reflect the fact
that in real-world operations, decisions are never made with perfect knowledge
of the environment. The errors are defined by structured ranges that corre-
spond to the severity of the weather type. Four levels are used: no phenomena
with very small deviations, light, medium, and heavy, with each level specifying
progressively larger ranges of possible error. During scenario generation, the
assigned weather type determines which range is active, so that more severe
weather conditions are associated with higher levels of uncertainty. This reflects
real-world conditions since, during storms or extreme weather phenomena, it
becomes increasingly difficult to obtain accurate estimates.

The errors are applied in the calculation step to the following:

o Wind speed.

e Wind direction.
e Visibility.

e Cloud ceiling.

For each parameter, a random error percentage is drawn from the defined range
and then used to modify the original value either upwards or downwards. Wind
direction is approached in degrees so that the change directly corresponds to
angular deviation. As an example, a wind speed of 20 knots under a medium
error setting might be altered to anywhere between 16 and 24 knots. Since
wind speed and direction are directly linked to other calculations, the wind field
itself is also modified by these changes. This, in turn, affects the subsequent
fuel calculations, as well as updates to crosswind and tailwind components and
the estimates of runway length requirements.

6.4 Summary

This chapter described the full data generation pipeline used to create real-
istic decision scenarios for the DAAS problem and provide training data for
the ExACT-MCDM methodology. The scope and assumptions were made ex-
plicit. A unified expert role was adopted by the author for practicality while
still incorporating feedback from colleagues and pilots and aligning with tech-
nical manuals. The focus was limited to the Airbus A321 to ensure the setup
remained realistic and manageable. Decisions were modeled as snapshots, with
outputs assumed valid for a short operational window, and the option set per
scenario was restricted to the five closest airports to reflect pilot-expressed
preferences.

The factors were defined and grouped into context- and option-specific cate-
gories, with transformation functions and soft and hard constraints specified to
encode expert intent. Scenario generation combined real flight plans from EU-
ROCONTROL, airport information parsed from the X-Plane database within a
European bounding box, and wind fields taken from the MERRA-2 reanalysis.
Wind at altitude was approximated with a power law profile and spatial inter-
polation. A runway scoring function balanced runway margin, crosswind and
tailwind components, and ILS availability. Fuel requirements were estimated
by combining BADA-based consumption up to the decision point with a custom
stepwise simulation that integrated wind effects through the wind triangle and
accounted for descent fuel, penalties, and possible fuel leaks. Technical failures
were modeled across several classes and encoded with a hierarchical scheme so
that severity and combinations could be used directly by learning algorithms.

Uncertainty was introduced through structured error ranges applied to weather-
related variables. These errors propagated through the wind field and into
downstream calculations, such as fuel burn and runway requirements, yield-
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ing multiple datasets that reflect different levels of operational noise. Taken
together, the pipeline delivers a diverse and realistic set of labeled scenarios.
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[ Experimental design

This chapter outlines the experimental setup used to evaluate the model selec-
tion and training performance part of the ExACT-MCDM methodology and
provide insight into one of its key steps. The chapter begins with an overview of
the experimental design, outlining the idea behind the experiments and factors
of interest. Following this, the models included are presented together with
the reasoning for their inclusion and the adaptations required to convert some
of them into a form suitable for a supervised ranking task. The chapter then
specifies the dataset generation process and the data used to train the models,
after which the relevant metrics considered in the experiments are presented.
This includes performance metrics and measures concerning feature importance
and explainability, as well as robustness metrics. The chapter concludes with
details on the experimental execution, covering training and hyperparameter
tuning.

7.1 Overview of Experimental Design

7.1.1 Experimental Aim

Given the proposed methodological approach designed to tackle many of the
identified problems regarding emergency time-critical MCDM, the goal now is
to test it using real-world use case from the field of aviation and observe the
outcome.

To accomplish this, various models will be applied to the same datasets and
compared in order to gain greater insight into how certain models perform. For
the purposes of this thesis, performance is defined by three relevant aspects:

1. Raw model performance
This refers to the model’s performance on standardized performance met-
rics, such as accuracy. It is of paramount importance to compare how
well the models learn and to gain an understanding of a reference point,
since this problem is new and has not been addressed until now.

2. Interpretability and Explainability
This extends the goal of a transparent process in which model inter-
pretability and explainability are vital and more understandable and
easy-to-comprehend models are greatly preferred. This includes an addi-
tional dimension to be compared alongside performance, to determine the
level of performance that would be lost, if any, when applying more suit-
able models, and whether such a trade-off is considered acceptable. This
element also related to feature importance estimation, which is a natural
inclusion given the connection to MCDM whereby weighting factors are
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Increased complexity

Increased scalability

central to the decision-making process.

3. Robustness
Robustness is the final aspect and, given the use case and the variability
of the real world, it is an important consideration. To this end, four
datasets were created with varying levels of error and variability to help
understand how different models would deal with uncertainty and how it
would affect their performance.

7.1.2 Interpretability and Explainability

Having defined what performance entails, a clearer distinction is needed re-
garding interpretability and explainability, as their definitions are often used
interchangeably and are not aptly standardized within the literature itself.
Moving forward, it is important to draw a sharper line between the two in
order to avoid confusion and enable a more granular discussion about specific
model characteristics.

Interpretability refers to the degree to which a model can be directly under-
stood by a human without the need for additional tools or approximations, as
in the case of a weighted sum or a small number of shallow decision trees. It
can be surmised that these models can be reasonably understood and compre-
hended by a human.

Explainability refers to the degree to which a model’s reasoning can be un-
covered or approximated through the use of external techniques, such as SHAP,
even when the model itself is too complex to be directly grasped. Put simply,
while some understanding of the model’s internal workings can be obtained, it
is unlikely that a human could reasonably derive this understanding without
the use of specific techniques separate from the model itself.

This distinction will guide the discussion and evaluation of models throughout
the work.

7.1.3 Machine learning approaches

Since the dataset generated has scores calculated based on the evaluation func-
tion, the training of the models can be specified as a five-class classification
task, where the option with the best class is the correct choice for each sce-
nario. This changes the problem into a straightforward classification task that
is quite common in the field.

However, during preliminary testing and while reflecting on the problem, cer-
tain issues with the classification approach became clear. More specifically,
the classification setup is marred by the model input shape and by scalability
issues in terms of the number of options.

The input shape problem arises from the way typical classification models ex-
pect inputs, namely as a single vector. This means that the tabular represen-
tation of the problem had to be unrolled into vector form, with the context
features at the beginning of the vector. This was not entirely unexpected and
was one of the reasons the LCS was considered, especially given its performance
on the Multiplexer problem, which has a similar structure and was therefore
used to create the benchmarking problem in Chapter 4. Still, this introduces
extra complexity as the model must learn many more intricate relationships,
resulting in a disadvantage because the input form is not naturally suited to
the task.

This issue also relates directly to scalability. With the unrolled structure, each
additional option does not increase the input size by just one, but rather by
the full number of features describing that option. This creates a severe scaling
problem that drastically increases complexity. A further complication emerges
in feature importance extraction, since the same features are spread across
multiple positions in the vector and must later be averaged or reintegrated to



Ranking formulation

recover the importance of a specific feature. The loss in interpretability is espe-
cially visible for the LCS because the rules are induced over the long flattened
input and end up mirroring the unrolled vector rather than expressing clean
conditions on individual factors. As a result, the expected rule pattern, where
each classifier carries clear bounds for each feature, becomes diluted across
many positions, which makes the population harder to read and undermines
one of the main reasons to use LCS in the first place.

For these reasons, although classification may first appear to be a perfect fit,
in practice, it is less than ideal.

Contemplation regarding convolutional neural networks and how their archi-
tecture is tailored to image processing, where shared filters move across the
image to capture local patterns, inspired thoughts about how to tailor the in-
put for the models so that it remains in its appropriate tabular form. It was
this line of thinking that led to the consideration of ranking as a suitable op-
tion for this problem. Ranking allows for the options to be considered as a
group, which, in a way, maintains their truer form. Of the three ranking for-
mulations—pointwise, pairwise, and listwise—the first two were discarded after
preliminary tests. The pointwise approach did not consider direct comparisons
between options and produced poor results, while the pairwise approach did
not address the issues with the LCS, which would require rules that mix fea-
tures from two options with features representing their differences, increasing
complexity and reducing interpretability. Therefore, the clear course of action
was to model it as a listwise ranking problem. By doing so, the input problems
would be solved, models would have less complexity to address, scaling could
be improved, and ranking metrics and approaches were more sensible in cases
where the top options can be in very close vicinity to each other and are more
viable for MCDM problem configurations.

7.2 Scenario Data

7.2.1 Dataset Description and Perturbation Design

Regarding the inputs of our model, four distinct datasets were created with
250,000 scenarios each. Since this is an initial investigation of the method-
ology, we made a slight departure regarding the label generation process. In-
stead of generating multiple perturbations per scenario and using the associated
stochastic dominance aggregation function, only one perturbation for each gen-
erated scenario was performed and used in tandem with the evaluation function
to produce labels for the options. This strategy was performed for two main
reasons:

1. Reduction in computational time and cost.

The custom Python simulation used for scenario generation required sub-
stantial computation, particularly for large-scale experiments. This re-
inforces the value of preparing variations and simulations in advance to
ensure timely decision support. It also reflects an inherent trade-off in
such systems: exploring a sufficiently rich set of scenarios while maintain-
ing precise option estimates, analogous to the exploration—exploitation
balance in reinforcement learning.

2. Greater control over error injection.
The scenario generation process involves simulating complex and inter-
dependent factors such as wind, fuel usage and its influence on weight,
and other weather phenomena. Using a single perturbed scenario for each
base case allows for a more controlled and direct incorporation of error
levels.

Single-Perturbation Sampling Moreover, this single perturbation approach is not without statistical founda-

as Monte Carlo Approximation
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Figure 7.1: Comparison of

learning outcomes under single-
and multi-perturbation sampling
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tion. In this context, each scenario s represents a complete operational context
(e.g., environmental conditions, aircraft state, traffic situation), while each per-
turbation £ captures a bounded source of uncertainty affecting that scenario
(in this case, weather variation). Using one structured perturbation per sce-
nario therefore generates paired samples (s, ) drawn from the joint distribution
p(s,&). From a Monte Carlo methods perspective [145, 238], empirical estimates
formed from many such independent draws should offer a similar learning sig-
nal as those provided by many repeated variations if the number of samples
from the joint distribution is great enough.

To validate this, a small controlled experiment was conducted, the results of
which can be seen in Figure 7.1. In this experiment, a linear regression model
with ridge regularization was trained under a fixed simulation budget of T' =
10,000. The model uses a simple nonlinear feature map consisting of a bias term
1, a linear term s, a quadratic term s2, and the trigonometric terms sin(s) and
cos(s). Using these features, the predictor takes the form

F(8) = wo + w1 s + was® + wssin(s) + wy cos(s). (7.1)

The goal was then to compare the difference when the models is is trained
using many scenarios with one perturbation each (K = 1), and fewer scenarios
with multiple perturbations averaged per scenario (K > 1). All approaches
recovered the same expected function E[f | s], with the multi-perturbation
variants showing only a modest reduction in variance. The qualitative shape
of the learned function and the quantitative RMSE values were highly similar
across all values of K, demonstrating that the broader coverage of the joint
scenario—uncertainty space (s, £) obtained through K = 1 sampling can provide
a sufficiently strong learning signal. Thus, it could be argued that by increasing
K, the primary reduction is in terms of noise and not complete alteration of
the underlying objective.

Based on the experiment, one can assert that this inherently increases the diffi-
culty of the problems the model faces, as a single perturbation could represent
a rather large departure from the initially presented case. However, due to the
manner in which the simulation operates and the method by which noise levels
are introduced, the effects should not be tantamount to random noise injection;
rather, they remain, to a greater extent, bounded by the scenario types and the
inherent instability represented by weather components in the scenario. This
is also reminiscent of the origins of the approach as single-step reinforcement
learning problem in which the model obtains approximation of the factors to
make its decision and then receives a reward based on the true outcome.

However, the use of a single perturbation was limited to these initial test-
ing stages to examine the methodology and to assess how the models handle



controlled error levels in a systematic way. For future practical use, multiple
perturbations per scenario and their aggregation with an aggregation function
inspired by stochastic dominance must be undertaken.

7.2.2 Dataset Characteristics and Error-Level Behavior

For each dataset, each scenario based on its scenario type was subject to four
categories encompassing different error ranges:

e No error.

e Light.

o Medium.

e Hard.

The various error ranges for the four different datasets created are presented

in Table 7.1.
Weather Category No Error Light Medium Hard
No Phenomena (0.0, 0.0) (0.01, 0.05) (0.02,0.10) (0.10, 0.15)
Light (0.0, 0.0) (0.05, 0.10) (0.10, 0.15) (0.15, 0.25)
Medium (0.0, 0.0) (0.10, 0.15) (0.15, 0.20) (0.25, 0.35)
Hard (0.0, 0.0) (0.15, 0.20) (0.20, 0.30) (0.35, 0.50)

Table 7.1: Error ranges across
different dataset types, expressed
as (min, max) values.  Since the final evaluation is based on the perturbed scenario, which is meant to

represent an amalgamation of many possible simulations, the following tables
show the class distribution and changes that occur compared to evaluating the

originally generated scenarios.

No Error Dataset

Option No Errors % (count) With Errors % (count) Change
0 20.1% (52,242) 20.1% (52,242) +0.0%
1 20.0% (52,022) 20.0% (52,022) 10.0%
2 20.0% (51,885) 20.0% (51,885) 10.0%
3 19.8% (51,477) 19.8% (51,477) £0.0%
4 20.0% (51,973) 20.0% (51,973) +0.0%
Table 7.2: Best option
distribution percentage for the
No error dataset
Light Dataset
Option No Errors % (count) With Errors % (count) Change
0 19.9% (51,326) 20.0% (51,420) +0.0%
1 20.0% (51,408) 20.0% (51,374) -0.0%
P 20.0% (51,549) 20.0% (51,460) 0.0%
3 20.0% (51,464) 20.0% (51,371) 0.0%
4 20.0% (51,581) 20.1% (51,703) 10.0%

Table 7.3: Best option
distribution percentage for the
light dataset 125



From / To Rank 0 Rank1l] Rank2 Rank3 Rank4
From 0 85.7% 10.3% 2.6% 1.0% 0.4%
From 1 10.3% 72.5% 12.3% 3.6% 1.3%
From 2 2.6% 12.4% 68.2% 13.0% 3.8%
From 3 1.0% 3.5% 13.2% 69.4% 13.0%
From 4 0.4% 1.3% 3.8% 13.0% 81.5%

Table 7.4: Rank transition
matrix expressed in percentages
for the light dataset

Medium Dataset

Option No Errors % (count) With Errors % (count) Change
0 20.1% (50,743) 20.0% (50,410) -0.1%
1 19.9% (50,114) 20.0% (50,309) +0.1%
2 20.0% (50,487) 20.1% (50,757) 10.1%
3 19.9% (50,281) 19.9% (50,151) -0.1%
4 20.0% (50,531) 20.0% (50,529) -0.0%
Table 7.5: Best option
distribution percentage for the
medium dataset
From / To Rank 0 Rank 1] Rank2 Rank3 Rank4
From 0 59.2% 25.4% 10.3% 3.9% 1.2%
From 1 21.5% 40.4% 23.6% 10.7% 3.8%
From 2 11.2% 19.9% 37.9% 22.1% 8.9%
From 3 5.8% 10.1% 19.9% 42.9% 21.3%
From 4 2.3% 4.2% 8.4% 20.3% 64.8%
Table 7.6: Rank transition
matrix expressed in percentages
for the medium dataset
Hard Dataset
Option No Errors % (count) With Errors % (count) Change
0 20.0% (56,207) 20.1% (56,329) +0.0%
1 20.1% (56,295) 20.0% (56,137) -0.1%
2 19.9% (55,861) 20.0% (55,996) +0.0%
3 20.0% (56,165) 19.9% (55,919) -0.1%
4 19.9% (55,922) 20.0% (56,069) +0.1%
Table 7.7: Best option
distribution percentage for the
hard dataset
From / To Rank 0 Rank 1 Rank 2 Rank3 Rank4
From 0 54.5% 26.4% 12.0% 5.1% 1.9%
From 1 22.0% 36.1% 24.0% 12.5% 5.3%
From 2 12.7% 20.0% 33.4% 22.8% 11.1%
From 3 7.3% 11.7% 20.0% 38.0% 23.0%
From 4 3.5% 5.9% 10.5% 21.6% 58.6%

Table 7.8: Rank transition
matrix expressed in percentages

for the hard dataset  Based on the changes, we can calculate a percentage change for the label com-
pared to the originally generated scenarios, shown in Figure 7.2. Additionally,
the change in ordering can be estimated by borrowing the NDCG evaluation

metric from learning-to-rank methods, which is expressed as:
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Figure 7.2: Label change
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(7.3)
where rel; denotes the linearly scaled relevance score of the item at rank posi-
tion ¢ in the predicted ranking. The denominator log,(i 4+ 1) introduces a loga-
rithmic discount that reduces the contribution of lower-ranked items. IDCG@Qk
represents the ideal DCG, i.e., the DCG value obtained from the perfect rank-
ing, and serves as a normalization factor. In this configuration, the relevance

scores are assumed to have uniform (linear) spacing, consistent with ordinal
labels {0,1,2,3,4}.

