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Abstract

Non-communicable chronic inflammatory skin diseases (ncISDs) present significant
challenges in terms of diagnosis and treatment due to their complex underlying mech-
anisms and overlapping clinical presentations. Precision medicine has the potential to
improve patient outcomes, as conventional diagnostics based on clinical phenotypes
often lack specificity and are insufficient for reliably predicting therapy response. While
emerging strategies have categorised diseases by immune response patterns and employed
biomarkers to predict diagnoses, these methods often remain limited in granularity and
specificity, challenging their ability to accurately predict drug response and refine patient
stratification. To address these challenges, I present a hypothesis-free patient stratification
approach using bulk RNA-sequencing data from a diverse set of ncISDs, linking specific
groups to drug targets. I further demonstrate the potential of spatial transcriptomics
and single-cell RNA sequencing to enhance the understanding of disease mechanisms.
These findings support the development of tailored treatment options, advancing precision
medicine in ncISDs.

In this thesis, the hypothesis-free patient stratification framework, including an auto-
mated gene selection pipeline, stratified 23 ncISDs into 13 endotypes. Their relevance
was confirmed by the association of clinical phenotypes and biological processes, with
metabolism and inflammation identified as primary differentiating features. Moreover, I
hypothesised an association between specific endotype groups and drug response, utilising
data from 34 psoriasis patients treated with IL - 23, IL - 17, or TNF -α inhibitors. The
association exhibited certain trends that require further validation in larger cohorts. Using
my feature selection method, GeneSTRIVE, I identified potential biomarkers and created
gene-expression-based classifiers, which were validated using an independent cohort. To
further explore disease mechanisms, I used spatial and single-cell transcriptomics data
of the most prevalent ncISDs, focusing on the expression patterns of disease-driving
cytokines within the skin. I also developed a density-based clustering algorithm, revealing
that small amounts of these cytokine transcripts induce thousands of specific immune
response transcripts in their vicinity, thereby initiating an inflammatory amplification
cascade.

This thesis improves the understanding of ncISDs by leveraging bulk, single-cell, and spatial
transcriptomics data and introducing new computational methodologies. Moreover, it
establishes a foundation for precision medicine by identifying endotypes and potential
biomarkers.





Zusammenfassung

Nicht-übertragbare, chronisch-entzündliche Hauterkrankungen (ncISDs) stellen aufgrund
des begrenzten Verständnisses ihrer Mechanismen und der überschneidenden Krankheits-
bilder eine Herausforderung in Diagnose und Behandlung dar. Die Präzisionsmedizin hat
das Potenzial, die Behandlungsergebnisse zu verbessern, da die konventionelle Diagnostik
auf klinischen Phänotypen oft nicht spezifisch genug ist, um das Therapieansprechen
zuverlässig vorherzusagen. Aktuelle diagnostische Ansätze streben eine weitergehende
Einteilung der Erkrankungen an, indem sie Immunantwortprofile und Biomarker verwen-
den. Diese wurden jedoch auf Grundlage klinischer Diagnosen identifiziert, wodurch die
komplexen biologischen Mechanismen der ncISDs nur unzureichend abgebildet werden.
Zur Lösung dieser Herausforderungen präsentiere ich einen hypothesefreien Ansatz zur
Patienteneinteilung auf Basis von Bulk RNA-Sequenzierungsdaten zahlreicher ncISDs.
Zudem zeige ich das Potenzial von räumlichen und Einzelzell-Transkriptomdaten, um die
Krankheitsmechanismen besser zu verstehen. Diese Ergebnisse tragen zur Entwicklung
verbesserter Behandlungsansätze und zur Förderung der Präzisionsmedizin in ncISDs bei.

Ich verwendete einen hypothesefreien Stratifizierungsansatz mit einer automatisierten
Gen-Selektions-Pipeline, um 23 ncISDs in 13 Endotypen zu gruppieren. Ihre Relevanz
wurde durch die Assoziation von klinischen Phänotypen und biologischen Prozessen
bestätigt, wobei Metabolismus und Entzündung als Hauptunterscheidungsmerkmale iden-
tifiziert wurden. Zudem stellte ich die Hypothese einer Assoziation zwischen spezifischen
Endotyp-Gruppen und dem Therapieansprechen auf. Diese basierte auf Daten von 34

Psoriasis Patienten, die mit IL - 23, IL - 17 oder TNF -α Inhibitoren behandelt wurden. Die
Assoziation zeigte Trends, die einer weiteren Validierung in größeren Kohorten bedürfen.
Mit meiner Gen-Selektions-Methode GeneSTRIVE identifizierte ich potenzielle Biomarker
und erstellte Klassifikatoren, die an einer unabhängigen Kohorte validiert wurden. Zur
weiteren Untersuchung der Krankheitsmechanismen, nutzte ich räumliche und Einzelzell-
Transkriptomdaten der häufigsten ncISDs und analysierte die Expressionsmuster von
krankheitsfördernden Zytokinen in der Haut. Zudem entwickelte ich einen dichte-basierten
Clustering Algorithmus, der zeigte, dass geringe Mengen dieser Zytokin-Transkripte spe-
zifische Immunantworten induzieren und eine entzündliche Amplifikationskaskade auslösen.

Diese Dissertation verbessert das Verständnis von ncISDs durch die Nutzung von Bulk-,
Einzelzell- und räumlicher Transkriptomdaten und die Einführung neuer Methoden. Dar-
über hinaus schafft sie eine Grundlage für die Präzisionsmedizin durch die Identifizierung
von Endotypen und potenziellen Biomarkern.
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Chapter 1

Introduction

Almost one fourth of the world’s population suffers from severe skin conditions that extend
beyond physical discomfort [Uji+22]. These non-communicable chronic inflammatory
skin diseases (ncISDs) cause severe symptoms and can be accompanied by comorbidities
such as depression, cardiovascular diseases, asthma, and allergies, significantly affecting
quality of life and daily activities [Dal+15] [Boe+12] [Cve+06] [Gis+23] [Uji+22]. Current
diagnostics and therapies, based on clinical pictures, amnesia and histological assessments,
often often fail to account for disease heterogeneity, resulting in varied responses to
treatment and increased patient suffering [Nai+21]. Thus, there is an urgent need for
enhanced patient stratification and tailored treatments.

One promising approach to address these challenges in diagnosing and treating ncISDs is
precision medicine, which pioneered in oncology and has transformed modern diagnostics
[Men00] [Men13] [Lan21]. Precision medicine involves tailoring treatment strategies to
individual patients based on comprehensive data collected from various sources, including
genetic, environmental, and lifestyle factors [Cou+11] [MG16] [Kön+17]. This concept
aims to provide effective treatments and minimise adverse effects, leading to improved
patient outcomes. In this thesis, I propose strategies to realise precision medicine in ncISDs.

A related strategy to precision medicine is drug repurposing. It involves applying
approved drugs to other diseases, thereby reducing costs and being also applicable to
individual patients or to subpopulations with common characteristics or biomarkers
[MG16] [Bon+21]. Drug repurposing can be particularly beneficial for individuals or
subpopulations characterised by common traits or shared biomarkers, allowing for targeted
interventions based on known efficacy. Associating specific patient groups with approved
drugs thus further supports the implementation of precision medicine in ncISDs.

Biomarkers play a crucial role in precision medicine and drug repurposing, serving as
diagnostic, prognostic, or predictive indicators. Diagnostic biomarkers confirm disease
presence, prognostic biomarkers predict disease course, and predictive biomarkers forecast
treatment responses [Lit19]. They are especially valuable for differentiating patients with
overlapping entities [Kön+17]. Thus, biomarkers are essential in precision medicine to
enable more nuanced patient stratification and optimise treatment.

1



1.1. SKIN ANATOMY AND ITS ROLE

Implementing precision medicine in ncISDs requires a deep understanding of underlying
disease mechanisms, achievable through advanced data analysis, next generation sequenc-
ing (NGS), and artificial intelligence (AI)/machine learning (ML) [Nai+21]. Over the past
few decades, increased computing power and storage capacity have led to the collection of
data from a variety of sources, such as transcriptomics data and electronic health records.
High-throughput NGS facilitates the study of transcriptomics, and ML enables to build
customised models tailored to the underlying disease biology. Thus, advanced data tools
and analytical approaches are essential to drive precision medicine in ncISDs.

One step towards precision medicine in ncISDs was accomplished by stratifying skin
conditions based on their common immune response characteristics [EE18]. This ap-
proach is also known as stratified medicine, which refines patient group stratification
and association of drug targets to each group [Kön+17]. However, this approach still
relies on the subjective clinical phenotyping of patients and lacks robust biomarkers,
granularity, and specificity. New approaches are needed, such as stratifying patients
into endotypes by integrating clinical phenotypes and transcriptomics [AA+19]. They
have already been identified in several diseases, including asthma [AA+19], tuberculosis
[DiN+22], COVID-19 [Ran+21], and idiopathic pulmonary fibrosis [Kra+23b]. Study-
ing endotypes can provide a more precise clinical and biological picture, enabling the
identification of robust biomarkers and potentially advancing precision medicine in ncISDs.

This thesis aims to contribute to the advancement of precision medicine in ncISDs by pre-
senting methods and biological insights that are gained through the integration of clinical
phenotyping and genetic material. Groups with similar transcriptomics profiles (endo-
types) are created and analysed. I use ML models to predict selected endotypes, which
I hypothesise to be associated with drug response, thereby offering a glimpse of precision
medicine. In addition, I provide new insights in the immune response of ncISDs using the
spatial transcriptomics (ST) technology, Visium by 10x Genomics, to explore the landscape
of ncISDs.

1.1 Skin anatomy and its role

The skin is the largest organ of the body and functions as a crucial barrier with complex
biological mechanisms that are not yet fully understood. It serves as physical, chemical,
and immunological barrier, protecting the body against UV light, loss of moisture, and
regulates the body temperature [EE18]. As the outermost part of the human body, the
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skin is constantly challenged by environmental factors and thus, acts as the first line of
defence. The skin itself is a complex system with a well understood anatomical structure,
while the biological mechanisms remain to be elucidated. In ncISDs, the primary focus is
on deciphering and characterising the skin’s intricate biological functions and their role in
disease manifestation.

The skin is composed of a variety of cell types, which are the smallest living units and
fulfil distinct roles that support the skin’s functions, including repair and immune defence.
Cell types such as keratinocytes (KCs), Langerhans cells (LCs), melanocytes, fibroblasts,
Dendritic cells (DCs), macrophages (Macs), and immune cells (Figure 1.1 a), collectively
fulfil the roles of protectors, regulators and communicators, thereby maintaining skin health
[YAS17]. Each cell type is characterised by a unique set of expressed genes and micro-
environmental influences that define its phenotype. Both factors determine a cell’s function,
structure, and role within biological processes [Zen22]. In the context of ncISDs, studying
the composition and interactions of these different cell types is essential to understanding
how cell organisation, communication, and regulation contribute to disease pathogenesis.
Comparing cell type composition across different skin conditions can provide insights into
the mechanisms underlying various skin disorders.

1.1.1 Skin structure and layers

The skin is composed of three primary tissue layers, i.e. the epidermis, dermis, and
hypodermis. Each layer performs specific functions essential for maintaining skin integrity,
protection, and overall homeostasis (Figure 1.1 b). The following sections provide a
detailed examination of the epidermis and dermis.

