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Abstract

This thesis presents a comprehensive global clustering analysis of non-directional aviation
markets (airport-pairs) based on supply-side features derived from a 2024 flight schedule
and enriched with demographic, tourism, and climate data. Multiple clustering algorithms
(partition-, density- and distribution-based) were applied under varying parameter settings
and data pre-processing techniques. Results were assessed using internal validation metrics
(Silhouette Coefficient, Davies-Bouldin Index) and two-dimensional projections (UMAP)
for qualitative inspection. Gaussian Mixture Modeling (GMM) delivered the highest
internal scores overall. The interpretation of clustering results revealed both evenly-sized
clusters, reflecting globally homogeneous markets, and imbalanced clusters, containing
niche market segments. Applications for strategic network planning include identifying
under-served market opportunities and tailoring route strategies. Overall, this research
confirms that clustering aviation markets at a global scale is feasible and valuable, yet

demands careful choice of features, algorithms, and interpretability techniques.
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Kurzfassung

Diese Arbeit erldutert eine globale Clusteranalyse nicht-direktionaler Flugméarkte (Paare
von Flughéfen) basierend auf Angebotsmerkmalen aus dem Flugplan 2024, ergénzt
durch demografische, touristische und klimatische Daten. Es wurden verschiedene
Clustering-Algorithmen (partitions-, dichte- und verteilungsbasiert) unter unterschiedlichen
Parametern angewandt. Die Ergebnisse wurden mit internen Validierungsmetriken
(Silhouette-Koeffizient, Davies-Bouldin Index) und zweidimensionalen Projektionen (UMAP)
qualitativ verglichen. Gaussian Mixture Models erzielten insgesamt die hchsten Ergebnisse
gemessen an den Metriken. Die Interpretation der Ergebnisse zeigte homogene Cluster
sowie unausgeglichene Cluster mit Nischensegmenten. Strategische Anwendungsmdoglichkeiten
liegen in der Identifikation von Méarkten mit Wachstumspotenzial und der Optimierung
von Streckenstrategien. Insgesamt bestétigt die These die Machbarkeit und den Nutzen
einer globalen Marktsegmentierung via Clustering, macht jedoch die Bedeutung einer

sorgfaltigen Auswahl von Merkmalen, Algorithmen und Interpretationsmethoden deutlich.
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1. Introduction

In 2024, airlines operated more than 36 million direct flights around the world (based
on the data in the flight schedule). The busiest route in the world in 2024, Jeju (CJU)
to Seoul (GMP) in South Korea, had a capacity of 14.2 million seats alone, which is
equivalent to roughly 39,000 daily seats (Busiest Flight Routes in the World 2024|2025).

The aviation industry is a complex and highly competitive field. Aviation has been
shaped by the liberalization of markets, the emergence of low-cost carriers, and digital
booking platforms. Identifying new growth opportunities and optimizing route networks
are essential parts of airline planning processes. Strategic stakeholders often lack detailed
methods to identify similar market structures within the global aviation network. This
thesis addresses the gap by segmenting non-directional aviation markets at a global scale
using unsupervised machine learning techniques. The overarching goal is to develop
market groupings that can support network planning, resource allocation, and market

opportunity identification for airlines, airports, and policy makers.

With over 30,000 global non-directional airport-pairs and a yearly flown capacity exceeding
tens of millions of seats, manually segmenting markets for strategic insight is infeasible.
Unsupervised clustering offers a data-driven approach to reveal latent market structures
without the need for existing labels. Potential applications include the identification of
under-served routes for network expansion, benchmarking performance between segments,
and informing resource allocation decisions at airports. While prior studies have clustered
airports or passenger behaviors, few have focused on airport-pair markets, and none have
combined flight schedule data with demographic, tourism, and climate features at a global
scale. By combining schedule-based measures (capacity, seasonality) with indicators of
touristic interest (population, hotel density) and climate seasonality, both business-driven

and leisure-driven market characteristics are included.



1. Introduction

The thesis is structured as follows: First, chapter [2]introduces key terminologies relevant to
this thesis. Chapters [3|and 4] give an overview of the theoretical foundations (CRISP-DM,
clustering paradigms) and the literature on aviation clustering and market segmentation.
The methodology chapter defines the research questions and the methodological
framework of this thesis. Data collection, exploration, and feature engineering are
described in chapter [6] Next, chapter [7] outlines modeling experiments and parameter
settings, while chapter [§] presents results and interpretation approaches of the clusters.
The final chapter @ concludes with addressing the research questions, discussion of the

limitations, and future work.



2. Key Terminologies

Unsupervised Machine Learning
Machine learning techniques or algorithms that discover hidden patterns without human
intervention or labeled data (ground truth) (R. Xu and Wunsch [2005)).

Clustering
An unsupervised machine learning technique that groups similar objects or data points

based on a measure of similarity (Jain, Murty and Flynn |{1999).

Two Letter Codes for Airlines

Airlines are often represented in two letter codes such as "OS" for Austrian Airlines.

Three Letter Codes for Airports
Airports can be represented by three letter codes such as "VIE" for Vienna Airport,
"JFK" for John F. Kennedy International Airport, or "FRA" for Frankfurt Airport.

Flight, Segment, Leg, Connection, Route and Itinerary

A flight refers to the connection between two airports via an aircraft as transportation
mode. A segment and a leg can be used as synonyms for a flight, however, these terms
refer to a part of a connection (there is more than one flight in the journey of the traveler),
whereas a flight usually references a direct flight. When referencing a segment in this
thesis, it refers to a market segment (non-directional airport pair). Route and itinerary
are also used interchangeably in the scope of this thesis. They refer to the entire path

that is flown from origin to destination airport.

Aviation Market, Direct Market, OD market
An aviation market can be defined as an airport pair (e.g., VIE-FRA) but can also refer

to a regional or country pair (e.g., Europe-Asia). In the scope of this analysis, a market is
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defined as an airport pair (if not stated otherwise). Furthermore, based on the available
data (schedule of direct flights), only direct markets are included. Airport market, direct
market and aviation market are treated as synonyms within this thesis. An important
note is that these markets can be either directional or non-directional. Directional means
that VIE-FRA is not the same market as FRA-VIE, whereas non-directional means that
these two markets are consolidated into one market (e.g., FRA-VIE, often alphabetically
ordered). An OD market refers to an origin-destination market. Again, these can be pairs
of airports or regions. For OD markets, connections are usually also included (not only

direct flights). The focus of this thesis lies on non-directional direct markets.

Local and Transfer Passengers

Local (or direct) passengers fly directly from their origin to their destination. They
can also be referred to as single-leg passengers. Transfer or segment passengers need to
transfer at one or multiple intermediate airports on their route (traveling via multiple

legs) (Maertens, Grimme and Bingemer 2020)).

Catchment Area

From a human geography perspective, a catchment area is the area that a city or service
can attract visitors or customers (Lieshout 2012, Baltazar and Silva 2018). Other terms
for catchment area are "Hinterland" or "Umland" and can be used interchangeably in
most cases. From an aviation perspective, a catchment area refers to the geographical
reach of the services of an airport to the surrounding area, population and economy. In
other words, it can also be defined as the area most outbound travelers originate from and
most inbound passengers travel to. There are different approaches to define catchment
areas. One approach is the spatial definition within a fixed radius of for example 50km
(Baltazar and Silva 2018)). Another method is based on the assumption of a maximum
travel time (e.g., 2 hours) to the airport. It is relevant to mention that these simplified
approaches have certain disadvantages such as the assumption that the catchment areas
and offered transport services are similar for all destinations from the airport, which is
unrealistic (Lieshout 2012).

Embeddings
An embedding is a numerical representation of an object, text, image, or other data.
In the context of this thesis, embeddings are a lower-dimensional representation of the

higher-dimensional input features (tabular data).



3. Theoretical Background

The theoretical foundation for clustering aviation markets includes the principles of market
segmentation, the data mining process based on the Cross Industry Standard Process for
Data Mining (CRISP-DM, Chapman et al. [2000), and clustering techniques to identify
groups of similar data points (markets) for strategic decision-making in the aviation

industry.

3.1. Market Segmentation

Market segmentation is the process of creating smaller markets with similar characteristics
based on a broad and heterogeneous market (Smith [1956; Leisch, Dolnicar and Griin
2018). In other words, market segmentation is a method of defining meaningful subgroups
of individuals or objects by reducing the number of objects dealt with into a manageable
number of slices (Teichert, Shehu and Wartburg 2008). These identified segments can be
the basis for more informed strategic decisions and can help organizations design more

targeted service offerings (Kotler and Keller 2016)).

There are criteria that help evaluate the quality of the market segmentation approach

and results:

e Measurable: The size and characteristics of the segments can be quantified and

measured.
e Substantial: The subgroup is large enough to receive a targeted service.

e Accessible: The segments can be effectively targeted and served.
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e Differentiable: The subgroups are conceptually different.

e Actionable: Well-designed programs can be created to attract and serve these
specific segments (Kotler and Keller 2016).

One well-known framework in market segmentation is the STP model (Segmentation,
Targeting, Positioning). The main purpose of this framework is to link the outcome of
segmentation with strategic decision making (Kotler and Keller 2016} Leisch, Dolnicar
and Griin 2018). The first step is segmentation, the process of identifying distinct groups
(which is also the main focus of this thesis). The next step is targeting: The evaluation of
the identified segments in terms of aspects such as their size or growth potential and the
selection of target segments. In the positioning phase, an organization should implement
strategies to ensure their services are distinctly perceived compared to competitors, while
also aligning with the needs and characteristics of the target segment (Leisch, Dolnicar
and Griin 2018).

In market segmentation theory, four classic segmentation methodologies are used to
identify groups with similar characteristics, needs, or behaviors (Kotler and Keller [2016]).
The demographic segmentation perspective attempts to categorize individuals by age,
gender, income, education, and other similar factors. Regional or spatial information such
as region, country, city, or neighborhood is part of the concept of geographic segmentation
(Leisch, Dolnicar and Griin [2018)). In behavioral segmentation, individuals are grouped by,
for example, purchase behavior, usage frequency, or brand loyalty. For example, airlines
might distinguish between business travelers (frequent, often last-minute bookings) and
leisure travelers (less frequent, advance purchases). The psychographic segmentation
approach aims to classify by lifestyle, values, or personality traits (Kotler and Keller
2016)). Although these approaches mainly focus on segmenting people (customers) into
subgroups, some of them are applicable to other concepts of markets as well. For example,
geographical segmentation can be applied to aviation markets (airport pairs) within
different regions, such as domestic markets within the US (Cosmas et al. 2013). While
the mentioned market segmentation approaches (demographic, geographic, behavioral,
and psychographic) are often based on qualitatively defined rules (for example, age group
between 18 and 24), there are different data-driven approaches for market segmentation as
well, such as latent class analysis. Latent class analysis deals with discrete latent variables
(categories) to identify subgroups in a dataset. It is often used to group people based

on patterns of scores in survey questions (Weller, Bowen and Faubert 2020). Another
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quantifiable market segmentation method is an unsupervised machine learning method:
clustering. Cluster analysis is the task of grouping similar data points in the same group
(called a cluster). More specifically, the input data are used to compute the similarity
(through a distance metric) between data points (or in the case of this thesis, aviation

markets) (R. Xu and Wunsch 2005; Dolnicar 2002).

Aviation Markets

The air transport field is determined by high fixed costs (aircraft acquisition, infrastructure)
and relatively low marginal costs per additional passenger. These circumstances lead
to natural monopolies on key routes and the development of hub-and-spoke networks.
Hub-and-spoke is a system in which hubs (large, major airports) serve as central points
for coordinating flights to and from spokes (smaller airports) (Doganis 2006)). The
deregulation and liberalization of airlines since the 1970s and the development of different
revenue management techniques have shaped competition, capacity and fare structures
in the current aviation industry (OECD 2010; Doganis [2006). Aviation has experienced
multiple large changes in recent years, for example, the emergence of low-cost carriers or
the COVID-19 pandemic. These have drastically shaped the aviation field (Zheng et al.
2025; Acar and Karabulak 2015). In such a dynamic industry, it is essential to understand
the underlying market patterns and trends that are relevant for strategic decision making
(Bhadra and Kee [2008; Zheng et al. [2025)).

Aviation markets can be defined and segmented in multiple ways, from customer characteristics
(Teichert, Shehu and Wartburg [2008)) to airport catchment areas (Graham and Guyer
2000). A catchment area can be defined as the area most outbound travelers originate
from and most inbound passengers travel to (Baltazar and Silva |2018). Typical market
definitions in aviation are passengers (Harrison, Popovic and Kraal |2015)), or airport pairs
(Cosmas et al. 2013).

Passenger segmentation in aviation attempts to capture the demand side of air travel from
a customer-centric perspective. It usually involves factors such as demographics, travel
purpose, or price sensitivity (Teichert, Shehu and Wartburg [2008). Traditionally, airline
customers were segmented based on two criteria: purpose of trip (business vs. leisure) and
frequency of travel (frequent vs. non-frequent flyer). Other considered aspects are journey
length (short haul vs. long haul), country or culture of origin, local vs. transfer passengers
and time sensitivity (Harrison, Popovic and Kraal |2015). Fare product features such as

refundable versus non-refundable tickets offer a customer-centric segmentation based on
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flexibility and purchase behavior (Proussaloglou and Koppelman [1999). Markets can also
be segmented by service model, distinguishing full-service carriers, and low-cost airlines
(Efthymiou and Christidis [2023). Geographic region further separates intra-continental
from inter-continental markets, capturing differences in regulation, demand drivers and

network structures.

The segmentation of airport markets aims to identify similar markets with comparable
route performance or demand and supply patterns (Cosmas et al. 2013} F. Yang and
X. Yang [2017). Furthermore, airport market segmentation allows insight into the airport
network for high-level strategic decisions, such as identifying market opportunities (Cosmas
et al. 2013)).

3.2. The Data Mining Process for Cluster Analysis

CRISP-DM is an iterative process that contains six relevant steps: project understanding,
data understanding, data preparation, modeling, evaluation, and deployment (Chapman
et al. 2000)). In the following section, these steps will be described with a focus on cluster

analysis.

3.2.1. Project Understanding

The first phase of the CRISP-DM cycle is project understanding, also referenced as
business understanding. The main idea is to understand the problem to be solved.
Although this seems obvious, most data mining problems are usually not clear and
straightforward (Provost and Fawcett 2013). The relevant parts of this phase include the
definition of the objectives (from a business and technical perspective) and criteria for a
successful project. An important aspect to mention is that poor descriptions of the project
goals and success criteria can lead to large differences between the desired and actual
results (Berthold et al. |2020; Provost and Fawcett [2013). Furthermore, it is essential to
define and assess the necessary and available resources, especially the accessibility of data
resources and the technical feasibility of the project with the available resources (Provost

and Fawcett 2013)). There are many relevant aspects that should be considered when
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defining the project objectives from a technical perspective. Interpretability: Is it required
to understand the delivered model and the detailed path to the solution? Interpreting
and understanding decisions made by black-box models can be difficult (Doshi-Velez and
Kim 2017). Reproducibility: If the analysis has multiple iterations, is it expected to not
only obtain similar performance across the different runs but also similar models that
can be directly compared? (Berthold et al. 2020|) Furthermore, reproducibility is a vital
scientific component since it involves the capability to run the identical code within the
same environment and achieve consistent outcomes. If, for example, the results presented
in research papers are not reproducible, it may undermine their scientific value (Kapoor
and Narayanan 2022). Model flexibility: Should the model be able to adapt to more
complicated situations? (risk of overfitting, Tan et al. 2019) Runtime: Computationally
expensive methods might not be suitable for scenarios where building or applying a model
has low runtime requirements (Berthold et al. 2020]). Interestingness: Domain experts
are often very knowledgeable about their field and it can be difficult to present them
with new findings that are valuable and insightful for them (Berthold et al. 2020). An
example scenario: the clustering analysis results in two clusters, where one cluster can be
interpreted as business markets and the other cluster as leisure markets. The knowledge
of which market is a business or a leisure market is presumably less valuable to an aviation

expert than a more granular distinction between the markets.