In this way, the NDCG ranges between 0 and 1, where a value of 1 indicates that
the predicted ranking is identical to the ideal order, while lower values reflect
progressively larger deviations. For the purpose of the evaluation presented
here, it allows us to quantify the extent of the change in the ordering of the
possible options when scenario modifications—such as altered wind fields or
weather conditions—are introduced. The NDCG metric is computed for the
entire ranking consisting of all five options, i.e., NDCG@b5. The three NDCG
values obtained for the dataset are shown in Figure 7.3.

Based on the figures, it is noteworthy that while the error ranges increase
significantly between the medium and hard datasets, this does not lead to a
proportional increase in the number of changed labels. Instead, the relation-
ship between error severity and label changes seems to follow a sigmoid-like
behavior, where initial increases in errors produce stronger changes but further
increases lead to a slower growth and eventually approach a plateau.

From these four datasets—the three shown in the figures plus the no-error
dataset—the medium dataset is deemed to be closest to the real-world repre-
sentation of the problem in terms of its error rate and will therefore be given
greater focus, with the others serving as a way to understand the effects of
differing error rates on the model’s performance.

Taking the medium dataset as representative of the real world, two additional
datasets were generated based on it, again consisting of 250,000 scenarios each.
These datasets possessed the same level of perturbation but included different
numbers of options. The new datasets contain scenarios with ten and fifteen
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Figure 7.3: NDCG change per
dataset
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options instead of the original five. These additional datasets allow exploration
of how the ranking approach handles an increased number of options.

7.3 Models considered
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In terms of the models that would be employed, the following are considered:

1. Weighted sum, as the most explainable and interpretable model that also
stems from the field of MCDM.

2. Learning Classifier Systems, due to their explainable and interpretable
rule-based structure.

3. XGBoost, due to its top performance with tabular data and ability to
handle categorical and real-valued inputs extremely well.

4. Neural Networks, as universal approximators that can be scaled and ad-
justed as needed.

The models considered were divided into two categories:

1. Simple and interpretable models.

e The weighted sum model is in line with more typical MCDM ap-
proaches. The weighted sum model is considered here is essentially
a weight vector whereby, for all scenarios in the datasets, it pro-
duces a score for each option and the option, with the best score
is the recommended one. This model is inherently the most simple
and interpretable by humans as the process of selection is direct and
clear.

e The simple XGBoost model is the second model in this group. This
model was limited to 20 trees with a shallow depth of 2. It is slightly
more complex than the weighted sum but the restrictions allow it
to remain a rather a simple and interpretable model. Here, the
interpretability is due to the limited number of trees, which are
arguably still understandable by humans.
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e The simple LCS model is the final model in this category. It is based
on the XCSF approach and uses a normalized least mean squares
linear predictor in tandem with a hyperrectangle condition type.
The interpretability is also maintained in a similar fashion to the
XGBoost algorithm by limiting the population size to 20 classifiers.

2. Performance-oriented models.

e The XGBoost model has been expanded to 5000 trees with a depth of
8. This configuration increases the model’s capabilities but decreases
its interpretability—with more than 20 trees, it becomes difficult
for humans to fully comprehend how the model works in detail.
However, it remains explainable to a degree because decision trees
can be analyzed with feature importance and SHAP values, even if
the overall structure is too complex for a human to follow directly.

e The LCS linear model is the same as the simple LCS but with a
much larger population of around 650 classifiers. This reduces model
interpretability but given that the predictors are linear it retains a
certain degree of explainability when compared to XGBoost because
the weight vectors can still be inspected, even if the population size
makes the model as a whole harder to grasp.

e The neural network is the final model and the least interpretable
of all the models examined. For the purposes of the experiments,
the neural network was deliberately limited to two hidden layers of
32 nodes each, placing it at the edge of what could perhaps still
be argued as interpretable in some sense. The reasoning behind
this design choice was to ensure the network remained shallow and
relatively small so that its internal representations might still be
studied (for instance, through layer activations or simplified saliency
techniques) while also maintaining competitive performance. Yet,
even in this reduced form, the model cannot be called interpretable
in the same way as the weighted sum or small XGBoost models, and
it instead belongs in the category of explainable models whereby
external tools such as SHAP are needed to provide insights into the
reasoning process.

7.3.1 Model adaptation to ranking

Based on preliminary results, the ranking approach was defined as listwise with
linear rankings, in which each option in a scenario received a number from 0
to n indicating its position. This choice was made because the raw scores
were difficult to use, especially when the top two options were very similar.
Experimentation was carried out by adding a temperature factor to adjust the
option values; however, the LCS model in particular struggled to learn under
this scheme. Therefore, the more effective solution was to convert the scores
into numeric rankings, which provided a more stable and interpretable training
signal across all models.

Building on this representation, the weighted sum and neural network models
were adapted to a ListNet-style ranking formulation. ListNet optimizes ranking
performance through a probability-based loss that converts both the predicted
scores and the true rankings into probability distributions via a softmax func-
tion. Higher-ranked options receive higher probabilities, and the model mini-
mizes the cross-entropy between these distributions so that it learns to assign
larger scores to options that should be ranked higher. While ListNet does not
directly optimize NDCG, its probabilistic formulation naturally emphasizes the
top positions, aligning well with the goal of achieving high ranking quality. To
obtain the predicted probabilities from the linear rankings, a softmax transfor-
mation was applied, which proved to yield more stable and better-performing
models. In contrast, XGBoost can employ a specialized tree-based objective
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LCS ranking adaptation

that directly optimizes NDCG within its gradient-boosting process. Since the
neural and weighted sum models require a differentiable loss and NDCG itself
is non-differentiable due to sorting, ListNet provided a suitable and effective
alternative.

The LCS ranking implementation attempted to employ a newly developed ap-
proach to approximate NDCG optimization through reward shaping. Instead
of attempting to optimize NDCG directly, which is non-differentiable due to
the sorting operation, the idea was for the system to uses finite differences to
estimate each option’s contribution to the overall ranking quality. Thus, for
each scenario, the LCS would first generate scores for all available options using
a context-to-option concatenated input format. Afterwards, a baseline NDCG
score would be calculated and systematically perturbs each option’s score by a
small € to measure its marginal contribution to the ranking quality:

NDCGnew - NDCchrrent
p .

(7.4)

These marginal contributions are normalized using z-score standardization and
mapped to the [—1,1] range using a tanh function to ensure stable and well-
distributed rewards across scenarios. This normalized reward signal would then
guide the LCS’s learning process, where individual classifiers receive rewards
proportional to their contribution to the ranking quality, and their prediction
weights are adjusted using normalized least mean squares (NLMS). However,
this implementation was not successful, primarily due to slowness stemming
from the many prediction calls required for each scenario and the subsequent
calculations and updates for each individual call. This led to training times of
approximately 14 days for just one fold of the 5-fold cross-validation. Addi-
tionally, during preliminary testing it was not evident that this new approach
produced favorable outcomes, as the models struggled to show consistent im-
provement.

Therefore, to adapt the LCS for a ranking approach, a modified pointwise
method was employed. The task then became one of regression in which the
model was called upon to predict a score for each option. For training of the
model, all the options were assigned scores based on their rankings within their
scenarios and then normalized to [0,1], thus resulting in normalized targets
or scores [1,0.75,0.5,0.25,0.0]. Here, importantly, the options are all fed as
individual data points and not grouped as part of a scenario. However, since
the scores were derived from scenario-level rankings, a degree of ranking infor-
mation remained implicitly encoded despite the pointwise formulation.

7.4 Metrics and Execution
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Performance metrics

7.4.1 Metrics

The performance metric across the dataset represents the primary way to gain
insight into how well the model is able to learn the task at hand.

Given that the initial formulation of the problem explored is that of a supervised
learning five-class classification problem, the primary metric used to gauge
model performance will be the accuracy metric, which was showcased in the
scientific fundamentals chapter in section 2.3. This represents a typical and
straightforward measure of model performance for a classification problem.
However, the focus on accuracy, with the omission of precision, recall, and
even F'1 score outside of hyperparameter tuning, is due to the balanced class
nature of the datasets, where they have almost a perfect 20% split across classes.
This was additionally confirmed during preliminary testing where the F'1 score
matched the accuracy. Therefore accuracy will be used as a convenient measure
for the five-class classification formulation of the problem.

Regarding the ranking formulation of the problem, the NDCG measure was



Feature importance and
explainability

selected, which is presented both in the scientific fundamentals chapter and also
in the previous section to better describe the changes introduced by variability
in the datasets. The NDCG metric was chosen due to its flexibility regarding
its application as NDCG@n to showcase performance at different positions in
the rankings. For this thesis, NDCG@1 and NDCG@5 will be used. This allows
insight into both the top-suggested ranked option and the ranking of the five
options that would be presented to the pilots. It is important to specify that
for datasets with only five options, we essentially evaluate the entire ranking,
while for those with ten and fifteen options, only a subset of all possible options
is evaluated.

Furthermore, given the more lenient nature of NDCG as it rewards partial
ordering and its limit at 1.0, the inclusion of additional metrics to quantify its
improvement compared to a random agent was also employed. Specifically, we
introduce a normalized improvement metric that measures how much of the
possible improvement over random performance each model captures.

The normalized improvement I"™ is calculated as:

NDCG? — NDCG?
NI = model random 1 )
1.0 -~ NDCG™ X 100% (7.5)

random

where NDCG? . iom Tepresents the theoretical baseline performance, 1.0 rep-

resents the maximum possible NDCG score, and 1.0- NDCG?, . represents
the maximum possible improvement.

This metric normalizes performances across different numbers of options and
shows how much of the "learnable signal" each model captures.

The feature importance analysis of the models serves three key aspects:

1. Providing insight into the model’s internal processes regarding the current
dataset and the formulation of the problem being considered.

2. Relating the new ML approach back to the roots of MCDM to understand
which factors are considered important and how they are weighted.

3. Gaining insight into how different explainability approaches, both model-
specific and model-agnostic, can be used in line with explainable and
interpretable time-critical MCDM.

For the LCS method, particularly regarding its highlighted problems in terms
of a classification problem formulation, a population-based feature importance
calculation was used. This metric combines two specificity and accuracy-
weighted contributions per feature. Specifically, for each classifier ¢ in the
population of size IV, and each feature f, the importance score Iy is calculated
as follows:

N N
1 Y1 Are
I;=05-=) Spc|+05- [ ==="" . 7.6
! (N ; . > (Ziv_l ﬁtnessc> (7.6)
where the the specificity Sy . of feature f in classifier ¢ is defined as

spread; .

Spe=1- (7.7)

)
max_spread

with spread . being the spread value of the hyperrectangle condition for feature
f in classifier ¢, and max_spread is normalized to 1.0.

The accuracy-weighted contribution Ay . incorporates the classifier’s fitness
fitness, as is defined as follows:

Ao = Sy - fitness,. (7.8)



The final importance score for feature f is thus the mean of two components.
For option features that appear multiple times (once per option), the scores
are averaged across all instances:

Noptions
1

Ifopt = Ifo. (7.9)

Noptions o—1

Finally, all importance scores are normalized to ensure they equate to one:

Iy
Inorm — .
! Zk I

This combines both the specificity of the feature’s matching conditions (how
precisely it matches inputs) and its contribution to accurate predictions (weighted
by classifier fitness), providing a balanced measure of feature relevance in the
LCS population.

(7.10)

For XGBoost, gain-based feature importance was used, where gain captures
the average improvement in accuracy understood as the reduction in training
loss whenever a feature is chosen for a split across the trees in the ensemble;
since this measure is widely used in the literature, it is not expanded on further
here. Unlike simple split counts that only tally how often a feature appears, the
gain measure reflects the extent to which a feature actually reduces error and
therefore provides a more meaningful indication of its influence on the model’s
predictions. Given the widespread usage of this feature importance method in
the literature, it will not be expanded upon further.

Having addressed the model-specific methods to be used, and with the weighted
sum included by default, the two main model-agnostic methods considered are
SHAP and Integrated Gradients, with the addition of Permutation Feature
Importance. All of these were introduced in Section 2.7 of the scientific funda-
mentals chapter.

Robustness Many methods exist to measure the robustness of the models. In preliminary
testing, the performance drop rate and relative robustness were also examined.
However, for the final analysis, only average robustness was used. This allows
easier comparison as one needs to examine only a single metric; additionally,
it reduces similar insight that could have been derived from multiple different
robustness methods. Average robustness can provide insight into how well a
model maintains its performance across various error conditions relative to its
performance under clean conditions. It is defined as:

AR = i = Perr,i

m “— Pclean
=1

(7.11)

where P, ; is the model performance on the i-th error dataset such as light,
medium, or hard, m is the number of error datasets, and Ppje.n is the perfor-
mance on the no error dataset. A higher value of AR (closer to 1) indicates
that the model maintains consistent performance across the error datasets and
therefore shows greater robustness.

7.4.2 Execution and Hyperparameter tuning

Execution 'The experiment and data generation process was conducted on the Kratos
High-Performance Data Analytics (HPDA) cluster at the German Aerospace
Center (DLR). All simulations were executed in a controlled environment using
Python 3.11.9.

For the experiments, several machine learning frameworks and libraries were
employed. For the tuning of the weighted sum, the ADAM optimizer was
chosen [144]. Gradient boosting models were implemented using the XGBoost
library in Python [57], while neural networks were implemented using PyTorch
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Hyperparameter tuning

Model agnostic feature
importance implementation

[209]. For Learning Classifier Systems, the open-source Python implementation
of XCSF available from the xcsf GitHub repository was employed [282].

Hyperparameter optimization across all models was conducted using the Optuna
framework [15], with 100 trials per model. Optuna is a Bayesian optimizer that
proposes promising settings based on past results and terminates weak trials
early, increasing both the efficiency and thoroughness of the search within the
trial budget. In practice, we used its Tree-structured Parzen Estimator sam-
pler and an early stopping pruner, and the objective trained each candidate
with five-fold cross-validation and returned the mean score to be maximized.
For the classification models, the target metric was the F'1, score and for each
trial, the average F'1 over the five-fold validation was used as the optimization
target.

Regarding the ranking models the Optuna framework was used again, with
100 trials per model. This optimization also used five-fold cross-validation and
maximized the mean NDCG@5 across the validation folds. The hyperparame-
ter tuning and training process was conducted on 200,000 scenarios, with the
remaining 50,000 scenarios used as a holdout set for final evaluation.

In the vein of transparency, it must be noted that the LCS model received
extra attention during tuning, including hand tuning and trial and error before
running the Optuna search. Although all models had the same budget of auto-
mated trials, the LCS model received additional human time and focus, which
should be kept in mind when interpreting its results.

The exact hyperparameter settings obtained for each model are provided in the
appendix C.

For XGBoost, the SHAP TreeExplainer from the SHAP library [174] was used.
It provides native support for tree ensembles and did not require background
sampling. Multiclass outputs were reduced by averaging the absolute SHAP
values across classes, and attributions were computed on the full holdout set.
For the neural network, the KernelExplainer was used with a background set of
two hundred random samples and an analysis set of one hundred samples. For
LCS, the values were computed using the KernelExplainer with a background
set of two hundred samples and an analysis set of one hundred samples. Across
all methods, the final importance scores were normalized to sum to one, op-
tion level features that appear multiple times were grouped by averaging their
occurrences across options, and multiclass outputs were handled by averaging
absolute attributions across classes.

Of particular note was the need for a custom implementation of permutation
feature importance for the ranking algorithms. This was due to the scenario-
based nature of the dataset and the fact that, during ranking, the models
employ individual options as inputs within those scenarios. Additionally, within
the dataset, each input fed to the model consists of n context features (which
are identical for all options within a scenario) concatenated with the option-
specific features. To accommodate this structure, the custom implementation
ensures that when a context feature is permuted, it is reflected consistently
across all options in the scenario, and when an option feature is permuted,
it is modified at all positions where it appears across the five options in that
scenario.

7.5 Summary

In this chapter, the experimental setup for evaluating the ExACT-MCDM
methodology was laid out in a way that mirrors the practical demands of
time-critical decision support, beginning with a clear statement of the aims
of the experiments and continuing with the selection of models to be tested.
The focus was to incorporate and compare simple and interpretable models,
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namely a weighted sum, a shallow XGBoost, and a small population LCS,
against performance-oriented variants that included a deeper XGBoost, an LCS
with a larger population, and a compact neural network. These models were
then adapted to a learning-to-rank formulation using listwise training, with a
ListNet-style loss for the weighted sum and the neural network, and an adapted
pointwise approach for the LCS.