The epidermis, the outermost layer of the skin (Figure 1.1 b), serves as the primary protec-
tive barrier, formed and maintained through a well-regulated process of KC proliferation
and differentiation. KCs are a type of cell that constitute the majority of the epidermis.
The epidermis consists of four to five sublayers: stratum corneum, stratum lucidum (only
in certain parts of the body), stratum granulosum, stratum spinosum, stratum basale
[YAS17]. In this thesis, these layers are grouped as follows. The stratum corneum is re-
ferred to as upper epidermis, the stratum lucidum, stratum granulosum, stratum spinosum,
are combined and referred to as middle epidermis. The deepest epidermal layer, the stra-
tum basale, is referred to as the basal epidermis. Subsequent analyses in chapter 5 focus
on complex mechanisms within these epidermal layers and the dermis relevant to the most
common ncISDs.
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Figure 1.1: Structure and cell type composition of healthy human skin. a)
Main cell types in the skin, including those in the epidermis (KCs, melanocytes, LCs,
and resident memory T - cells (TRM - cells)) and in the dermis (fibroblasts, DCs, Macs,
mast cells, natural killer cells (NKs), innate lymphoid cells (ILCs), and T-cells such as
T-helper (Th), cytotoxic T - cell (Tc cell), and TRM - cells). Immune cells are T-cells,
LCs, DCs, Macs, mast cells, NKs, and ILCs. b) Diagram showing the skin layers and
associated structures. The skin is comprised of three main layers, i.e. epidermis, dermis,
and hypodermis. The epidermis is further divided into upper, middle, and basal layers.
The skin also contains other components such as hairs, sebaceous glands, sweat glands,
lymph ducts, and blood vessels. Figure adapted from [Akh+22] and [Kab+19].

The upper epidermis is the outermost skin layer, acting as the first line of physical and
immune defence against environmental factors and is the thickest layer of the epidermis.
It is primarily composed of terminally differentiated KCs, termed corneocytes, which
form the cornified envelope, a structure critical for maintaining skin integrity [CSM05].
This layer continually sheds dead cells, a process balanced by cell production in the basal
layer to maintain skin homeostasis. This process is also known as keratinization (or
cornification), a form of programmed cell death of the KCs [Gal+18]. Malfunctioning
during keratinization can lead to skin disorders, such as ncISDs, marked by, e.g., hyper-
proliferation, parakeratosis, hyperkeratosis, and chronic wounds [Kom+22] [Sto+08]. As
the skin’s primary defence, the upper epidermis plays a key role in maintaining barrier
integrity and can involve dysfunctions that manifest in ncISDs.

The middle epidermis comprises layers where KCs are in intermediate stages of dif-
ferentiation. As KCs migrate towards the upper epidermis, they gradually lose their
nuclei and acquire properties that prepare them for barrier formation. Additionally,
this layer contains antigen presenting cells (APCs) that play a role in immune defence
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(Section 1.1.2.1) [Mar+18]. The middle epidermis is a transitional layer crucial for
preparing KCs for barrier function and initiating immune responses.

The basal epidermis is the deepest epidermal layer and is relatively thin compared to the
upper and middle epidermis. Amongst its resident cell types are basal cells (precursors
of KCs), melanocytes, Merkel cells, and T-cells [YAS17] [NS19]. Basal cells proliferate
(multiply through cell division) and differentiate (specialise) into KCs thereby migrating
upwards through the middle epidermis. Upon reaching the upper epidermis, these KCs
eventually differentiate into corneocytes, thereby completing their lifecycle [CSM05].
The basal epidermis is a proliferative zone that replenishes the epidermis, forming the
foundation for continual skin renewal.

The dermis, located beneath the epidermis, is a complex tissue layer with diverse cell
types and functions (Figure 1.1). In comparison to the simply structured and densely
packed epidermis, the dermis is more loosely organised and provides structural support
and elasticity to the skin [AMP17] [NS19]. It is composed of various cell types such
as DCs, Macs, mast cells, NKs, T-cells, ILCs, and fibroblasts [AMP17] [NS19]. The
dermis is also characterised by an extracellular matrix (ECM), a network made of blood
vessels and lymph ducts, enabling cell migration. The ECM is responsible for skin
elasticity and strength, which is regulated by collagen formation produced by fibroblasts
[Kab+19]. The dermis also contains skin appendage such as hair, muscles, and glands
[HKS22] (Figure 1.1 b). They regulate the body temperature, skin dryness, and prevent
sun damages [Kab+19]. In summary, the dermis provides structural integrity, supports
immune functions, and contains appendages that contribute to essential physiological roles.

The hypodermis, the innermost layer, lies beneath the dermis and is composed of blood
vessels, connective tissue and mainly adipose tissue (Figure 1.1 b). This layer prevents
heat loss and connects the skin to the underlying fascia surrounding the muscles [YAS17]
[NS19]. Together with the dermis, the hypodermis is essential for skin functioning,
providing structure, elasticity, and interconnectivity to deeper tissues.

This thesis investigates the skin in two complementary ways. In Chapter 3 and 4, I analyse
the skin as a whole, thereby focusing on general biological disease mechanisms. While in
Chapter 5, I analyse the skin layers, focusing on spatial expression patterns of cells involved
in the immune response. This approach of analysing general and spatial aspects of the skin
supports a comprehensive understanding of the pathophysiology of ncISD.
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1.1.2 Role as immune organ

The immune system is divided into two lines of defence: the innate and adaptive immunity
(Figure 1.2). The former is activated first and provides a rapid, unspecific response to
internal or external trigger mechanisms, while the latter is a secondary targeted response
activated by the innate immune system. It is a slow but highly specific response to the
threat, with the ability to memorise and thus provide a more effective immune response
against the recurring threat [Mar+18]. Together, the innate and adaptive systems create
a robust defence against diverse threats, with innate immunity serving as the rapid initial
response and adaptive immunity providing targeted, long-term protection.

The cutaneous immune system belongs to both innate and adaptive immunity, acting as
the skin’s specific immune defence. It serves as the body’s first line of defence against
external influences and threats, such as pathogens, through a combination of chemical,
physical, and immune barriers composed of both immune and non-immune cells [NS19].
Dysfunction of the immune system can cause inflammatory disorders, autoimmune dis-
eases, immunodeficiency disorders, and hypersensitivity reactions [Mar+18]. In essence,
the cutaneous immune system is essential for host defence and disease prevention.

The upper epidermis has specific roles and components to protect the skin. As a physical
and chemical barrier, it consists primarily of corneocytes and biomolecules Biomolecules,
such as antimicrobial peptides (AMPs) and lipids, are secreted by e.g., KCs, DCs, fibrob-
lasts, and skin appendages (e.g., sebaceous glands) on the skin surface [NS19]. These
biomolecules, together with corneocytes, prevent the penetration of foreign substances,
help retain moisture, and unicellular organisms to settle down and grow uncontrollably
on the skin [NS19]. Additionally, AMPs have immunological functions such as regulating
the immune response and inflammation [Zha+22a] [DMSC23] [CA16]. This indicates that
the upper epidermis also belongs to the immune barrier, which involves the entire skin,
i.e. the epidermis and dermis [Zha+22a]. Thus, the upper epidermis serves as protective
barrier by maintaining the skin’s integrity and defending against external threats.

Immune cells are part of the immune barrier and originate from hematopoietic stem cells in
the bone marrow (Figure 1.2) [She+23]. These stem cells differentiate into red and white
blood cells, which have immunological functions. White blood cells or leukocytes are found
in the blood and lymph nodes. In contrast to the red blood cells, white blood cells are
precursors of immune cells [She+23]. White blood cells differentiate into functional immune
cells such as Granulocytes (e.g., Neutrophils), Monocytes (DCs, Macs), and Lymphocytes
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Figure 1.2: Lineage tree of immune cells. The hematopoietic stem cells differentiate
into either myeloid or lymphoid progenitors, which are types of white blood cells. Upon
activation, white blood cells or leukocytes differentiate into specific immune cells, which
belong to the innate or adaptive immune response. Innate immune cells become first acti-
vated and assist in activating the cells of the adaptive immune response by, e.g., presenting
specific antigens. While cells of the adaptive immunity provide a more specific response.
Figure adapted from [Mur20].

(T-cells, B-cells, NKs) (Figure 1.2) [She+23] [Mur20]. Each of them fulfils a specific
function in the immune response. Summarising, differentiated hematocytes, KCs, and
fibroblasts are all components of the innate and/or adaptive immune system, jointly acting
against external threats in the skin.

1.1.2.1 Cells of the innate immune response

The cells of the innate immune system are important in the skin’s initial defence
mechanisms and regulation of immune responses. The skin consists out of a variety of
innate and adaptive immune cells [Zha+22a]. Innate immune cells, together with KCs,
build the first layer of defence. Identifying and characterising these cell types in single-cell
RNA-sequencing (scRNA-seq) and ST analyses allows for a deeper understanding of
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cell-type-specific gene expression patterns, cellular interactions and spatial organisation
within the skin. Knowing cells involved in the immune system is essential for studying
their contributions to inflammation and immune response in ncISDs.

KCs are the most abundant cell type in the epidermis, being key players in wound
healing and immune response [NL21]. In response to an external trigger (e.g., injury
or pathogens), they initiate inflammation cascades by accumulating neutrophils and
activating skin resident T-cells [Orl+20]. They achieve this by expressing and secreting
messenger molecules such as pro-inflammatory cytokines (e.g., IL - 36, IL - 1β, IL - 8,
TNF -α), chemokines (e.g., CXCL8, CXCL10), and AMPs (e.g., S100 family) thus
enabling them to interact with immune cells of the innate and adaptive immune system
[CVS20] [Zha+22a] [Orl+20]. The activated immune cells produce cytokines, which in
turn act on the KCs, thereby inducing a vicious cycle of inflammation in ncISDs [SEG21].
Moreover, precursors cells of KCs have been found to acquire an inflammatory memory
during inflammation allowing for an enhanced immune response in the future [Nai+17]
[Lar+21]. Thus, investigating the influence of KCs in skin disorders can reveal potential
therapeutic targets to mitigate hyperinflammatory cycles.

LCs, epidermal-resident Macs with a DC-like phenotype, belong to the family of APCs,
playing a pivotal role in the interaction between innate and adaptive immunity [PB06]
[Kab+19] [Mar+18]. They continuously scan the surface of the skin for antigens. Upon
the detection of an antigen, LCs present it to epidermal resident T-cells, thereby initiating
a local immune response [CVS20] [Kab+19]. They can also migrate to the lymph nodes,
triggering an immune cascade [PB06]. As primary APCs in the epidermis, understanding
LCs expression profiles under various conditions can reveal how they contribute to
persistent inflammation or immune tolerance.

The dermis hosts diverse structural and immune cells essential for skin defence and
immune regulation. Fibroblasts detect pathogens and produce regulatory cytokines
(e.g., IL - 10) that suppress T-cell proliferation [CVS20]. DCs and macrophages, such
as LCs, function as APCs in the dermis, with macrophages also playing healing and
anti-inflammatory roles [CVS20]. ILCs become more abundant in inflammation and
differentiate based on immune response type, secreting cytokines such as IFN - γ, IL - 4,
and IL - 17A [Mar+18] [Zha+22a]. Mast cells contribute to homeostatic immunity and
are linked to atopic reactions, itching, and rashes [GT10]. Thus, dermis-resident cells are
vital for pathogen detection, immune modulation, and homeostasis.
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This thesis analyses the transcriptional profiles of these diverse innate immune cells using
scRNA-seq and ST, enabling to identify the spatial relationships and molecular signatures
unique to a cell type within the skin. This approach is important for investigating the
cellular mechanisms underlying immune regulation and dysfunction, contributing to a more
comprehensive understanding of ncISDs and providing insights for more targeted therapies.