For cluster analysis in the project understanding step, it is important to map the high-level
objectives into specific clustering tasks (such as finding similar market groups), as well
as specifying the evaluation and validation measures planned to be used (using internal
validation indicators such as the Davies-Bouldin Index vs. comparing to ground truth
labels). Interpreting and assessing the quality of clustering results can be very challenging
as these aspects often highly depend on excessive domain knowledge and might not be
straightforward (R. Xu and Wunsch 2005).

3.2.2. Data Understanding

The data understanding step contains the acquisition and exploration of the input data,
as well as the evaluation of the data quality (Berthold et al. 2020). The most important
aspect is to match the structure of the business problem with the available data. In many

cases, a business problem consists of several different data mining tasks with different data
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sources. The solutions of all subtasks are combined to answer the business question(s).
One substantial issue in many data mining projects is that the available datasets are
often collected for other purposes than the business objective or for no explicit purpose
at all. Moreover, the availability of data are often related to different costs. While some
datasets are publicly accessible (open source), other data sources require either a high
effort for data acquisition or a high price to pay (Provost and Fawcett 2013). Other
relevant questions in this phase evolve around the information contained in the data,
incomplete data, and inconsistencies, as well as anomalies (outliers). Furthermore, a
descriptive and visual analysis of the data distribution, statistical properties, and basic
relationships between the attributes are part of the the data understanding phase. One
potential outcome of this step is that the data does not suffice to solve the problem and

it is necessary to review and adjust the project goals (Berthold et al. 2020)).

In a clustering data mining project, outliers and anomalies identified during data
understanding could influence distance calculations for the similarity measure. In addition,
the distributions of the data can have an impact on feature transformations (for example,
a skewed distribution could be log-transformed), and the choice of clustering algorithms
to be applied (D. Xu and Tian 2015).

3.2.3. Data Preparation

After understanding the objectives of the project and the underlying data structures of
the problem, the data preparation phase applies the findings from the previous steps
to select and transform the raw data into features for the modeling phase (Provost and
Fawcett 2013)). Based on the identified data aspects from the data understanding phase,
a subset of features is selected, missing values (and potentially also outliers) are removed
or replaced by estimate values (such as imputing the mean) or actual (true) values from
other sources, and new features are derived. The data analysis might reveal that there are
redundant or irrelevant features that can be removed (for example, based on a correlation
analysis). Typically, a significant portion of the project is dedicated to understanding
and preparing the data (Berthold et al. 2020)). In addition to feature selection and
data cleaning, there are other relevant tasks involved in the data preparation process.
Data must be formatted into the correct data types (for example, one hot encoding for

categorical values) (Provost and Fawcett 2013)). Scaling ensures that the influence on the

10



3.2. The Data Mining Process for Cluster Analysis

results of each feature is approximately the same by transforming the values to a common
range. There are various scaling approaches, with min-max normalization and z-score
standardization being the most popular ones (Berthold et al. 2020)). Many data mining
techniques such as Euclidean-based methods require scaled features because otherwise
some attributes might dominate the distance calculations and lead to biased or skewed
results. This is especially relevant for many clustering algorithms such as K-means. It is
worth noting that selecting the scaling technique can significantly influence the results
achieved (D. Xu and Tian [2015). Feature transformation methods such as logarithmic,
power or reciprocal (inverse) transformations can help achieve a Gaussian-like distribution
(normal distribution) for variables that have, for example, a skewed distribution (Tan
et al. 2019)). This is important due to the fact that numerous models operate under the

assumption of a Gaussian distribution (Berthold et al. 2020).

Another key aspect is dimensionality reduction: many models run faster and are more
accurate with fewer dimensions. A main issue with datasets with a large number of
features is the curse of dimensionality: When adding more dimensions (features) to the
dataset, the volume of the space increases exponentially and the data become sparse
(Berthold et al. 2020|). A simple explanation of this phenomenon is to imagine adding
points first to a line (one-dimensional), then to a square (two-dimensional), and finally to
a cube (three-dimensional). It becomes increasingly difficult to cover the area or space
with points due to the large number of points required. The number of data points in a
dataset generally does not increase when adding new attributes, which means that the
data typically become more sparse with each new feature (Awan 2023). Other problems
related to the curse of dimensionality are the increased computational time, the risk of
overfitting (because the calculations become more complex, the model might fit to noise
rather than underlying patterns) and the difference in distances between data points
become less meaningful with increasing dimensions (Venkat 2018; Tan et al. 2019). Here

is a concise overview of different dimensionality reduction methods:

e Principal Component Analysis (PCA): This technique creates a smaller number of
features (principal components) based on linear combinations of the initial features
by using a covariance matrix and the eigenvectors of the data. Thus, it preserves
the variance of the original data (Pearson 1901; Hotelling 1933).

e Multi-Dimensional Scaling (MDS): MDS tries to preserve as much of the original

pair-wise distances as possible by positioning the data points in the low-dimensional
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space (Torgerson 1952; Kruskal |1964).

e t-Distributed Stochastic Neighbor Embedding (t-SNE): This non-linear dimensionality
reduction method uses probabilities to convert high-dimensional distances into
probabilities. The "t" stands for the t-distribution that is used in this technique. The
similarity of the data points is measured based on the Kullback-Leibler divergence.
The primary application of t-SNE is data visualization (Maaten and G. Hinton
2008). In contrast to PCA (which tries to maintain large pairwise distances to
maximize variance), t-SNE tries to preserve small pairwise distances (therefore
focusing on the pairwise similarities and relationships of the data points) (Nanga
et al. [2021)).

e Uniform Manifold Approximation and Projection (UMAP): UMAP encodes the
high-dimensional data in a low-dimensional embedding by minimizing cross-entropy
between fuzzy topological graph structures (McInnes, Healy and Melville [2018)).
UMAP is a more recent approach for non-linear dimensionality reduction and it has
major advantages over t-SNE. UMAP is less computationally expensive, has higher
memory efficiency, and it is better at maintaining both local and global structures
in the data (Nanga et al. 2021).

e Autoencoders: Autoencoders are neural networks trained to reconstruct their input
data, with common use cases in anomaly detection, denoising, and data compression.
By forcing all information through a smaller “bottleneck” layer, they learn a nonlinear
data representation. This latent layer then serves as a low-dimensional embedding
that captures the most important features of the original data (G. E. Hinton and
Salakhutdinov 2006; Svirsky and Lindenbaum 2024). The usage of autoencoder
networks or similar deep learning techniques for cluster analysis is referred to as
"deep clustering" (Wei et al. 2024).

Before proceeding to the modeling phase in a clustering project, it is recommended to
test whether the data tend to form natural clusters. This can be achieved through the
Hopkins statistic. Artificial random data points are introduced alongside the original
data points in the data space, and then the Hopkins statistic value is calculated. A value
below 0.5 suggests that the data are randomly distributed, which means the data are not
suitable for cluster analysis. On the other hand, a value greater than 0.5 means that the
data tend to form clusters (Banerjee and Dave 2004; Tan et al. [2019)).
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3.2.4. Modeling

Initially, the project understanding involves an exploration of potential machine learning
techniques and models suitable for the project. In the modeling phase, a detailed
comparison of various methodologies within a specific category suitable for the problem
takes place (such as evaluating different clustering algorithms in terms of their strengths
and weaknesses) (Provost and Fawcett [2013). It is critical to choose a technique that suits
the data well in terms of the properties of the data. For example, scalability is important
for large datasets. Another relevant aspect is that some methods can deal effectively
with outliers while others are highly influenced by them (Berthold et al. |[2020]). Most of
the time, algorithms are not implemented from scratch. Instead, optimized algorithms
and tools are used, such as those available in the scikit-learn package (scikit-learn 1.7.0
documentation|2025). The result of this step is a model that captures patterns in the
data (Provost and Fawcett 2013).

Formally, clustering groups data points based on a measure of similarity such that
instances in the same cluster should be as similar as possible, while instances in different
clusters should be as dissimilar as possible (D. Xu and Tian 2015)). The most commonly
used distance measure for clustering is the Euclidean distance. The generalization of
the Euclidean distance is the Minkowski distance metric (with a parameter that can be
adjusted, for Euclidean it is 2). Other distance measures are the Manhattan distance
(which is known to be more robust than Euclidean, also a variant of the Minkowski
distance with the parameter 1) and the Chebyshev distance (which is the maximum of all
distances between two data points) (Tan et al. 2019; Provost and Fawcett 2013)).

Main Types of Clustering Algorithms

One of the most well-known clustering techniques is K-means (and its other variants
such as K-means++). Other prominent clustering methods are DBSCAN, hierarchical
clustering (agglomerative and divisive) or distribution-based clustering techniques such as
the Gaussian Mixture Model (GMM) (D. Xu and Tian 2015; H. Yang, Jiao and Pan 2021)).

In the following section, the main types of clustering algorithms are briefly described.
Partition-Based Clustering

The most widely used clustering algorithm K-means (and its improved version K-means

+-) are partition-based clustering methods (D. Xu and Tian 2015). The main idea of
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K-means is to have a pre-defined number of center points, also called centroids, that define
which data points belong to a certain cluster by the distance to the centroids of all clusters.
A data point belongs to the cluster with the smallest distance to its centroid. These
centroids can be artificial points (for K-means, they become the mean of all assigned data
points) or actual data points (as in the K-Medoids clustering algorithm) (Jain, Murty
and Flynn (1999). The disadvantages of clustering methods based on partition is that
they require in most cases a pre-defined number of clusters, they often get stuck in local
optima and they are not suitable for non-convex data (D. Xu and Tian 2015). The correct
number of clusters k can be determined using the elbow method (Thorndike |1953; Tan
et al. [2019) or the gap statistic (Tibshirani, Walther and Hastie 2001). The elbow method
approximates the number of clusters by running the clustering algorithm multiple times
with an increasing number for k£ while computing a validation measure such as within
cluster sum of squares (WCSS) for each iteration. The results are visualized in a plot,
where the x-axis represents the number of clusters, while the y-axis corresponds to the
validation measure. A good choice for k is suggested by the "elbow" point in the graph
(Tan et al. 2019)). The gap statistic tries to determine the right number of clusters by
statistically evaluating how well-separated clusters are in contrast to random distributions
(null reference distribution of the data) (Tibshirani, Walther and Hastie [2001). In contrast
to the elbow method, the gap statistic provides a more objective perspective due to the

comparison against random distributions (Jacob, Daniel and Aneke [2024)).

Density-Based Clustering

Density-based algorithms identify clusters based on high-density areas within the data.
With this approach, they can work with arbitrary shapes of clusters and are more flexible
(D. Xu and Tian 2015)). These clustering algorithms are more robust against outliers
as data points can also be left as noise (not part of any cluster). However, if there are
many areas of varying densities and high dimensions in the data, density-based clustering
methods might struggle (Berthold et al. 2020). The most popular density-based algorithm
is DBSCAN (Density-Based Spatial Clustering). It has two important parameters: the
minimum number of neighbors (data points) and a specified radius (epsilon). If a selected
data point has enough neighbors in the specified region (based on the radius), it gets
assigned to the current cluster. DBSCAN does the same check for all neighbors of the
selected data point until there are no more points within the radius. Then it starts a
new cluster and repeats the mentioned steps until there is no data point with enough
neighbors left. The remaining data points are marked as outliers (noise) (Jain, Murty
and Flynn [1999; Tan et al. 2019)).
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Hierarchical Clustering

Hierarchical clustering techniques group objects step-by-step into a cluster hierarchy
which can be visualized using a tree-like diagram called a dendrogram (D. Xu and Tian
2015). In the agglomerative hierarchical clustering approach, each data point has its own
cluster in the beginning, and the two data points that are closest to each other (based on
a distance metric) will be merged into a cluster. This process is repeated until all data
points are in one big cluster. Another main type of hierarchical clustering is divisive or
top-down which is the opposite of agglomerative hierarchical clustering: The algorithm
starts with assigning all data points to a single cluster and splits the clusters step-by-step
until each cluster only contains one data point. Divisive hierarchical clustering is less
common and computationally more expensive than agglomerative hierarchical clustering
(Berthold et al. 2020; R. Xu and Wunsch 2005)). There are two important aspects of
hierarchical clustering: the computation of a distance matrix (distance between each pair
of clusters) and the linkage type (such as single linkage which is the shortest distance
between any two data points in the clusters or the average linkage which is the average

distance between all pairs of data points in the clusters) (D. Xu and Tian 2015).

Distribution-Based Clustering

The assumption that the data are made up of probabilistic distributions, such as Gaussian
distributions, is the basis of distribution-based clustering techniques. Data points that
are closer to the center of a certain cluster have a higher probability or confidence of
belonging to that cluster whereas data points that are further away from the center have
a lower confidence of belonging to that cluster (Jain, Murty and Flynn [1999; D. Xu
and Tian 2015). One popular distribution-based clustering method is Gaussian Mixture
Model (GMM), which uses a two-step expectation-maximization approach. Unlike hard
clustering methods such as K-means, GMM performs soft clustering (one data point can
belong to multiple clusters with certain probabilities). It is relevant to mention that
distribution-based clustering is not recommended if the data do not have a particular
underlying distribution (Tan et al. 2019).

3.2.5. Evaluation

To ensure the effectiveness and reliability of the results, it is essential to verify their

validity. It is also crucial to determine whether the model meets the original project goals.
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Additionally, it is relevant to consider the model’s applicability in real-world situations,
as it may contain simplifications or assumptions that might not (always) hold outside
controlled environments. For example, achieving over 99% accuracy in fraud detection
lab-tests could still result in excessive false alarms in a business setting (Provost and
Fawcett 2013). There are different types of evaluation approaches: quantitative and
qualitative, as well as internal and external validations (Berthold et al. [2020; Tan et al.
2019). In the case of clustering, a qualitative assessment could be the visual inspection
of the clusters in a two- or three-dimensional plot. An example of a quantitative and
internal validation approach is the use of scores to gain insight about the quality of
the clustering, such as the calculation of the Silhouette Coefficient (D. Xu and Tian
2015). External validation can be the evaluation by a domain expert or the comparison
with the labels of the ground truth classes, if available (Tan et al. 2019). Furthermore,
in many cases it is important that stakeholders understand the model or at least its
high-level behavior, ensuring clarity about its functionality. If improvements to the model
are needed, revisiting the data preparation phase to derive new features or try different

feature transformations is a reasonable approach (Provost and Fawcett [2013).

The choice of validation metrics for evaluation depends on the objective of the project
and available data. Different validation metrics assess different aspects of the quality of
the cluster analysis. There is a distinction between internal validation metrics (no ground
truth knowledge) and external validation metrics (available ground truth knowledge)
(Tan et al. [2019; D. Xu and Tian 2015)). Examples for internal validation indicators
are the Silhouette Coefficient, Davies-Bouldin Index, Calinski-Harabasz Index and the
Dunn Index. The Silhouette Coeflicient measures how similar a data point is to its own
cluster compared to other clusters, with a range of -1 to 1. A score of 1 indicates that
the object is very close to its assigned cluster and far away from neighboring clusters. A
score close to 0 signals that the sample lies between two neighboring clusters (close to the
decision boundary), while -1 indicates an assignment to the wrong cluster (Rousseeuw
1987; Berthold et al. 2020)). Another clustering validation metric is the Davies-Bouldin
Index: The average similarity ratio for each cluster relative to its most similar cluster
is determined by considering both the inter-cluster and intra-cluster differences. Lower
scores for the Davies-Bouldin Index are desirable, as they indicate better separation and
compactness (Davies and Bouldin 1979; D. Xu and Tian 2015). The Calinski-Harabasz
Index compares the intra-cluster variance (degree of dispersion) with the inter-cluster
variance. For this score, larger values reflect better clustering results (Wang and Y.