Building on this, the evaluation metrics were selected to reflect both task fit
and operational relevance. Accuracy was used for the initial classification fram-
ing (NDCG at one and five for ranking quality) and a normalized improvement
measure to express gains over random ordering across different option counts,
while robustness was assessed through average robustness to quantify degrada-
tion from clean to more difficult conditions. Interpretability and explainability
were taken into account, with feature importance derived from model-specific
methods such as gain for XGBoost and a population-based measure for LCS,
and from model-agnostic methods such as SHAP. The chapter concludes by
detailing what exact frameworks and implementations were used and how the
models were trained and tuned.



Results analysis

The following chapter presents the main experimental results of the thesis,
based on the models applied to the newly created datasets and an analysis of
their outcomes. The chapter begins by examining the results obtained when
treating the problem as a classification problem. Second, the results of the
ranking formulation are shown and were carried out to address issues identified
with the classification-based approach. Third, an analysis is presented where
multiple versions of the medium dataset with more options are compared to
gain a clearer view of scaling. Finally, an investigation into model selection is
included, where selection is treated as an MCDM problem, making use of an
a priori sensitivity study along with an examination of the trade-off between
performance and interpretability.

8.1 Classification analysis

Simple models

Performance-oriented models

8.1.1 Performance analysis

Given the division of the models into two separate groups, it seems like a natural
step to begin by examining the performance of the simple and interpretable
models first, as this provides a reasonable baseline. The performance of these
models in terms of accuracy is shown in Figure 8.1. From the figure, it is clear
that the simple XGBoost model performs the best across all of the datasets,
with the weighted sum following in second place. The XGBoost performance
is rather strong in the no-error dataset where it achieves an accuracy of 76%,
but this performance degrades as the level of noise in the datasets increases.
The LCS linear model, on the other hand, proved completely incapable of
learning anything meaningful, most likely due to its small population size, and
in practice, its performance was close to that of a random agent offering no
real benefit. What is more surprising is the performance of the weighted sum,
which rivals that of the simple XGBoost model, with the two being almost
equal and showing only a 1% difference in the crucial medium dataset. This is
most likely due to the fact that the weighted sum is naturally able to conform
more directly to the scenario-based format of the problem since it operates as
a weight vector of exactly 19 features, with 4 context features and 15 option
features, and does not require its input to be rolled out into a table of all
options with the context features placed at the beginning, making it a more
suitable representation for this specific problem.

Turning now to the performance-oriented models, Figure 8.2 shows the re-
sults for the larger LCS linear model, the full XGBoost model, and the neural
network. From the figure, it is clear that the full XGBoost model achieves
the best performance overall, reaching an impressive accuracy of 91% in the
no-error dataset and still maintaining a relatively strong 73% accuracy in the
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Figure 8.1: Simple model
performance

Figure 8.2: Performance-oriented
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medium dataset. This makes it the strongest of all tested models in terms of
raw predictive capability, although its interpretability is effectively lost at this
scale with thousands of trees involved.

The neural network follows closely behind, with performance that is competi-
tive and, in some cases, surprisingly resilient, showing 79% accuracy in the no-
error dataset and 76% in the light-error dataset, before dropping more sharply
to 66% and 62% in the medium and hard datasets, respectively. This indi-
cates that the neural network is able to learn useful representations and deliver
some solid performance, but its sensitivity to increasing error levels highlights
fragility that would need to be addressed before deployment in safety-critical
contexts.

The LCS linear model, even when expanded to a larger population size, still
struggled to match the performance of the other models. It achieved 71% in the
no-error dataset and then quickly dropped to 56% and 55% in the medium and
hard datasets, showing that simply increasing population size is not sufficient
to close the gap. The linear structure of the predictors may preserve some
degree of explainability, but the overall performance leaves much to be desired
compared to XGBoost and the neural network.

These results highlight that the performance-oriented models do indeed provide
stronger raw accuracy, with XGBoost in particular standing out as the most
capable model across varying error levels. However, this comes at the cost of
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interpretability, given that the internal logic of the model cannot realistically
be followed by human stakeholders once the complexity increases to thousands
of trees or dozens of neural network nodes. The lesson here is that while
performance-oriented models push the boundary in terms of predictive power,
their integration into safety-critical decision-support systems would require the
use of explainability methods such as SHAP in order to make their reasoning
accessible; even then, there is an open question as to whether the trade-off
between performance and interpretability is acceptable in contexts where trust
and oversight are essential.

Finally, Figure 8.3 presents the performance of all models across all datasets,
allowing for a direct comparison between the simple interpretable approaches
and the more complex performance-oriented ones. From the figure, it is clear
that the full XGBoost model remains the best performer overall, reaching 91%
accuracy in the no-error dataset and showing consistent strength across the
others, with only gradual declines as noise levels increase. The neural network
follows as the second-best model in terms of raw accuracy, although it shows a
sharper drop when error is introduced, while the weighted sum proves to be a
surprisingly strong contender, nearly matching the performance of the simple
XGBoost model in the medium dataset and outperforming both LCS variants.

The comparison also highlights the weakness of the LCS simple model, which
failed to learn anything meaningful and remained at the level of a random
baseline across all datasets, and the limited but slightly stronger contribution
of the LCS linear model with a larger population, which still could not compete
with XGBoost or the neural network. This emphasizes that while LCS models
may provide some interpretability benefits, they did not perform competitively
in this classification setting, especially when noise was present.

Upon examining all models together, a clear trade-off between interpretabil-
ity and performance emerges. The weighted sum and simple XGBoost models
demonstrate that interpretable models can perform surprisingly well, particu-
larly when the problem structure is more adapted to them, as in the case of
the weighted sum.
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137



138

8.1.2 Feature importance analysis

The feature importance analysis was a particularly tricky undertaking given
the large number and variety of models examined. In an effort to provide an
additional comprehensive analysis while still maintaining a suitable level of
compactness, the feature analysis was conducted using two heatmaps in which
the features are shown on the y-axis, while the methods and specific explain-
ability techniques are shown on the x-axis, which allows direct comparisons
methods and models. The idea was to have a model-specific method (or a met-
ric tailored to that method) and also include a model-agnostic method (in this
case, SHAP). As mentioned in the previous chapter, the feature importance
values from all methods were normalized to a scale of 0-1 so that meaningful
comparisons could be made. The analysis presents three separate heatmaps,
one in which the values are min—max-scaled, and another in which feature
importance is converted to ranks.

Across all the heatmaps, several distinct patterns can be observed. First, the
average distance to closest airports, visibility, tailwind, and crosswind are al-
most universally of highest importance, with the strong result observed for the
average distance to closest airports being a particularly surprising inclusion.
While this initially appears unusual given that the direct relevance of such a
measure is not as obvious as more physical factors like visibility or crosswind,
it seems that this feature effectively acted as a measure of geographical density.
By capturing how closely clustered the surrounding airports are, it provided
information that extended far beyond simple distance. In areas such as West-
ern Europe where airports are dense, it highlighted the availability of nearby
alternatives, the redundancy of the network, and even the likelihood of corre-
lated weather conditions across multiple sites. In less dense areas, it reflected
the isolation of an option and the risks of limited alternatives. In this way, the
feature was not only a distance measure but a composite indicator of spatial
redundancy and environmental correlation.

The prominence of this feature across all models shows how a seemingly simple
metric can become a hidden combination of influences that provides a great
deal of predictive power. At the same time, it raises interpretability questions,
since decision makers may not easily understand what such a feature really rep-
resents. This highlights both the strength and risk of composite features. They
can provide a powerful signal that improves accuracy but can also make the
reasoning of the model less transparent. For this reason, the balance between
performance and interpretability must be considered directly when designing
features and generating scenarios.

The heatmaps seem to indicate that for many models and methods, the most
influential factors are those tied to weather and fuel, with the contingency
metric—the average distance to the closest airports—making a surprisingly
strong showing as well. This largely fits expectations since these are exactly
the variables with high variability and clear constraints, yet it also provides
interesting insight into the methods themselves because certain approaches
appear to concentrate on only a handful of factors and almost dismiss the rest.
In the case of the simple XGBoost this was relatively expected, as the narrower
trees zero in on the most important signals and effectively eliminate others,
which explains the many zeros in that column. In contrast, the weighted sum
and LCS population metrics display a more nuanced spread of importance and
clarify that the remaining factors, especially those pertaining to context, do
carry weight. It should also be noted that most methods had to contend with
the feature split across the entire input vector and the subsequent reassembling
and averaging, whereas the weighted sum offers a more direct and transparent
mapping.

This naturally raises the question of which method should be preferred for ex-

planation. LCS is a good example since different techniques produced different
importance profiles. A caveat is that SHAP is a rigorous and well-founded
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method, while the population-based metric is the author’s own construction
and therefore not as established, even if it rests on reasonable logic. This,
in turn, raises a broader question about whether explainability in practice re-
quires multiple methods to be applied in parallel, and when those methods offer
conflicting insights, which interpretation should ultimately be trusted. It also
highlights certain limitations, particularly with SHAP: although SHAP is very
effective for explaining individual predictions by showing how different factors
influence a specific outcome, it may not always provide a fully satisfactory or
reliable global picture of how the model behaves overall.

Overall, the feature analysis does provide an understanding of the models’
reasoning; however, it raises many new questions, especially concerning how to
handle complex features, such as average distance to the closest airport, which
were not initially envisioned to be this important. It also raises the question of
explainability methods in general and whether they can be employed sufficiently
in a global manner or must be relegated to a more granular view.
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medium dataset  8.1.3 Robustness analysis

The robustness analysis, shown in Figures 8.6, provides insight into how well the
models maintain their performance under varying levels of error in the datasets.
This aspect is particularly important for time-critical and high-stakes decision-
making problems, since models deployed in such environments must be able
to handle noisy or uncertain inputs without exhibiting severe degradation in
output quality.
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Based on the figure, the neural network achieves the highest average robustness
more robust

score at 0.855. LCS Linear follows at 0.843, and the weighted sum model is
similar at 0.842. Both XGBoost configurations are lower, with 0.825 for the
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simple version and 0.821 for the full version. These results suggest that models
with either inherent flexibility (such as neural networks) or strong structural
constraints (such as LCS Linear) adapt better to varying error levels than tree-
based approaches.

Based on the analysis, the neural network, despite the relatively constrained
architecture used here, proved to be the most robust and stable across different
noise conditions. At the same time, the LCS Linear model demonstrates that
robustness does not necessarily require complexity, since its relatively simple
linear predictors still achieved strong results. The weighted sum model shows
reasonable robustness but with clear limitations as noise levels increase, while
the XGBoost models, although powerful in terms of raw performance, are more
vulnerable to degradation under error conditions.

However, although certain models appear more robust, one need only look at
the y-axis of the plots to see that the differences between models seem small. Or
do they? As with performance, difficulties arise when attempting to draw firm
conclusions beyond simple model comparisons. The fact of the matter is that
for problems involving safety, even small percentage differences can carry sig-
nificant weight once deployed in the real world, and it is especially challenging
to fully grasp how these changes might influence real-world operations.

8.1.4 Key takeaways for classification analysis

The analysis showcased both interesting and unexpected insights. In terms of
performance, the full XGBoost model outperforms all other models regarding
raw performance but becomes less stable as noise increases. The compact neu-
ral network is similar shows the strongest stability under perturbations. The
weighted sum shows excellent performance given its simplicity, nearly match-
ing the simple XGBoost on the medium dataset while keeping the logic vis-
ible. Despite boasting the most interpretable and explainable structure, the
LCS variants showed unimpressive results compared to the other models. In
the feature importance analysis, across methods, the same drivers continue to
appear: visibility, tailwind and crosswind, and distance-based terms, with the
average distance to the closest airports acting as a proxy for spatial redundancy
and even shared weather patterns, while airline and hub type remain of little
importance. Regarding robustness, all models seem to show only small differ-
ences, but in a practical safety-critical setting like DAAS, even small differences
can carry significant weight. Despite being a less than ideal formulation of the
problem, the classification analysis revealed valuable information.

8.2 Ranking analysis

Simple models

Performance-oriented models

8.2.1 Performance analysis

As with the classification analysis, an initial investigation is shown in Fig-
ures 8.7 and 8.8. In each figure, the bar height and number depicted above
it denotes the mean performance, while the error bars indicate + one stan-
dard deviation. Unlike the classification analysis in which only accuracy was
considered, here, we use NDCG@1 and NDCG@5 to show the quality of the
most selected option and the entire ranking. As in the previous performance
comparison, the XGBoost model performs best, achieving 0.78 on NDCG@1
and 0.92 on NDCG@5 on the medium dataset. It also seems that reformulating
the problem as a ranking task suits the models well and increases performance.
The simple LCS model is especially impressive, now surpassing the weighted
sum and appearing as an excellent contender to the XGBoost model.

The results of the performance-oriented models are shown in Figures 8.9 and
8.10. Here, we see an interesting turn of events in which the simpler neural net-
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Figure 8.7: Simple models
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Figure 8.8: Simple models’
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work achieves better results than the XGBoost model. This was an interesting
finding since the nature of the dataset, which contains categorical inputs, sug-
gested that XGBoost might remain strongest. In terms of NDCG@1, the neural
network reaches an impressive 0.87, which increases to 0.95 for NDCG@5. This
shows strong performance, especially when it comes to providing high-quality
rankings across all options.

The performances of all models, both simple and performance oriented, are pre-
sented in Figures 8.11 and 8.13. The outcome of most interest is the impressive
improvement of the simple LCS model, which transformed from a model that
learned almost nothing in the classification formulation into being reasonably
sufficient in the ranking setup. This result fits well with the relatively strong
outcome of the weighted sum, which has certain advantages given the linear
constraints used in the evaluation function. In other words, an LCS that uses
multiple linear approximators and can divide the space even with a small pop-
ulation gains several benefits.

Additionally, due to the less obvious nature of the linear NDCG metric, the
improvement of the models’ performances in comparison to random is presented
in Figures 8.12 and 8.14 for both NDCG@1 and NDCG@5, respectively. In
essence, these plots reflect the performances in terms of the model evaluation.
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Figure 8.10:
Performance-oriented models
NCDG®5 performance across  However, they also offer a clearer view of the possible improvement over a
datasets  random agent. Based on the figures, the dominance of the neural network
becomes more apparent than in the pure performance plots. The plots also
more clearly evidence the wider gap between the LCS models and the weighted
sum vs. the XGBoost models and the full neural network.

Despite not exhibiting the raw performance edge of the neural network or
XGBoost, the interpretable and explainable nature of LCS elevates it to the
position of a model worth considering. That consideration is further strength-
ened by the reformulation of the problem as a ranking and the realization that
accuracy or a focus on the single top choice are not the most suitable metrics,
especially when the best options can be very close to each other or reflect dif-
ferent trade-offs. Therefore, reformulating the problem as a ranking task is not
only more suitable in terms of performance gains but also aligns better with a
decision-support setting in which a human decision maker remains responsible
for the final choice.
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8.2.2 Feature importance analysis

As with the classification analysis, the same two types of heatmaps are shown
here. A similar pattern of feature importance can be observed, but with sub-
tle differences in others. Unlike in classification, feature importance does not
seem to focus as strongly on only the top critical features. At the same time,
the usual suspects retain their dominant positions, including average distance
to closest airports, visibility, crosswind, and tailwind. Interestingly, methods
relying on linear prediction, which include LCS and the weighted sum, tend to
assign much more influence to context features compared to the neural network
and XGBoost models. Of particular note is the difference between the full LCS
population-based feature importance and its own SHAP-based feature impor-
tance. Again, this highlights that although methods can produce similar, or
even the same, high-level signals, they can also diverge in important ways, and
it is necessary to consider what these differences mean.

Following the observation that multiple explainability methods are needed, one
may note that the neural network feature importance analysis also includes a
permutation method rather than relying solely on SHAP and Integrated Gra-
dients. This relates to how the ranking models processed their inputs. While
classification models received one long vector with context features at the be-
ginning, the ranking models received context features repeated before each
option’s features. As a result, SHAP and Integrated Gradients consistently
reported the context features as overwhelmingly important, with almost no
contribution from the option-specific features. This finding conflicts with the
model’s strong overall performance. The permutation approach avoided this
bias and provided a more balanced picture. This type of problem with gradient-
based methods, especially for neural networks, has been documented in prior
work such as [242] and [9]. However, observing it in this context was unex-
pected. This further emphasizes the need for multiple explainability methods
and sanity checks, demonstrating that even theoretically sound and rigorous
methods such as SHAP may be misleading. A more honest assessment would
acknowledge that the scenario-based nature of the dataset, and specifically how
context features were structured, simply did not align well with these gradient-
based methods. This raises an important question: should the neural network
be excluded from consideration given the difficulties in reliably explaining it,
even at the cost of its superior performance? While this decision depends on the
deployment context, the permutation-based analysis seems to provide reliable
explanations, suggesting that with an appropriate methodology, even complex
models can be made interpretable for high-stakes applications.