1.1.2.2 Cells of the adaptive immune response

The innate immune system provides a rapid but unspecific defence, which may be
insufficient against some pathogens. In contrast, the adaptive immune system learns,
adapts, and remembers antigens, enabling a more targeted response [Mar+18]. Its
activation is triggered by signals from the innate immune system, such as cytokines,
cell-cell interactions, and antigen presentation, leading to a specific immune response by
T-cells and B-cells [Mar+18].

In the lymph node, naïve T-cells become activated by an APC and begin to proliferate.
Depending on the presented antigen by the APC and surrounding cytokine composition,
these naïve T-cells differentiate into specific effector T-cells, i.e. Tc cells (CD8+ cells) or
Th cells (CD4+ cells) (Figure 1.2) [Mar+18]. These circulate throughout the body and
infiltrate various tissues, including the skin, where they perform their effector function
upon encountering their antigen. Tc cells eliminate target cells, such as foreign or cancer
cells, while Th cells coordinate the immune response. Both Th cells and Tc cells are
integral to immune responses in ncISDs and are further investigated in Chapter 5.

Six main types of Th cell subsets have been identified to date: Th1, Th2, Th17, T
regulatory cell (Treg), follicular Th cells, and Th22 [ZZ20] [Eye+09]. These subsets
including both Tc cells and Th cells contribute to distinct types of immune responses. For
instance, Tc/Th1, Tc/Th2, and Tc/Th17 cells participate in type 1, type 2 and type 3
immune response, respectively. They are characterised by their cytokine expression. Type
1 is associated with the expression of IFN - γ, type 2 with IL - 4/IL - 13, and type 3 with
IL - 17/IL - 22 [Mar+18] [ARR15]. The type 1 to type 3 T-cell subsets are associated with
specific ncISDs [EE18] [Mar+18] (Section 1.2.2) and will be further examined in Chapter 5.

In general, Th cells have many functions. For instance, during an immune response, Th1
cells trigger the ability of macrophages to fight bacteria and boost immunity, while Th2
cells activate mast cells. Th17 cells are, for example, responsible for combating external
pathogens and regulating inflammatory responses [Mar+18]. In addition, defect Th1, Th2,
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and Th17 responses are associated with distinct immune disorders such as autoimmune
diseases, atopic conditions, and chronic disorders, respectively [Mar+18].

After neutralising the threat, the majority of T-cells undergo apoptosis, with only a few
remaining in the skin. Those serve as TRM - cells and recall immune responses to the
specific antigen, thereby enabling a specific and rapid immune reaction upon re-exposure
to the same antigen [NS19]. By maintaining this immunological memory, TRM - cells
are essential in eliminating invaders, coordinating the immune response, and long-term
immunity. Dysfunctions in these processes are associated with various immune disorders.

B-cells (Figure 1.2), part of the adaptive immune system, produce antibodies to target
specific antigens. In contrast to T-cells, B-cells can directly capture antigens via B-cell
receptors on their surface, leading to their activation [Mar+18]. B-cells also act as APCs,
presenting antigens to T-cells. Cytokines from Th cells promote B-cell proliferation
and differentiation into plasma cells, which produce antibodies, or memory B-cells,
which provide rapid protection against future infections [IK24]. B-cells are involved in
ncISDs such as atopic eczema, where they are found in the dermis [Sim+08] [NS19].
Thus, B-cells contribute to antibody production, long-term immunity, and immune defence.

Both, T-cells and B-cells, are essential to adaptive immunity. Antigen-specific T-cells
assist in either eliminating (Tc cell cells) invaders or coordinating (Th cells) the immune
response. B-cells are initially activated by capturing antigens with their B-cell receptor and
are further stimulated through cytokine signalling of Th cells. This leads to the production
of antibodies, which are crucial for the immune defence. B-cells also present these antigens
to T-cells, resulting in their activation and an antigen specific immune response. Defects
T-cells or B-cells functions are associated with immune disorders. Moreover, both cell types
can form memory cells, allowing for rapid responses to previously encountered antigens.
In summary, the adaptive immunity is complementary to the innate immune system as it
recognises specific antigens, thereby providing a targeted immune response.

1.1.2.3 General processes during innate and adaptive immune response

The immune response in the skin is initiated by an internal or external trigger, such
as skin injury, leading to potential infiltration of pathogens. These pathogens present
specific antigens on their surface that initiate a cascade of biological events (pathways).
KCs in the skin respond by expressing and secreting messenger molecules that activate
the immune system. Epidermal APCs of the innate immune system detect, process, and
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present the antigens on their surface, thereby informing and activating TRM - cell cells and
naïve T-cells that of the adaptive immune system. Once activated, T-cells differentiate
into CD8+ Tc cells, which target the specific threat, and CD4+ Th cells, which organise
the immune response. Th cells further activate B-cells and, along with Tregs, ILCs, and
mast cells, they coordinate and regulate the immune response.

The innate immune system provides a rapid, unspecific response while activating the slower,
highly specific adaptive immune system via cytokines or cell interactions. Adaptive im-
munity regulates response strength through cytokine signalling, activating other immune
cells. This interplay is essential for skin homeostasis, as immune cell function depends
on spatial distribution [Mar+18]. Dysregulation of either system can lead to autoimmu-
nity, chronic inflammation, or immunodeficiency [HK19] [Mar+18]. The following section
examines ncISDs in more detail.

1.2 Non-communicable, chronic inflammatory skin diseases

The ncISDs are categorised into chronic inflammatory, autoimmune, autoinflammatory,
and rheumatic diseases based on their pathogenesis [Uji+22] [EE18] [CBF12]. These con-
ditions are often accompanied by comorbidities such as arthritis, asthma, and metabolic
syndrome [Das+21]. The diagnosis of ncISDs usually relies on clinical phenotypes which
include morphological, comorbidities, histological, and immunological observations of skin
lesions [Gri+21] [Uji+22]. The morphology describes the appearance of skin lesions and
histology quantifies the architecture of the skin, e.g., by correlating structure and function
of the epidermis using microscopic images. Immunological observations involve the
immune cell composition and active pathways [SGSE22]. ncISDs are complex disorders
that require a multifaceted diagnostic approach.

The ncISDs can be triggered by various factors, such as genetic predisposition, smoking,
obesity, and other disorders [SGSE22] [Uji+22], leading to variable symptom severity.
Severity is assessed using metrics, such as Psoriasis Area and Severity Index (PASI),
SCORing of Atopic Dermatitis (SCORAD), Dermatology Life Quality Index (DLQI),
Physician Global Assessment (PGA), and Patient Global Assessment (PtGA). PASI
scores range from 0 to 72, with values below 5 indicating mild psoriasis, 5-10 moderate,
and above 10 severe cases [PP]. SCORAD for eczema ranges from 0 to 103, with lower
scores indicating less severity [Oak09] [Cho+17]. More general metrics are the DLQI,
PGA, and PtGA. The DLQI score (0-30) is calculated from a patient questionnaire and
assesses the impact of a skin condition on the patient’s quality of life. Lower scores
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indicate better quality of life [PP]. The PGA and PtGA use a five-point scale, where 0

denotes no symptoms and 5 the highest severity [PP]. These subjective scores, assessed
by clinicians or patients, are also used to evaluate therapeutic efficacy, with changes in
scores (e.g., PASI 90, PASI 75) reflecting treatment outcomes.

1.2.1 Clinical categorisation of skin diseases

The clinical classification of ncISDs is based on their underlying pathomechanisms, distin-
guishing chronic inflammatory, autoimmune, autoinflammatory, and rheumatic skin dis-
eases. Chronic inflammatory diseases, the largest group, are marked by persistent inflam-
mation [Liu+22]. Autoimmune skin diseases result from immune attacks on healthy tissue,
whereas autoinflammatory disorders involve inflammation without a clear trigger or au-
toimmune component. Rheumatic skin diseases affect the joints and connective tissue.
The classification remains challenging due to overlapping clinical and biological features,
as seen in psoriasis, which exhibits characteristics of multiple categories [Uji+22] [Kan20].
The following sections provide a detailed overview of these categories.

1.2.1.1 Chronic inflammatory skin diseases

Psoriasis, a chronic inflammatory disorder affecting approximately 2% - 3% of the global
population [Dam+21] [Sew+19], is mediated by T-cell-driven chronic inflammation. It
is associated with a reduced life expectancy, cardiovascular diseases, and higher BMI
[Kru12] [Dav+10] [Rei12] [Ede+19], and can be triggered by intrinsic factors (e.g., stress),
extrinsic factors (e.g., lifestyle), or genetic predisposition, leading to a systemic inflam-
matory cascade. Psoriatic skin is characterised by erythema from T-cell infiltrates and
angiogenesis, and by acanthosis resulting from hyperproliferation of KCs. Additionally,
parakeratosis occurs due to a defect in KC terminal differentiation, leading to a thin or
absent granular layer and KCs with nuclei in the upper epidermis [Ruc+11] [DRM11].
While the symptoms are typically visible on lesional (L) skin, Farber et al. (1985)
suggested that non-lesional (NL) skin also displays pre-psoriatic characteristics, indicating
that the entire skin is affected in psoriasis [FNS85].

Psoriasis is a disease spectrum with varying clinical and biological phenotypes, including
chronic plaque and generalised pustular psoriasis at opposite ends [Gri+21]. Chronic
plaque psoriasis, the most common form, is characterised by itchy, burning red plaques
with silvery scales, typically on the scalp, trunk, and limbs, while pustular psoriasis is
marked by pustules and erythema and differs by being driven by autoinflammatory rather
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than autoimmune pathways [Gri+21] [Lia+17]. This spectrum reflects the diverse clinical
presentations and immune mechanisms underlying the disorder. Psoriasis is generally
driven by a type 3 immune response, leading to hyperproliferation of KCs, neutrophil
infiltration, and production of immune mediators like cytokines and chemokines [Gri+21].
IL - 17A is the hallmark cytokine, produced by various immune cells, including Th17,
Th22, and Th1, which also secrete TNF, IL - 22, IL - 23, and IFN - γ [LSFK14] [Mar+18]
[Dav+10]. KCs, activated by T-cells, produce TNF -α, pro-inflammatory cytokines of
the IL - 1 family such as IL - 36, and chemokines such as CXCL1, CXCL8, and CCL20
[LSFK14] that sustain the chronic inflammatory cycle in psoriasis. In summary, psoriasis
is a multifaceted skin disease spectrum, characterised by varied clinical phenotypes and
complex interplays between immune cells and KCs.

Plaque psoriasis is often linked to mutations in CARD14, which increase chemokine
production and immune cell recruitment, sustaining inflammation [LSFK14]. TRM - cell
cells contribute to relapse after remission [OS+20] [Mat+17]. Clinicians assess disease
status and therapy responsiveness based on skin lesion characteristics [Gri+21]. Four
approved drug targets, i.e. TNF -α, IL - 12/23, IL - 17, and IL - 23 inhibitors, reduce
cytokine expression and associated comorbidities [AR20] [Zab+08]. In summary, plaque
psoriasis is driven by CARD14 mutations and TRM - cell cell activity, with treatments
managing disease progression and reduce comorbidities.