Xu 2019). The Dunn Index evaluates the clustering quality by dividing the minimum
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inter-cluster distance by the maximum intra-cluster distance, higher values indicate better
clustering (Berthold et al. |[2020). External validation indicators are the Rand Index (RI),
the Adjusted Rand Index (ARI, extension of the Rand Index), or the Fowlkes-Mallows
Index. These indexes are based on ground-truth data (D. Xu and Tian 2015)). This thesis

focuses on clustering without ground-truth knowledge.

Interpreting clusters means translating the cluster labels into groups and explanations
that make sense for decision makers. One method is post hoc explanation, where, for
example, a simple classifier (e.g., a decision tree or a random forest) is trained on the
cluster labels after the clustering. The feature importance values reveal which features
have a strong influence on the segmentation of the data points (H. Yang, Jiao and Pan
2021; Hu et al. 2024)). Another approach is to inspect representative data points, such
as centroids or medoids, to read the typical values for each cluster and relate them to
known groups in the domain (Park and Jun 2009). Analyzing the balance and stability of

cluster sizes can also reveal relevant insights (D. Xu and Tian 2015)).

3.2.6. Deployment

Once technical benchmarks or results can no longer be improved, the deployment phase
begins. However, if the outcomes are not sufficient to solve the problem, the project may
be concluded without deploying the system in a practical setting (Provost and Fawcett
2013; Berthold et al. 2020)). The process often goes back to the problem understanding
phase, potentially to refine the problem definition, modify or expand data sources, or
to start a new iteration for a better solution. Typically, the initial version serves as a
working prototype. During the deployment phase, this prototype is integrated into an
existing system and enhanced for performance (Provost and Fawcett 2013). For models
put into regular application, it is important to periodically review the assumptions they
rely on and verify whether they remain valid or if the underlying data or business problem
has changed (Berthold et al. 2020). Therefore, it is also relevant to monitor model
results over time using validation metrics (for example, cluster stability indices or other
validation metrics) (Gama et al. 2014]). Version control, reproducible machine learning
pipelines, documentation, and stakeholder training are other aspects that are relevant in

the deployment phase of a data mining project (Provost and Fawcett 2013]).
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Several studies have explored clustering techniques and network analysis in the aviation
industry (Giivercin, Ferhatosmanoglu and Gedik 2021; Prabhakar and Anbarasi 2021}
F. Yang and X. Yang [2017). Some papers concentrate on clustering airports (Gao
2021} Postorino and Versaci [2014) or segmenting passengers rather than airport markets
(Ustebey, Yelmen and Zontul 2020; Robles and Sarathy [1986; Maliha and Hougen 2024).

Although clustering and segmentation studies help to understand high-level groupings of
markets and passengers, they often treat airports as origins and destinations in the journey
of travelers. The distinction between "Airport-to-Airport" and "Door-to-Door" modeling
was introduced by J. Mandel and B. Mandel 2021 “Airport-to-Airport” is a simplification
and describes the passenger flow from and to airports whereas “Door-to-Door” aims to
integrate more information about the mobility needs of passengers (e.g. where passengers
actually come from and where they want to go, not just the airports themselves). Their
research suggests that traditional models with a focus on direct airport connectivity
might miss passenger demand patterns and that the integration of additional information
other than airline and airport-related data leads to better results in identifying market

opportunities.

4.1. Clustering Airport Markets

There are two papers that are relatively similar to this thesis in their approach to cluster
airport markets. One paper focuses on global aviation market clustering based on network
performance indicators (F. Yang and X. Yang 2017) and the other paper combines
clustering with financial portfolio theory to support strategic planning by evaluating

airport markets as financial investments (Cosmas et al. 2013)).
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F. Yang and X. Yang [2017 apply hierarchical clustering to create global aviation market
clusters based on airline route network performance. The objective of their study is to
evaluate the competition across different markets and also to run different fare strategies.
They define 11 network performance indicators (one example of such an indicator is
RPK which means revenue per passenger kilometer). The indicators are reduced to
four main components through Principal Component Analysis: market comprehensive
factor (including most of the variance), market network traffic flow coverage factor
(combining passenger flow, capacity and other factors), market potential factor (including
average connect time) and market network passenger load factor (including available seat
kilometers, ASK). The authors then combine the principal components into one composite
score that serves as the basis for the clustering. Markets are grouped at different levels:
intercontinental (for example, North America to Europe), national (country level), and on
airline level. One interesting finding is that most of the national markets are in the same
cluster as their return markets except for the national pair "Italy" and "China" ("CNIT"
and "ITCN" are not in the same cluster). The objective of this paper is clustering markets
based on performance indicators rather than market segmentation, however, the approach

could be extended to include other aspects relevant for market segmentation as well.

In the paper of Cosmas et al.[2013 clustering techniques and financial portfolio management
are combined and applied to the U.S. airline industry. They define a market as an
origin-destination airport pair, also referred to as a city-pair route. Their focus is to
segment these OD markets into statistically similar peer groups using cluster analysis for
strategic network planning purposes. For example, to identify which markets have high
growth and low volatility. The three key features used are passenger volume, average
annual yield (revenue per passenger mile), and market concentration, measured using the
Herfindahl-Hirschman Index (HHI). For the clustering step, a two-step algorithm is used.
First, pre-clusters are generated through minimizing the average log-likelihood distance
between clusters. In the second step, a hierarchical clustering algorithm is applied to
the pre-clusters. One major aspect is the use of financial portfolio theory to include
risk factors in strategic decisions. As an example, the authors use the Sharpe Ratio to
compare the expected returns of the OD markets considering the risk associated with
such investments. Seven distinct market clusters are identified based on 10,000 analyzed
US domestic OD markets between 2000 and 2010. In their analysis, one finding is that
low-yield markets have, on average, performed better than the industry in passenger
and revenue growth, whereas high-yield markets have underperformed on average. It is

highlighted that current forecasting and market share models are often too generalized
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and insensitive to distinct characteristics of different markets. By applying OD market
clustering, it becomes possible to balance the need for generalizable models and more
realistic market representations. This paper focuses on strategic network planning and
financial aspects, but does not take into account demographic factors related to the
broader context of the markets, such as characteristics of the surrounding regions or

countries.

Although the focus lies on origin-destination flows in urban transport rather than on
airport markets, the study by Fang et al. [2021] can also be applied to aviation flows. The
paper demonstrates how clusters of OD flows can be detected at multiple spatial scales
(different levels of aggregation, meaning different within neighborhood distances). The
authors use the OPTICS clustering algorithm in their analysis. Point of origin information
(where passengers initially come from) is a valuable aspect for analyzing aviation markets
as it can enable precise market-level analysis (Berry and Jia [2010; Cristea, Hummels and
Roberson [2017)).

4.2. Airport Clustering and Airport Network Analysis

The study from Gao 2021 explores airport clustering (of US hub airports) based on
passenger movements. Their results imply that the location of an airport is relevant
in determining its flight schedules (considering the arrivals of passengers at security
checkpoints). Postorino and Versaci 2014 focus on airport clustering as well, using a
fuzzy-based approach. One of the chosen criteria for the clustering are also passenger
movements. Their proposed method successfully identifies airport clusters with similar

functional roles (applied to the Italian airport network).

Prabhakar and Anbarasi[2021| analyze air transport networks using social network analysis
(SNA). In their paper, they highlight the importance of connectivity and centrality
characteristics in air transport. The objective is to create a better understanding of the
global aviation network and to identify airports and countries that play a major role
in the network. For example, Hartsfield-Jackson International airport in Atlanta has
been ranked as the busiest airport worldwide because of its high degree centrality, with
Paris Charles de Gaulle airport coming closely after Atlanta. The paper by Giivercin,

Ferhatosmanoglu and Gedik 2021] also uses network-based features such as betweenness
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centrality and flight connectivity for clustering airports in order to predict flight delays
more accurately. They combine clustering techniques with time-series forecasting and
were able to achieve a higher accuracy for delay prediction than traditional individual

airport-based models.

4.3. Passenger Segmentation

Teichert, Shehu and Wartburg 2008| claim that the traditional approach to differentiate
travelers between business and economy passengers is not suitable to reflect more complex
customer preferences. The authors propose an approach to use latent class modeling
combined with behavioral and socio-demographic variables to find more granular and
refined passenger segments. Data on stated preferences by more than 5,800 airline
passengers were used for the analysis. Based on the profiles derived, three potential areas
for service specialization for airlines are revealed: comfort, efficiency, and price-oriented
offers. In the study of Wu and Berger |2018, IBM Watson survey data (more than 127.000
passenger records) are used to cluster airline customers based on demographics, flight as
well as airport experience using K-means. The scope of the paper is consumer-centric and
provides insights into passenger behavior (business vs. non-business traveler clusters).
Zhou et al. 2020] also use survey data in their analysis. The authors aim to identify
existing and potential passenger segments across airport and non-airport samples from
there preference survey in Western Australia about transportation modal choices. A
mixture-model clustering approach (Expectation Maximization) is used for the segmentation

process.

Yelmen, Ustebey and Zontul 2020 apply a self-organizing map (SOM) to airline ticket
sales data. Self-organizing maps are used for dimensionality reduction by producing a
low-dimensional representation of the data. SOMs are a specific type of neural networks.
The authors cluster passengers by purchase and loyalty behavior as well as customer
return. The study illustrates how SOMs can help uncover nuanced passenger profiles (for

example, high return in contrast to low return passengers).
Han et al. 2022| introduce a variation of the K-means algorithm (Han-Kmeans), which

extends the traditional K-means by selecting initial centroids based on local density.

The goal of their analysis is to increase customer satisfaction and customer loyalty by
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improving passenger segmentation. When applied to Chinese airline passenger records
with a time period of two-months, Han-Kmeans achieved better results than the standard

K-means and yielded four actionable passenger segments for targeted marketing strategies.

Time-series information plays a vital role in the analysis of aviation data, as it reflects
important temporal patterns such as seasonality in tourism. The very recent study
by Zheng et al. 2025 builds time series features based on local share. Passengers can
fly directly from their origin to their destination (local passengers) or need to transfer
to intermediate airports (transfer passengers) (Maertens, Grimme and Bingemer |2020)).
Local share is defined as the proportion of local passengers relative to total passengers
(Zheng et al. 2025)). The analysis aims to reveal how local share has changed over time
through economic expansion, the rise of low-cost carriers, and other shifts in the industry
by analyzing local share patterns of thousands of origin and destination pairs in the US
air transport system. From a technical perspective, the authors apply K-means to extract
trend and seasonality features and use hierarchical clustering on the normalized raw time

series data.

Clustering methods and other market (or passenger) segmentation techniques have been
used for a variety of application areas in aviation, ranging from airline network performance
assessment (F. Yang and X. Yang 2017), clustering of airports (Gao 2021; Postorino and
Versaci 2014)), or segmentation of aviation customers (Teichert, Shehu and Wartburg 2008
Yelmen, Ustebey and Zontul 2020). This thesis builds on existing literature and aims to
expand the research by the application of clustering techniques to airport markets while
incorporating a comprehensive dataset that includes economic, demographic, and seasonal
factors. Moreover, the analysis has a global perspective, including various regions across
the world.
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In this thesis, cluster analysis is used to create groups of similar aviation markets
(airport pairs) with the potential application of market opportunity identification. The
implementation from a technical standpoint uses Python alongside various libraries for
data processing, machine learning, and visualization, such as numpy, pandas, scikit-learn,
matplotlib, and seaborn. The thesis follows the CRISP-DM process including the project
understanding, data understanding, data preparation, modeling, and evaluation phases

(Chapman et al. 2000). The last phase (deployment) is not part of this thesis.

5.1. Research Questions

This thesis aims to answer the following key questions:

e Primary objective: Which clustering technique(s) are effective for segmenting
aviation markets?
Evaluation of the clustering can be achieved with validation metrics such as
Silhouette Coeflicient.

e Secondary objective: Can markets with growth potential be identified

through clustering results?

The secondary objective, which involves a comprehensive validation and analysis of
potential growth markets, falls outside the scope of this work. This is due to the
necessity of actual demand data to compare against the supply-side features (capacity).
Unfortunately, demand data were not available for this thesis. Therefore, the focus shifted

entirely to creating meaningful clustering results based on internal validation metrics. In
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practice, airlines could combine their demand information with the dataset and clustering

results of this thesis to detect opportunities for new routes or increased flight frequencies.

Literature Review

A targeted literature review on papers related to clustering and market segmentation in
aviation was conducted. References were traced to identify studies that apply clustering
or other segmentation techniques for airports, passengers, and airport markets. This
process revealed two key studies that also focus on clustering airport pairs, several studies
that apply cluster analysis to airports, and different approaches to segment passengers in
aviation. This review established the state-of-the-art regarding clustering and passenger
segmentation in aviation, highlighted typical data sources and features, and informed

potential choices for data transformation methods and clustering algorithms.

Data Sources and Preparation

Multiple data sources (flight schedule, tourism-related information, climate data) are
integrated into a single dataset . These heterogeneous datasets are merged through
standardized airport identifiers (three letter airport codes) and geographic joins (for
example, population through two-letter country codes), producing a feature matrix in

which each row represents an airport-pair market.

The handling of missing values and outliers is approached with care, as the global analysis
requires the inclusion of as many airports as possible. Fortunately, the majority of data
sources were fairly complete for the airports listed in the flight schedule. Consequently,
only a minimal number of airports is excluded. Plausibility checks are performed for
extreme values and numerical ranges. Following an extensive data exploration phase, the

appropriate features are chosen and transformed.

Modeling

Various experiments are executed using different clustering algorithms to determine
effective methods for creating meaningful groups of airport markets. The evaluation of
the clustering outcomes includes a comparison of internal validation metrics along with
a visual inspection in reduced two-dimensional representations. In addition, different

interpretation approaches are described.
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Potential Outcomes and Value of the Results
While a detailed interpretation of cluster characteristics is left to domain experts, this is

an outline how different aviation stakeholders can benefit from the clustering results.

Airlines can group their existing and potential airport pairs by clusters and compare
performance metrics such as load factors between clusters. Market opportunities can
be identified through a comparison of the supply and demand patterns of the different

clusters and markets.

Airports can make operational decisions based on cluster assignments, such as resource
allocation for seasonal and tourist-heavy markets. Infrastructure investments can be
derived by benchmarking clusters or markets with similar characteristics, for example,
prioritizing runway expansion. These use cases could also be improved through demand

data or actual passenger movements.

Tourism boards and governments can target promotional campaigns by identifying
under-served regions with high clustering similarity to established tourist hubs. Focusing

on regional pairs instead of airport pairs presents an interesting direction for this use case.
By conducting a comprehensive analysis by domain experts, the existence of the identified

clusters can be potentially validated. Consequently, these clusters could be used as

probabilistic classes that enable supervised learning applications such as market classification.
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Preparation

According to the CRISP-DM framework (Chapman et al. 2000), the stages of data
preparation, modeling, and evaluation often involve a significant amount of iteration. This
iterative nature is also a key aspect of this thesis. Therefore, the first part of this chapter
describes the multiple data sources, followed by an initial feature list. Next, various data
exploration steps are described. Finally, the refined features obtained after extensive
iterative feature engineering and experimentation are outlined alongside different applied

data transformation techniques.

6.1. Data Sources

Various characteristics of airports and markets were selected to represent airport markets.

The data gathering process took into account aspects of data availability and quality.