In addition to the feature importance heatmaps, a heatmap showing the the
simple LCS models population is shown in Figure 8.17. With a population of
twenty, the weight vectors of the first and top classifiers are clearly evident,
which are ordered by performance on the x-axis. The pattern is somewhat
unexpected given that the usually high-ranking features are not assigned the
greatest importance. Instead, runway condition and runway length dominate,
with hub type also playing a surprisingly strong role. What can also be seen
is the general uniformity across the population, with classifier 7 being a more
notable departure. It would seem that while the global importance of features
was judged to be similar, different classifiers, or small groups of them, special-
ized in different regions of the space. However, it must also be stated that the
differences are rather subtle, which may be why it performes slightly better
than the weighted sum. Finally, this figure also showcases the advantage of
using simple models and a suitable and favorable problem formulation, i.e., a
complex problem has been transformed into one that can be solved reasonably
well using a more interpretable and human-understandable model.
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importance, all models on
medium dataset
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8.2.3 Robustness analysis

Finally, as before, the robustness analysis examines the models’ abilities to cope
with variability. In NDCG@1 (Figure 8.18), the neural network achieves the
highest average robustness at 0.932. LCS Linear and LCS Simple follow at 0.911
and 0.909. The weighted sum reaches 0.895, with XGBoost Simple at 0.891
and XGBoost Full at 0.888. This supports the idea that the neural network
and the linear LCS variants perform best, while the tree-based approaches and
the weighted sum are more sensitive. The strong result of the simple LCS again
suggests that a very simple model can represent a practical contender.
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Figure 8.18: Relative robustness
scores for NCDGQ@1 across

models, higher = more robust When examining NDCG@5 (Figure 8.19), the gaps between models narrow.
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The neural network scores 0.972, LCS Linear scores 0.968, LCS Simple scores
0.967, the weighted sum scores 0.961, XGBoost Simple scores 0.959, and XG-
Boost Full scores 0.956. Incestigating the top five introduces a form of built-in
redundancy, so even if the very top choice is affected by noise, other strong
candidates still appear in the set. This mirrors how a DSS would present op-
tions to a crew and results in the ranking view being deemed a useful way to
judge stability. The overall pattern remains the same, with the neural network
leading and the LCS models close behind.
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Figure 8.19: Relative robustness
scores for NCDG®5 across

models, higher = more robust
8.2.4 Key takeaways for ranking analysis

The ranking analysis shows that the models achieved good performance, with
the NN overtaking XGBoost as the top model. Aside from simply exhibit-
ing good performance, the reformulation of the problem allowed models like
the simple LCS to progress from being unable to learn anything, showing per-
formance similar to that of a random agent, to becoming models worthy of
consideration, especially given their interpretable nature.

Particularly interesting were the results of the feature analysis, which were not
drastically different from those obtained in the classification problem formula-
tion, with the obvious exception of the NN. The NN showcased the limitations
of relying on methods such as SHAP and Integrated Gradients, which required
alternative approaches to produce logically consistent feature-importance in-
sights. This was of particular interest, as it demonstrated that the model
with both the highest performance and robustness still had issues with inter-
pretability and explainability, even when using specialized methods. These
are problems that have been highlighted in the literature and observed here
firsthand..

8.3 Increased options analysis

The aim of this analysis is to examine how model performance changes when
the number of available options increases. While the number of options ul-
timately presented to decision-makers was set to five, this does not preclude
the system from considering a larger pool of possibilities. In fact, the ability to
evaluate many options while focusing only on the top-ranked subset is a central
characteristic of the ranking problem formulation and one of its key advantages.
For the investigation, NDCG@1 and NDCG@5 remain the primary evaluation
metrics, while the set of considered options consists of the top ten and fifteen
closest airports.
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Examining Figures 8.20 and 8.21 evidences the variability in how different
models are affected by an increased number of options in terms of NDCG@1
performance. Notably, both the LCS and NN models exhibit an increase in
performance, whereas the remaining models show a reduction. This behavior
is not unprecedented in the literature, where it has been shown that ranking
models respond differently depending on the choice of NDCGQKk, the list depth,
and the characteristics of the candidate set [251, 54]. A plausible explanation
is that for some models, access to a larger pool of options improves score
separation and makes the top choice easier to identify, while others are less able



to leverage the additional comparisons and consequently experience reduced
performance.
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Figure 8.22: All models’
NDCG®@5 performances across
datasets with different numbers
of options
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Figure 8.23: All models’
improvements in NDCG@5
performances across datasets ~ Proceeding with the analysis, Figure 8.22, which presents the NDCG@5 perfor-
with different numbers of options  mance, shows a more expected pattern. As the number of options increases, the
NDCG@5 score decreases for all models, with the smallest decline occurring for
the NN, which almost maintains its original performance. Additionally, Figure
8.23 shows that, although NDCG@5 decreases, all models exhibit increasing
improvements over the random baseline as the number of options grows. This
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NDCG@1 vs Number of Options

is a particularly interesting outcome and highlights the more malleable nature
of the NDCG metric when the size of the candidate set changes.

NDCG@5 vs Number of Options
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Finally, Figure 8.24 shows the side-by-side changes in model performance for
both NDCG@1 and NDCG@5, allowing for a more direct comparison. From
this figure, the dominance of the NN becomes immediately apparent, with
improvements in both NDCG@1 and NDCG@5 demonstrating that it is the
most capable model when scaling to larger option sets. Particularly interesting
is the improvement shown by the LCS models, especially the simple variant,
which reaches a performance level comparable to that of the full model. In
contrast, the XGBoost models only exhibit reductions in performance, although
this behavior aligns with initial expectations.

In summary, this investigation revealed that different models behave differently
when ranking options drawn from sets of varying sizes. This has two key
implications. First, although a fixed number of options n may be intended
for presentation to decision makers, the system can still evaluate a larger pool
m > n, thereby increasing the number of options taken into account. Second,
for some models, certain values of m may even lead to improved performance.
This indicates that the choice of candidate set size is, in itself, a parameter
worth further investigation.

8.4 On Model Selection Assistance

Idea

152

The investigation of multiple models and approaches has highlighted the real
difficulty of selecting a suitable final model for deployment. The model selection
process, due to the many factors that must be considered, represents an MCDM
problem in its own right. However, here, this problem more closely resembles
its classical form, with no time pressure and no stress.

Selecting the final model can be approached from many angles and with a
wide variety of metrics. The aim of this section is to showcase an initial step
that could assist decision makers confronted with this problem. The idea is
to perform a type of sensitivity analysis at the start of the decision-making
process. This involves three steps:

1. Analysis of areas of importance using predefined vectors of interest. This
can involve the use of a vector of weights that focuses on some criteria or
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vectors with different balances between the features.

2. Random sampling of many vectors and examining the distribution of
these samples across the possible options—essentially, how many times
each option performs the best given a large sample of random vectors.

3. Identifying which vectors from those randomly sampled produce the high-
est score for each of the options—basically, which combination of weights
gives each option the best chance to be selected.

The goal is to obtain this information at the start so that decision makers can
begin the selection process with more information and more intuition about
the behavior of each of the options. The MCDM selection process can then
continue by employing other methods, such as AHP, with more insight into the
options.

What follows is an exploration of how this could be applied to the current set
of models. For this investigation, the performance of the models in ranking the
medium dataset is considered, along with specific criteria for each model. The
criteria considered are:

1. Performance (NDCGQ1).
2. Performance (NDCGQ5).
3. Robustness.

4. Scaling, calculated as the area under the NDCG@Q5 performance curve
across option counts (5, 10, 15).

5. Interpretability, which can take any value from [0,1] , where higher is
better and reflects the model’s level of interpretability.

6. Practical considerations—this criterion corresponds to practical use of the
model and encompasses ease of implementation, available frameworks,
ease of tuning, and breadth of support. It is limited to any value in the
interval [0, 1], whereby higher is better.

The formulation of the model selection process as a new MCDM problem is pre-
sented in Table 8.1. From the table, one can oberve that the initial four factors
are values derived from the performances on the medium dataset. However,
the interpretability and practicality aspects are subjectively formulated by the
author. Regarding interpretability, models were scored highest if they were
inherently interpretable, lower if they were somewhat interpretable and needed
explainability techniques, and lowest if they were black boxes that required
full explainability techniques. For this reason, weighted sum was assogned the
highest possible score, while the neural network was allocated the lowest one,
with the other models occupying the mid-range while still leaning toward either
side, such as in the full XGBoost model, which is more similar to a black box
given the high number of trees, yet slightly more interpretable than a neural
network due to the nature of decision trees.

The practicality scores were crafted in a similar fashion. Here, the options
were ranked by their ease of use, which also includes factors such as practical
support in the form of easily available and maintained codebases, as well as ease
of tuning and usage. In the specific case of LCS, due to its lower popularity
and much higher number of hyperparameters, it received a lower score.

Finally, the table highlights that none of the considered options Pareto dom-
inate each other, thus they are all on equal footing. Additionally, the table
depicts only the raw values, which will be normalized using min—max normal-
ization for use in the following steps.
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Model NDCG@1l NDCG@5 Rob. Scaling Interpretability Practicality
Neural Network 0.89 0.96 0.95 0.99 0.0 0.2
Weighted Sum 0.72 0.89 0.93 0.97 1.0 1.0
LCS Simple 0.75 0.90 0.94 0.98 0.85 0.2
LCS Linear 0.75 0.90 0.94 0.98 0.7 0.2
XGBoost Full 0.84 0.94 0.92 0.97 0.2 0.7
XGBoost Simple 0.78 0.92 0.93 0.96 0.55 0.8
Table 8.1: Model criteria for
medium datasets
Weight Focus NDCG@1l NDCG@5 Rob. Scale Interp. Pract.
Ultra Performance 0.40 0.40 0.05 0.05 0.05 0.05
NDCG@1 focused 0.70 0.10 0.05 0.05 0.05 0.05
NDCG@5 focused 0.10 0.70 0.05 0.05 0.05 0.05
Ultra Robustness 0.05 0.05 0.70 0.10 0.05 0.05
Ultra Scaling 0.05 0.05 0.10 0.70 0.05 0.05
Robustness-Scaling balanced 0.10 0.10 0.40 0.20 0.10 0.10
Interpretability 0.05 0.05 0.10 0.10 0.50 0.20
Practical 0.05 0.05 0.10 0.10 0.20 0.50
Balanced Practical /Interpretable 0.05 0.05 0.10 0.10 0.35 0.35
Perfectly Balanced 0.17 0.17 0.17 0.17 0.17 0.17
Performance-leaning 0.25 0.25 0.20 0.10 0.10 0.10
Robustness-Scaling-leaning 0.10 0.10 0.30 0.30 0.10 0.10
Practical-leaning 0.10 0.10 0.10 0.10 0.30 0.30
Pure NDCG@1 0.95 0.01 0.01 0.01 0.01 0.01
Pure NDCG@5 0.01 0.95 0.01 0.01 0.01 0.01
Pure Robustness 0.01 0.01 0.95 0.01 0.01 0.01
Pure Scaling 0.01 0.01 0.01 0.95 0.01 0.01
Pure Interpretability 0.01 0.01 0.01 0.01 0.95 0.01
Pure Practical 0.01 0.01 0.01 0.01 0.01 0.95

Table 8.2: Weight vectors used
for different evaluation scenarios

Table 8.3: Model preference
distribution with weighted sum
scoring (10,000 samples)
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A suitable starting point is an analysis of the general distribution of the models
across all the sampled weights, the results of which are shown in Table 8.3.
It can be observed that the neural network is deemed best in 9,000 out of
10,000 cases, accounting for 90.0% of all samples. This is a rather large chunk
of the possible samples. Weighted sum follows in second place with 7.24%,
Simple LCS in third place with 2.39%, and finally, XGBoost Full with 0.57%.
This indicates the strong baseline dominance of the neural network, with the
decrease in samples between the best and second-best options being sizable.

Model Frequency Percentage
Neural Network 9000 90.0%
XGBoost Full 57 0.57%
Weighted Sum 724 7.24%
LCS Simple 219 2.19%
XGBoost Simple 0 0.0
LCS Linear 0 0.00%

Shifting to a more specific view, the models selected by the predefined weights
are shown in Table 8.4. A clear duopoly emerges regarding the neural network
and weighted sum models. The neural network appears to dominate the per-
formance and scaling categories, while the weighted sum model performs best



in practicality and interoperability. Of these two, the neural network is more
prominent, achieving superiority in thirteen of the nineteen categories. The
remaining models are mostly relegated to the runner-up column. Their behav-
ior is consistent with expectations. The full XGBoost model performs well in
performance-oriented categories, while simple XGBoost fares better in practi-
cal categories and those that balance practicality and interpretability. Finally,

the LCS excels in robustness and pure interpretability.

Weight Focus Best Model Score Runner-up
Ultra Performance focused Neural Network  0.91 XGBoost Full (0.636)
NDCG@1 focused Neural Network — 0.91 XGBoost Full (0.633)
NDCG@5 focused Neural Network ~ 0.91 XGBoost Full (0.638)
Ultra Robustness focused Neural Network ~ 0.91 LCS Linear (0.556)
Ultra Scaling focused Neural Network  0.91 LCS Simple (0.729)
Robustness-Scaling balanced Neural Network ~ 0.82 LCS Linear (0.529)
Interpretability focused Weighted Sum 0.738 LCS Simple (0.621)
Practical focused Weighted Sum 0.738  XGBoost Simple (0.559)
Balanced Practical /Interpretable ~ Weighted Sum 0.738 LCS Simple (0.523)
Perfectly Balanced Neural Network  0.70 XGBoost Full (0.463)
Performance-leaning Neural Network  0.82 XGBoost Full (0.491)
Robustness-Scaling-leaning Neural Network 0.82 LCS Linear (0.557)
Practical-leaning Weighted Sum  0.638  XGBoost Simple (0.493)
Pure NDCG@Q1 Neural Network  0.982 XGBoost Full (0.691)
Pure NDCG@5 Neural Network — 0.982 XGBoost Full (0.699)
Pure Robustness Neural Network — 0.982 LCS Linear (0.575)
Pure Scaling Neural Network — 0.982 LCS Simple (0.843)
Pure Interpretability Weighted Sum  0.964 LCS Simple (0.827)
Pure Practical Weighted Sum  0.964 XGBoost Simple (0.774)

Table 8.4: Model performance
under different weight
combinations with weighted sum
scoring

Concluding the analysis is an examination of the best weights found for each
model, i.e., which of the sampled weights provided each of the possible mod-
els with the highest scores. Examining the results in Table 8.5 shows that
the neural network is the only model to reach the highest normalized score of
1.00, with most of its gain coming from NDCG@1, NDCG@5, and robustness.
The weighted sum model ranks second, with a highest observed score of 0.91,
drawing most of its contribution from interpretability and practicality. Upon
further and examining the other models, LCS Simple reaches a score of 0.77
with strong contributions from interpretability and scaling. LCS Linear follows
with a score of 0.72, driven primarily by scaling, with noteworthy robustness.
The XGBoost Full model attains a score of 0.69, where NDCG@1 and practi-
cality account for most of its contribution. Finally, XGBoost Simple ranks last
with a score of 0.65, primarily supported by practicality and NDCG@Q1.

Model Score NDCG@1l NDCG@5 Rob. Scale Interp. Pract.
Neural Network 1.00 0.30 0.25 0.24 0.21 0.00 0.00
Weighted Sum 0.91 0.04 0.04 0.01 0.01 0.47 0.44
LCS Simple 0.77 0.06 0.05 0.02 0.38 0.48 0.02
LCS Linear 0.72 0.02 0.01 0.38 0.56 0.00 0.03
XGBoost Full 0.69 0.35 0.21 0.00 0.05 0.01 0.37
XGBoost Simple  0.65 0.11 0.01 0.12 0.00 0.06 0.70

Table 8.5: Best weight
combinations and scores for each
model using weighted sum

In summary, the analysis showcased the dominance of both the neural network
and the weighted sum model. This was specifically due to their high values
in a number of categories. The investigation also shows that, in the current
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Table 8.6: Model preference

distribution with geometric mean
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scoring (10,000 samples)

formulation of the problem, the more extreme models emerged as perhaps those
most worthy of consideration. However, an argument can be made that this
is problematic as these models had clear disadvantages in other categories,
performing worst in some of them. Therefore, another suitable approach is
warranted that takes this into account.

In order to address some of the difficulties identified with the typical weighted
sum, a Weighted Geometric Mean approach was also employed. The weighted
geometric mean is expressed as

Swam(m) = (H a:w) , (8.1)
=1

where Swawm(m) is the weighted geometric mean score for model m, w; repre-
sents the weights with Z?:l w; = 1, z; denotes the normalized criterion scores,
and n is the number of criteria (in this case, six).

A Weighted Geometric mean is particularly useful in MCDM because it is less
compensatory than the weighted sum, where poor scores can be offset by strong
scores on other criteria. As a result, it promotes more balanced solutions and
is more sensitive to weak performance in any single criterion.