Atopic eczema (or atopic dermatitis), affecting up to 30% of children and 3%- 10% of
adults, significantly impacts quality of life and can lead to depression [Uji+22] [SS18]
[Kim+15]. Its symptoms include itchy, painful skin lesions, and its diagnosis is challenging
due to heterogeneity. The condition is linked to genetic and environmental factors,
including mutations in filaggrin (FLG), which impair the skin barrier and allow allergens
to trigger immune responses [SS18]. Acute stages are dominated by type 2 immunity,
while chronic phases involve mixed immune responses [Uji+22] [VS19]. Treatment focuses
on restoring the skin barrier and regulating immune function, with biologics such as
IL - 4 blockers being used [Uji+22] [Han80]. As prevalent and heterogeneous skin disor-
der, eczema will benefit from precision medicine, as effective therapies are urgently needed.

Lichen planus is a chronic inflammatory skin disorder affecting the skin, mucosa, and
appendages, often triggered by side-effects of medications [Uji+22]. Cutaneous lichen
planus is characterised by T-cell and macrophage infiltration in the upper dermis, leading
to purple-red, itchy papules with whitish net-like lines [Sol+21] [Boc+21]. Diagnosis is
based on clinical and histopathological observations, but distinguishing it from other skin
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conditions is challenging [GDF14]. Despite treatment advances with biologics targeting
IL - 17, IL - 12/IL - 23, and IL - 23, effective therapies remain limited [Uji+22] [Boc+21].
The pathogenesis of lichen planus, particularly involving Th17 cells, suggests the potential
for drug repurposing and precision medicine. Cutaneous lichen planus has a complex
pathogenesis involving T-cell and macrophage infiltration, requires careful diagnosis, and
thus will also benefit from precision medicine.

Granulomas are chronic inflammatory skin lesions that can result from infections, such as
tuberculosis, or from unknown causes in conditions like sarcoidosis and granuloma annulare
[Tim+16] [SHS17]. These lesions consist of immune cells, including macrophages, T-cells,
and B-cells, and appear as annular clusters of papules and plaques [Chu21] [Tim+16].
Granulomatous diseases are rare, and while granulomas may resolve over time, persis-
tent ones can cause organ damage due to fibrosis. TNF -α inhibitors are commonly used
in sarcoidosis but require careful selection to avoid exacerbating the condition [Bau+06]
[Tim+16] [SHS17]. The formation of granulomas is the result of an unidentified underlying
cause and the selection of an appropriate treatment plan is challenging due to the potential
for organ damage.

1.2.1.2 Autoimmune skin diseases

Bullous pemphigoid is one of the most common autoimmune skin diseases. It is charac-
terised by blisters surrounded by itchy skin rashes on the trunk and extremities [SZ13].
Bullous pemphigoid can be triggered by radiation, thermal burn, scaring, mechanical irri-
tation, and malfunction of Tregs [Stä+21] [Mai+18] [Mur+18]. Based on these clinical, his-
tological, and immunological features the patients are diagnosed and subsequently treated.
Targeting CD20 by specific antibodies is an effective treatment strategy and other biolog-
ics, which block IL - 4, are currently under investigation [Uji+22] [Hey20] [Abd+20]. The
drug target IL - 4 is already approved for eczema patients and could be another candidate
of a successful drug repurposing in ncISDs.

1.2.1.3 Autoinflammatory skin diseases

Autoinflammatory skin disease are defined by recurrent or continuous inflammation due
to antigen-independent hyperactivation of the innate immune system [WSY21]. Examples
are pyoderma gangrenosum and pustular psoriasis.

Pyoderma gangrenosum is characterised by ulcers, which are often open painful wounds
with a reddish-purple border, and an accumulation of neutrophils in its skin lesions
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[Mav+20]. Clinically, pyoderma gangrenosum is characterised by heterogeneous morpho-
logical features and additional laboratory analysis of skin biopsies taken from the ulcer
border is required for a definitive diagnosis [Mav+20]. In addition to the high infiltration
of neutrophils, it is suspected that T-cells are involved in the autoinflammatory response
of the innate immune system [Mav+20]. However, the cause of pyoderma gangrenosum
remains unknown [Mav+20]. Treatment plans of pyoderma gangrenosum include wound
care and a combination of fast and slow acting biologics [Mav+20].

Pustular psoriasis, like pyoderma gangrenosum, is characterised by a high neutrophil count
and active innate immune response [Lia+17]. It differs immunologically from plaque pso-
riasis, with IL - 36 contributing to neutrophil recruitment and inflammation. A defect in
IL - 36RN leads to increased IL - 36 expression and neutrophil accumulation, contribut-
ing to a cycle of inflammation [Fur+18] [Lia+17]. Subforms include generalised pustular
psoriasis, palmoplantar pustulosis, and Acrodermatitis continua of Hallopeau, with the
former being life-threatening. Pustular psoriasis is treated with biologics targeting IL - 17,
IL - 12/IL - 23, IL - 23, and TNF -α, although responses may vary from plaque psoriasis,
indicating the need for alternative therapies [Fur+18]. Effective treatments are crucial for
autoinflammatory diseases like pustular psoriasis, given their complex and varied responses.

1.2.1.4 Rheumatic skin diseases

Systemic sclerosis is an example of a rheumatic skin disease, which is also an autoimmune
disease [Bai+21] [All+15]. It is characterised by three comorbidities, i.e. vascular disease,
inflammation, and fibrosis, which result in a heterogeneous clinical profile [JD04] [DK17].
The skin lesions in form of oedema, scleroderma, and necrosis or organ damage are typical
clinical characteristics of systemic sclerosis [Uji+22]. The pathophysiological mechanisms
are not yet understood and effective therapies are still lacking. The identification of
patient specific biomarkers is therefore urgently needed [Uji+22] [All+15]. Until now, the
biomarkers interleukin 6 receptor, serum S100A6, calumenin, and cytohesin 2 have been
found for systemic sclerosis [Bal+21] [DK17]. Systemic sclerosis is a complex disease with
a diverse clinical profile and there is an urgent need for effective therapies, highlighting
the necessity for precision medicine to manage this condition.

The categorisation of skin diseases is a challenging process due to their phenotypic com-
plexity, making it difficult to find effective treatments. Therefore, alternative approaches
are required. One step towards precision medicine is accomplished by stratifying ncISDs
into immune response pattern (IRP), which are introduced in the subsequent section.
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1.2.2 Stratified medicine by immune response patterns

Over 100 ncISDs have been classified based on clinical phenotypes [EE18]. Due to
their heterogeneous nature, accurate diagnosis and appropriate therapy selection re-
main challenging. Incorrect treatment, particularly biologics, can be life-threatening for
a patient. Therefore, the right diagnosis is important for an effective symptomatic therapy.

Advances in molecular technologies have revealed immunologically active pathways in
ncISDs, but the majority of skin diseases is rather rare and their pathogenesis still hardly
understood, complicating treatment development. Efforts towards stratified medicine
group ncISDs by lymphocyte-driven IRPs, enabling the repurposing of treatments for
rare diseases within the same IRPs [EE18]. Immunological diversity in ncISDs is influ-
enced by factors like microbiomes, sex, genetics, and autoantigens, with T-cell diversity
playing a pivotal role in pathogenesis. To date, six distinct IRPs have been identified,
each linked to a specific lymphocyte immune response (Figure 1.3) [EE18] [SGSE22] [EZ14].

Lichenoid IRP 1 diseases, known as interface dermatitis, involve immune responses
against basal epidermal KCs by type 1 immune cells (Tc1, Th1, ILC1, NK cells) [EE18].
Associated diseases, such as lichen planus, lupus erythematosus, and alopecia areata,
show higher IFN - γ expression compared to other IRPs [SGSE22]. The cytokine IFN - γ
induces apoptosis and necroptosis in KCs [EE18], and targeting it has been effective
in treating IRP 1 diseases [SGSE22] [Sei+20]. In summary, IRP 1 is characterised by
immune responses targeting KCs, with IFN - γ being its signature cytokine.

Eczematous IRP 2a diseases are characterised by an overactivated type 2 immune response,
leading to impaired skin barriers and defence against allergens, microbes, and parasites
(e.g., Staphylococcus). Cytokines involved are IL - 4, IL - 13, and IL - 31 , and IL - 5, which
activate granulocytes and mast cells [EE18]. Symptoms of IRP 2a include itch, oedema,
and dry skin. Diseases in IRP 2a include eczema and its subtypes. Targeting IL - 4 and
IL - 13 has proven effective in treatment [EE18]. Overall, IRP 2a is characterised by skin
barrier defects and inflammation, with IL - 4 and IL - 13 as therapeutic targets.

Blistering IRP 2b, like the eczematous pattern, involves an overactivated type 2 immune
response. However, in IRP 2b, IL - 4 and IL - 5 cytokines, secreted by B-cells and plasma
cells, lead to auto-antibody production against epidermal structural proteins [EE18]. These
antibodies cause gaps in the skin, filled with immune cell infiltrates, resulting in blisters
and erythema. Bullous pemphigoid is one fo the diseases associated with IRP 2b. An effec-
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Type

Lichenoid PsoriaticEczematous Blistering Fibrogenic Granulomatous

1 2a 2b 3 4a 4b

Figure 1.3: Existing IRPs and their mechanism. The IRPs 1-4 are characterised by
specific lymphocyte-driven immune responses. The precursor cells differentiate into type
1-4 lymphocytes depending on the presented autoantigen. Each IRP is defined by specific
pathways, cell types, signature cytokines, and antigens, along with mechanisms that drive
these patterns. These differences result in immune infiltrates accumulating in distinct skin
layers, leading to various histopathological changes such as papules, blisters, plaques, and
granulomas. Figure adapted from [SGSE22] and [EE18].
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tive therapy strategy is to reduce the amount of B-cells by targeting CD20 and IL - 4
inhibitors from IRP 2a may also be beneficial for IRPs 2a associated diseases [EE18]. In
essence, IRP 2b immune responses are driven by IL - 4 and IL - 5, with therapies targeting
B-cells and possibly blocking IL - 4.

Psoriatic IRP 3 is defined by a type 3 immune response, involving both innate and
adaptive immune cells [EE18]. Upon activation, KCs secrete AMPs and chemokines,
triggering the recruitment of type 3 immune cells, leading to uncontrolled KC proliferation
and epidermal thickening. This cycle may involve autoinflammatory and autoimmune
processes, resulting in acanthosis, hyperparakeratosis, and micro-abscesses. IRP 3
associated diseases are psoriasis and pityriasis rubra pilaris, with NOS2 as a known
biomarker. Biologics approved for psoriasis are also effective for pityriasis rubra pilaris
[EE18]. In summary, IRP 3 is driven by IL - 17 cytokines, and its associated diseases can
be treated with psoriasis biologics.

Fibrogenic IRP 4a is characterised by type 4 immune cells, such as Tregs, which secreteIL -
10 and TGF -β. Prolonged Treg activity modulates the immune response, resulting in
deeper skin immune infiltrates and less epidermal involvement One of the associated
diseases with IRP 4a is systemic sclerosis. While approved therapies are lacking, targeting
Treg-secreted cytokines is under investigation in clinical trials [EE18]. The IRP 4a leads
to fibrogenic skin changes with deeper immune infiltrates, for which effective therapies
remain under development.