Flight Schedule

This flight schedule contains flights for the entire year 2024 on a daily basis as well as
the operating airline, origin, destination, departure, and arrival times and the available
seats in the aircraft (provided by ASG). The total number of records (direct flights) in

the schedule is approximately 36 million.

Many relevant features can be derived from the flight schedule such as the capacity
(supply, or sum of seats) between two airports, or the number of flights in the morning
hours. Average fares in a market would be valuable for this analysis, however, the data

are unfortunately not available (on a global scale and in an appropriate level of detail).
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Airport Information

Airport-related characteristics are, for example, the number of airlines operating at the
airport, the number of runways (reflecting the size of the airport), or the elevation of
the airport. There are two data sources with airport information used in this thesis. An
airport list containing data about coordinates and geographical information (country,
region) is provided by ASG, the other list is obtained from "OurAirports" as well as
the runway information about airports. OurAirports is an initiative in which members
maintain global aviation data records, completely in the Public Domain (OurAirports
2025)). The airports list from ASG has roughly 12,000 entries, whereas the list retrieved
from OurAirports has around 80,000 airport entries (including military and helicopter
airports as well). The runway dataset from OurAirports has roughly 47,000 entries. These
lists are filtered by the actual airports present in the flight schedule (number of unique
airports in the flight schedule 2024: 3,991). This analysis focuses only on existing markets
based on the flight schedule, resulting in approximately 60,000 directional markets and
30,000 non-directional markets (this means that, for example, the airports VIE-FRA and
FRA-VIE are consolidated into one row FRA-VIE).

Business

Passengers and markets are often segmented in business and leisure (Leisch, Dolnicar
and Griin [2018). The business interest in the area around an airport can be represented
by the number of companies within a certain radius around the airport (Baltazar and
Silva [2018)). Although there are a few datasets available with company information such
as industry and company size, these datasets can not be properly matched with airport
data as geographical information is provided through region codes and countries (not

coordinates or addresses).

Tourism

To reflect tourist interest in the area around an airport, data such as the number of
hotels or hotel rooms within a certain radius and the proximity to points of interest (for
example, beaches or monuments) is explored. The OpenStreetMap API (Application
Programming Interface) provides information on both hotels and points of interest within
a certain area (OpenStreetMap |2025). Based on different query settings and sample runs,
only the number of hotels are included in the analysis. The inclusion of the number of
hotel rooms would be suitable for the analysis (more granular), however, this information
is not available for many hotels (for example, only 10% of the hotels around the Vienna

Airport within a 10 km radius have room information in the OpenStreetMap data, for
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John F. Kennedy International Airport it is approximately 4%). The imputation would
skew the actual hotel room counts too much. Obtaining points of interest data for all
global regions would be out of scope because of the querying and data processing duration.
Even acquiring hotel information alone requires several hours for areas with a radius of
50 km. Gathering details on points of interest would involve numerous searches across
various categories (not only hotels) and also the need to expand the radius, consequently

extending the query and data processing duration even further.

The number of hotels within a radius of 10 km: Lee and Jang[2011] describe that mainly
business travelers stay at airport hotels or hotels close to the airport. Furthermore, the
data availability of hotels for many airports with a lower radius than 10 km was scarce,
therefore a low radius with sufficient data (10 km) is selected.

The number of hotels within a radius of 50 km: The area of 50 km around the airport can
be interpreted as its catchment area (Baltazar and Silva [2018). Therefore, the number of
hotels within a radius of 50 km is suitable to represent the tourist interest in the area.
A large number of hotels in the region around the airport can suggest that there are

touristic destinations close to the airport.

Demographic

Information such as the population of the country of the airport or the closest city to
the airport, the gross domestic product (GDP) of the country are taken into account.
Given that certain countries have more than hundreds of large and publicly accessible
airports (National Transportation Statistics (NTS)2019)), it would be better to refer to
the population of the city closest to the airport. Unfortunately, the definition of ’city
close to the airport’ is unclear, and obtaining such a data set is beyond the scope of this
analysis. In the feature list, the GDP per capita is included at the country level. This
feature has the same disadvantages as the population (large countries tend to have many
airports). Unfortunately, a more detailed GDP dataset (per region or also per industry)
is not available on a global scale. Population and GDP per capita information is collected

from [World Bank Group - International Development, Poverty and Sustainability|[2025]

Climate

Data sources with various climate-related information, such as humidity, rainfall, temperature,
or wind speed, are explored. For simplicity, the focus within this analysis lies on
temperature information only. Monthly average temperatures from weather stations

around the world are collected from TerraClimate 2025/ (Public Domain). The temperature
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datasets are divided into yearly minimum and maximum temperatures. Each dataset
contains around 450 million entries (daily temperature records for the weather stations).
Based on the minimum and maximum temperatures, the mean temperature is computed.
These monthly temperatures should represent climate information and, to some extent,

seasonality.

6.2. Data Exploration of Initial Features

The initial list of variables included in the analysis is derived from the different data
sources explored (6.1]). The number of features (for the initial feature list before feature
engineering) is 92: 53 capacity features (annual and weekly), 24 temperature features,

and all features related to the airport twice for origin and destination.

To get an overview of the data properties such as distribution, minimum and maximum
values, a YData profiling report is created (YData data quality for Data Science|2025).
This report includes summary statistics, missing values, the number of zero values,
extreme values, and helpful visualizations such as histograms. Some exemplary features
are analyzed in more detail in the following paragraphs. More information on the other
features can be found in the YData profiling report . A plausibility analysis of
extreme values is performed to find erroneous outliers. A general rule is to keep outliers

if they are actual values as they could be relevant for further analysis.
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Feature

Annual capacity

Seasonal capacity

Number of airlines

Distance

Elevation

Number of runways

Population

GDP per capita

Number of hotels within
10 km

Number of hotels within
50 km

Monthly average
temperature

6.2. Data Exploration of Initial Features

Initial Features

Data Type

Integer

Integer

Integer

Float

Float

Integer

Integer

Float

Integer

Integer

Float

Description

The sum of all seats of all direct flights (for the year
2024) based on actual flown data (flight schedule
provided by ASG).

The sum of all seats of all direct flights in a certain
time period (weekly, for the year 2024) based on
actual flown data, represented by 52 features
(weekly sum of seats of direct flights between two
airports).

The number of airlines operating (departing and
arriving) at an airport based on actual flown data.

The distance (in meters) between two airports in a
market based on a list of airports with latitude and
longitude.

The elevation (in meters) of the airport based on
OurAirports data (missing values filled via Google
Elevation APT).

The number of runways of the airport based on
OurAirports data.

The population of the airport country (year 2023)
based on World Bank data.

The gross domestic product per capita of the
airport country (year 2023) based on World Bank
data.

The count of hotels within a 10 km radius around
the airport (from OpenStreetMap API).

The count of hotels within a 50 km radius around
the airport (from OpenStreetMap API).

The average temperature per month at the weather
station closest to each airport according to
TerraClimate data, 24 features (12 months per
airport in a market).

Table 6.1.: Summary of initial features, their data types, and descriptions.

Origin and Destination Country

Although the country information of the origin and destination airports are not part

of the clustering process, they are necessary to match, for example, population data.
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Furthermore, it is interesting to analyze how often certain countries appear in the flight
schedule. The figure represents how many direct flights have a certain country as their
origin. Based on the word cloud visualizations, the countries that occur most frequent as
origin country are the United States (15.7%, meaning almost 10,000 markets originate
from a US-based airport), China (13.7%), Russia (4%), and Great Britain (3.7%). These
numbers are an indication for the relevance of certain countries in the global aviation
network. It is worth mentioning that five of the ten most frequent countries are in Europe.
In total, 16.7% of the markets in the flight schedule originate in Europe, compared to
15.7% in the United States. In addition, more than half of the markets originate from the

top ten countries in this list. The values for the destination countries are very similar to

those of the origin countries.
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Figure 6.1.: Word cloud visualization of the countries of the origin airport

Capacity Data

The annual capacity feature represents the size of an airport market, by summing up
all available seats for all flights between the two airports. The market with the highest
number of seats on a yearly basis is Jeju International to Seoul Gimpo (CJU-GMP) with
approximately 7.5 million seats (in one direction). This is plausible since OAG (Official
Aviation Guide, one of the largest aviation data providers) published a capacity of 14
million seats (non-directional) (Busiest Flight Routes in the World 2024]2025)).

The market with the smallest number of seats is between two French airports (Toulouse-Blagnac,
Le Bourget). This might be a data error as there is a capacity of 8 seats in week 27 but
no capacity in all other weeks. Another possibility is that there is only a single flight
operated with a small aircraft in 2024. Based on Grant the average number of seats
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per flight was 160 in 2024. If there is on average only one flight per month with 160 seats,
the annual capacity in this scenario would be 1,920. A further analysis of annual capacity
values revealed that approximately 6,000 directional markets have a capacity of less than
1,920 seats (which is approximately 10% of the directional markets). In conducting a
global analysis of airport markets, it is determined that airport pairs with very limited
capacity are insignificant and are therefore excluded (removing airport pairs below 1,920
seats per year). The histogram of the distribution of the annual capacity values
shows that most of the markets have an annual capacity below 200,000 seats. 3,000
markets (approximately 5%) have a capacity of more than 400,000 seats per year, and

about 500 markets (less than 1%) have an annual capacity of more than 1 million seats.
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Figure 6.2.: Histogram of annual capacity, data distribution of values based on YData
profiling report

The weekly capacity features all follow a similar data distribution as the annual capacity
(right-skewed with many values in the lower capacity range). The capacities for each
week are derived from the same data source as the annual capacity for the entire year
(the flight schedule provided). The minimum of 0 is plausible, since some markets are
seasonal and have no flights in some weeks of the year. The sum of the capacity of all
weeks is the annual capacity for the entire year 2024 (plausibility check). Among the 52
weekly capacity attributes, the 95th percentile predominantly falls between 7,000 and
10,000 seats per week. This indicates that 95% of the markets have a weekly capacity of
up to 10,000 seats. The market with the largest weekly capacity (185,000) in the first
week of the year is the same one that has the highest annual capacity, namely CJU-GMP.
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Elevation, Number of Airlines, Distance, and Number of Runways

Elevation may be negative for some airports, as the lowest point on the is the Dead Sea,
which is approximately 420 meters below sea level (Geographic 2025). The highest airport
is around 4,400 meters above sea level (Daocheng Yading Airport|2025). Elevation may
also be inaccurate for some airports (since a small error in GPS coordinates can lead to a
large error in elevation). However, this should not be a big issue for the analysis, since
a plausibility check is integrated in the data cleaning step. For simplicity, all locations

below 420 meters or above 5,000 meters sea level are removed.

The number of airlines operating at an airport is between 1 and 140 which seems plausible
at first glance, although 140 airlines is potentially a bit high. There are two airports with
140 airlines (Rome Fiumicino "Leonardo da Vinci" Airport - FCO, and Paris Charles de
Gaulle Airport - CDG), the official FCO airport websites state that 75 airlines operate at
the airport (Awrlines - AELROPORTI DI ROMA|2025). However, the 140 airlines in the
flight schedule for FCO are unique. Potentially, there are some airlines that do not fly
frequently to the airport and are therefore not counted in the official numbers. For CDG,
the Wikipedia site states that there are 105 airlines operating at that airport (Charles de
Gaulle Airport2025). Therefore, the estimated range for the number of airlines at each
airport appears somewhat reasonable, even though it might not be completely accurate,

which is acceptable for this analysis.

The distance is calculated using the airport coordinates and the great-circle distance
function from OSMnx (version 2.0.4, Boeing 2025). The maximum distance is 17 million
meters (17,000 km) between two airports: Salvador International Airport in Brazil (SSA)
and Mitchell River Airport in Australia (MXQ) which is plausible. The minimum value is
300 meters between two airports: Suavanao Airport (VAO), and Kaghau Airport (KGE)
(which are on two different small islands in the Pacific Ocean). This distance is too small
because according to |Great Circle Mapper| 2025 these airports are 130 km apart (which
is still very close). The assumption is that the coordinates are inaccurate and therefore
the resulting distance is too small, which is acceptable for the purposes of the analysis).
Airports in Alaska come next with slightly larger distances between them, measuring a

few thousand kilometers, which seems reasonable.
The range of number of runways is plausible (between 1 and 8). The airport with

the highest number of runways is Chicago O’Hare International Airport (ORD) with 8

runways. More than 40% of the airports have one runway, and more than 30% have two.

36



6.3. Missing Values

Population and GDP per Capita

The country with the smallest population is Tuvalu (an island state in the Pacific) with
approximately 10,000 inhabitants in 2023. The country with the highest population is
India, with approximately 1.4 million people in 2023. GDP per capita in the year 2023 is
plausible, the values lie between 193 USD (Burundi) and 128,000 USD (Luxembourg).

Number of Hotels

The range for the number of hotels around the airports (radius 10 km and 50 km) seems
to be plausible. It lies between 0 and 2150 (10 km), and 0 and 3500 (50 km). The
airport with the highest number of hotels within a 10 km radius is Denpasar Airport in
Bali (DPS) with more than 2,000 hotels. Within 50 km radius, the highest number of
hotels is approximately 3,500 and these are also located around DPS airport based on
OpenStreetMap data. The next airport is Paris Charles de Gaulle Airport (CDG) with
almost 3,000 airports within a 50 km radius. Although these numbers seem reasonable,
the data quality might not be accurate (difficult to verify). Furthermore, the assumption
with many hotels within a small radius might indicate a business focus and many hotels

within a larger radius might indicate touristic focus, might not hold.

Temperature

The temperature related features (monthly average temperatures) seem to be within a
reasonable range (the lowest average temperature is -49°C (near Aeroport Pos. Ust’-Nera
in Russia - USR, the minimum and maximum temperature are between -42°C and -48°C
based on data from NOAA, |[National Centers for Environmental Information (NCEI)
2025)). This range seems plausible, potentially slightly too low. The highest average
temperature is 41°C (near Iranshahr Airport in Iran - IHR). The minimum and maximum
temperature 31°C and 44°C based on NOAA data. In this case, the range also seems
plausible, potentially slightly too high.

6.3. Missing Values

The basis for identifying missing values is the number of unique airports in the flight
schedule, which is 3,991 (as this is also the filtering criterion for airports). There are two
airports missing from the airports list provided by ASG that are present in the flight

schedule (these two are manually added). 120 airports do not have elevation information,
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the missing values are retrieved using the airport coordinates and the Google Elevation
API (Google 2025). Some airport coordinates are not completely accurate because the
resulting elevation values are far below sea level due to the coordinates pointing to a
location in an ocean for some airports). These are manually corrected. Joining the airports
with the runway dataset requires an "id" (airport identifier column of the OurAirports
dataset), 11 airports do not have the necessary identifier and are filtered out. Furthermore,
228 of the remaining airports have missing runway information and are also removed
from the airport list for simplification purposes. It is worth mentioning that missing
runway information can be imputed with the mean or also using K-Nearest Neighbor
(KNN). 3,752 airports are remaining after merging with the runway dataset. 6 of them
have missing country codes that are manually added. All countries have population data
for the year 2023, however, not all countries have GDP per capita information for the
year 2023. Therefore, the years 2019-2022 are used to fill in the missing values (starting
with the most recent year). The merging process with the airports list reveals that 43
of the airports have no population information because they can not be matched with a
country and are mostly islands such as the Christmas Island. These entries are removed.
After joining population and GDP per capita data, 3,709 airports remain. No airports
have to be removed in the merging process for hotel and temperature data, which means
out of the initial 3,991 airports, 3,709 airports can be used for the analysis (removing

approximately 7% of the records).