As previously, the investigation begins with an analysis of the distribution of
the best-performing choices across the randomly sampled weights, as shown in
Table 8.6. It can be seen that the LCS Simple model is selected most often, with
6,978 wins out of 10,000 (69.78%). LCS Linear follows at 13.86%, the neural
network at 9.69%, XGBoost Full at 4.36%, and XGBoost Simple at 2.30%.
The weighted sum is ranked last, with only one win under the geometric-mean
approach. This pattern reflects how the geometric mean rewards balanced
profiles and penalizes very low scores on any single criterion, which favors
simpler models with steady behavior across the board. Thus, we can observe
the best-performing models from previous analyses being completely dethroned
by the LCS variants.

Model Frequency Percentage
LCS Simple 6,978 69.78%
LCS Linear 1,386 13.86%
Neural Network 969 9.69%
XGBoost Full 436 4.36%
XGBoost Simple 230 2.30%
Weighted Sum 1 0.01%

The predefined weight scenarios, as shown in Table 8.7, further confirm the
geometric-mean assumptions, with the best-model column now showing far
greater diversity. LCS Simple is best in many practical settings and in balanced
practical or interpretable configurations, and it also dominates the perfectly
balanced case. LCS Linear leads whenever robustness or scaling is the primary
concern, including the robustness—scaling-balanced scenario. The neural net-
work outperforms in cases where a single performance dimension is isolated,
making it the top choice for ultra performance, NDCG@1, NDCG@5, and pure
robustness. For pure scaling and pure interpretability, LCS Simple emerges
as the best model once again. XGBoost Simple outperforms only in the pure
practicality setting. A notable absence of the weighted sum in the best-model
category is evident, with its only appearance in the pure practical runner-up
column.

Regarding the best weight combinations shown in Table 8.8, the neural net-
work attains the highest score at 0.97, with most of its score stemming from
NDCG@1, NDCG@5, robustness, and scaling. LCS Simple reaches its maxi-
mum at 0.70, with strong contributions from interpretability, scaling, and ro-



Weight Focus Best Model Score Runner-up
Ultra Performance focused Neural Network 0.29 XGBoost Full (0.210)
NDCG@1 focused Neural Network 0.29 LCS Simple (0.215)
NDCG@5 focused Neural Network 0.29 XGBoost Full (0.210)
Ultra Robustness focused LCS Linear 0.51 LCS Simple (0.483)
Ultra Scaling focused LCS Simple 0.65 LCS Linear (0.647)
Robustness-Scaling balanced LCS Linear 0.45 LCS Simple (0.438)
Interpretability focused LCS Simple 0.51 LCS Linear (0.471)
Practical focused LCS Simple 0.33 LCS Linear (0.324)
Balanced Practical/Interpretable LCS Simple 0.41 LCS Linear (0.390)
Perfectly Balanced LCS Simple 0.35 LCS Linear (0.348)
Performance-leaning LCS Simple 0.29 LCS Linear (0.290)
Robustness-Scaling-leaning LCS Linear 0.46 LCS Simple (0.460)
Practical-leaning LCS Simple 0.38 LCS Linear (0.358)

Pure NDCGQ@1
Pure NDCGQ5

Pure Robustness

Pure Scaling

Pure Interpretability

Pure Practical

Neural Network 0.78
Neural Network 0.78
Neural Network 0.78
LCS Simple 0.82
LCS Simple 0.81
XGBoost Simple 0.61

XGBoost Full (0.553)
XGBoost Full (0.559)
LCS Linear (0.566)
LCS Linear (0.821)
LCS Linear (0.671)
Weighted Sum (0.610)

Table 8.7: Model performance
under different weight
combinations with geometric
mean scoring

bustness. LCS Linear peaks at 0.69 and places most of its emphasis on scaling
and robustness. XGBoost Full achieves its best score of 0.62, drawing heavily
from NDCG@1 and practicality. The weighted sum follows with a highest score
of 0.53, driven primarily by interpretability and practicality. XGBoost Simple
attains its maximum at 0.52, largely due to practicality and some NDCG@Q1,
although this remains well below the other models. In comparison to the rest,
the weighted sum and XGBoost Simple fall noticeably short, further illustrat-
ing how the geometric mean penalizes uneven profiles with very low values on
certain criteria.

Model Score NDCG@l NDCG@5 Rob. Scale Interp. Pract.
Neural Network 0.97 0.30 0.25 0.24 0.21 0.00 0.00
LCS Simple 0.70 0.04 0.01 0.25 0.35 0.35 0.00
LCS Linear 0.69 0.02 0.01 0.38 0.56 0.00 0.03
XGBoost Full 0.62 0.35 0.21 0.00 0.05 0.01 0.37
Weighted Sum 0.53 0.01 0.00 0.15 0.10 0.39 0.35
XGBoost Simple 0.52 0.11 0.01 0.12 0.00 0.06 0.70

Table 8.8: Best weight
combinations and scores for each
model using geometric mean

Overall, using the geometric mean shifts the emphasis toward models that
show more balanced performances across weights. The LCS variants show
greater outcomes precisely because they maintain steadier scores across criteria,
while the neural network still offers the highest best case when performance
dimensions dominate. This provides a complementary view to the weighted
sum approach and seems to be more in line with a balanced view of the model
selection problem.
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8.4.1 Performance vs. Interpretability
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Figure 8.25: Model performance
change vs. interpretability
tradeoff  Given the results thus far, it seems reasonable to examine the trade-off between
performance and interpretability, as the more complex models tend to achieve
higher performances. Using both the NDCG@1 and NDCG@5 performance
metrics, together with the interpretability scores for each model, Figure 8.25
presents two panels that illustrate this trade-off. The left panel shows how
performance (both NDCG@1 and NDCG@5) varies with the normalized inter-
pretability score, while the right panel clarifies the trade-off by depicting the
percent change in performance vs. the absolute interpretability gain on a scale
of 0-100 %.

Within the analysis, the neural network defines the upper bound of performance
and the lower bound of interpretability, with the weighted sum representing the
opposite bounds. As shown in the figure, the reduction in performance is more
pronounced in the NDCG@1 metric but less sharp in the NDCG@5 metric. The
decline appears less steep between the neural network and the XGBoost full
model, yet when examining the raw scores, there remains a clear and consistent
downward trend. The only deviation from this is seen with the two LCS models,
which achieve the same performance with no loss of interpretability. The right-
side panel provides a clearer view of the actual percentage of ideal possible
performance each model sacrifices in exchange for interpretability.

Based on the figure, it would seem that the price for performance, especially
for the more interpretable models, could be considered quite steep. However,
when viewed through the intended DSS perspective, where the decision maker
considers the full ranking, the NDCG@Q5 curve becomes more relevant. From
this standpoint, the performance loss in relation to interpretability gain appears
less costly. This again highlights the challenge of achieving an appropriate
trade-off in such a safety-critical and essential decision-making context.

8.4.2 Key Takeaways on model selection

The final model selection for a time-critical decision-support system represents
a significantly challenging task, especially in a safety-critical decision-support
setting. It is an MCDM problem in which priorities matter. This investigation
aimed to provide another tool in the toolbox of potential systems designers.
From the current examination, it can be seen that specific arguments could be
made for nearly all of the models; however, should one need to be selected,
the authors’ recommendation is that the simple LCS model be given strong
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consideration due to its relatively good performance, excellent interoperability,
and reasonably good trade-off between performance and interpretability.

8.5 Summary of Results analysis

This chapter showcased the results form the initial testing of the ExACT-
MCDM methodology on the, as yet, most advanced and difficult version of the
DAAS Problem. Specifically, this chapter examined how a specific selection
of models behaves when applied to the problem under a straightforward clas-
sification framing, a learning-to-rank reformulation, and an increased-options
setting. The models considered were: a weighted sum approach, due to its sim-
plicity, interpretability, and widespread use in MCDM problem-solving; LCS,
for its interpretable nature in tandem with its ability to capture more complex
decision boundaries; XGBoost, as one of the prominent contemporary mod-
els; and, finally, neural networks, due to their performance and adaptability
to approximate essentially any mapping. Additionally, the XGBoost and LCS
models were represented by both a full model, which included a large number of
trees and a large population size, respectively, ultimately making these models
closer to the neural network, and by more interpretable versions with fewer,
shallower trees and a simple LCS variant with 20 classifiers.

In classification, the full XGBoost delivered the strongest raw accuracy, fol-
lowed closely the neural network, despite being more sensitive as noise in-
creased; the weighted sum was a surprisingly strong baseline given its simplicity,
while the LCS showed mixed performances, with the simple LCS model with
a population of 20 classifiers failing to learn anything. The feature analysis
highlighted visibility, tailwind, and crosswind, as some of the most important,
with the average distance to closest airports emerging as a surprising feature
of importance and seemingly a proxy for spatial redundancy and even shared
weather patterns. Robustness differences appeared small at first glance but
remain operationally meaningful in safety-critical contexts.

Recasting the task as a supervised ranking problem seemed to fit the decision
context better. Based on the NDCG@1 and NDCG@5 performance metrics,
the neural network and full XGBoost emerged, once again, as the best models,
while the simple LCS benefited markedly from the reformulation and became
a credible, interpretable option. The explainability study again highlighted
weather and average distance to the closest as important factors, but addition-
ally showcased the contrast between different explainability methods, with the
SHAP and Integrated Gradients methods seemingly failing to provide mean-
ingful and accurate feature-importance insight, thus necessitating the use of a
permutation-based approach for the neural network feature-importance analy-
sis. This, again, highlights the need for sanity checks and careful consideration
when using these methods.

Increasing the number of candidate options from five to ten and fifteen showed
a somewhat expected reduction in performance, which was more evident in
NDCG@5, while the top choice even improved when evaluating on ten options.
This was likely because increasing the number of options enabled the model
to make more comparisons, which helped the model better differentiate the
top candidates. However, this also led to an overall decrease in the ranking
of the top five options, as it became more difficult to obtain the correct full.
These promising results indicate the potential for more options to be taken into
account than simply the number displayed to the final decision-makers.

The examination concluded with a section presenting an a priori sensitivity-
analysis approach and showcase aimed at understanding which of the models
in the examination might be chosen and providing greater insight into the per-
formance—interpretability trade-off between the possible options. The neural
network exhibited the highest performance but lowest accuracy, and we recom-
mend that the simple LCS consisting of 20 classifiers be given due consideration
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due to its reasonable performance and high interpretability.
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O Conclusion and Future
Work

This chapter summarizes the main contributions and lessons learned from the
work presented in this thesis. It begins by revisiting the goals that were set out
at the start of the research and clarifying the contributions made in response to
them. The chapter then discusses the research questions posed in the introduc-
tion and draws together the insights gained across the different investigations.
The chapter concludes by outlining directions for future work, regarding both
practical integration into the developing IPAS system and the extension of the
methodological ideas developed within this work.

9.1 Goals and contributions

G1l: Develop a methodology for solving atypical and time-critical
multi-criteria decision-making problems using artificial intelligence
to complement and extend traditional MCDM approaches

This goal was achieved through the creation of the ExACT-MCDM method-
ology. The methodology was designed to address the scarcity of data re-
lating to emergency and atypical situations and provide models that can
support decision-making in these situations, where classical approaches are
too slow or too demanding for the decision-makers involved. The main ap-
proach is to reformulate emergency MCDM as a supervised learning task.
Within it, each scenario would be treated as its own decision problem
with options and factors. A structured evaluation function encodes expert
knowledge, enabling the incorporation of constraints for specific and/or all
factors, which ultimately provides scores for each option in the scenario.
This, in combination with a synthetic data generation process, allows for
large amounts of labeled data to be created without requiring experts to
evaluate each case one by one.

The methodology also incorporates robustness by varying scenario factors
to simulate realistic uncertainty. The robustness emphasizes proper vari-
ability of the factors, rather than random perturbations, while simulating
reasonable variability and incorporating subsequent changes in other fac-
tors in order to preserve their interdependency. This, in tandem with ideas
adapted from stochastic dominance, would then be used to provide robust
scores for each option in the scenario. The resulting dataset would reflect
the type of inputs a deployed system would encounter in practice. Mod-
els trained on this dataset would then act as surrogates, replacing many
simulations and variations while being able to provide a recommendation
almost instantaneously when needed. This aspect is particularly impor-
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tant in real-world emergencies in which the available decision window is
often extremely narrow. A striking example is the “Miracle on the Hudson”
in 2009, where the pilots had less than one minute to decide on a course
of action after both engines failed. In such cases, it is not sufficient for a
system to eventually provide the right answer: the recommendation must
be available immediately so that decision makers can register the situation,
weigh their options, and execute the chosen action in time. By acting as
a surrogate to heavy simulations and delivering near-instant suggestions,
the ExACT-MCDM methodology directly addresses this requirement and
ensures that the system can be a meaningful aid when time is the most
critical resource.

These models preserve the MCDM structure of options and attributes
while learning from generated and augmented data. In this way, ExACT-
MCDM complements classical MCDM by maintaining its structure but
extending it with AT models that generalize, adapt, and provide expedient
assistance in emergency time-critical decision-making situations.

G2: Demonstrate and evaluate this approach through the dynamic
alternate-airport selection problem contributing practical insights to
the further development of the IPAS system

The methodology was applied and tested on the dynamic alternate-airport
selection problem. This case was chosen because it represents a realis-
tic and demanding emergency decision in aviation where multiple criteria
must be balanced under changing conditions. Following the methodology,
a scenario generation process produced a wide range of cases, including
events that closely resemble those pilots might encounter, as well as more
extreme situations that push the boundaries of operational feasibility.

It is important to highlight that the methodology was applied in a limited
capacity, as the author represented a unified committee of experts tasked
with the development of the models and carried out only a single cycle in
what would otherwise be a more cyclical and multi-stage approach.

The resulting trained models demonstrated strong performance, partic-
ularly when the problem was reformulated as a supervised ranking task
rather than a classification task. The ranking approach enabled the use
of simpler models because it allowed the dataset to be represented in a
tabular form rather than being rolled out into a vector input as required
for classification. This also facilitated better scaling and made it possible
to apply ranking metrics, such as NDCG, which provide more meaningful
insights into the recommended options and their relationships with one
another.

Importantly, the ranking perspective also aligns better with the actual
decision-making context of alternate-airport selection. In practice, a pi-
lot is not asked to accept or reject a single option but must compare and
prioritize multiple feasible alternatives. Providing an ordered list of rec-
ommendations therefore reflects the way such decisions are made in reality
and increases the practical relevance of the models.

Finally, this alignment also supports future integration into systems such as
the IPAS framework under development at DLR. Since IPAS is designed
to present multiple airport options to the crew, a ranking-based model
output can be incorporated more naturally into the interface, ensuring
that the recommendations fit seamlessly into the workflow of a decision-
support system and provide pilots with actionable, prioritized alternatives
in critical situations.

9.1.1 Contributions

The biggest contribution of this thesis is the development of the ExACT-
MCDM methodology, which demonstrates how a time-critical MCDM problem
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can be transformed into a supervised ranking task. This allows the training
of models that can provide meaningful insights precisely when decision-makers
need them most. Although the methodology was inspired by and tested on a
practical aviation problem, it has the potential to be applied to a wide range
of other domains that share similar requirements and constraints.

The second contribution lies in advancing the understanding of the DAAS
problem itself. At the outset, this thesis defined DAAS as a multi-criteria
decision-making problem and articulated its additional requirements and con-
straints. Building on this foundation, the thesis then applied the newly devel-
oped methodology to the most advanced and challenging version of the problem,
yielding meaningful results and deeper insights into its structure and solution
space.

Of note is the creation of the Multi-objective Multiplexer Decision-Making
Benchmark Problem, which represents a scalable benchmark inspired by DAAS
and does not require exact aviation data to construct. Instead, it is grounded
in well-known problems from the field of multi-objective optimization, which
allows researchers interested in these kinds of questions to experiment with
different approaches without being tied to the aviation domain.

Finally, this thesis contributes to the development of a concrete component of
an actual decision-support system currently under development. By demon-
strating how trained models can be integrated into such a system, the work
strengthens the link between theoretical research and operational practice, with
the possibility that elements of this approach may one day find their way into
the cockpit of future aircraft.

9.2 Conclusions

RQ1: In what ways can artificial intelligence techniques be integrated
with MCDM concepts to improve decision support in emergency,
time-critical situations where the main decision-makers and respon-
sibility holders are embedded in the emergency scenario itself?

Artificial intelligence, and more specifically machine learning models em-
bedded within MCDM frameworks, can be integrated to improve decision
support in several important ways, and the work of this thesis shows how
this can be achieved in practice. The literature indicates that such integra-
tion is often motivated by the need to reduce the time and cognitive effort
required for complex multi-criteria evaluations since MCDM methods are
resource intensive, not only in terms of computational effort but also in
terms of the mental workload placed on decision-makers. By learning from
previous decisions and patterns, Al can automate parts of the evaluation
process and make MCDM more efficient and usable in settings where time
and clarity are limited.