In IRP 4b, granulomas form in the dermis to neutralise exogenous infiltrates, with the
epidermis often unaffected. These granulomas, consisting of dead or living cells surrounded
by Th1, Th17, and Tregs, are seen in diseases like granuloma annulare and sarcoidosis.
TNF -α inhibitors are used, although evidence on their efficacy remains conflicting [EE18].
In summary, granulomatous IRP 4b involves complex immune interactions, with TNF -α
inhibitors being a common yet controversial treatment for this IRP.

IRPs support stratified medicine by classifying ncISDs based on lymphocyte-driven im-
mune responses. However, they may not fully capture the heterogeneity of ncISDs, as the
molecular profile can vary with disease status (e.g., onset, early, chronic) and severity. Ad-
ditionally, environmental, therapeutic, and psychosomatic factors influencing the immune
response are neglected [EE18]. While IRPs are a step towards precision medicine, further
methods are needed to enhance understanding of ncISDs pathogenesis.
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1.3 Transcriptomics

In order to pursue finding novel therapeutic targets or biomarkers, microarray and
NGS technologies have been developed over the last decades [SKK20]. They offer fast
and high-throughput molecular profiling of skin biopsies, thus providing snap-shots of
healthy or diseased tissue. This yields additional information to clinical phenotyping to
improve diagnostics and response to therapy. It also advances the understanding of the
pathogenesis of ncISDs [SKK20].

Cells are the fundamental units of life, comprised of a membrane, cytoskeleton, organelles,
mitochondria, ribosomes, and a nucleus (Figure 1.4 a) [Cam+20]. The membrane controls
molecular exchange, the cytoskeleton maintains structure, mitochondria are responsible
for metabolism and energy production, and the nucleus contains genetic information
stored on double helix DNA strands [FM10]. The DNA, composed of nucleotide sequences,
encodes genes that serve as blueprints for protein synthesis [Cam+20], which enable
specific cellular functions. Thus, cells are highly organised units, with each component
contributing to cellular functions.

Cells regulate gene expression by adjusting transcription and translation efficiency based
on their type and conditions, leading to variations between healthy and diseased skin.
Gene expression, the process of building a protein, consists of transcription and translation
(Figure 1.4 b). During transcription, a gene, i.e. a specific nucleotide sequence on the
DNA, is transcribed into messenger RNA (mRNA). This involves unwinding the DNA
double helix, using one strand as a template, and synthesizing a complementary RNA
strand, with the coding strand serving as the reference for the gene sequence [Alb+02a].
The resulting mRNA serves as an intermediary for protein synthesis and is translated
by ribosomes into a polypeptide chain, which folds into a functional protein [Alb+02b]
[Cam+20]. To this date, the human genome comprises approximately 60, 000 genes, of
which around 20, 000 encode proteins [Ama+23]. In essence, gene expression process
involves the transcription of DNA into mRNA and translation of mRNA into proteins, a
process essential for cellular functions.

In ncISDs, conventional diagnostics rely on the phenotyping by clinicians, which are
therefore subjective. An objective, hypothesis-free alternative are high-throughput
technologies such as microarray and NGS. Latter has been the focus of studies due to its
advantage of higher sensitivity, quantitative accuracy, and measurement of other forms of
RNA such as microRNA and RNA isoform [SKK20] [Qui14] [Kõk+16]. Both microarray
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Figure 1.4: Cell organelles and the gene expression process. a) Structure of a cell
showing the most important components. b) Gene expression is the process of transcribing
and translating a gene into a protein: DNA → RNA → protein. A nucleotide sequence on
the template DNA strand, the protein-coding gene, is transcribed into mRNA and then
translated into a chain of amino acids, a polypeptide. Finally, the protein is created by
folding the polypeptide into a specific shape giving the protein its characteristic function.
Created with BioRender.com.

and NGS enable the study of complex, biological systems measuring genomics (DNA),
transcriptomics (mRNA/transcripts) or proteomics (proteins). This thesis focuses on
analysing transcriptomics of bulk, single cell, and spatially resolved RNA-sequencing
(RNA-seq) data using NGS technologies (Chapters 3.1, 4.1, 5.1, 2.5). Essentially, RNA-seq
is used to measure the amount of molecules expressed in a tissue on different resolutions
in the form of transcribed genes.

To quantify transcripts, skin punch biopsies or tape stripping samples are collected from L
and healthy controls. These are prepared for sequencing and aligned to a human reference
genome (e.g., GRCh38 [Ama+23]). This process includes stochastic elements aiming
to generate reliable and biological accurate results [Dob+13]. The output is a count
matrix representing transcript abundance per sample, which serves as a measure of gene
expression. Such data enable comparative analyses of disease states, cell communication,
and micro-environment interactions, providing insights into ncISDs.

The transcriptome of ncISDs is comprised of skin cells and skin resident, infiltrated, and
activated immune cells. RNA-seq enables the study of gene expression patterns in complex,
biological systems like the skin. By examining mRNA levels, transcriptomics analysis can
reveal pathways and mechanisms involved in ncISDs pathogenesis, potentially leading to
novel prevention and treatment strategies.
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1.4 Advancements in non-communicable, chronic
inflammatory skin diseases by transcriptomics

Over the past decades, microarray and RNA-seq have been used to study the molecular pro-
files of ncISDs, particularly psoriasis and eczema [SKK20]. While analyses of significantly
differentially expressed genes (DEGs) revealed both differences and similarities between
these diseases, studies comparing DEGs produced also contradictory results [SKK20]. This
could be due to various factors, such as methodological differences, cohort size, biopsy site,
disease status, and diagnostic accuracy. Therefore, comparing studies at the functional
level, focusing on differentially active biological pathways, is recommended, as it offers a
more robust understanding of disease pathophysiology [SKK20]. This section discusses the
current research, opportunities, and applications of transcriptomics in ncISDs.

1.4.1 Diagnostic opportunities through transcriptomics and
computational approaches

To improve diagnostics, which currently relies on clinical phenotypes, amnesia, and
histological assessments, transcriptomics data can define molecular disease profiles. In
psoriasis, molecular profiling shows that KC and the cytokines IL - 17A and TNF -α
play a major role [Swi+16]. Comparisons of healthy, L, and NL psoriatic skin confirm
that the entire skin is involved, with NL psoriatic skin representing a pre-psoriatic state
[Air+15] [Gud+09] [Nos+21]. In eczema, molecular profiling challenges the idea that
FLG mutations impair the skin barrier, as these mutations occur only in a subset of
patients [Blu+18] [SKK20]. Common gene sets have also been identified, revealing shared
biological processes across diseases [SKK20] [Jab+14] [Swi+16]. Thus, transcriptomics
provides a deeper understanding of ncISDs, offering more accurate diagnostics by revealing
shared and disease-specific mechanisms.

Several studies have identified disease-specific genes for conditions such as psoriasis,
eczema, and lichen planus [Gar+16] [Rei+19b] [Tia+12] [Ewa+15] [Gho+15] [Kam+10]
[Tso+19]. In 2010, a set of seven genes (CAII, NELL2, hBD2, IL1F9, CXCL8, CXCL10,
CCL17 ) was used to differentiate between healthy skin, psoriasis, eczema, and contact
dermatitis [Kam+10]. Another classifier, based on four genes (IL36G, CCL27, NOS2,
C10ORF99 ), distinguished psoriasis, eczema, contact dermatitis, and lichen planus
[Rei+19b]. Tsoi et al. (2019) identified IL17A, IL13, and IL36G as markers distinguishing
psoriasis from eczema. In addition, they revealed an overlap between these phenotypically
different ncISDs hinting to common signalling pathways and molecular mechanism
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[Tso+19]. Additionally, NOS2 and CCL27 have been found to differentiate psoriasis
and eczema, even their subtypes [Qua+14] [Gar+16]. Notably, reducing over 20, 000

protein-coding genes to just a few for accurate disease classification is remarkable. Based
on NOS2 and CCL27, a classifier, commercialised as "PsorX" by Dermagnostix, was
developed [Gar+16] [DER]. This demonstrates the potential of molecular profiling to
simplify dermatological diagnostics.

Analysing transcriptomics and clinical assessments in conjunction can enhance the
understanding of ncISDs. For instance, correlating transcriptomics with severity metrics,
such as PASI or PGA score, could uncover genes and pathways associated with disease
states such as "mild" and "severe" [SKK20]. Batra et al. (2020), demonstrated the
benefits of integrating phenomics and transcriptomics by revealing previously unknown,
clinically relevant biological processes [Bat+20]. Gathering and combining all available
data sources in the age of AI can be crucial for driving precision medicine.

Molecular profiling can help identify disease subtypes and endotypes. Psoriasis, for
instance, includes plaque psoriasis and generalised psoriasis pustulosa, which differ in
IL36G expression [Lia+17]. Yet, they share common molecular features, suggesting
they are subtypes of the same disease [Joh+17]. Further clustering of plaque psoriasis
transcriptomes revealed molecular subtypes with distinct pathway activities, indicating
different treatment responses [Ain+12]. Similarly, eczema is a heterogeneous disease, with
a study identifying four endotypes characterised by distinct pathophysiological processes
[Thi+17]. Understanding these subtypes and endotypes can guide patient-centred
treatment strategies, advancing precision medicine.

Transcriptomics can assist in understanding treatment mechanisms and effects on a molec-
ular level [SKK20]. A study, carried out by Johnson-Huang et al. (2012), elucidated the
pairwise respective similarities in molecular profiles of NL samples and responders as well
as between L samples and non-responders psoriasis patients to the given CD11a suppres-
sor [JH+12]. However, comparing the transcriptomes of psoriasis patients before and after
treatment with TNF -α blockers showed that some genes are still differentially expressed
belonging to a "molecular scar" [Tia+12]. Hence, anti TNF -α biologics do not completely
transition L into NL skin at the molecular level, even though histopathology shows com-
plete recovery [SF+11]. In eczema, JAK inhibitors are promising candidates for an effective
therapy [Tsa+21]. Thus, integrating transcriptomics into treatment evaluation can reveal
molecular changes, assisting in optimising therapeutic strategies.

22



CHAPTER 1. INTRODUCTION

1.4.2 Skin disease models

Disease models, such as 2D or 3D KC, mouse, and canine models, offer alternatives to skin
biopsies for studying ncISDs. They provide a simplistic and accessible representation of a
skin condition and therefore do not fully reflect the biological mechanisms of the diseases.
For example, the Imiquimod (IQM) mouse model, commonly used to mimic psoriasis, was
found to more closely resemble allergic contact dermatitis at a molecular level [GS+18]. KC
models can be used to study interactions between cells and effects of TNF -α and hallmark
cytokines such as IL - 17A, potentially offering new insights into the disease mechanism and
drug targets [Chi+11] [Rio+21]. Up to now, no standardised skin model exists [SKK20].

1.4.3 Opportunities of single-cell RNA-sequencing and spatial
transcriptomics

The aforementioned findings and applications of transcriptomics were achieved by utilising
either microarray or bulk RNA-seq, which operate on the population level of cells and,
thereby providing an average gene expression profile per sample. In the following, insights
are introduced that can be derived from scRNA-seq and ST.