6.4. Feature Selection

The first approach is to use all initial features and only apply scaling as transformation
step (z-score standardization) and no other transformations. This type of feature set
is referenced as “temp capacity wide” because there are 24 temperature columns (mean
temperature for both origin and destination airport on a monthly basis) and 52 capacity
columns (weekly sum of seats of all flights between the origin and destination). An

overview of the initial experimental clustering results can be found in chapter [§|

The second version of the feature set uses statistically derived features for temperature
and capacity. For example, instead of using one capacity column for each week of the
year, the mean capacity, standard deviation of the capacity, minimum and maximum

capacity and the week of the minimum and maximum capacity are created. The adjusted
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features for the monthly mean temperature are also the mean, standard deviation, summer
mean temperature (June-August), winter mean temperature (December-February), and
the annual amplitude (the difference between the warmest and coldest month). One
main reason for this decision is that the number of features representing capacity and
temperature in the initial feature list is too high. With so many features for temperature
and capacity, they are given far more importance than the other characteristics of markets.
Additionally, the correlation analysis reveals strong correlations for temperature and
capacity features. These features can result in less effective clustering outcomes, since
redundant or highly correlated features do not contribute meaningful information to the

clustering process but are included in the calculation of distances (Sambandam 2003)).

The next analysis step includes applying block-wise PCA on temperature and capacity
features. The idea behind it is to extract the underlying patterns and seasonality and
create principal components that represent most of the information (keeping 90% of the
variance of the initial 24 temperature and 52 capacity features). For the capacity features,
this results in only one principal component. This can indicate that most markets have
similar seasonal profiles (with potentially large differences in the magnitude of the capacity
but not in the pattern) and that there are no complex seasonality patterns, as it would
probably require more components to capture large differences. It is also important to
mention that only the year 2024 is considered for the analysis (because of data availability)
and that other years can have different seasonal profiles. For the temperature features,
a similar picture emerges as 90% of the variance in the 24 temperature columns can be
represented in two principal components. From a practical point of view, this observation
mirrors seasonal temperature cycles in most places of the world (higher temperatures in

summer and lower temperatures in winter) (Masson-Delmotte et al. 2021).

At a later stage, markets are combined and use characteristics related to the market
itself, rather than those associated with airports, since the objective of this thesis is
to cluster the airport pairs and not the airports. This means that the directionality is
removed and markets become non-directional. The approach from airport-related to
market-related features is to compute the absolute difference between all airport-related
features, for example, the difference in average temperature or the difference in elevation
of the two airports. The following example illustrates why the absolute difference is
used instead of maintaining positive and negative values: the population of the United
States is roughly 340 million and for Germany 80 million. If the "normal" difference for
FRA-JFK is computed, the result is 80-340=-260. The same calculation for JFK-MUC
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would be 340-80=260, the absolute difference in both cases is 260. Putting this into,
e.g., the Manhattan distance formula , the calculation for the "normal" difference
for the part in the formula with the population feature would be: |-260-260| = 520, for
absolute difference the result is: |260-260| = 0. Since the markets are non-directional
(meaning JFK-MUC and MUC-JFK are consolidated because there is not enough data
to properly represent directionality, the absolute difference is the better approach for
non-directional markets). In the example case, both markets are between Germany and
the United States, so the difference in population should be the same for FRA-JFK and
JFK-MUC regardless of the ordering of the airports in the market.

Following the analysis of different initial clustering results and validation metrics such as
the Silhouette Coeflicient, other flight schedule-based features (in addition to the existing
capacity features) are created. The weekly capacity features and also the statistically
derived capacity features (such as mean and standard deviation) are able to represent
seasonality patterns to some extent, however, they are not able to represent all important
characteristics of markets. The time of the day and the days within a week on which
flights depart are not covered. Furthermore, some markets do not have flights during
certain periods of time (high seasonality). Therefore, the morning and evening flights
ratio (morning or evening flights divided by total flights), difference of the mean capacity
on a weekday and on a weekend day, as well as the number of weeks with zero capacity

are extracted from the schedule.

After the data exploration and feature engineering phase and some clustering iterations
(refer to chapter |8 for further information), a final set of features is determined for further

analysis and experimentation.

6.5. Data Exploration of Refined Features

The refined features are based on non-directional markets and the list involves a set of
18 features [6.3). The focus lies on attributes extracted from the flight schedule (8
features). Compared to the initial feature list , which includes 52 capacity and 24
temperature features, this collection offers a more balanced distribution of features per

category.

40



Feature

Difference mean weekday vs.

weekend capacity
Number of weeks with zero
capacity

Mean capacity weekly

Standard deviation capacity
weekly

Week of max capacity

Morning flights ratio

Evening flights ratio

Number of airlines in the market

Distance

Difference of summer mean
temperature

Difference of winter mean
temperature

Difference of annual amplitude

6.5. Data Exploration of Refined Features

Refined Features (Part 1)

Data Type

Float

Integer

Float

Float

Integer

Float

Float

Integer

Float

Float

Float

Float

Description

Difference between the mean sum of seats on
a weekday and the mean sum of seats on a
weekend day.

Number of calendar weeks with no flights
between the two airports.

Average weekly sum of seats between the two
airports across the year.

Standard deviation of the weekly sum of
seats between the two airports across the
year.

Calendar week number in which the highest
weekly sum of seats occurs.

Ratio of flights departing between 06:00 and
10:00 to total flights (peak morning hours).

Ratio of flights departing between 17:00 and
21:00 to total flights (peak evening hours).

Count of unique airlines operating flights
between the two airports.

Distance in meters between the two airports
based on great-circle distance.

Absolute difference between mean
June—-August temperatures at the closest
weather stations.

Absolute difference between mean
December—February temperatures at the
closest weather stations.

Absolute difference between the annual
temperature amplitudes (warmest minus
coldest month) of the two airports.

Table 6.2.: Summary of refined features, their data types, and descriptions (first part,
continues on next page).
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Refined Features (Part 2)

Feature Data Type Description

Difference of elevation Float Absolute difference in elevation (meters)
between the two airports.

Difference of number of runways Integer Absolute difference in runway counts
between the two airports.

Difference of number of hotels Integer Absolute difference in counts of hotels within

within 10 km a 10 km radius of each airport.

Difference of number of hotels Integer Absolute difference in counts of hotels within

within 50 km a 50 km radius of each airport.

Difference of population Integer Absolute difference between the 2023
population values of the airport countries in
the market.

Difference of GDP per capita Float Absolute difference between 2023 GDP per

capita of the airport countries in the market.

Table 6.3.: Summary of refined features, their data types, and descriptions (second part).

The analysis of the data distributions of the features revealed that most of the features
are right-skewed. As examples, kernel density estimate (KDE) plots of the mean capacity
and the distance demonstrate the skewed distributions. As a result, numerous
markets typically have a relatively small capacity and are located at shorter distances
as opposed to longer ones. Generally, lower values for various characteristics tend to be

more common than higher ones.
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6.5. Data Exploration of Refined Features
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Figure 6.4.: KDE plot of distance between airports for non-directional markets

Two characteristics are not distributed with a right skew: the difference between the mean

weekday capacity and mean weekend capacity, as well as the ratio of morning flights.

Almost all values for the capacity difference (weekday vs. weekend) lie between -1,000
and 1,000 (6.5). Approximately 50 markets have an absolute difference above 1,000. The

highest value is around 6,500 capacity difference between weekday and weekend for the
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non-directional market MEL-SYD (Melbourne Airport, Sydney Airport - Kingsford Smith
International Airport). This means that on an average weekday, there are 6,500 more seats
available than on an average day of the weekend in the MEL-SYD non-directional market.
The KDE plot of the morning flights ratio shows that a substantial number of
non-directional markets do not have morning flights, numerous markets have between 30%
and 50% of their flights scheduled in the morning, and certain markets have exclusively

morning flights.
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Figure 6.5.: KDE plot of difference between the mean weekday capacity and mean day of
the weekend capacity for non-directional markets
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Figure 6.6.: KDE plot of morning flights ratio for non-directional markets

The relationships between the features (bi-variate) are analyzed using a correlation
matrix (using Pearson correlation). The correlation analysis reveals that there are strong
correlations between capacity and temperature attributes. Furthermore, some of these
features are redundant to a certain extend as the provide similar information. One
example for this is the annual capacity and the mean capacity. Both features reflect the
size of the market and have a very high correlation. Therefore, the annual capacity is
removed. The week of minimum capacity and the number of weeks with zero capacity
also represent similar information. As many weeks have a capacity of zero, the week of
minimum capacity is not an ideal feature because any week with zero capacity could be
selected and this does not hold much information. The week of minimum capacity is also
removed. The mean temperature features (mean temperature, summer and winter mean
temperature) have high correlation values as well, the mean temperature is therefore
removed. In addition, the standard deviation of the temperature and the annual amplitude
have similar meanings as they demonstrate the variation in temperature. The standard
deviation is removed, as the annual temperature amplitude is a feature derived from the
temperature domain. Although the mean winter temperature and the annual amplitude
have a rather high correlation as well, both features stay in the feature list because of
their relevance. The first correlation matrix (6.7]) displays the features before the removal

of highly correlated and redundant attributes.
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Correlation matrix for the features
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Figure 6.7.: Correlation matrix of features for non-directional markets before removing
redundant and highly correlated features

In contrast, the second correlation matrix illustrates a significant reduction in the
number of highly correlated features. In the appendix, there are the correlation matrices
for the initial feature list and the intermediate feature version (using statistically derived

variables for temperature and capacity but with airport-related features instead of the

differences, see and .
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Figure 6.8.: Correlation matrix of features for non-directional markets after removing
redundant and highly correlated features

6.6. Feature Transformations

Scaling and Standardization

Feature scaling is an important step in many data mining projects (Provost and Fawcett

2013). z-score standardization is used instead of min-max normalization, due to the
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6. Data Collection, Exploration and Preparation

assumption of normal distribution in many algorithms and techniques. For initial
experimental clustering runs, the z-score standardization is used. Since numerous features
have large outliers, robust z-score standardization is applied to most clustering runs to

achieve more balanced feature scales.

Let {z;}X, be the sample. X is a numerical feature and N is the number of records.

o = standard deviation(X), p = mean(X)

The formula for z-score standardization is as follows:

g o= Sk (6.1)
g

The interquartile range (IQR) is the difference between the third and first quartile.

Z = median(X), IQR = Q3(X) — Q1(X)

The formula for robust z-score standardization is as follows:

Ty — &

IQR

zirobust = (6.2)

The robust z-score standardization centers each feature on its median and scales by the
IQR, a measure more resistant to outliers. By replacing the mean with the median and
the standard deviation with IQR, the resulting scores prioritize the central part of the

data, making the clustering less sensitive to extreme values (Berthold et al. 2020)).
Transformation of Data Distribution

Due to the highly skewed data distributions of many features, most experiments are
performed using power transformations. Many models assume a Gaussian distribution or
perform poorly on highly skewed data (Tan et al. 2019). The Yeo-Johnson transformation
(Yeo and Johnson 2000)) is the choice for the transformation because it can reduce skewness

and can handle negative and zero values.
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6.6. Feature Transformations

The Yeo—Johnson Transform y; is defined for each data point z; and parameter A by:

DA 1
u’ N£0, z; >0,
A
In(z; + 1), A=0, z; >0, 63)
Yi = 6.3
(—w; + 1) -1
— AF 2 x; ,
2 _ )\ ) # ) z < 0
—ln(—ZL‘i—l-l), A=2, x; <O0.

This type of power transformation is continuous in A and handles both positive and
negative data values. Yeo-Johnson transformation seeks to minimize skewness and stabilize

variance while preserving the order of the data.

KDE plots of the transformed mean weekly capacity and the transformed distance
(6.10) show the distributions of the features after the power transformation. The feature
distributions are less skewed compared to their previous state (mean weekly capacity:

distance: .

KDE after Yeo-Johnson transformation of mean_capacity weekly

[ Skewness: -0.01, Kurtosis: -0.08
0.10 4

0.00 T T T T T T T
[} 5 10 15 20 25 30
mean_capacity_weekly

Figure 6.9.: KDE plot of transformed mean weekly capacity for non-directional markets
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KDE after Yeo-Johnson transformation of distance_m
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Figure 6.10.: KDE plot of transformed distance between airports for non-directional
markets

Dimensionality Reduction

Integrating dimensionality reduction before clustering simplifies complex data into fewer
dimensions. Using all features without reducing the dimensions might lead to the curse
of dimensionality. By focusing on the most important patterns, techniques like UMAP
and PCA remove noise and redundant information, resulting in a potentially clearer
separation of markets. Reduced dimensions also speed up clustering algorithms, making
them more efficient. Four widely adopted techniques are considered: Principal component
analysis (PCA), t-distributed stochastic neighbor embedding (t-SNE), uniform manifold
approximation and projection (UMAP), and autoencoders. Each technique provides
different advantages and trade-offs in relation to the data characteristics and the goal of

the analysis.

When feature relationships are mainly linear or approximately lie on a linear subspace,
PCA is a reasonable option. The first clustering runs with dimensionality reduction are
performed using PCA. It uses relatively fast matrix operations, making it suitable for
large datasets and experimental runs. By projecting data onto orthogonal components
that capture as much variance as possible, PCA transforms high-dimensional inputs into
a lower-dimensional space (Pearson |1901; Hotelling [1933). There are different approaches

to define how many components the data should be reduced to. For example, one can
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6.6. Feature Transformations

use a predefined number of components (e.g., two components for a 2D visualization) or
define the percentage of variance that should be captured. Most of the PCA experiments
use the setting to keep 90% of the variance in the data. The main disadvantage of PCA is
that real-world datasets are usually more complex (not linear). The dataset in this thesis
has predominantly non-linear relationships (based on a visual analysis of the scatterplot
matrix of all features, see . Since linear projections cannot fully capture the feature
interactions, non-linear techniques such as autoencoders, t-SNE and UMAP are further

analyzed.

Autoencoders, a type of neural network models, learn to reconstruct inputs through a
compressed bottleneck layer. By selecting suitable parameters such as the number of
hidden layers or the dimension of the latent space, autoencoders can uncover nuanced,
non-linear embeddings (Svirsky and Lindenbaum [2024). However, the process of parameter
selection involves numerous experiments and can be very time consuming. Furthermore,
the vague nature of cluster analysis makes it even more challenging to find a suitable
representation of the data. An Autoencoder is trained using PyTorch (PyTorch||2025) with
3 hidden layers (128, 64 and 5 as bottle neck layer for the number of dimensions in the
latent space), Rectified Linear Unit (ReLU) as activation function, and a learning rate of
0.01 as base settings. After a few iterations of training, hyperparameter adjustments, and
comparisons of feature representations without significant improvements of the clustering
results, alternative dimensionality reduction methods are further explored. The repetitive
and time-consuming process of trying different data transformations and dimensionality
reduction settings seems inefficient when using an autoencoder (potentially also due to

the relatively complex dataset).

t-SNE and UMAP are non-linear dimensionality reduction techniques that require fewer
parameters than autoencoders. For visualization and exploratory analysis in two or three
dimensions, t-SNE is a popular choice. It models pairwise relationships via probability
distributions to preserve local neighborhood structure. Although t-SNE is suitable for
revealing subgroups in the data, it suffers from a relatively high computational cost and
it is non-deterministic (running t-SNE multiple times on the same dataset can yield
different results). The main adjustable parameter in t-SNE is perplexity. Low values
emphasize local relationships, whereas high values capture more of the global structure in
the data (Maaten and G. Hinton 2008)). Based on the objective of the analysis and several

experiments, a perplexity value of 40 is determined for the reduction of the dimensionality.
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6. Data Collection, Exploration and Preparation

UMAP is a more recent approach and quite similar to t-SNE. It outperforms t-SNE in
most cases, as it is faster, better at preserving the global structure of the data (not only
the local structure) and deterministic (stable results for multiple runs with the same
random seed) (Nanga et al. [2021). UMAP constructs a graph structure with weighted
edges in both a high-dimensional and low-dimensional space, optimizing the representation
of the low-dimensional graph to capture as much information as possible. In the aviation
market data experiments in this thesis, UMAP generates the most meaningful embeddings,
leading to its selection for subsequent clustering and analysis. In the official UMAP
website, McInnes 2018 provides recommended settings for using UMAP for clustering.
The most relevant setting for UMAP is the number of data points considered as neighbors.
This parameter works similar to the perplexity in t-SNE, as lower values emphasize the
local structure, and higher values focus on the global structure in the data. A value of 30
for the number of neighbors tries to capture both local and global structures, focusing
more on the global one, as too low values can result in patterns of noise in the data
rather than actual subgroups. The minimum distance parameter adjusts how densely
points are packed together, for clustering a very low value (in this case, 0) is beneficial
to create clearer cluster separations. Setting the number of dimensions to 10 for the

low-dimensional space proved to be a reasonable choice in the experiments.