In emergency and time-critical decision-making, this integration becomes
even more valuable since, under stress and strict time constraints machine
learning models are able to provide rapid recommendations while still op-
erating within the structure of MCDM. The central challenge is therefore
not whether AI can be used at all but how it can be integrated in such
a way that it meaningfully supports human decision-makers remain re-
sponsible for the outcomes and who must retain oversight of the process.
The literature has explored different paths to integration, including the
use of machine learning to estimate factor weights or treating the task
as a regression problem where each option is scored. Building on these
ideas, this thesis introduced the ExACT-MCDM methodology, which re-
formulates emergency decision-making as a ranking problem with elements
drawn from contextual bandits. In this design, machine learning is trained
in a supervised fashion to produce rankings of the available options while
preserving the MCDM structure of options and attributes. The advantage
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of this integration is that the model is able to adapt its rankings to the
specific context of a new emergency scenario rather than simply replicating
choices from the past, and this adaptability is especially important when
even small contextual changes can alter what the best option should be.

Both classification and ranking approaches were tested in the experiments.
The classification setup required the model to identify the single best op-
tion, while the ranking formulation asked the model to order all available
options by suitability. The results showed that while classification could
provide useful insights, it struggled in cases where multiple options were
close in quality, leading to less stability in the predictions. The rank-
ing approach, by contrast, proved to be more natural for MCDM since
it preserved the relative comparisons between options and allowed the fi-
nal choice to remain with the human decision-maker. This resulted in not
only a better technical fit but also a better conceptual match for emergency
scenarios where flexibility and oversight are crucial.

The results showed that many of the tested models were indeed able to per-
form well, particularly in the ranking tasks where NDCG@5 scores reached
values as high as 96% for neural networks with XGBoost following closely
behind. These findings established a clear point of reference for the prob-
lem by testing a variety of models in a systematic way, which had not been
achieved before. However, the question of whether such results are fully
sufficient for deployment remains open since this thesis does not propose a
fixed threshold for what should be considered acceptable performance. In-
stead, this decision is left to the experts who would design and implement
such a system, relying on their judgment and the specific requirements of
the operational environment.

These observations suggest that while the models can provide strong per-
formance and valuable insights, it does not seem advisable at this stage to
treat them as fully independent decision-making agents. Their role is bet-
ter understood as decision-support tools that can process large amounts
of information, highlight the most promising options, and present them in
a structured form, while leaving the responsibility of the final choice with
the human experts who have oversight of the situation. In this way, the
integration of Al with MCDM remains aligned with its intended purpose
of supporting, rather than replacing, the decision-makers embedded within
emergency scenarios.

RQ2: Due to the diverse nature of emergencies, how can the AI
model be trained in such a way that it may be able to provide decision
support adapted to the situation at hand?

Emergencies often fall outside of normal operations and represent unusual
events,representing diverse scenarios not only when compared to standard
situations but also when compared to one another. In decision-making,
this carries significant weight since choice that is not possible in one set of
circumstances may be the right choice in another, which means that the
training of the model cannot be limited to predicting outcomes alone but
must also take into account the broader context in which the decision is
made.

In this thesis, this challenge was addressed by borrowing ideas from rein-
forcement learning (more specifically, contextual bandits) and the ExACT-
MCDM methodology integrated contextual features directly into the de-
cision scenarios. This made it possible for the model to not only learn
the link between options and outcomes but also to capture how this link
changes when the situation changes. The process was straightforward in
its design. First, the relevant context features were identified, including
factors such as airline, technical status, initial fuel, and altitude, and these
were then incorporated in two different ways—either kept constant across
all options in the ranking tasks or used as constant starting features in the



rolled-out vector in the classification check.

The feature importance results showed that the models made active use of
these context features, and while they were used in different ways across
the experiments, greater focus was consistently placed on those features
that had more weight in the labeling process. For instance, visibility and
tailwind had much more impact on the outcome than airline, which corre-
sponds with what would be expected in an actual emergency and demon-
strates that the models did not simply copy patterns but rather adapted
their rankings depending on the specific circumstances.

There are also two broader design choices when it comes to how context
can be integrated. One approach, which was followed here, treats the
context as separate and constant across the entire scenario, ensuring that
it frames the decision space without being entangled in the option features.
The other possible approach is to embed the context directly within the
options themselves so that it becomes part of the option factors, which
may provide greater flexibility but can also blur the distinction between
context and choice. Both approaches seem viable, and the decision on
which to use should be guided by the experts involved and by what is
most suitable for the specific problem being addressed.

RQ3: What data requirements, limitations, and design considera-
tions need to be addressed to develop and train an AI model that
can reliably support time-critical, high-stakes MCDM scenarios?

The data requirements for combining ML and MCDM constitute a con-
siderable challenge, and this is especially true in emergencies that are, by
nature, outliers. To address this problem, this thesis explored a gener-
ated scenario-based approach, a method often used when data acquisition
is limited and difficult, and in this way, it became possible to create a
suitable dataset even for rare and extreme situations. However, the most
significant factor is not the quantity of generated data but whether it is
a realistic representation of the type of inputs the deployed model would
face, given that even the largest dataset is of little use if the trained model
fails when confronted with the real conditions of deployment.

This approach—generating scenarios and simulating variations—also in-
troduces its own limitations and design considerations. Each option within
a scenario must be labeled, which requires significant computational effort
and time. In effect, the method exchanges the cost of acquiring data with
the cost of generating it, and this cost can be substantial if the underly-
ing simulations are too detailed. At the same time, the advantage is that
the labeling burden is shifted away from human experts and placed onto
computational resources, which can be scaled and parallelized with more
ease. In this way, the methodology prioritizes expert input to define and
guide the scenarios, while the heavy calculation and labeling is handled by
computers.

A further consideration lies in feature engineering. In typical ML work-
flows, feature reduction or transformation can improve model performance,
but in this context, such methods must be treated with caution. Because
interpretability and explainability are essential, creating new aggregated
features through dimensionality reduction techniques such as PCA is not
advisable unless decision makers can clearly understand what these fea-
tures represent. The design process must therefore ensure that feature
choices do not undermine clarity or trust, even if this comes at some cost
in predictive accuracy.

The feature analysis carried out in this thesis also produced important in-
sight. The average distance to airports, used as a contingency factor, was
heavily relied upon by all models and resulted in containing more informa-
tion than first expected. It not only reflected the physical position of the
aircraft relative to nearby airports but also indirectly captured geography
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and even weather conditions, since the dataset generation process linked
these variables together. In practice, the feature acted as a hidden combi-
nation of several influences rather than a single straightforward measure,
which greatly increased its predictive strength but also raised questions
about interpretability.

This leads to an important design consideration. The goal of supporting
time-critical and high-stakes decisions requires not only high performance
but also trust and clarity. A composite feature may improve accuracy
but can also obscure the reasoning process, making it harder for decision
makers to understand why a particular option is recommended. If a model
places heavy weight on such a feature, it may be unclear whether the
choice was driven by a single dominant element, an implicit combination
of factors, or variables entirely hidden within the aggregated data.

Composite features therefore present both opportunities and risks. They
can provide a strong signal that improves performance, but they can also
reduce transparency and make it difficult to explain the decision to a hu-
man in a high-stakes situation. The balance between accuracy and inter-
pretability must therefore be considered directly when selecting features
and generating scenarios, and this design choice is as important as the
choice of model itself.

In conclusion, the data requirements, limitations, and design considera-
tions are not limited to the size or scope of the dataset but extend to
how the data is generated, how it is labeled, and how features are rep-
resented. The experts involved in designing and creating the scenarios
must therefore consider not only which factors to include but also how
these factors influence both interpretability and explainability, given that
reliability in high-stakes and time-critical MCDM requires more than raw
model performance.

RQ4: How can interpretability and explainability be integrated so
that stakeholders can maintain clear oversight of the decision-making
process?

Interpretability and explainability can be integrated from multiple an-
gles, and the work in this thesis shows several ways in which this can
be achieved. The methodological design already placed strong emphasis
on transparency, with the expert labeling function serving as a central
mechanism for ensuring domain knowledge is explicit and traceable. By
requiring experts to encode their reasoning through structured guidelines
rather than only through simplified inputs, such as pairwise rankings or
direct weights, the process made it possible to later examine and under-
stand how knowledge was embedded, which provides clearer oversight for
all stakeholders.

This integration was also reflected in the choice and comparison of mod-
els. While high-performing models, such as neural networks and XGBoost,
proved effective in ranking and classification, the reformulation of the prob-
lem into a ranking task allowed simpler models, such as a small LCS popu-
lation to achieve competitive performance. This demonstrated that careful
problem formulation introduces the possibility of using models that are not
only accurate but also transparent and easier to validate, an important re-
quirement when the system must eventually be deployed in a safety-critical
environment and certified for use.

A further layer of integration was achieved through the use of model-
agnostic explainability tools, particularly SHAP. SHAP offers both global
insights into feature importance and more detailed local explanations that
show how individual factors influenced a specific decision. This dual per-
spective makes it valuable for developers who need to understand the inner
workings of the system and for end users who require clarity in high-stakes
contexts. At the same time, it also illustrates the trade-offs that must be



considered since SHAP requires substantial sampling and heavy computa-
tion, and while optimized implementations exist for certain models, such as
tree-based methods, others like LCS do not yet benefit from such tailored
support.

The point made in this thesis is that interpretability and explainability
are best achieved not by relying on a single measure, but by weaving
them into the process from the start—beginning with transparent labeling
and scenario generation, continuing through careful model choice where
simpler options can occasionally be more suitable, and reinforcing them via
model-agnostic tools when these can be applied. In this way, stakeholders
are provided insight into how the system functions and why particular
decisions are suggested, which is essential if such a system is to be trusted
and relied upon in time-critical and high-stakes environments. The lesson
from this work is that interpretability and explainability must be treated
as a guiding principles in system design, influencing decisions from data
preparation to model selection and evaluation, if such systems are to gain
acceptance and real practical value.

9.3 Future Work

Although the work in this thesis represents a suitable exploration of the topic,
in which many meaningful answers were derived and the main goals achieved,
the sheer breadth of the subject and the possible investigations are greater
than the scope of the thesis. It is the author’s belief that this also signifies the
importance of the topic investigated, where new questions and considerations
naturally emerge as efforts are made to clarify the initial questions and address
the initial goals. This is especially true given the development of the ExACT-
MCDM methodology, the focus on scenario generation, and the reformulation of
the problem as ranking, which, together, provided answers to certain questions
but also opened the door to many others.

First, it must be acknowledged that the methodology testing carried out in
this work was only conducted using a single cycle, with the author acting as
the unified panel of experts. This means that although the methodology shows
promise, it still needs to be tested further with a proper assembly of experts
and studied in a more appropriate environment. Future work should not only
focus on involving a larger number of experts but also exploring how to manage
disagreement, uncertainty, and bias between them. This would allow for the
possibility to test how the system functions when real-world diversity of opinion
is introduced, and how such diversity should be represented in the model. In
addition, in the case presented here, many of the constraints were represented
as piecewise linear transformation functions, which, although suitable for the
current problem, do not provide the full picture of the methodology’s capabili-
ties. Therefore, more experimentation and a more detailed investigation should
be carried out to examine how the integration of more complex and non-linear
transformation functions would change the outputs and influence model perfor-
mance—for instance, in cases where constraints may have thresholds, cascading
effects, or non-linear safety margins.

Second, the methods need to be expanded to include additional components,
two of which have already been identified as important. The first is the develop-
ment of mechanisms to help interested parties, especially the system’s creators,
determine what level of model performance should be considered suitable or
acceptable and provide a structured manner of selecting the model that will be
used. This would replace the current reliance on simple expert consensus with a
more transparent and rigorous process. Such mechanisms also connect directly
to the aviation field’s requirements of certification and thorough testing, and
outside aviation, they would represent a prudent step for any safety-critical sys-
tem. The second component concerns visualization and analysis tools. Within
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Figure 9.1: DLR in-house
custom cockpit simulator iSIM
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this thesis, much effort was paid to incorporating simpler and more explain-
able models, as well as exploring model-agnostic methods from the field of
XAI. However,the field is missing suitable and well-developed techniques that
would allow effective visual analysis so that decision-makers can spend less time
struggling to interpret outputs and more time considering their suitability and
refining how domain knowledge is encoded. The goal is to incorporate stream-
lined visualization and analytical tools that reduce friction in the overall process
and allow system developers to focus on what truly matters. This is not only a
matter of convenience but also of trust and oversight, since decision-makers in
safety-critical systems must be able to understand and justify the recommenda-
tions they are given. Current visualization methods, such as heatmaps and bar
plots, are more appropriate for experimental evaluation, and the helper tools
used in their present form are insufficient to serve as part of the methodology
itself.

Third, given that this thesis has a practical component—addressing an actual
problem from the field of aviation—and is concerned with the development of
models for DSS, it stands to reason that the next logical step would be to test
how such a model can be integrated into a DSS system and evaluated with hu-
man decision-makers. Therefore, future plans involve the trained models being
integrated into the IPAS system currently being developed at DLR and used
to conduct tests with pilots. The idea is to combine the Al core module, which
contains the trained model, with an appropriately designed Al-crew interac-
tion system (shown in Figure 9.2), and to use the DLR’s iSIM simulator (shown
in Figure 9.1) as a test bed for the newly developed system. In this way, the
work presented here moves beyond theoretical and exploratory investigations
and is extended into real-world application, with the goal of eventually being
implemented in the cockpit of an operational aircraft.

Going one step further, there are ideas regarding how this aspect of the decision-
support system could be augmented to not only consider the possible airports
that could be reached but also generate a dynamic list of all potential surfaces
that might serve as landing platforms, including highways, clearings, and other
suitable areas. Such an approach would require the system to dynamically
generate a set of feasible landing options with variable lengths and account
for additional factors beyond those relevant to airports. At the same time,
it would provide pilots with valuable alternatives, particularly in situations in
which fuel is critically low or when all airports are out of reach.

Beyond aviation, it should also be recognized that the methodology itself is



Figure 9.2: AICIS interface
integrated into the iSIM showing
alternate-airport list, taken from

authors publication [81]
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not limited to one field alone. The combination of scenario generation, ranking
reformulation, and contextual modeling could be applied to other emergency
domains, such as disaster response, medical triage, or energy grid management.
Each of these domains raises its own challenges in terms of data, context, and
expert knowledge, but they share the same need for rapid, interpretable, and
trustworthy decision support. Exploring these directions would not only test
the generality of the methodology but also help establish whether the balance
between accuracy, interpretability, and adaptability achieved here can form a
broader standard for how Al is integrated into high-stakes decision-making.

In summary, the thesis has shown that emergency MCDM problems can be
reformulated as supervised ranking tasks, enabling AT models to provide inter-
pretable, context-sensitive decision support under time pressure. The hope is
that this work not only contributes to the development of IPAS but also lays the
groundwork for the broader integration of Al into high-stakes decision-making
domains.
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A Scenario types

Table A.1: Complete matrix of scenario types combining different weather con-
ditions and technical failure severities, resulting in 60 different combinations
(10 weather types x 6 failure types). Weather distributions show the probabil-
ity of sampling from different intensity categories. For each available airport
option, weather parameters are sampled independently using uniform distribu-
tions within the specified ranges.

Scenario Failure Weather Detailed Conditions (sampled per airport
Weather Severity Distribution option)
Very calm Very light 45% clear, 30% Each available airport option samples weather
light, 25% parameters independently from this distribution.
medium Clear conditions (45%): visibility uniformly sampled

from 1600-2000m, cloud ceiling from 500-1000ft,
dry runways, wind speeds follow wind field or
multiplied by 3.5.

Light conditions (30%): includes fog (visibility
75-500m) or light precipitation
(rain/snow/thunderstorms) with visibility
1000-2000m, ceiling 200-800ft, wet or wet snow
runways.

Medium intensity (25%): visibility 700-1600m,
ceiling 90-500ft, standing water or compacted snow
on runways, winds up to 35-45kt.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Very calm Light 45% clear, 30% Weather sampled independently per airport option.
light, 25% Predominantly clear scenarios (45%): dry runways,
medium visibility 1600-2000m, good ceilings 500—-1000ft.

Light precipitation (30%): wet or wet snow runways,
visibility 1000—2000m, ceiling 200-800ft.

Occasional medium intensity (25%): standing water
or compacted snow, visibility 700—1600m, ceiling
90-5001t.

Wind speeds range from wind field values to
uniformly sampled 35-45kt depending on scenario
intensity.

Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Continued on next page



Table A.1 — continued from previous page

Scenario
Weather

Failure ‘Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Very calm

Very calm

Very calm

Moderate 45% clear, 30%
light, 25%
medium

Severe 45% clear, 30%
light, 25%
medium

Very severe 45% clear, 30%
light, 25%
medium

Each airport independently samples from
distribution with 45% probability of clear conditions.
Clear (45%): dry runways, visibility 1600-2000m,
ceiling 500-1000ft.

Light scenarios (30%): wet or wet snow runways,
visibility 1000-2000m, ceiling 200-800ft.

Medium scenarios (25%): standing water or
compacted snow, visibility 700-1600m, ceiling
90-500ft.