1.4.3.1 Single-cell RNA-sequencing in skin diseases

Utilising scRNA-seq provides insights into the cell type composition and complex regula-
tory interactions between cells within human skin, particularly into the immune response
in ncISDs. Using regulatory networks and cell-cell communication analysis, scRNA-seq can
reveal signalling processes that drive immune responses in these skin disorders [IMBH19]
[Jin+21] [Arm+21]. Moreover, clustering analyses of single and mixed disease datasets,
including healthy controls, allow for identifying differences in the expression within and
between cell types as well as unravel the heterogeneity in cell type composition [HLB18]
[Rey+21]. This approach can also enhance the understanding of the cellular landscape of
both common and rare skin diseases, such as systemic sclerosis [Xue+22]. These analyses
enhance the understanding of cellular interactions and disease-specific differences within
the skin, providing a foundation for more targeted treatment strategies for ncISDs.

The exploration of cell states, rare subpopulations, and cell lineages is enabled by
scRNA-seq [Rey+21] [Wol+19] [Ber+20] [Lan+22]. For example, Reynolds et al. (2021)
demonstrated potential developmental differences in the cutaneous immune system
that already occur during the prenatal phase, which might reveal new drug targets
[Rey+21]. Additionally, scRNA-seq can refine disease classifiers and focus on specific
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cellular subgroups, as shown by Liu et al. (2022), who identified a promising subgroup for
more precise diagnostics and treatments [Liu+22]. Thus, scRNA-seq allows to elucidate
developmental biological processes and to identify molecular markers, supporting the
development of targeted therapies in ncISDs.

Despite its advantages over bulk RNA-seq, scRNA-seq has limitations. During prepara-
tion, samples are dissociated into individual cells, leading to loss of structural integrity,
potential cell death, and altered gene expression due to stress or stimuli [Wil+22]. Since
scRNA-seq lacks spatial information, it cannot capture how micro-environmental factors
influence cell function and communication. Consequently, it primarily reflects dominant
biological processes, potentially overlooking region-specific or less prominent functions.
Integrating spatial information is essential for a more accurate understanding of cellular
functions and micro-environmental influences.

In summary, scRNA-seq provides valuable insights into cell-specific functions, cell type
composition, interaction, and developmental processes. In order to study a cell’s behaviour
within tissue, integrating spatial information for more accurate conclusions is important.
This thesis uses scRNA-seq to explore ncISD on a single-cell resolution and to validate
findings drawn from ST, thereby providing a more comprehensive view on the pathogenesis
of the skin conditions.

1.4.3.2 Spatial transcriptomics in skin diseases

ST advances scRNA-seq by integrating spatial information and analysing intact tissue,
thereby preserving gene expression profiles [Wil+22]. This technology quantifies mRNA
in a spatial context, with early efforts in ST dating back to the 1960s using in situ hybridi-
sation (ISH) [MP22]. ISH detects genetic material within cells using, e.g., fluorescence
markers (FISH). This process is called hybridisation and enhances also the contrast with
counter staining of the background, i.e. cells and other structures [HVVK18]. Recent ST
technologies, such as Visium or Xenium from 10X Genomics [Stå+16] [Lee+15] [Ke+13],
GeoMx or CosMxTM SMI from Nanostring [Mer+20] [He+22], and RNAScope [Wan+12]
have become more accessible. While RNAscope, Xenium, and CosMx offer single-cell
resolution but are limited to around 1, 000 RNA transcripts, Visium and GeoMX provide
whole-transcriptome analysis at mini-bulk resolution, averaging molecular profiles from
multiple cells in predefined spots across tissue sections [Stå+16] [He+22]. In this thesis,
ST data is created using Visium to explore ncISDs on a spatial resolution (Chapter 5).
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In addition to measuring spatially resolved transcripts, ST provides a microscopic image
of the tissue being studied, allowing for the examination of the architecture and cellular
organisation. Moreover, it enables to study tissue niches [FST23], cellular communication
[Can+23] [Li+23], and spatial gene expression patterns in 2D. As certain analyses
require single cell resolution, methods to recover the cell type compositions using spot
deconvolution [Bia+21] [And+20] [Kle+22] and nuclei segmentation [Str+21] [Sch+18]
[Ban+17] have been developed. These techniques recover cell type composition within
tissues, revealing cellular heterogeneity and biological differences associated with tissue
layers, structures, and disease states.

In ncISDs, ST can advance the understanding of cell states and tissue function in different
disease states [Zha+22b]. Moreover, it enables to explore anatomical regions based on
their spatial expression pattern, analysing neighbourhoods, and studying the immune
response [Rao+21]. Thus, ST offers valuable insights into the molecular landscape of
ncISDs on a spatial resolution.

Currently, ST data captures tissue snap shots, making it ideal for studying static systems.
Dynamic systems or diseases, such as skin lesions and solid tumours, can also be investi-
gated by taking serial samples, which is however, not always possible [Joh+22]. Further
limitations, such as low capture area, resolution, and sensitivity, can lead to missing or
low abundant transcripts, potentially impacting downstream analyses [Wan+23] [SK23].
By overcoming these limitations and reducing the costs, more and more datasets will be
generated, leading to a better understanding of the disease pathogenesis.

In summary, ST is advantageous for studying ncISDs as it preserves spatial information,
revealing localised immune response patterns, cell type composition, and providing insights
into disease pathogenesis within tissue. This thesis presents one of the first Visium datasets
of ncISDs (Chapter 5).

1.5 Challenges in non-communicable, chronic inflammatory
skin diseases

Common ncISDs, including psoriasis, eczema, and lichen planus, have been studied at
the phenotypic and transcriptomics levels, providing insights into their pathogenesis and
supporting targeted therapy developments. However, challenges remain, particularly
for rare ncISDs, with gaps in (1) patient stratification, (2) treatment response, and
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(3) detailed molecular understanding. These are compounded by overlapping clinical
phenotypes, limited knowledge, and difficulties in obtaining skin biopsies due to patient
discomfort, scarring, and the need for local anaesthesia. As a result, molecular profiling
data, especially for rare ncISDs, is scarce.

Challenge 1: Enhancing patient stratification. Diagnosis of ncISDs relies on
clinical phenotyping, amnesia, and histological assessments, which are subjective and
variable. Overlapping entities and intra-disease variability complicate diagnosis and
treatment response. Current approaches group diseases based on lymphocyte IRPs [EE18]
[SGSE22], but these neglect other factors influencing disease manifestation, limiting their
effectiveness. Thus, more precise disease descriptions and refined patient stratification
approaches are needed to improve diagnostics and treatment outcomes.

Challenge 2: Enhancing therapeutic precision through molecular insights.
While molecular classifiers distinguish between psoriasis, eczema, and lichen planus, they
do not ensure treatment success [Ain+12]. Drug responses vary even within subtypes,
showing the limitations of current disease definitions. Although IRPs-based classifications
improve stratification, they still rely on clinical phenotypes, resulting in variability in
treatment response. To optimise efficacy, diagnostic tools must incorporate molecular
markers beyond IRPs. Integrating these into therapeutic decision-making could improve
treatment efficacy and minimise adverse effects, advancing precision medicine in ncISDs.

Challenge 3: Advancing molecular understanding of ncISDs. A deeper molecular
understanding of ncISDs is essential for improving diagnosis and treatment. Sequencing
techniques, such as ST and scRNA-seq, offer insights into cell composition, interac-
tions, and tissue function. While recent studies have explored ncISDs at single-cell
resolution [GR20] [Liu+22], further research utilising ST is required to fully characterise
disease-driving cells and their micro-environmental interactions. This could enhance our
understanding of pathogenesis and assist in identifying biomarkers to intervene in the
vicious cycle of inflammation of these complex disease.

In summary, improving patient stratification in ncISDs requires large, diverse cohorts and
integration of transcriptomics and clinical phenotypes. Enhancing therapeutic precision
necessitates diagnostic tools based on molecular markers. Moreover, advanced sequencing
techniques, such as ST and scRNA-seq, enable a deeper molecular understanding of ncISDs,
allowing to characterise disease-driving cells and their micro-environment. Addressing
these challenges will enable the implementation of precision medicine in ncISDs.
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1.6 Aims and research questions

Addressing aforementioned challenges necessitates improved diagnostics, tailored biologic
recommendations, and insights into the spatial organisation to realise precision medicine
in ncISDs.

This thesis enhances patient stratification by applying a hypothesis-free approach on bulk
RNA-seq data to form endotype clusters. I assess their relevance through pathway enrich-
ment analyses and phenotype integration, hypothesising that endotypes better capture
disease heterogeneity than clinical assessments alone. Moreover, to enhance therapeutic
precision, I hypothesise a correlation between drug response and psoriasis-associated
endotypes. I create classifiers, based on a minimal set of single predictive molecular
markers, capable of distinguishing between specified groups of endotypes. Lastly, I use ST
to explore the micro-environment of disease-driving immune cells. In particular, I show
ST’s advantage by comparing it to bulk RNA-seq and scRNA-seq, and hypothesise that
it yields insights into the inflammatory micro-environment.

This thesis aims to address the following objectives (Figure 1.5) and research questions.

Aim 1: Utilising molecular profiling to derive biological meaningful endotypes:

(i) Can I group patients into endotypes?

(ii) How are endotypes and the current disease ontology related?

(iii) What are the clinical and biological characteristics of endotypes?

Aim 2: Linking endotypes to drug response to advance precision medicine:

(iv) Can I link endotypes with drug response?

(v) Can I classify new patients into specific endotypes based on a minimal set
of single genes?

Aim 3: Leveraging ST to advance the understanding of the underlying disease mecha-
nisms:

(vi) What is the spatial expression distribution of disease-driving immune cells?

(vii) What biologically characterises their micro-environments?

(viii) Can I determine the impact radius of disease-driving immune cells?
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Figure 1.5: Graphical abstract of research aims. Aim 1 enhances patient strati-
fication by identifying molecularly distinct endotypes. Building on this, Aim 2 uses AI
to classify patients into these groups, associated with drug responses, thereby improving
therapy selection. Finally, Aim 3 utilises ST to improve the understanding of ncISDs,
particularly through spatial immune interactions. Icons made by Freepik [Fre], HANIS
[HAN], Parzival’ 1997 [199], and Awicon [Awi] from www.flaticon.com.

1.7 Outline

The aim of this thesis is to provide methods and strategies to drive precision medicine in
ncISDs. In particular, this will be addressed by suggesting alternatives to the established
disease ontology and exploring the spatial landscape of ncISDs.

Chapter 2 provides an introduction to statistical tests, ML, and analysis methods that
were utilised in Chapter 3, 4 and 5. This chapter sets the foundation for the analytical
techniques applied throughout this thesis.

Chapter 3 aims for improving the current disease ontology of ncISDs. It identifies disease
endotypes in ncISDs by integrating transcriptomics and phenotypes. Endotypes provide
an objective, data-driven alternative to the current patient stratification approach by IRP,

28



CHAPTER 1. INTRODUCTION

which is relies on subjective assessments. This chapter establishes the foundation for a
more precise patient stratification approach that improves the understanding of ncISDs.