Comparing the two-dimensional representations of the dataset (refined features, with
robust standardization and Yeo-Johnson transformation) using PCA, t-SNE and UMAP
further emphasizes that UMAP is better suited for this analysis, as clearer subgroups
can be identified (see figures [6.11], [6.12| and |6.13)). It is relevant to mention that the

reduction of features to a two-dimensional space is for the purpose of finding a suitable

dimensionality reduction technique through a visual analysis, and it might not ideally
represent the actual distribution of data points in the multidimensional space. In the

actual cluster analysis, more than two dimensions are used.
The PCA plot of the scaled and transformed features (6.11)) reveals that the majority of

data points are concentrated in a single large cluster, while some points are farther away

from this dense area.
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2D PCA projection of features
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Figure 6.11.: PCA plot of scaled and transformed features

The t-SNE plot of the scaled and transformed features (using Manhattan distance, [6.12])

shows one large cluster and a few smaller ones with slightly varying densities.

2D t-SNE projection of features

75 4

254

Dimension 2

—100

—75 -50 -25 o 25 50 75
Dimension 1

Figure 6.12.: t-SNE plot of scaled and transformed features, using Manhattan distance
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The UMAP plot of the scaled and transformed features shows multiple clusters that can
be visually distinguished in the two-dimensional space . Additionally, the clusters
appear to have arbitrary forms rather than spherical ones. With respect to the density
of the different regions, it is difficult to evaluate in these plots because of the overlap of
points. An alternative perspective merges when comparing the two-dimensional UMAP
visualization of all features against the visualization with reduced features .
In the latter case, UMAP is utilized in two steps: initially reducing the dimensions
to 10 components for clustering, followed by further reduction to two dimensions for
visualization. This results in an embedding that is even more suitable to form clusters.
UMAP is applied twice because the visualization should be based on the same feature

representation used in the clustering step.

2D UMAP projection of features
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Figure 6.13.: UMAP plot of scaled and transformed features, using Manhattan distance
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2D UMAP projection of features
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Figure 6.14.: UMAP plot of scaled, transformed and reduced features (using UMAP,
reduced to 10 components before the visualization), using Manhattan
distance

The reduced number of components (dimensions) using UMAP is determined by running
HDBSCAN multiple times (in the range between 5 and 15 dimensions). The decision to
use HDBSCAN as the algorithm is made because it does not require much parameter
tuning with changing feature representations. The highest Silhouette Coefficient of 0.68 is
achieved with 10 UMAP components. Additionally, the authors of UMAP (Mclnnes
point out that typically UMAP is used to reduce data to 10-20 dimensions. Considering
that there are 18 refined features, 10 dimensions appear to be a reasonable balance

between preserving information and mitigating the effects of the curse of dimensionality.
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7. Modeling

After determining that clustering is a suitable approach for this analysis, the modeling step
involves selecting appropriate clustering algorithms for the dataset and objectives. Before
applying different clustering techniques to the data, the Hopkins’ statistic (Banerjee and
Dave [2004) is used to evaluate the cluster tendency of the data. The cluster tendency for
both the initial features (92 features, roughly 60,000 directional markets) and the refined
features (18 features, roughly 30,000 non-directional markets) is very close to 1 (more

than 0.99) which demonstrates that the data have a high potential to form clusters.

7.1. Distance Metric

Choosing an appropriate distance metric is essential because it directly shapes similarities
and differences between data points, influencing the formation of clusters (Berthold et al.
2020). In the initial experiments on the aviation features, the Manhattan distance yields
a more stable and interpretable segmentation than the Euclidean distance. Regarding
outliers, Manhattan penalizes large deviations linearly rather than quadratically. Therefore,

the Manhattan distance is used for further analysis.
Minkowski Distance

The Minkowski distance of order p between two points x = (x1,...,2,) and y =

(Y1,--.,Yn) is defined as

n 1/P
dy(x,y) = <Z|mi - y|> (7.1)
i=1
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7. Modeling

By varying p > 1, this family of metrics has different norms: p = 1 yields the Manhattan
distance, p = 2 the Euclidean distance, and larger p place greater emphasis on large
differences in attributes (Berthold et al. [2020)).

Manhattan Distance

The Manhattan (or city-block) distance is the special case of the Minkowski distance with
p=1
dxy) = 3 lei -yl (7.2)
i=1

This metric measures the sum of absolute coordinate differences, analogous to navigating

a grid of city streets.

7.2. Clustering Algorithms

To improve understanding of the data, the initial algorithm is the widely used K-means
clustering technique (note: whenever K-means is referenced, the specific algorithm used
is K-means++). K-means partitions the data into k clusters by iteratively assigning each
point to its nearest centroid and then updating centroids to minimize the within-cluster
sum of squares. A significant advantage of K-means is its relatively short runtime, making
it a good choice for quick evaluations (D. Xu and Tian 2015). Experiments are conducted
with different parameter settings and feature combinations. To address one disadvantage of
K-means (the sensitivity to outliers for the positioning of the centroids), K-medoids is also
tested. Unlike K-means, K-medoids uses actual data points as centroids (medoids) rather
than artificially created ones (Jain, Murty and Flynn [1999)). Unfortunately, K-medoids
has a runtime considerably higher than K-means, making this algorithm unsuitable for
test runs with numerous parameter configurations, and it does not yield better results
than K-means on this dataset. The elbow method is used to determine an appropriate
number of clusters, using the within-cluster sum of squares as the evaluation measure.
The elbow plot with up to 50 clusters suggests that an optimal number of clusters
falls between 5 and 10. To compare different iterations, clustering is performed with 5, 7

and 10 clusters.
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Figure 7.1.: Elbow plot with the number of clusters k on the x-axis and the within-cluster
sum of squares on the y-axis

DBSCAN appears to be a suitable option for further clustering analyses based on UMAP
visualizations of features within the two-dimensional space . DBSCAN groups
points into clusters of arbitrary shape by requiring each core point to have at least
epsilon-radius density of neighbors (minimum samples) while labeling sparser points as
noise. This density-based approach automatically discovers clusters without specifying the
number of clusters beforehand, and is robust to outliers. The data has arbitrary shapes,
and the densities of data points appear to vary across different areas. The k-distance
plot can help determine a suitable starting point for epsilon (Yin et al. 2023). This
approach is similar to the elbow plot for K-means, the position of the elbow is relevant.
As a simplification, the number of minimum points parameter is set to two times the
number of features (in this case 20, as there are 10 UMAP reduced features). Based on

this graph, a reasonable epsilon value is 0.75.
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K-Distance Graph (k=20)
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Figure 7.2.: K-distance plot for determining a starting point for the epsilon value for
DBSCAN with the data points sorted by distance on the x-axis and the 20-th
nearest neighbor distance on the y-axis

In addition to DBSCAN, the OPTICS algorithm is worth exploring as it is a density-based
algorithm that dynamically adjusts the density parameter settings (epsilon and minimum
number of points). OPTICS stands for Ordering Points To Identify the Clustering
Structure and it computes a reachability plot for the data points that enables the
extraction of clusters at different density levels (Ankerst et al.|1999). The authors of
UMAP (Mclnnes [2018)) point out that UMAP does not necessarily create well-defined
spherical clusters. Therefore, using K-means may not be ideal. Instead, they advise using
HDBSCAN (Hierarchical DBSCAN), since UMAP assumes uniform density and does not
preserve density well. This indicates that HDBSCAN might perform better than OPTICS
with the UMAP-reduced features. HDBSCAN builds a hierarchy of density-based clusters.
This algorithm varies the density threshold, then selects the most “persistent” clusters in
the built hierarchy (Campello, Moulavi and Sander [2013]). With only a minimum cluster
size (and optional minimum samples) to tune, HDBSCAN robustly handles noise and

variable-density data points, making it a strong choice for a complex aviation dataset.
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7.3. Internal Validation Metrics

The feature embeddings indicate that certain markets might be situated near the decision
boundaries that separate clusters. Consequently, it is worth examining soft clustering
methods, such as the Gaussian Mixture Model (GMM), which is a distribution-based
algorithm. GMM represents the data as a weighted sum of multivariate normal distributions,
where each component corresponds to a cluster. Fitting a GMM relies on the Expectation—
Maximization algorithm, an iterative two-step procedure. In the expectation step, the
algorithm computes the posterior probability that each point belongs to each Gaussian
component (cluster), based on the current estimates of means, covariances, and mixture
weights. In the maximization step, it updates those parameters to maximize the expected
log-likelihood. These steps repeat until convergence, yielding soft cluster assignments and
estimates that best explain the data (Fraley and Raftery 2002). Due to the relatively large
dataset, hierarchical clustering algorithms such as agglomerative hierarchical clustering

are not considered.

7.3. Internal Validation Metrics

For internal validation of the clustering results, the Silhouette Coefficient (values close
to 1 preferable) and the Davies-Bouldin Index (small values preferable) are used. The
implementation from scikit-learn is used for these metrics (scikit-learn 1.7.0 documentation
2025). In addition to the validation metrics, a visual inspection of a two-dimensional

representation of the clusters is conducted.
Silhouette Coefficient

For each point x;, let
G X dmer). b= min o Y dG)
a; = T mi,xj s i = Hlln‘ — x,;,xj
Gl =1 oy cralel Sz

The Silhouette of z; is
bi — Q4

%= max(a;, b;) (73)

: _ 1 N
The overall score is the average S = > ;1 si
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The Silhouette Coeflicient measures how well each point lies within its assigned cluster
versus the nearest other cluster. Values near +1 indicate well-separated clusters, while

values near —1 suggest misclassifications (Rousseeuw |1987)).

Davies—Bouldin Index

Let each cluster C; have centroid pu; and scatter

Si ! Z d(z, p;).

|CZ| zeC;

d(z, p;) ... cohesion between point x and its centroid p;

S ... within cluster scatter for cluster 1

The Davies—Bouldin index is defined as

1 K Si—i-Sj

- max ————.
K =i d(pi, 1)

2

DB = (7.4)

d(pi, pij) ... separation between cluster i and j

K ... the set of k clusters

This index computes the average "worst-case" ratio of within-cluster scatter to between-cluster

separation. Lower values indicate more compact, well-separated clusters (Davies and

Bouldin 1979)).
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7.4. Experimental Settings

This is a summary of the different techniques used alongside the parameter settings
(determined by multiple experiments). Figure illustrates the feature embeddings,

providing a visualization of how these settings are represented in a two-dimensional space.

Type Techniques Parameters for Main Results
Metric for distance =~ Manhattan, Euclidean Manhattan distance (as it is known to be
calculations more robust)
Scaling Standard and robust RobustScaler from scikit-learn (with
z-score standardization centering, with scaling, with the interquartile

range using the 25th and 75th quantiles)

Transformation of  Yeo-Johnsohn PowerTransformer from scikit-learn (using
data distribution transformation Yeo-Johnsohn transformation to reduce skew)
Dimensionality PCA, Autoencoder, UMAP reducing to 10 components
reduction t-SNE, UMAP

Clustering Partition-, density-, and K-means++, DBSCAN, OPTICS,
algorithm distribution-based HDBSCAN, Gaussian Mixture Model

Table 7.1.: Summary of experimental settings and used techniques
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8. Results

The refined list of features , as well as the parameter settings and techniques described
in the modeling chapter (scaling, transformation, and dimensionality reduction, are
the basis for the clustering results using various clustering algorithms (if not stated
otherwise). The scikit-learn implementations of the clustering algorithms are used for

these experiments, and the default settings of the version 1.7.0 are used.

8.1. Overview of Main Clustering Results

The default settings and techniques for the clustering results are the refined features,
robust z-score standardization, Yeo-Johnson transformation, and UMAP dimensionality

reduction with 10 components. The main clustering results are listed in the table
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Algorithm

K-means

DBSCAN

DBSCAN

OPTICS

HDBSCAN

HDBSCAN

HDBSCAN

HDBSCAN

GMM
GMM

GMM

Clusters

10

266

116

19

e

4

10

500

Main Clustering Results

Noise Points

250

2,500

23,000

21,000

400

15,000

Silhouette | DB

Index

0.66 | 0.49

0.63 | 1.17

0.48 | 0.58

0.04 | 0.16

0.68 | 0.32

0.31]0.28

0.59 | 0.60

0.75 | 0.12

0.63 ] 0.53
0.63 | 0.54

0.87 | 0.20

Settings

k=10

epsilon=0.75, minimum
points=20

epsilon=0.5, minimum
points=15

minimum samples=10,
xi=0.05

minimum cluster size=20,
selection method—eom

minimum cluster size=20,
selection method=leaf

minimum cluster size=20,
selection method=eom, no
power transformation
minimum cluster size=5,
selection method=eom, no
power transformation

k=4

k=10

k=500

DB Index ... Davies-Bouldin Index; k ... number of components

Table 8.1.: Summary of main clustering results

8.2. K-means

The result for K-means++ clustering includes 10 clusters (8.1). The number of clusters is
determined using the elbow plot ([7.1)), the highest Silhouette Coefficient (0.66) and the

lowest Davies-Bouldin Index (0.49) for the runs with 5, 7 and 10 clusters. The visualization
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shows generally well-separated clusters and also highlights one of the limitations of
K-means when applying it to non-spherical data shapes (for example, the dark blue
cluster on the right side). Some clusters overlap, such as the red and purple clusters in
the central region, which indicates that some data points lie near the decision boundary
and might be reassigned under different settings. Based on the shape of the clusters and

the seemingly varying densities, the next step is to apply density-based algorithms.