Wind speeds vary from wind field patterns to
35—45kt uniformly sampled.

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning). Combinations may include minor
fuel leak with general warnings or major general
warning with minor general warning. 20%
probability of additional medical emergency.

Independent weather sampling per available airport
option.

Clear conditions (45%): dry runways with excellent
visibility 1600—2000m.

Light precipitation (30%): wet or wet snow runways,
visibility 1000—2000m.

Medium intensity (25%): contaminated runways,
visibility 700-1600m.

Wind speeds vary from wind field values to 35—45kt.
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
May include combinations like engine out with fuel
leaks or critical fuel leak with general warnings. 25%
probability of additional medical emergency.

Weather distribution favors clear to light conditions
with independent sampling per airport.

Visibility ranges from 700-2000m depending on
sampled intensity category.

Cloud ceilings span 90-1000ft.

Runway conditions range from dry (clear scenarios)
to standing water or compacted snow (medium
scenarios).

Winds typically follow wind field patterns, multiply
by 3.5, or reach 35—45kt uniformly sampled.
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). May occur individually
or in combination. 30% probability of additional
medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure ‘Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Very calm

Critical 45% clear, 30%
light, 25%

medium

Favorable weather distribution with each airport
sampling conditions independently.

45% probability of dry runways with visibility
1600-2000m.

30% wet conditions with visibility 1000-2000m and
ceiling 200-800ft.

25% medium contamination with visibility
700-1600m and standing water or compacted snow.
Wind speeds from wind field to 35-45kt.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Often includes
combinations of critical fuel leak with engine out or
general warnings. 40% probability of additional
medical emergency.

Calm

Calm

Calm

Very light 20% clear, 40%
light, 40%

medium

Light 20% clear, 40%
light, 40%

medium

Moderate 20% clear, 40%
light, 40%
medium

Balanced distribution with independent sampling
per airport option.

Clear scenarios (20%): dry runways, visibility
1600-2000m, ceiling 500-1000ft.

Light conditions (40%): wet or wet snow runways,
visibility 1000-2000m, ceiling 200-800ft, fog
conditions possible.

Medium intensity (40%): standing water or
compacted snow, visibility 700-1600m, ceiling
90-500ft, winds up to 35-45kt.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Each option independently samples with balanced
light-medium distribution.

Visibility ranges from 700-2000m depending on
category.

Cloud ceiling spans 90—1000ft.

Runway conditions: dry (20%), wet or wet snow
(40%), or standing water/compacted snow (40%).
Wind speeds vary from wind field values, multiplied
by 3.5, or up to 35-45kt uniformly sampled.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
ermergency.

Per-airport weather sampling with 20% probability
of clear conditions.

Clear (20%): dry runways, visibility 1600—2000m.
Light precipitation (40%): wet or wet snow,
visibility 1000—2000m.

Medium intensity (40%): standing water or
compacted snow, visibility 700-1600m, ceiling
90-500ft.

Winds vary from wind field patterns to 35-45kt.
Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in combinations such as minor fuel
leak with general warnings, or both general warning
levels together. 20% probability of additional
medical emergency.

Continued on next page
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Scenario
Weather

Failure
Severity

‘Weather
Distribution

Detailed Conditions (sampled per airport
option)

Calm

Calm

Calm

Severe

Very severe

Critical

20% clear, 40%
light, 40%

medium

20% clear, 40%
light, 40%
medium

20% clear, 40%
light, 40%
medium

Weather sampled independently per option,
predominantly light to medium conditions.
Visibility uniformly sampled from 700-2000m.
Ceilings range 90-1000ft.

Runways: dry (20%), wet or wet snow (40%),
contaminated (40%).

Wind speeds from wind field or up to 35-45kt.
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with minor or
moderate fuel leaks, or critical fuel leak with general
warnings. 25% probability of additional medical
emergency.

Each airport independently samples from balanced
distribution.

20% clear, 40% light, 40% medium intensity
scenarios.

Visibility ranges 700-2000m, ceilings 90-1000ft.
Runway conditions vary from dry to standing water
or compacted snow.

Winds from wind field values to 35-45kt.

Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). May occur individually
or in combinations requiring immediate emergency
coordination. 30% probability of additional medical
emergency.

Per-option weather sampling predominantly
light-medium intensity.

Visibility 700-2000m, ceiling 90-1000ft.

Runway contamination likely (80% wet or worse
conditions).

Wind speeds range from wind field to 35—-45kt.
Each available airport has independently sampled
weather parameters.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Often simultaneous
critical fuel leak and engine out requiring immediate
emergency response. 40% probability of additional
medical emergency.

Mild

Very light

20% clear, 30%
light, 45%
medium, 5%
heavy

Medium conditions dominant with independent
sampling per airport.

Clear/light scenarios: visibility 700-2000m.
Medium/heavy scenarios: visibility 500-1600m.
Cloud ceiling 90-800ft across categories.

Runway conditions: dry (20%), wet or wet snow
(30%), standing water or compacted snow (50%).
Winds from wind field to 35—-60kt, with sporadic
directional shifts of 45-90° possible in extreme cases.
Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure
Severity

‘Weather
Distribution

Detailed Conditions (sampled per airport
option)

Mild

Mild

Mild

Mild

Light

Moderate

Severe

Very severe

20% clear, 30%
light, 45%
medium, 5%
heavy

20% clear, 30%
light, 45%
medium, 5%
heavy

20% clear, 30%
light, 45%
medium, 5%
heavy

20% clear, 30%
light, 45%
medium, 5%
heavy

Per-option sampling favors medium intensity at
45%.

Visibility ranges 500-2000m depending on sampled
category.

Ceiling 80-1000ft.

Runway conditions predominantly wet to standing
water or compacted snow.

Wind speeds vary from wind field, multiplied by 3.5,
or 35-60kt with possible sporadic directional shifts.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Each airport independently samples with medium
scenarios most likely (45%).

Medium scenarios: visibility 700-1600m, standing
water or compacted snow.

Light conditions (30%): visibility 1000-2000m, wet
or wet snow runways.

Clear (20%): dry runways.

Heavy (5%): visibility 400-1000m, standing water or
compacted snow, winds 35-60kt with sporadic shifts.
Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in various combinations. 20%
probability of additional medical emergency.

Weather distribution per airport option:
predominantly medium with occasional heavy.
Visibility 400-2000m depending on intensity.
Ceiling 80-1000ft.

Runways range from dry (20%) to severely
contaminated (5% heavy scenarios).

Winds from wind field to 35-60kt.

Sporadic shifts of 45-90° occur in 5% of sampled
scenarios.

Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Includes combinations like engine out with fuel leaks
of varying severity. 25% probability of additional
medical emergency.

Independent per-option sampling with medium
intensity prevalent.

45% medium scenarios: visibility 700-1600m,
standing water or compacted snow, winds up to
35-45kt.

30% light conditions, 20% clear scenarios.
Occasional heavy conditions (5%): winds to 35-60kt
with sporadic shifts.

Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Combinations may
include both critical fuel leak and engine out
simultaneously. 30% probability of additional
medical emergency.

Continued on next page
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Scenario
Weather

Failure
Severity

‘Weather
Distribution

Detailed Conditions (sampled per airport
option)

Mild

Critical

20% clear, 30%
light, 45%
medium, 5%
heavy

Each airport samples from distribution
independently.

Visibility ranges 400—-2000m.

Ceiling 80-1000ft.

Runway conditions vary from dry (20%) to standing
water or compacted snow (75%).

Wind speeds from wind field to 35-60kt with
sporadic directional shifts possible.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Often multiple severe
problems simultaneously including critical fuel leak
with engine out and potential general warnings.
40% probability of additional medical emergency.

Light

Light

Light

Very light

Light

Moderate

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%
extreme

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%
extreme

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%
extreme

Medium intensity prevalent at 40% with
independent per-airport sampling.

Visibility 400-2000m depending on category.
Ceiling 70-1000ft.

Runways: dry (10%), wet or wet snow (20%),
standing water or compacted snow (70%).

Winds from wind field to 40-60kt.

Extreme scenarios (15%) include sporadic shifts of
45-90°.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Each option samples independently with varied
intensity distribution.

40% medium scenarios: visibility 700-1600m,
standing water or compacted snow.

30% heavy/extreme: winds 35-60kt, visibility
400-1000m, sporadic shifts possible.

20% light: wet or wet snow runways.

10% clear: dry conditions.

Wind speeds vary from wind field to extreme values
with sporadic directional changes.

Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Per-airport weather sampling: predominantly
medium to extreme conditions.

Visibility 400-2000m.

Ceiling 70-1000ft.

Runway contamination common (90% wet or worse).
Winds from wind field to 40-60kt.

15% probability per airport of sporadic directional
shifts of 45-90°.

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) occurring in combinations. 20%
probability of additional medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure
Severity

‘Weather
Distribution

Detailed Conditions (sampled per airport
option)

Light

Light

Light

Severe

Very severe

Critical

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%

extreme

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%

extreme

10% clear, 20%
light, 40%
medium, 15%
heavy, 15%
extreme

Each airport independently samples with
challenging distribution.

40% medium intensity scenarios.

30% heavy/extreme: winds to 40-60kt with sporadic
shifts, visibility 400-1000m.

Visibility ranges 400-2000m overall.

Ceilings 70-1000ft.

Runways predominantly contaminated.

Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with fuel leaks or
critical fuel leak with general warnings and potential
additional issues. 25% probability of additional
medical emergency.

Weather distribution per option: 40% medium, 15%
heavy, 15% extreme.

Visibility 400-2000m.

Ceiling 70-1000ft.

Runways with standing water or compacted snow
(70% of scenarios).

Wind speeds from wind field to 40-60kt.

Sporadic shifts of 45-90° in extreme cases.
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often both problems
simultaneously affecting aircraft capability. 30%
probability of additional medical emergency.

Independent sampling per airport with varied
intensity distribution.

Visibility 400-2000m.

Ceiling 70-1000ft.

Runway conditions predominantly contaminated
(90%).

Winds range from wind field values to 40-60kt.
15% probability of sporadic shifts per sampled
airport.

Each option has independently sampled weather
conditions.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically includes
simultaneous critical fuel leak and engine out,
potentially with additional general warnings. 40%
probability of additional medical emergency.

Moderate

Very light

5% clear, 15%
light, 30%
medium, 20%
heavy, 30%
extreme

Extreme conditions prevalent at 30% with
independent per-airport sampling.

Visibility 400-2000m depending on intensity.
Ceiling 70-1000ft.

Runways: dry (5%), wet or wet snow (15%),
standing water or compacted snow (80%).
Winds from wind field to 40-60kt.

30% probability of sporadic shifts of 45-90° per
airport.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Continued on next page
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Scenario Failure ‘Weather Detailed Conditions (sampled per airport
Weather Severity Distribution option)
Moderate Light 5% clear, 15% Per-option sampling with balanced medium, heavy,
light, 30% and extreme conditions.
medium, 20% 30% medium scenarios.
heavy, 30% 20% heavy conditions.
extreme 30% extreme scenarios.
Visibility 400—2000m.
Ceiling 70-1000ft.
Runway contamination common (80%).
Wind speeds highly variable: wind field to 40-60kt,
sporadic directional shifts likely.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.
Moderate Moderate 5% clear, 15% Each airport independently samples with
light, 30% challenging distribution.
medium, 20% 50% heavy/extreme scenarios: winds 35-60kt,
heavy, 30% sporadic shifts of 45-90°, visibility 400—1000m.
extreme 30% medium, 20% light /clear scenarios.
Severe runway contamination prevalent.
Ceiling 70-1000ft.
Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in various combinations affecting
multiple systems. 20% probability of additional
medical emergency.
Moderate Severe 5% clear, 15% Weather distribution per option: 30% extreme
light, 30% scenarios.
medium, 20% Extreme category: winds to 40-60kt with sporadic
heavy, 30% shifts, visibility as low as 400-900m.
extreme Additionally 30% medium, 20% heavy scenarios.
Visibility 400-2000m overall.
Ceiling 70-1000ft.
Runways predominantly standing water or
compacted snow (80%).
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with fuel leaks,
critical fuel leak with general warnings, or multiple
simultaneous failures. 25% probability of additional
medical emergency.
Moderate Very severe 5% clear, 15% Independent sampling per airport with 50%

light, 30%
medium, 20%
heavy, 30%

extreme

heavy/extreme conditions dominant.

Visibility 400-2000m.

Ceiling 70-1000ft.

Severe runway contamination (80% contaminated
scenarios).

Winds from wind field to 40-60kt.

30% probability of sporadic shifts per airport.
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often simultaneous
critical fuel leak and engine out requiring immediate
emergency decision-making. 30% probability of
additional medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario Failure Weather Detailed Conditions (sampled per airport

Weather Severity Distribution option)

Moderate Critical 5% clear, 15% Each airport samples from challenging distribution.
light, 30% 30% extreme scenarios: sporadic wind shifts of
medium, 20% 45-90°, winds 35-60kt, visibility 400-900m.
heavy, 30% Additionally 30% medium, 20% heavy, 15% light,
extreme rare clear (5%).

Runway contamination throughout.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak with engine out, often combined
with general warnings creating complex emergency
scenarios. 40% probability of additional medical
emergency.

Challenging Very light 10% light, 20% Extreme conditions dominant at 45% with
medium, 25% independent per-airport sampling.
heavy, 45% Visibility 400-1800m.
extreme Ceiling 70-800ft.

Runways: wet or wet snow (10%), standing water or
compacted snow (90%).

Winds from wind field to 40-60kt.

45% probability of sporadic shifts of 45-90° per
option.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Challenging Light 10% light, 20% Each option independently samples with extreme
medium, 25% scenarios most likely.
heavy, 45% 45% extreme: winds 35-60kt with sporadic shifts,
extreme visibility 400-900m.

25% heavy scenarios.

20% medium, 10% light conditions.

Visibility 400-1800m overall.

Ceiling 70-800ft.

Severe runway contamination throughout (90%).
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Challenging Moderate 10% light, 20% Weather distribution per airport: 70%

medium, 25%
heavy, 45%
extreme

heavy /extreme scenarios.

Visibility 400-1800m.

Ceiling 70-800ft.

Runways with standing water or compacted snow
(90%).

Wind speeds from wind field to 40-60kt.

Frequent sporadic directional shifts (45%
probability).

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in combinations affecting multiple
aircraft systems. 20% probability of additional
medical emergency.

Continued on next page
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Scenario
Weather

Failure
Severity

‘Weather
Distribution

Detailed Conditions (sampled per airport
option)

Challenging

Challenging

Challenging

Severe

Very severe

Critical

10% light, 20%
medium, 25%
heavy, 45%

extreme

10% light, 20%
medium, 25%
heavy, 45%
extreme

10% light, 20%
medium, 25%
heavy, 45%

extreme

Independent sampling per option with extreme
conditions prevalent.

45% extreme scenarios: winds to 40-60kt, sporadic
shifts of 45-90°, visibility 400-900m.

Visibility ranges 400—-1800m.

Ceilings 70-800ft.

Runway contamination severe throughout.
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with various fuel
leak severities, or critical fuel leak with multiple
general warnings. 25% probability of additional
medical emergency.

Each airport samples with extreme scenarios at 45%.
Extreme category includes sporadic wind shifts,
winds 35-60kt, visibility as low as 400-900m.
Overall visibility 400-1800m.

Ceiling 70-800ft.

Standing water or compacted snow (90%).
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often both critical fuel
leak and engine out occurring simultaneously
creating severe operational constraints. 30%
probability of additional medical emergency.

Per-airport weather sampling: predominantly
heavy /extreme at 70%.

Visibility 400-1800m.

Ceiling 70-800ft.

Runways severely contaminated throughout.
Winds from wind field to 40-60kt.

45% probability of sporadic shifts per option.
Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak and engine out, often with
additional general warnings requiring maximum
emergency response. 40% probability of additional
medical emergency.

Adverse

Very light

15% medium,
25% heavy, 60%

extreme

Extreme conditions dominant at 60% with
independent per-airport sampling.

Visibility 400-1600m.

Ceiling 70-500f1t.

Runways with standing water or compacted snow
(100%).

Winds from wind field to 40-60kt.

60% probability of sporadic directional shifts of
45-90° per airport.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure ‘Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Adverse

Adverse

Adverse

Adverse

Light 15% medium,
25% heavy, 60%
extreme

Moderate 15% medium,
25% heavy, 60%
extreme

Severe 15% medium,
25% heavy, 60%
extreme

Very severe 15% medium,
25% heavy, 60%

extreme

Per-option sampling heavily weighted toward
extreme scenarios.

60% extreme: winds 35-60kt with sporadic shifts,
visibility 400-900m.

25% heavy scenarios.

15% medium conditions.

Visibility 400-1600m overall.

Ceiling 70-500ft.

Severe contamination throughout all options.

High winds with frequent directional changes.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Each airport samples from severe distribution: 85%
heavy/extreme scenarios.

Visibility 400-1600m.

Ceiling 70-500ft.

Runways with standing water or compacted snow
(100%).