Chapter 4 aims to pave the way for enhanced therapy response by hypothesising an
association between psoriasis endotypes and drug response. To achieve this, binary
classifiers are created using a minimal set of predictive genes identified through a novel
features selection approach. The hypothesis is tested by evaluating the classifiers in
an independent cohort. This chapter is pivotal in providing predictive biomarkers for
endotype classification, which may be linked to drug response, offering a potential
approach for the realisation of precision medicine in ncISDs.

Chapter 5 aims to deepen the understanding of ncISDs by exploring their ST landscape.
Using ST data, I investigate the spatial distribution of immune cell expression and
hallmark cytokines in psoriasis, eczema, and lichen planus within the skin. This chapter
provides novel insights into the inflammatory micro-environment induced by cytokines,
highlighting their impact radius through a novel clustering algorithm, as well as the
spatial localisation and heterogeneity of ncISDs.

In Chapter 6, I discuss the outcome of Chapter 3 - 5 and provide an outlook on potential
applications and implications of my findings for the clinical practice and investigation of
ncISDs.
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Chapter 2

Statistical background

This chapter provides an overview and introduction to the utilised statistical tests, machine
learning (ML) techniques, and the subsequent exploratory data analyses. All analyses were
conducted in Python (version 3.7 and 3.8 [VRD09]) and R (4.0.0, 4.2.1, and, 4.2.2 [Tea22]).
Throughout this thesis, it is always assumed that the default parameters of the packages
or libraries were used, unless otherwise stated.

2.1 Sampling methods

In research, it is often infeasible to collect data from all eligible sources. Consequently,
representative samples must be selected. The sampling approach determines the suitability
of the representatives for the task and whether bias has been introduced. In addition, it
affects the reliability of the results and, consequently, the integrity of the findings [Tur20].
Thus, the choice of sampling strategy is fundamental in ensuring that research findings
are both valid and representative of the intended population.

Sampling methods are categorised into probability and non-probability sampling. Non-
probability sampling, which relies on non-random selection, is not examined in this thesis
[EN17]. Probability sampling methods, such as random sampling and stratified sampling,
involve random selection. As probability sampling is useful for generalising sample-based
findings to the census [EN17], it is introduced in more detail below.

In order to introduce the sampling techniques, it is necessary to define the terms popula-
tion, sampling frame, and sample. A population refers to the entire set of elements, i.e.
data points or observations, within the study’s defined scope. The sampling frame is a list
or description specifying the elements that qualify for inclusion in the population, while a
sample is a subset of these elements taken from the population [Tur20]. The sample size
depends on various factors, such as population size, the variation within the population,
and the research objectives [EN17]. In general, the more representative a sample, the
more likely it is that the findings will be generalisable.

In the context of the studies presented in this thesis, patients were selected based on
specific criteria and asked to donate punch biopsies from both lesional (L) and non-lesional
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(NL) skin. Statistically, each study functions as a sampling frame that defines which
samples (i.e., biopsies) are drawn from the population (i.e., biobank). The sample size is
therefore constrained by the number of donors. In addition, observations, representing
the data points in a sample, are described by features such as the expression level of the
genes or clinical traits. These sampling consideration ensure that the research findings are
based on a well-defined subset of the population, contributing to the study’s robustness
and relevance.

Random sampling is the simplest probability sampling method. Each element in a popu-
lation has equal chance to be selected [EN17] [Tur20]. However, it is not guaranteed that
the selected samples are representative of the population. Especially, if the representatives
are not equally represented or only parts of the whole population could be collected. Thus,
more complex sampling methods should be considered to ensure the representativeness of
the samples.

Stratified random sampling ensures that each element has a known probability of selection
[EN17]. It involves dividing a population into strata based on relevant characteristics, then
selecting a random sample from each group, ensuring representation across subgroups.
This method helps correct imbalances, such as when one patient group is significantly
larger than another, preventing bias in results [EN17]. In summary, stratified sampling
enhances the reliability of comparisons across groups by ensuring that each subgroup
is represented in the strata in an equal and proportional manner, thereby supporting
accurate conclusions.

In this thesis, subsamples are drawn from a representative sample of the population using
either random or stratified sampling in the method presented in Chapter 4.

2.2 Statistical testing

In research, theories are developed based on data. In particular, hypotheses are formulated
with the intention of either being confirmed or rejected. This is achieved through the
application of statistical tests, whose underlying assumptions are met by the test statistic
of the data. Statistical testing enables researchers to objectively evaluate hypotheses by
comparing data-driven expectations with observed patterns.

In order to test a theory, a null hypothesis H0 and an alternative hypothesis Ha are formu-
lated [Sid57]. Subsequently, a statistical test is chosen that aligns with research question
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and meets the data assumptions. After performing the statistical test, a significance level
α is determined, which sets the threshold for rejecting H0. The most common values for
α are 0.05 and 0.01 [Sid57]. In case of H0 being rejected, i.e., p-value ≤ α, the alternative
hypothesis, Ha, is accepted. In cases where H0 is retained, it is essential to exercise
caution and indicates that there is not enough evidence to reject H0. Thus, the outcome
of a statistical test provides insights into whether the data supports rejecting the null
hypothesis.

A typical application of statistical testing is to determine whether two groups differ sig-
nificantly using a two-tailed test. To illustrate, consider a study of responders and non-
responders to a drug with additional clinical information such as age. A research question
might be formulated as follows: Does age have an impact on the drug response? In order
to answer this question, H0 and Ha have to be formulated. This includes two distinct
hypothesis: firstly, that both groups are equally old (µ0 = µ1) and secondly, that they are
not equally old (µ0 ̸= µ1) (eq. 2.1a). A significant difference in terms of the population
means, µ0 and µ1, is indicated if H0 is rejected. This, in turn, means that Ha is accepted
and that age does, indeed, have an impact on the drug response. In the event that H0 is
not rejected, it is imperative to consider the possibility that the assumption of µ0 = µ1 is
false. Indeed, no conclusions can be drawn in this case and the hypothesis must therefore
be reformulated. In summary, two-tailed statistical tests can determine whether there are
statistically significant differences between groups.

H0 : µ = µ0; Ha : µ ̸= µ0 (two-tailed test) (2.1a)

H0 : µ ≤ µ0; Ha : µ > µ0 (left-tailed test) (2.1b)

H0 : µ ≥ µ0; Ha : µ < µ0 (right-tailed test) (2.1c)

In addition to testing for equality, a particular direction of difference can be tested using
left- or right-tailed tests. These test whether the two groups have equal means (eq. 2.1b
and eq. 2.1c). For example, a directional research question might be, whether drug
responders are younger than non-responders. In this case, the null hypothesis H0 would
state that either age does not have an impact on the drug response or that non-responders
are younger (µ0 ≤ µ1). The alternative hypothesis, Ha, would be that drug responders
are younger (µ0 > µ1). Therefore, one-tailed tests can provide further insights into the
direction of difference between groups.

The significance level α determines the threshold for rejecting the null hypothesis H0

and accepting the alternative hypothesis Ha. It also represents the probability of falsely
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Null hypothesis H0

True False

Decision
about H0

not rejected true negative (TN) false negative (FN)
m−R(1 - α) p (Type II error) = β

rejected false positive (FP) true positive (TP)
Rp (Type I error) = α (1 - β)

Total m0 ma = m−m0 m

Table 2.1: Association between Type I and Type II error probabilities and the decision
about H0. The number of performed tests is denoted as m, truly H0 tests is m0, truly Ha

is ma, and rejected tests is R.

rejecting H0 [Sid57]. Two types of errors can arise during this decision process.

• Type I error occurs when H0 is wrongly rejected, with the likelihood of this error
increasing as α increases.

• Type II error occurs when H0 is wrongly accepted, with its probability denoted by β.
The power of a statistical test, defined as 1−β, reflects the test’s ability to correctly
reject a false H0.

Increasing sample size n can reduce both errors and enhance test power, although
challenging in practice [Sid57]. The probabilities of committing any error and making
the correct assumptions under H0 is shown in Table 2.1. Careful selection of α and
consideration of sample size are essential to balancing the risk of errors in hypothesis
testing.

Once the hypothesis is defined and samples of equal size have been randomly drawn from
a population under the constraint of H0, an appropriate statistical test can be selected.
The choice of test depends on the test statistic, which represents the distribution of the
sample (Sections A.1, 2.2.1, 2.2.3). The test statistic can be determined either directly or
indirectly by applying mathematical theorems such as the central-limit theorem [Sid57].
It is applicable for populations following a normal distribution with large sample sizes
(n > 30), and for independent samples [Sid57]. Thus, the test statistic is essential for
determining the appropriate statistical test and ensuring valid results.

Once the test statistic has been defined, the sampling distribution can be determined,
which represents the probability distribution of the test statistic. It is differentiated
between one-sample tests, two-sample tests, and k-sample tests. The one-sample test tests
whether a sample was drawn from a specific population. In contrast, the two-sample test
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is used to test whether two samples originate from the same population, meaning it tests
for differences between two samples. The k-sample test compares two or more samples
simultaneously [Sid57]. Each test has a different requirement regarding the test statistic.
In the following sections (Sections 2.2.1, 2.2.3), I introduce statistical tests, which have
been applied in the conducted studies (Chapters 3, 4, 5). Parametric tests, which were
considered in the analysis but were not used due to the violation of assumptions, can be
found in the supplements A.1. Understanding the sampling distributions is important for
choosing the correct statistical test and accurately interpreting results.

The degrees of freedom df ∈ N represent the number of independent observations available
after being subjected to certain constraints. Depending on the context, the restrictions
can refer to relations in the data, such as the mean, orthogonal dimensions, and parameter
estimation. The former also occurs in statistical testing, as it is often tested whether
the means of two samples are significantly different by rejecting the null hypothesis
H0 : µ1 = µ2. In essence, degrees of freedom provide flexibility for estimating parameters
and conducting meaningful hypothesis tests.

In summary, the sequence of events in statistical testing includes the formulation of a
theory → collection of data → formulation of a hypothesis → selection of an appropriate
statistical test → definition of a significance level → execution of the statistical test →
and, finally, acceptance or rejection of the null hypothesis H0. The following sections will
introduce the most relevant statistical tests.

2.2.1 Non-parametric tests

It is recommended to use non-parametric tests when the data does not meet the require-
ments of parametric tests, such as normality and having numeric values. In comparison to
parametric tests, non-parametric tests offer the following advantages [Sid57]:

• Being able to handle ranked, interval, ratio, nominal, and ordinal data

• Being applicable to small sample sizes n ≤ 6, if the exact distribution of population
is not known

• Handling observations originating from multiple populations

• Giving the exact probabilities (most non-parametric tests)

In order to apply a non-parametric test, the data is provided in form of frequencies or
categories. The latter requires to rank the observations before applying the statistical test
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[Sid57]. During the rank assignment, it may happen that two observations are equal and
would therefore have been given the same rank, thus violating the continuity requirement.
These observations are called ties. In order to break ties, possible solutions are to build
the average/mid/mean rank for those tied observations, thereby preserving the sum of
ranks [Sid57].