2D UMAP projection, 10 clusters
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Figure 8.1.: UMAP projection of K-means++ clustering result with 10 clusters

8.3. DBSCAN

Two major challenges arise when applying DBSCAN to the dataset. Primarily, the highest
validation metric scores often occur with a minimal number of clusters, sometimes as
low as a single cluster (for instance, achieving a Silhouette Coefficient of 0.89 with just
one cluster). Another challenge is the substantial portion of the data being classified
as noise in many cluster runs. The initial DBSCAN run , with the epsilon value
set to 0.75 and the number of minimum points set to 20 has a Silhouette Coefficient of
0.63 and a Davies-Bouldin Index of 1.17. The 4 clusters seem well separated. However,
in the two-dimensional visualization it seems that a more granular separation could be
better (for example, in the bottom right the large green cluster). Furthermore, there is
one barely visible cluster in the bottom center and there are roughly 250 noise points,

which is very low compared to other density-based cluster runs.
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2D UMAP projection, 4 clusters
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Figure 8.2.: UMAP projection of DBSCAN clustering result with 4 clusters, epsilon: 0.75,
minimum points: 20

Dividing around 30,000 airport markets into just four distinct groups may offer limited
insight. Consequently, the parameters are altered to produce a greater number of clusters.
Using slightly smaller values for the epsilon parameter (0.5) and the minimum number of
points (15), the Silhouette Coefficient decreases to 0.48 (worse) and the Davies-Bouldin
Index also decreases to 0.58 (better). The resulting number of clusters increases to 21
and the number of noise points rises to approximately 2,500 . Assessing whether this
clustering result is better than the previous one using internal validation metrics is difficult
because one metric improves while the other deteriorates. In addition, these metrics serve
as indicators of the quality of the clusters. The cluster results can be compared taking
into account the objectives of the project and performing further analysis. The DBSCAN
result with 21 clusters includes a few large clusters (for example, the dark purple and
green ones in the central region of the plot) and many very small clusters. This could
indicate that many markets are similar (large clusters), whereas some airport markets

belong to niche groups.
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2D UMAP projection, 21 clusters
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Figure 8.3.: UMAP projection of DBSCAN clustering result with 21 clusters, epsilon: 0.5,
minimum points: 15

8.4. OPTICS

OPTICS, a density-based clustering algorithm, is particularly well-suited for datasets
characterized by significantly varying densities. One big advantage is that the epsilon
value does not have to be set in advance and is dynamically adjusted by the algorithm
based on the density of the regions (Ankerst et al. . In this clustering experiment,
the initial parameter for the minimum number of samples required to define a dense region
is set to 10 (the same as the number of features). The xi parameter, which represents the
steepness of the reachability plot constructed by the OPTICS algorithm, is configured to
0.05 (the default value, larger values produce a greater number of clusters). The main
finding in this cluster result is the extremely high number of noise points (more than
23,000). Other parameter settings for OPTICS result in similarly high number of noise
points (minimum samples in the range of 10 to 30, xi value between 0.05 and 0.15). The
Silhouette Coefficient for these cluster runs has values around 0 and the Davies-Bouldin
Index lies between 0.15 and 0.5). Due to the large number of noise points, the OPTICS

algorithm is not considered further.
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2D UMAP projection, 266 clusters
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Figure 8.4.: UMAP projection of OPTICS clustering result with 266 clusters, minimum
samples: 10, xi value: 0.05

8.5. HDBSCAN

Another density-based clustering technique is HDBSCAN, an extension of DBSCAN. It
extracts a hierarchy of density clusters and selects the most stable ones. One important
parameter is the minimum cluster size, it defines how small the groupings can be (Campello,
Moulavi and Sander 2013)). This parameter is set to 20 (based on two times the number
of features, similar to the minimum samples parameter in OPTICS). The clustering
result with these settings yields 4 clusters and is very similar to the DBSCAN
clustering result with fewer clusters . There are two large clusters, one smaller one,
one tiny, barely visible cluster, and no noise points. The Silhouette Coefficient is 0.68
and the Davies-Bouldin Index is 0.32 (both are better than the internal metrics for the
4 DBSCAN clusters). Although a small number of clusters offers to some extent only
limited information on the numerous airport markets, these internal validation metrics

are technically strong and robust.

70



8.5. HDBSCAN

2D UMAP projection, 4 clusters
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Figure 8.5.: UMAP projection of HDBSCAN clustering result with 4 clusters, minimum
cluster size: 20, cluster selection method: eom

With "leaf" as the cluster selection method instead of the default "eom", more fine-grained
and homogeneous clusters can be found. eom refers to "Excess of Mass", this method
finds the most persistent clusters according to [scikit-learn 1.7.0 documentation|2025.
These settings result in 116 clusters, more than 21,000 noise points, a Silhouette
Coefficient of 0.31 and a Davies-Bouldin Index of 0.28 . An interesting observation
is that the Davies-Bouldin Index technically has very good values for clustering results
with many clusters (and also many noise points). One potential explanation is the
existence of extremely compact clusters that reduce the value of the Davies-Bouldin
Index. Additionally, these tiny, well-separated clusters might indicate high-quality market

segments, with the disadvantage of many unclassified markets.

A relevant factor is that the Yeo-Johnson transformation is applied on the features to
mitigate skewness and transition towards a more Gaussian-like distribution (Yeo and
Johnson |2000)). Although this method can improve clustering results, it can also complicate
interpretation due to the transformation involved. Therefore, it is valuable to analyze
the clustering results for features without the Yeo-Johnson transformation as well (with
robust z-score standardization and dimensionality reduction applied). This form of feature
embedding tends to be more fragmented compared to the embedding when the power

transformation is applied.
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2D UMAP projection, 116 clusters
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Figure 8.6.: UMAP projection of HDBSCAN clustering result with 116 clusters, minimum
cluster size: 20, cluster selection method: leaf

Using a minimum cluster size of 20 (matching roughly two times the number of features)
with the “eom” method yields 19 clusters and approximately 400 noise points . One
of the resulting clusters encompasses over 25,000 markets, indicating highly imbalanced
clusters. Here, the Silhouette Coefficient results in a value of 0.59 and a Davies—Bouldin
Index of 0.60. Despite the lower internal validation scores, this configuration offers a
balance between cluster granularity and interpretability, producing a manageable number
of broad market segments rather than hundreds of very small groups. Depending on the

goal of the analysis, this can be advantageous.

Setting the minimum cluster size to 5 (relatively low value to identify many clusters)
and using the ’eom’ selection method produce 773 clusters (plus roughly 15,000 noise
points, see figure . The Silhouette Coefficient for this cluster result is 0.75, and
the Davies—Bouldin Index falls to 0.12, reflecting extremely tight and well-separated
small clusters. Most clusters contain only a handful of markets, and the large volume of
noise points suggests that HDBSCAN is treating lower density regions as not assignable.
In each scenario, not applying a power transform alters the density landscape created
by UMAP. This suggests that HDBSCAN frequently either over-fragments the data or
consolidates various markets into just a few large clusters. A similar observation can be
made when analyzing the cluster results of the default feature representation (with power

transformation).
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Figure 8.8.:
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8.6. Gaussian Mixture Model
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UMAP projection of HDBSCAN clustering result with 19 clusters, minimum
cluster size: 20, cluster selection method: eom, no Yeo-Johnson transformation
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UMAP projection of HDBSCAN clustering result with 773 clusters, minimum
cluster size: 5, cluster selection method: eom, no Yeo-Johnson transformation

8.6. Gaussian Mixture Model

To this point, only hard clustering algorithms are used. Given that there is some

overlap among clusters in the different clustering results, it is worthwhile to investigate a

soft clustering approach such as the Gaussian Mixture Model as well. Mixture models

generalize K-means by taking into account both the covariance structure of the dataset
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and the means of the underlying Gaussian distributions (Fraley and Raftery . The
main parameter for the GMM is the number of components (clusters). Based on the
number of clusters of previous cluster results, it was decided to use 4 (from the DBSCAN
and HDBSCAN runs) and 10 (from the best K-Means run) as the number of components.
Other parameters are the covariance type which is set to "full" and the initialization
method which is set to "k-means+-+".

The cluster result with 4 clusters has a Silhouette Coeflicient of 0.63 and Davies-Bouldin
Index of 0.53 which is slightly worse than the HDBSCAN result for 4 clusters from the
perspective of internal validation metrics. In the two-dimensional representation, the
Gaussian-contours (ellipses at different standard deviation radii) visualize the probability

of the cluster membership and also the overlap of clusters.

2D UMAP projection, 4 clusters
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Figure 8.9.: UMAP projection of GMM clustering result with 4 clusters

74



8.6. Gaussian Mixture Model

The GMM cluster run with 10 clusters resulted in a Silhouette Coefficient of 0.63
and Davies-Bouldin Index of 0.54 (almost the same as for 4 clusters). An interesting
observation is that the clusters appear to be more evenly balanced compared to the
cluster results achieved with density-based algorithms. For example, in the GMM result
with 10 clusters, the largest five clusters contain data points in the range between 2,700
and 5,000, whereas in the HDBSCAN run with 4 clusters, the two largest clusters have
roughly 13,000 markets, and the HDBSCAN run with 19 clusters, the largest cluster has
even roughly 25,000 markets.

- 2D UMAP projection, 10 clusters
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Figure 8.10.: UMAP projection of GMM clustering result with 10 clusters

When running GMM with various different numbers of components (range between 4 and
500), the cluster run with 500 clusters (8.11]) has the highest Silhouette Coefficient (0.87)

and one of the lowest Davies-Bouldin Index values (0.2).
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2D UMAP projection, 500 clusters
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Figure 8.11.: UMAP projection of GMM clustering result with 500 clusters

The plot with scores from different GMM runs demonstrates that, in general, the
Silhouette Coefficient increases with the number of clusters and Davies-Bouldin decreases,
indicating technically better clustering results. An advantage of using GMM is the
absence of noise points in the results. However, this can also be perceived as a drawback,
as in certain markets, it may be appropriate to exclude markets from clusters if they
significantly differ from others. On the other hand, excluding a large part of the markets
(in some cases even more than half of the markets) could make the results unusable for

various applications.
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Figure 8.12.: Plot of various GMM runs with the number of clusters on the x-axis and
the internal validation metrics on the y-axis

8.7. Interpretation

Given that the number of global direct, non-directional airport markets is approximately
30,000, conducting an in-depth analysis on each cluster or even market is not possible.
There are various different techniques that can be used to make sense of the clustering

results.

Interpretable clustering is a more recent method aimed at better understanding cluster
formations. An option is to train a classification model on the cluster labels such as a
decision tree or a random forest classifier to obtain the feature importance values and
analyze them. Another approach is to use an explainable cluster algorithm such as
explainable K-means (this iteratively runs K-means and builds an explainable clustering
tree to better understand the cluster assignments) (H. Yang, Jiao and Pan 2021} Hu et al.
2024)). For this analysis, the first approach is used, training a random forest classification
model with 200 estimators on the refined features (without scaling, transformation or
reduction of the dimensions). The feature importance values for the GMM clustering
results for 10 and 500 clusters are created, see figures and The highest feature
importance value in both results is the mean capacity difference between a weekday,
and a day of the weekend. This suggests that schedule variability over the week is a

major factor. Interestingly, the feature with the second highest feature importance is the
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number of weeks with no capacity for the 10 clusters, reflecting seasonal services, while
for the 500 clusters it is the difference in annual temperature amplitude, representing
different climates. Although lower in the ranking, the physical distance still contributes
meaningfully, reflecting operational profiles (short-haul vs. long-haul markets). In terms
of additional characteristics, the two results have some common features, in a different
order, such as the weekly mean capacity, the standard deviation of the weekly capacity,
and the difference in the mean temperature in winter. However, the significance and
combination of these features differ substantially in the results of the clusters. This
outcome is to some extent expected, as markets grouped into fewer, larger clusters share
different similarities than markets grouped into many, smaller clusters. The interpretable

clustering approach aids domain experts in validating the clustering results (Hu et al.

2024).

Top 10 Feature Importance

capacity_difference_mean_weekday_weekend

number_of_weeks_with_zero_capacity
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diff_annual_amplitude

number_of airlines_market
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Figure 8.13.: Feature importance values for GMM clustering result with 10 clusters
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Top 10 Feature Importance
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Figure 8.14.: Feature importance values for GMM clustering result with 500 clusters

An alternative interpretation strategy involves analyzing cluster representatives directly
(centroids or medoids) (Park and Jun [2009). Given that the clustering results are based
on reduced components, this analysis is not ideal, since the reduced feature values lack
interpretability. Consequently, one might also calculate the medoids using the scaled and
transformed features (without reduction) for a more comprehensible analysis. However,
these medoids should be handled with caution, as they are not based on the same
features as clustering. An example table showcasing the cluster representatives for the
Gaussian Mixture Model result with 10 clusters is presented in table There are
only a small number of features due to limited space. These are selected based on the
importance of the features in the interpretable cluster analysis. The mean difference in
mean capacity between a weekday and a day if the weekend may serve as an indicator to
distinguish business-oriented routes from leisure-oriented ones. Positive values indicate
greater availability of services during weekdays, whereas negative values suggest increased
weekend service, typically associated with leisure travel. The year-round and seasonal

service can be distinguished by the number of weeks without capacity.
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Example of Representative Markets

Market Mean Weeks with Mean weekly GDP per
weekday-weekend zero capacity  capacity capita
capacity difference difference

(2023)

Marignane (MRS) — 110 0 9,459 0

Nantes Atlantique Airport

(NTE)

Bergamo/Orio Al Serio -70 0 2,116 13,922

(BGY) — Helsinki-Vantaa

(HEL)

Gdansk Lech Walesa 372 27 314 1,344

(GDN) — Dionisios

Solomos (ZTH)

Julius Nyerere 13 0 1,147 106

International (DAR) —

Lusaka Intl (LUN)

Bradley Intl (BDL) — 0 33 284 0

Northern Kentucky

International (CVG)

King Abdulaziz Intl 87 0 1,359 29,542

(JED) — Osmani

International (ZYL)

Nizhnevartovsk (NJC) — -3 0 1,611 0

Tolmachevo (OVB)

Goteborg-Landvetter -233 16 1,901 22,007

Airport (GOT) — Palma

de Mallorca (PMI)

Biju Patnaik (BBI) — -11 0 5,848 0

Chennai International

Airport (MAA)

Alicante Airport (ALC) -2 21 437 22,524

— Klagenfurt (KLU)

Table 8.2.: Representative markets (medoids) of the GMM clustering result with 10
clusters
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From a technical perspective, the cluster balance can also be an indication of the cluster
quality (D. Xu and Tian . Depending on the objective of the analysis, the desired
outcome might be evenly sized clusters. Many GMM cluster results have rather balanced
clusters, an example is the GMM result with 10 clusters (cluster counts: cluster
visualization: . The range for cluster sizes is between 1,000 and 5,000 markets. This
clustering result might be well-suited for further analysis towards market classification. It
is worth mentioning that highly imbalanced clusters can also be a reasonable result if
the underlying data actually contain these patterns, and very small clusters might reflect
niche market segments that contain valuable insights. An example of highly imbalanced
clusters is the HDBSCAN result with 4 clusters (cluster counts: cluster visualization:
. Here, there are two large clusters with roughly 13,000 markets, one smaller one with
almost 2,000 markets, and a tiny group with only 33.

Cluster Counts | Clusters: 10
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Figure 8.15.: GMM cluster counts with 10 clusters
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Figure 8.16.: HDBSCAN cluster counts with 4 clusters

Another idea is to select a few airport markets (or considering all markets linked to one
airport at a time). Visualization on a world map might be a helpful tool in this context,
as airport markets have a geographical focus, making them easier to interpret. Figure

[8:17 provides an example of such a visualization.