Wind speeds from wind field to 40-60kt.

Sporadic shifts of 45-90° highly likely (60%
probability).

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in combinations. 20% probability
of additional medical emergency.

Weather distribution per option: predominantly
extreme at 60%.

Extreme scenarios: winds to 40-60kt, sporadic
shifts, visibility 400-900m.

Visibility 400-1600m overall.

Ceiling 70-500ft.

All runways with standing water or compacted snow.
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with fuel leaks,
critical fuel leak with general warnings, requiring
emergency procedures. 25% probability of additional
medical emergency.

Independent sampling per airport with extreme
scenarios at 60%.

Visibility as low as 400-900m in extreme cases.
Winds to 40-60kt with sporadic shifts.

Overall visibility 400-1600m.

Ceiling 70-500ft.

Severe contamination (100%).

Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often simultaneous
critical fuel leak and engine out requiring immediate
coordinated emergency response. 30% probability of
additional medical emergency.

Continued on next page
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Scenario Failure ‘Weather Detailed Conditions (sampled per airport
Weather Severity Distribution option)
Adverse Critical 15% medium, Each airport samples: predominantly extreme
25% heavy, 60% conditions at 60%.
extreme Sporadic wind shifts of 45-90° highly likely.
Winds 35-60kt.
Visibility 400-900m in extreme scenarios.
All runways with standing water or compacted snow.
Ceiling 70-500ft.
Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak and engine out, often with multiple
general warnings creating maximum emergency
scenario. 40% probability of additional medical
emergency.
Severe Very light 5% medium, 20%  Extreme conditions dominant at 75% with
heavy, 75% independent per-airport sampling.
extreme Visibility 400-1600m.
Ceiling 70-500ft.
Runways with standing water or compacted snow
(100%).
Winds consistently 35—-60kt.
75% probability of sporadic shifts of 45-90° per
airport.
Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.
Severe Light 5% medium, 20%  Each option independently samples with extreme
heavy, 75% scenarios most likely.
extreme 75% extreme: winds 35-60kt with sporadic shifts,
visibility 400-900m.
20% heavy scenarios.
5% medium conditions.
Visibility 400-1600m overall.
Ceiling 70-500ft.
Severe contamination throughout all options.
Sporadic wind shifts highly frequent.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.
Severe Moderate 5% medium, 20%  Weather distribution per airport: 95%
heavy, 75% heavy /extreme conditions.
extreme Visibility 400-1600m.

Ceiling 70-500ft.

All runways with standing water or compacted snow.
Wind speeds 35-60kt.

Sporadic directional shifts of 45-90° expected in
75% of cases.

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) occurring in combinations. 20%
probability of additional medical emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Severe

Severe

Severe

Severe 5% medium, 20%
heavy, 75%
extreme

Very severe 5% medium, 20%
heavy, 75%

extreme

Critical 5% medium, 20%
heavy, 75%

extreme

Independent sampling per option: predominantly
extreme at 75%.

Extreme scenarios: winds 35-60kt, sporadic shifts,
visibility 400-900m.

Visibility 400-1600m overall.

Ceiling 70-500ft.

All runways severely contaminated.

Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with various fuel
leak severities or critical fuel leak with general
warnings. 25% probability of additional medical
emergency.

Each airport samples with 75% extreme conditions.
Visibility as low as 400-900m in extreme scenarios.
Winds 35-60kt with sporadic shifts of 45-90°.
Visibility 400-1600m overall.

Ceiling 70-500ft.

Standing water or compacted snow (100%).
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often both problems
occurring simultaneously in severe weather
environment. 30% probability of additional medical
emergency.

Per-airport weather sampling: extreme scenarios
dominant at 75%.

Sporadic wind shifts highly likely.

Winds 35-60kt.

Visibility 400-900m in extreme cases.

All runways contaminated.

Ceiling 70-500ft.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak and engine out, often with
additional warnings requiring immediate emergency
landing. 40% probability of additional medical
emergency.

Extreme

Very light 15% heavy, 85%
extreme

Almost exclusively extreme conditions at 85% with
independent per-airport sampling.

Visibility 400-1400m.

Ceiling 70-500ft.

Runways with standing water or compacted snow
(100%).

Winds 35-60kt.

85% probability of sporadic directional shifts of
45-90° per airport.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Continued on next page
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Scenario Failure ‘Weather Detailed Conditions (sampled per airport
Weather Severity Distribution option)
Extreme Light 15% heavy, 85% Per-option sampling: 85% extreme scenarios most
extreme prevalent.
Extreme category: winds 35-60kt with sporadic
shifts, visibility 400-900m.
15% heavy scenarios.
Visibility 400-1400m overall.
Ceiling 70-500ft.
Severe contamination throughout all options.
Sporadic wind shifts standard.
Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.
Extreme Moderate 15% heavy, 85% Each airport samples from distribution:
extreme predominantly extreme at 85%.
Visibility 400-1400m.
Ceiling 70-500ft.
All runways with standing water or compacted snow.
Wind speeds 35-60kt.
Sporadic directional shifts of 45-90° expected (85%
probability).
Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in various combinations. 20%
probability of additional medical emergency.
Extreme Severe 15% heavy, 85% Weather distribution per option: almost exclusively
extreme extreme at 85%.
Extreme scenarios: winds 35-60kt, sporadic shifts,
visibility 400-900m.
Visibility 400-1400m overall.
Ceiling 70-500ft.
All runways severely contaminated.
Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with fuel leaks or
critical fuel leak with general warnings in extreme
weather. 25% probability of additional medical
emergency.
Extreme Very severe 15% heavy, 85% Independent sampling per airport with 85% extreme

extreme

conditions.

Visibility as low as 400-900m.

Winds 35-60kt.

Sporadic shifts of 45-90° standard.

Visibility 400-1400m overall.

Ceiling 70-500ft.

Standing water or compacted snow (100%).
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often simultaneous
critical fuel leak and engine out in extreme weather
conditions. 30% probability of additional medical
emergency.

Continued on next page
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Table A.1 — continued from previous page

Scenario
Weather

Failure ‘Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Extreme

Critical 15% heavy, 85%

extreme

Each airport samples: predominantly extreme
scenarios at 85%.

Sporadic wind shifts of 45-90° expected.

Winds 35-60kt.

Visibility 400-900m in extreme cases.

All runways contaminated.

Ceiling 70-500ft.

Independent weather per option.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak and engine out with potential
additional general warnings in extreme weather
environment. 40% probability of additional medical
emergency.

Catastrophic

Catastrophic

Catastrophic

Very light 5% heavy, 95%
extreme

Light 5% heavy, 95%
extreme

Moderate 5% heavy, 95%
extreme

Near-exclusively extreme conditions at 95% with
independent per-airport sampling.

Visibility 400-900m.

Ceiling 70-500ft.

Runways with standing water or compacted snow
(100%).

Winds consistently 35-60kt.

95% probability of sporadic shifts of 45-90° per
airport.

Technical problems: Single minor issue (70% minor
fuel leak, 30% minor general warning). 15%
probability of additional medical emergency.

Each option independently samples: 95% extreme
scenarios.

Extreme category: winds 35—60kt with sporadic
shifts of 45-90°, visibility 400-900m.

5% heavy scenarios.

Visibility 400-900m overall.

Ceiling 70-500ft.

Severe contamination throughout all options.
Sporadic wind shifts nearly guaranteed.

Technical problems: Single minor issue (20% minor
general warning, 40% minor fuel leak, 40% moderate
fuel leak). 15% probability of additional medical
emergency.

Weather distribution per airport: almost exclusively
extreme at 95%.

Visibility 400-900m.

Ceiling 70-500ft.

All runways with standing water or compacted snow.
Wind speeds 35-60kt.

Sporadic directional shifts of 45-90° standard (95%
probability).

Technical problems: Multiple minor issues (30%
minor fuel leak, 50% moderate fuel leak, 20% major
general warning) in combinations. 20% probability
of additional medical emergency.

Continued on next page
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Scenario
Weather

Failure ‘Weather
Severity Distribution

Detailed Conditions (sampled per airport
option)

Catastrophic

Catastrophic

Catastrophic

Severe 5% heavy, 95%

extreme

Very severe 5% heavy, 95%
extreme

Critical 5% heavy, 95%
extreme

Independent sampling per option: near-exclusively
extreme at 95%.

Extreme scenarios: winds 35-60kt, sporadic shifts,
visibility 400-900m.

Visibility 400-900m overall.

Ceiling 70-500ft.

All runways severely contaminated.

Technical problems: Severe issues (40% moderate
fuel leak, 30% critical fuel leak, 30% engine out).
Combinations include engine out with fuel leaks or
critical fuel leak with general warnings in
catastrophic conditions. 25% probability of
additional medical emergency.

Each airport samples with 95% extreme scenarios.
Visibility as low as 400-900m.

Winds 35-60kt.

Sporadic shifts of 45—90° nearly certain.

Ceiling 70-500ft.

Standing water or compacted snow (100%).
Technical problems: Very severe issues (50% critical
fuel leak, 50% engine out). Often simultaneous
critical fuel leak and engine out in catastrophic
weather environment. 30% probability of additional
medical emergency.

Per-airport weather sampling: catastrophic
conditions with 95% extreme scenarios.

Sporadic wind shifts of 45-90° nearly guaranteed.
Winds 35-60kt.

Visibility 400-900m.

All runways contaminated.

Ceiling 70-5001t.

Each option samples independently.

Technical problems: Critical failures (60% critical
fuel leak, 40% engine out). Typically simultaneous
critical fuel leak and engine out, often with
additional general warnings creating maximum
emergency scenario requiring immediate landing in
catastrophic weather. 40% probability of additional
medical emergency.
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Hub Airports List

Table B.1: European Airlines Hub Airports with their geographical locations

and hub types.

ICAO Airport Name Latitude Longitude Airline (Type)
EDDF Frankfurt Airport 50.033 8.571 Lufthansa (Main)
EDDM Munich Airport 48.354 11.786 Lufthansa (Main)
EDDH Hamburg Airport 53.630 9.850 Lufthansa
(Supporting)
EDDB Berlin Brandenburg 52.560 13.288 Lufthansa
Airport (Supporting)
LFPG Paris Charles de Gaulle  49.013 2.550 Air France (Main)
Airport
LFPO Paris Orly Airport 48.723 2.380 Air France
(Supporting)
EHAM Amsterdam Schiphol 52.309 4.764 Air France (Main)
Airport
LFBO Toulouse Blagnac 43.629 1.364 Air France
Airport (Supporting)
EGLL London Heathrow 51.471 -0.462 British Airways
Airport (Main)
EGKK London Gatwick Airport 51.148 -0.190 EasyJet (Main);
British Airways
(Supporting)
EGFF Cardiff Airport 51.383 -3.373 British Airways
(Supporting)
EGPF Glasgow Airport 55.872 -4.433 British Airways
(Supporting)
EIDW Dublin Airport 53.421 -6.270 Ryanair (Main)
EGSS London Stansted 51.885 0.235 Ryanair
Airport (Supporting)
EYKA Kaunas Airport 54.964 23.906 Ryanair
(Supporting)
LEZL Seville Airport 36.844 -6.061 Ryanair
(Supporting)
LIML Milan Malpensa Airport  45.631 8.728 EasyJet (Main)
EGGW Luton Airport 51.875 -0.368 EasyJet
(Supporting)

Continued on next page



Table B.1 — continued from previous page

ICAO Airport Name Latitude Longitude Airline (Type)
LTFM Istanbul Airport 41.275 28.752 Turkish Airlines
(Main)
LTFJ Sabiha Gokgen Airport 40.899 29.309 Turkish Airlines
(Supporting)
EKCH Copenhagen Airport 55.618 12.656 SAS (Main)
ESSA Stockholm Arlanda 59.650 17.939 SAS (Supporting)
Airport
ENGM Oslo Gardermoen 60.194 11.100 SAS (Supporting)
Airport
LEMD Madrid Barajas Airport  40.472 -3.563 Iberia (Main)
LEBL Barcelona Airport 41.297 2.078 Iberia
(Supporting)
LIRF Rome Fiumicino Airport  41.794 12.250 Alitalia (Main)
LIML Milan Linate Airport 45.445 9.277 Alitalia
(Supporting)
LHBP Budapest Ferenc Liszt 47.437 19.265 Wizzair (Main)
Airport
EPWA Warsaw Chopin Airport  52.166 20.967 Wizzair (Main)
EPKT Katowice International 50.474 19.080 Wizzair
Airport (Supporting)
LRCL Cluj-Napoca 46.785 23.686 Wizzair
International Airport (Supporting)
LYBE Belgrade Nikola Tesla 44.819 20.962 Air Serbia (Main)

Airport
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Model Hyperparameters

Hyperparameter

Classification

Ranking

Model Type

Input Dimension
Output Dimension
Number of Parameters
Number of Options
Optimizer

Learning Rate

Loss Function

Loss Temperature
Batch Size

Training Epochs
Weight Initialization
Training Samples (5 opt)

Training Samples (10/15 opt)

Holdout Samples (5 opt)

Holdout Samples (10/15 opt)

Linear Weighted Sum

19 (context:4 + option:15)

1 (score per option)
19 (learnable weights)
5
Adam
0.001
Cross-Entropy
32
5
Random Normal
200,000

50,000

Linear Weighted Sum
19 (context:4 + option:15)
1 (score per option)

19 (learnable weights)
5/10/ 15
Adam
0.001
ListNet (NDCG approximation)
1.0
32
5
Random Normal
200,000
50,000
50,000
1,000

Table C.1: Comparison of

Weighted Sum hyperparameters

for classification and ranking

tasks. Both use identical linear
architectures with 19 learnable
parameters, differing only in loss

LXII

function: Cross-Entropy for
classification and ListNet
(softmax cross-entropy over
relevance distributions) for
ranking.



Simple (Interpretable)

Full (Performance)

Hyperparameter Classification Ranking Classification Ranking
Objective multi:softmax  rank:ndcg  multizsoftmax  rank:ndcg
Number of Estimators 20 20 5,000 5,000
Max Depth 2 2 8 8
Learning Rate () 0.3 0.3 0.01 0.02
Subsample 1.0 1.0 0.8 0.9
Column Sample by Tree 1.0 1.0 0.8 0.85
L1 Regularization («) 0.1 0.1 0.1 —

L2 Regularization (\) 0.1 0.1 1.0 —
Min Child Weight 5 5 3 2
Gamma () 0.1 0.1 0.1 0.05
Early Stopping Rounds 10 10 50 100

Table C.2: Comparison of
XGBoost hyperparameters
between interpretable (Simple)
and performance-optimized
(Full) model variants for both
classification and ranking tasks.

Simple (Interpretable)

Full (Performance)

Hyperparameter Classification Ranking Classification Ranking
Population Size 20 20 650 650
Input Dimension 79 19 79 19
Output Dimension 5 1 5 1
Maximum Trials 400,000 600,000 400,000 600,000
Performance Trials 3,000 3,000 3,000 3,000
Loss Function One-Hot MSE One-Hot MSE
Error Threshold (eo) 0.012 0.01 0.010 0.008
Learning Rate () 1 0.1 0.75 0.15
Fitness Decay () 0.08 0.2 0.1 0.15
Min Experience (v) 5 10 5 10
Fitness Threshold (0) 0.1 0.1 0.1 0.1
Deletion Threshold (04e;) 38 20 32 25
Condition Min 0.0 -1.0 0.0 -1.0
Condition Max 1.0 1.0 1.0 1.0
Condition Spread Min 0.33 0.1 0.28 0.08
Condition n 0.09 0.01 0.09 0.01
Prediction xq 1.0 0.0 1.0 0.0
Prediction n 0.12 0.01 0.09 0.02
Prediction 7min 107° 1078 1076 1078
Early Stopping Patience 10,000 10,000 10,000 10,000

Table C.3: Comparison of LCS
(XCSF) hyperparameters
between interpretable (Simple)
and performance-optimized
(Full) model variants for
classification and ranking tasks
for the representative (Medium)
dataset.

LXII



Hyperparameter

Classification (SimpleNN)

Ranking (ListNet)

Input Dimension
Output Dimension
Hidden Layers
Hidden Dimension

Activation Function

Optimizer
Learning Rate
Batch Size
Training Epochs
Loss Function
Regularization

Early Stopping

Number of Options
Cross-Validation Folds

Random State
Training Samples

79 (context:4 + options:15x5)
5 (class labels)
2
32
ReLU
Adam
0.01
64
100
Cross-Entropy
None
Accuracy plateau (A < 0.001)
5
5
42
200,000

19 (context:4 + option:15)
1 (relevance score)
2
32
ReLU
Adam
0.001
64
100
ListNet (KL Divergence)
None
NDCG@1 plateau (A < 0.001)
5/10/ 15
5
42
200,000

Table C.4: Comparison of Neural
Network hyperparameters for
classification (SimpleNN) and
ranking (ListNet) tasks. Both
architectures prioritize
interpretability with minimal
hidden layers and no
regularization techniques such as
Dropout or BatchNorm.
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