Depending on the size of the cluster, it is also possible to use the cluster label as a filter
on the world map. In figure the smallest cluster (7) of the GMM result with 10
clusters demonstrates this. It is clearly visible that around 1,200 markets are too many
to analyze in detail (especially because of the strong overlap). However, some patterns,

such as the strong focus on Europe and the east cost of North America, can be depicted.
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Market Clusters
o Cluster 0 (9)
o Cluster 1 (26)
o Cluster 2 (13)
Cluster 3 (84)
« Cluster 4 (0)
Cluster 5 (25)
o Cluster 6 (0)
Cluster 7 (16)
o Cluster 8 (2)
Cluster 9 (17)

Figure 8.17.: Visualization of clustering result for all airport markets in a world map that
either have their origin or destination in Vienna Airport (VIE); markets
are represented as lines (using great-circle distance); based on the GMM
clustering result with 10 clusters; visualized with Leaflet (OpenStreetMap
contributors)

Building on the idea of selecting a few airport markets, one potential approach is to
manually choose some markets of interest, and then plot the feature values in multiple bar
charts and to analyze why markets are in the same cluster (or why they are not). As an
example, 15 non-directional airport markets are selected that connect Vienna to different
places around the world (short-haul and long-haul markets, see list . Two of these
selected markets are in the cluster 0: TFS-VIE (Tenerife Airport to Vienna Airport),
and NRT-VIE (Narita Airport to Vienna Airport). As mentioned above, when analyzing
the values of the importance of features, the difference in the mean capacity between a
weekday and a day of the weekend is the main characteristic driving the segmentation
of the markets. For this feature, both TFS-VIE and NRT-VIE have very similar values
(8-19). Other features with similar values for TFS-VIE and NRT-VIE are the difference in
the number of hotels within 10 km and 50 km around the airport, the standard deviation
of the weekly capacity, the difference in GDP per capita (2023) and the difference in
elevation. This might indicate that both markets have a similar touristic interest, more

capacity on weekends, suggesting rather leisure-related travel. Looking at the feature
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Figure 8.18.: Visualization of clustering result for airport markets in a world map that
are part of the cluster 7; markets are represented as lines (using great-circle
distance); based on the GMM clustering result with 10 clusters; visualized
with Leaflet (OpenStreetMap contributors); Note: some markets are not
correctly visualized as this is a 2D visualization (for example, some lines go
across the continents instead of the Pacific Ocean)

values for the UMAP reduced components, all of them have similar values for TFS-VIE
and NRT-VIE but they cannot be interpreted. For more details, see the full feature
matrix for the selected markets in the appendix (A.4]).

capacity_difference_mean_weekday_weekend
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Figure 8.19.: Visualization of feature values for the mean capacity between a weekday

and a day of the weekend for manually selected markets related to Vienna
Airport; based on the GMM clustering result with 10 clusters
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8.8. Computational Time

The described interpretative methods offer a possible framework for conducting a more
detailed analysis of the clustering results. The primary aim of this thesis is to establish
technically significant clusters, with the comprehensive analysis intended for aviation

specialists.

8.8. Computational Time

The execution time is not a critical factor for this cluster analysis because clustering
tasks are usually not performed on a frequent basis, and computational duration is only
a secondary consideration. Nevertheless, an overview of the time required to achieve
clustering results can be useful. Completing the full clustering pipeline from feature
extraction and transformations to clustering and visualizing results, typically takes a few
minutes, depending on the chosen techniques and the cached intermediate results such
as the reduced features. The most computationally demanding steps are dimensionality
reduction and visualization, both typically handled using UMAP (PCA is a bit faster).
Generally, the clustering process itself is quite short, in the cases of a large number of

clusters (such as in some GMM scenarios), the process might take slightly longer.
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9. Conclusion

This thesis demonstrates how clustering can group over 30,000 airport-pair markets
worldwide using supply-side data (flight capacity, seasonality) in addition to demographic,
tourism, and climate features. Five different algorithms (K-means++, DBSCAN, HDBSCAN,
OPTICS and Gaussian Mixture Model) are compared with internal validation scores
and UMAP plots, revealing both balanced global segments and niche, imbalanced ones.
Different interpretation approaches are presented, via cluster representatives and feature
comparisons, world map visualizations, and a random forest classifier that highlights the

features that drive the market segmentation.

9.1. Discussion

The systematic evaluation of clustering techniques confirms that multiple algorithms can
yield technically sound market segmentation, but differ in cluster granularity and quality.
Regarding the primary research question " Which clustering technique(s) are effective for

segmenting aviation markets?", various aspects can be observed.

The best clustering result is obtained with 500 clusters and the Gaussian Mixture Model
(Silhouette Coefficient of 0.87, Davies-Bouldin Index of 0.2). Overall, the cluster results
using GMM yield relatively balanced clusters and achieved good internal validation scores
(for Silhouette Coefficient in the range between 0.55 and 0.87 and for Davies-Bouldin
Index between 0.7 and 0.2). GMM seems to be a strong choice for this dataset. Moreover,
soft cluster assignments have the potential to represent real market segments, particularly
in cases where markets are positioned near the decision boundaries separating clusters.
Based on previous work, expectation maximization approaches have been used in the
analysis of different aviation datasets (Zhou et al. 2020; Suh and Ryerson 2019).
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For density-based algorithms, clustering results usually fall into one of two distinct
categories: either a small number of clusters with minimal noise points, or numerous
clusters accompanied by a high number of noise points. HDBSCAN achieves the technically
best cluster results from the density-based algorithms. One result yields 4 clusters with
no noise points, a Silhouette Coeflicient of 0.68 and a Davies-Bouldin Index of 0.32.
In contrast, another configuration results in 773 clusters, accompanied by 15,000 noise
points, a Silhouette Coefficient of 0.75, and a Davies-Bouldin Index of 0.12. However, the
presence of these 15,000 unassigned markets is probably an issue for further analysis (as

roughly half of the markets are noise points).

Although the features are not spherically shaped, K-means achieves decent results in terms
of validation metrics (for 10 clusters, a Silhouette Coefficient of 0.66 and a Davies-Bouldin
Index of 0.49). One significant benefit of K-means is that it is widely known and easier
to understand compared to other algorithms. Moreover, centroids offer a straightforward
way to interpret the clusters, though it is important to note that a single data point
may not be a perfect representation of an entire cluster, particularly when clusters are
large and have irregular shapes. The results of the K-means clustering are to some
extent similar (more balanced than density-based clusters) to the GMM results, which is

expected because GMM generalizes K-means (Fraley and Raftery 2002).

Addressing the second research question " Can markets with growth potential be identified
through clustering results?", it can be concluded that supply-side clusters highlight
structural market differences, which can serve as indicators of growth opportunities.
However, without direct demand or fare data, definitive identification of growth markets
remains speculative. Consequently, these clustering results can help find market opportunities

when combined with granular demand data.

9.2. Limitations

An essential aspect of cluster analysis is its objective. Based on this, different data
sources, features, data transformations, and clustering techniques are more or less suitable.
For example, in the application area of market opportunity identification, potentially
a higher number of clusters is desirable, whereas in the case of market classification, a

smaller, manageable number of clusters is more useful. In particular, the choice of data
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sources and features has a significant impact on the clustering results and, therefore,
requires careful consideration. When dealing with a relatively complex aviation dataset,
selecting an appropriate method for dimensionality reduction and a suitable visualization
technique to display the results are crucial components to achieve effective clustering
results. One of the primary difficulties encountered in this thesis arises from the fact
that minor adjustments in the features or parameter settings of the techniques used can
result in substantially different outcomes and feature representations. Furthermore, the
ambiguous nature of clustering, coupled with the challenges of interpreting and validating

clusters, makes the analysis even more complex.

Data Completeness and Granularity

Global features (such as population, GDP per capita) are at the country level. Especially
for large countries, demographic aspects such as population can vary considerably across
different airports and areas. Hotel counts from OpenStreetMap vary in completeness
across regions. In addition, point of interest and business-related attributes could improve

the clustering results.

Absence of Demand Data
The lack of fare and passenger data limits direct assessment of the growth potential of

markets.

Catchment Area Simplification
Markets are defined strictly as airport-pairs, ignoring traveler origination within broader

regions (door-to-door perspective as described by J. Mandel and B. Mandel [2021)).

Algorithm Sensitivity
Small hyperparameter changes can yield substantially different clusters and feature

representations.

Clustering Constraints

Applying and analyzing hierarchical clustering on 30,000 markets is infeasible.

Non-directional Markets

As a simplification, directional markets are consolidated to non-directional markets (for
example, VIE-FRA and FRA-VIE to FRA-VIE) because of the lack of features that can
distinguish the markets properly.
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9.3. Future Directions

Building on the findings of this thesis, the following areas for future research directions

are recommended:

Clustering on a More Detailed Subset of the Data
Running the clustering on an airline-specific subset of the data, desirably extended with
demand data in combination with hierarchical clustering is an interesting direction for

the application of clustering on aviation data.

Refined Catchment Modeling, OD markets

Focusing exclusively on airport pairs overlooks potential details. It might be more
insightful to concentrate on cities and regions by considering catchment areas, such
as identifying all airports within London as components of London’s catchment. This
approach emphasizes the actual origins and destinations of passenger journeys. Moreover,
at present, the focus is solely on direct markets, derived from the provided flight schedule.
By incorporating single and double connections, the analysis can more effectively capture

origin-destination markets and the network structure.

Focus on Time Series Features
Instead of only focusing on the data of one year such as the flight schedule of 2024 or
the GDP per capita of 2023, deriving features that capture the change over time such as

capacity growth can yield interesting insights.

Network Characteristics and Graph-based Methods

Centrality measures such as degree and betweenness provide more information on the
structure of the aviation network, such as highly interconnected airport hubs and regions.
By integrating these metrics with existing market attributes and graph-based techniques

such as spectral clustering, this strategy can improve clustering results.
Interpretable Clustering Methods

Evaluation of other interpretable clustering techniques such as explainable K-Means

variants (Hu et al. 2024) can provide more information for interpretation.
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Deep Clustering
Implementation and exploration of more recent deep clustering approaches, such as
autoencoder-based embedding models, can offer enhanced non-linear representations by

also optimizing feature extraction and cluster assignment objectives (Wei et al. 2024).

Expert Interpretation and Validation
Combining internal metrics with qualitative assessments from aviation experts can provide

more information on the quality of the cluster results.

9.4. Practical Implications and Final Remarks

The practical value of clustering aviation markets is based on clear objectives, high-quality
data, domain expertise, and iterative experimentation. While clustering of 30,000 global
non-directional markets is feasible, interpretation poses the greatest challenge. Ultimately,
clustering provides a structural framework for market segmentation. These market groups
can help airlines and airports prioritize route development, benchmark markets, and
allocate resources. Adding demand data and more interpretable methods would make the
approach even more powerful. Successful implementation depends on selecting suitable
features, adjusting methodological decisions, and ensuring that the results are in harmony

with the intended objectives.
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A. Appendix

The appendix includes additional visualizations of the data exploration phase, more
details on the experimental clustering runs, additional information on the interpretation

of the clustering results, and also a reference to the code.

A.1. Data Exploration

A.1.1. YData Profiling Report

The YData profiling report is in the directory that contains the code.
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A. Appendix

A.1.2. Correlation Matrix Initial Features

The following correlation matrices are barely visible in terms of the feature correlations.
However, they illustrate the number of highly correlated features. This feature version is

referred to as "Temp/Cap wide".
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Figure A.1.: Correlation matrix of initial features
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A.1. Data Exploration

A.1.3. Correlation Matrix Intermediate Features

This version has statistically derived variables for temperature and capacity, but uses

airport-related features instead of the differences (as in the refined feature list). This

feature version is referred to as "Temp/Cap v2". Another intermediate feature version

("Temp/Cap PCA") applies PCA block-wise (meaning on the capacity and temperature

features individually).
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A.1.4. Scatterplot Matrix of Refined Featu
_tygﬁf}hngL;gLL

:wkwguuh@waé%

Figure A.3.: Scatterplot matrix of r
relationships, mostly no

106



A.2. Clustering

A.2.1. Experimental Clustering Runs

Algorithm

K-Means

K-Means

K-Means

K-Means

K-Means

DBSCAN

DBSCAN

DBSCAN

DBSCAN

DBSCAN

A.2. Clustering

Experimental Clustering Runs (Part 1)

Clusters

10

15

15

21

Noise Points

Index
0 0.10 | 2.46
0 0.17 [ 1.33
0 0.20 | 1.38
0 0.72 | 0.39
10 0.89 | 0.30
349 0.61 | 1.30
247 0.63 | 1.17
2,461 0.48 | 0.58

Silhouette | DB

Settings

Temp/Cap v2, Autoencoder,
standard scaling, k =7

Temp/Cap wide, no DR,
standard scaling, k = 10

Temp/Cap wide, PCA,
standard scaling, k = 15

UMAP (10 dims),
Yeo—Johnson, robust scaling,
k=15

Temp/Cap PCA (90% var.),
standard scaling, ¢ = 25,
minPts=34

Temp/Cap v2, PCA (90%
var.), standard scaling, ¢ = 8,
minPts=25

UMAP (10 dims),
Yeo—Johnson, robust scaling,
e = 0.75, minPts=20

UMAP (10 dims),
Yeo—Johnson, robust scaling,
e = 0.50, minPts=15

DB Index ... Davies—Bouldin index; &k denotes number of clusters/components; e and minPts (for
DBSCAN) are shown under “Settings”

Table A.1.: Summary of detailed clustering runs across algorithms (first part).
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A. Appendix

Experimental Clustering Runs (Part 2)

Algorithm Clusters
OPTICS

OPTICS 266
HDBSCAN

HDBSCAN 773

HDBSCAN 4

HDBSCAN 13

HDBSCAN 12

HDBSCAN 152

Gaussian Mixture Model

GMM 7
GMM 25
GMM 50
GMM 300
GMM 500

Noise Points

23,637

14,958

622

678

18,625

Silhouette } DB

Index

0.05 ] 0.16

0.75 | 0.12

0.68 | 0.31

0.65 | 0.24

0.64 | 0.25

0.63 | 0.19

0.02 | 2.51

0.74 | 0.41

0.76 | 0.44

0.85 | 0.23

0.87 | 0.20

Settings

UMAP (10 dims), minimum
samples=10, £ = 0.05

no power transform, UMAP
(10 dims), minimum cluster
size=5, method=eom

Yeo—Johnson, robust scaling,
UMAP (15 dims), minimum
cluster size=20, method=eom

Yeo—Johnson, robust scaling,
UMAP (8 dims), minimum
cluster size=20, method=eom

Yeo—Johnson, robust scaling,
UMAP (5 dims), minimum
cluster size=20, method=eom

no power transform, UMAP
(10 dims), minimum cluster
size=20, method=leaf

PCA (10 dims), Yeo—Johnson,
robust scaling, k =7

UMAP (10 dims),
Yeo—Johnson, robust scaling,
k=25

UMAP (10 dims),
Yeo—Johnson, robust scaling,
k=250

UMAP (10 dims),
Yeo—Johnson, robust scaling,
k =300

UMAP (10 dims),
Yeo—Johnson, robust scaling,
k =500

min_samples/¢ (for OPTICS) and minimum cluster size/method (for HDBSCAN) are shown
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A.3. Interpretation of Clustering

A.3. Interpretation of Clustering

A.3.1. Manually Selected Airports Related to Vienna Airport

This list of manually selected airports is used for cluster interpretation purposes.
e Frankfurt am Main Airport (FRA) <> Vienna International Airport (VIE)
e Munich Airport (MUC) « VIE
e London Heathrow Airport (LHR) <> VIE
e Paris-Charles de Gaulle Airport (CDG) <> VIE
e Cristiano Ronaldo Madeira International Airport (FNC) < VIE
o Tenerife South-Reina Sofia Airport (TFS) < VIE
o Adolfo Suarez Madrid-Barajas Airport (MAD) « VIE
e Palma de Mallorca Airport (PMI) <> VIE
e John F. Kennedy International Airport (JFK) < VIE
e Los Angeles International Airport (LAX) < VIE
e Chicago O’Hare International Airport (ORD) «» VIE
e Tokyo Haneda Airport (HND) « VIE
e Narita International Airport (NRT) <» VIE
e Beijing Capital International Airport (PEK) «» VIE
e Dubai International Airport (DXB) «» VIE

e Istanbul Airport (IST) < VIE
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A. Appendix

A.3.2. Feature Matrix of Manually Selected Airports Related to Vienna
Airport
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Figure A.4.: Visualization of feature bar charts of refined features and UMAP reduced
components for manually selected markets related to Vienna Airport; based
on the GMM clustering result with 10 clusters

A.4. Code

A detailed description of the code structure can be found in the README.md file (within
the code directory). Additionally, there are even more clustering results in the results
folder in the code directory than mentioned in the thesis. Most of them are used to find

suitable parameters.
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