The binomial test is a non-parametric, one-sample test that assumes a binomial distribution
of the data. It requires binary (dichotomous) data, independent observations, a fixed
sample size n, and equal probability for each outcome, which can be achieved through
random sampling [Sid57]. In a two-class population, with proportions P and Q = 1 − P ,
the binomial test evaluates how likely it is that the observed proportion x of the first
class matches the expected proportion P . The null hypothesis H0 is that the observed
proportion equals the hypothesised population proportion [Sid57]. The probability of the
two-tailed test is given by

p(x) =

(
N

x

)
P xQN−x =

N !

x!(N − x)!
P xQN−x,

where N is the total number of objects, x is the number of objects in class one, and i is
the number of objects in one class. Hence, N − x is the number of objects in the second
class. In the case of a directed research question and hence, a one-tailed test, the sampling
distribution is defined by

p(x ≤ κ) =

x≤κ∑
i=0

(
N

i

)
P iQN−i =

x≤κ∑
i=0

N !

i!(N − i)!
P iQN−i, (2.2)

which is the sum of probabilities p(x ≤ κ) of the values x begin equally or even more
extreme than the observed value κ. The number of objects in the first class is i while
N − i is the number of objects in the second class.

The Wilcoxon signed-ranks test compares whether the median of two matched indepen-
dent samples differs significantly. It accounts for both the direction and magnitude of
differences [Sid57]. The test involves calculating the signed differences between matched
samples, ranking their absolute values, assigning average ranks for ties, and summing the
positive and negative ranks to determine T [Sid57]. In this thesis, for large sample sizes
(n : n1 = n2), the sampling distribution is approximately normal, allowing the use of a
standard normal distribution (z-distribution), which is given by

z =
T − µT

σT
=

T − n(n+1)
2√

n(n+1)(2n+1)
24

.
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Observed frequencies Totalgroup: 1 group: 2
Nominal
categories

category 1 O11 O12 m1

category 2 O21 O22 m2

Total n1 n2 N

Table 2.2: An example of a 2× 2 contingency table.

The corresponding p − value, for a one-sided test is derived from statistical tables, while
for a two-tailed test, the p− value is multiplied by two.

The χ2 test can be used to test for significant difference between k = 2 independent samples
(groups) across r categories measured at least on nominal scale [Sid57]. Under the null
hypothesis H0, the data are arranged in an r×k contingency table. Each cell contains the
observed frequency Oij for the i-th category in the j-th sample. An example contingency
table is shown in Table 2.2. The expected frequency Eij of a cell can be calculated by

Eij =
nimj

N
,

where ni is the total number of observations in category i, mj is the total number of
observations in group j, and N is the overall sample size. The χ2 statistic measures the
discrepancy between observed and expected frequencies given by

χ2 =
r∑

i=1

k=2∑
j=1

(Oij − Eij)
2

Eij
,

where the sampling distribution follows approximately a χ2 distribution with degrees of
freedom df = (r − 1)(k − 1) [Sid57]. Leveraging df and the χ2 value, the p − value can
be determined using statistical tables. Finally, H0 rejected or accepted depending on the
significance level α.

The Kruskal-Wallis test is the non-parametric analogue to the analysis of variance
(ANOVA) test (Section A.1) [Sid57]. It assesses the null hypothesis that k ≥ 2 indepen-
dent samples come from the same population or populations by means of their average.
The test assumes a continuous distribution of ordinal data. Before conducting the test, the
data has to be transformed into ranks by assigning the lowest rank 1 to the smallest value
and the highest rank N to the greatest value in the categorical data [Sid57]. Sometimes
ties occur during the creation of ranks. In such cases the mean value of the tied ranks is
assigned to the observations. In case of no ties this equation can be used

H =
12

N(N + 1)

k∑
j=1

R2
j

nj
− 3(N + 1) ,
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where N is the total number of independent observations in the k samples, nj is the num-
ber of independent observations in jth sample, Rj is the sum of ranks in jth sample. The
formula in case of ties observations can be found in the supplements (Section A.2, eq. A.4).
The test statistic H in the Kruskal-Wallis test is χ2 distributed with degrees of freedom
of df = k− 1, where k ≥ 2 and being the number of samples [Sid57]. The same procedure
as in the χ2 test is used to determine whether the null hypothesis H0 is rejected or accepted.

The Mann-Whitney U test can be seen as the non-parametric analogue to the t-test and
requires the data to be at least ordinal [Sid57]. It can be applied in the two-sample
test scenario to test whether two independent samples with size n1 and n2 come from
the same population. Similar to the Kruskal-Wallis test, the data is transformed into
ranks. However, in the Mann-Whitney U test, the observations from both samples are
combined into one set and then ranked [Sid57]. Values are ranked and ties are treated as
in Kruskal-Wallis test. Afterwards, the ranked data is ordered by increasing number. The
U test statistic is given by

U1 = n1n2 +
n1(n1 + 1)

2
−R1

U2 = n1n2 +
n2(n2 + 1)

2
−R2 ,

where R1 and R2 are the sum of ranks assigned to the sample with size n1 and n2, re-
spectively. The two formulas do not yield the same result and for statistical testing, it is
suggested to use the smaller value [Sid57]. Using the formula U = n1n2 − U ′, where U ′ is
either U1 or U2, it can be easily switched U1 and U2. For large sample sizes n, the sampling
distribution of U is approximately normally distributed. In that case, it can bee compared
to the z-distribution also known as standard normal distribution with mean µ = 0 and
unit variance σ2 = 1 [Sid57]. Thus, the significance of U is given by

z =
U − µU

σU
=

U − n1n2
2√

n1n2(n1+n2+1)
12

,

where µU and σU are the mean and standard deviation of U , respectively. The formula for
tied observations can be found in the supplements (Section A.2, eq. A.5). The probability
value, p − value, corresponding to z under H0 can be taken from statistical tables and is
valid for a directed one-sided test. In order to determine the p−value for a two-tailed test,
double the probability [Sid57].

2.2.2 Multiple hypothesis testing

In transcriptomics studies it is quite common to test for multiple null hypotheses
H1

0, . . . ,Hm
0 , e.g., testing for differences between expression levels of multiple genes in
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parallel. However, performing m ∈ (1,∞) independent tests leads to higher Type I error
rates [YB99]. In order to control for these false positive discoveries, for example, the
Bonferroni or step-up Benjamini and Hochberg (BH) false discovery rate (FDR) correction
can be used [Dun61] [BH95] [YB99]. In this thesis I use the latter, BH FDR, to control
for the number of false discoveries. Considering m ordered p-values p(1) ≪ . . . ≪ p(m)

corresponding to m performed statistical tests. The FDR is controlled by rejecting all
null hypothesis H(i)

0 where the following applies [BH95]

p(i) ≪
i

m
α with i ∈ [1, k] , (2.3)

where k is the maximum number of rejected H(i)
0 [BH95]. The eq. 2.3 can be used to define

FDR corrected p-values, i.e., p - adjusted (padj) value padj , as [YB99]

padj(p(i)) = min
i≤k

(
p(k)

m

k

)
with k ∈ [i,m] .

A multiple hypothesis test H(i)
0 is considered significant if padj(p(i)) ≤ α. The BH FDR

method is in comparison to other multiple test correction methods more powerful and less
conservative [BH95] and is thus used to correct for FDR in this thesis.

2.2.3 Bayesian correlated t-test

The Bayesian correlated t-test [CB15] is introduced here, despite being classified as a
non-parametric tests. It is employed to assess the performance of two ML models trained
on the same dataset (Section 2.4.3 and Chapter 4). This test addresses the specific
question: "What is the probability that one model is superior to the other, or how likely
is H0?" [Ben+17]. The common null hypothesis statistical tests (NHST) is unable to
respond to this question, as it provides the probability indicating the unlikelihood of the
observed difference in performance between the two models occurring by random chance
under the null hypothesis H0 [Ben+17].

The Bayesian correlated t-test is a superior choice for this task for the following reasons
[Ben+17] [WL16]:

(i) Lack of uncertainty in NHST: NHST does not provide information about the uncer-
tainty of its reported probability.

(ii) Non-identical model performance: The performance of two models is unlikely to be
identical, thus H0 is never true.
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(iii) Statistical significance and sample size: Statistical significance can be reached by
using just enough samples.

(iv) Probabilistic nature of observed performances: Since observed performances are
only estimates, the answer is probabilistic.

The Bayesian correlated t-test can be used to compare the cross-validation (CV) perfor-
mance results of two models as these observations are dependent and correlated [CB15]
[Ben+17]. Let x ∈ Rn×1 be the difference in CV performance results. Then, the data can
be modelled as

x = 1µ+ v ,

where µ is the mean difference of the performance scores and vn×1 is a noise vector modelled
by a multivariate normal distribution v ∼ MVN(0,Σ). Internally v considers the variance
σ2 and correlation r between performance results introduced by CV [CB15]. Then, the
posterior distribution is then given by

p(x|µ,Σ) =
exp(−1

2(x− 1µ)TΣ−1(x− 1µ))

(2π)
n
2

√
|Σ|

, (2.4)

which is the mean difference of performance between two models evaluated using CV.
Considering the two classification models, A and B, the practical probabilities P that
(i) P (A ≪ B) for x ∈ (−∞,−τ), (ii) P (A = B) for x ∈ [−τ,−τ ], and (iii) P (A ≫ B)

for x ∈ (τ,∞) can be calculated by taking the integral over eq. 2.4. The area defined
between x ∈ [−τ,−τ ] marks the region where both models are practically equal in their
performance [KL15]. This region is also called rope and the interval depends on the
evaluation metric and definition of practical equivalence of two models [KL15] [Ben+17].

The posterior distribution can also be used to calculate the uncertainty in the probability
by integrating over certain regions of the data so that most of the information is still
retained. In addition, like in NHST, a threshold on P can be applied to decide whether
one model is superior to the other [Ben+17].

In summary, the Bayesian correlated t-test provides a more sophisticated, probabilistic
approach for model comparisons, accounting for uncertainty and practical equivalence.
Therefore, it is suited for assessing the relative performance of ML models trained on the
same dataset.
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Correlation Coefficient Strength of Correlation
1 Perfect
0.7 - 0.9 Strong
0.4 - 0.6 Moderate
0.1 - 0.3 Weak
0 None

Table 2.3: Assessment of the absolute correlation coefficient score [Ako18].

2.3 Correlation and multicollinearity

In statistics, not only differences between variables are of interest, but also whether there
is a linear relationship between two or more variables. Correlation measures the strength
and direction of an association between two random samples. Established methods are
Pearson’s and Spearman’s correlation coefficients for parametric and non-parametric data,
respectively (Section 2.3.1 and Section 2.3.2).

Since correlation indicates whether there is a dependency between two observations
(Table 2.3), it can also be used to remove redundant information in the data to reduce the
dimension and increase predictive power in ML models (Section 2.4.3.1.3). A drawback
of correlation is that it cannot be used to identify multicollinearity easily, which occurs
when a random observation can be expressed by a linear combination of two or more
other observations. This is especially true when, e.g., noise occurs in the data. Then
these linear combinations might not be as obvious. One solution is to calculate the
variance inflation factor (VIF), which will be introduced after introducing Pearson’s and
Spearman’s correlation coefficients in section 2.3.3.

2.3.1 Pearson’s correlation coefficient

Pearson’s correlation coefficient (PCC) measures the strength and direction of the linear
relation between two variables x and y. It can be applied if the data is at least continuous
and normal distributed. The PCC is defined by [Ueb]

rxy =
cov(x,y)
σx,x · σy,y

, (2.5)

where cov is the covariance and σ is the standard deviation of x and y, respectively. The
correlation coefficient rxy can take values between −1 and 1. Values of rxy = −1 or rxy = 1

imply a strict linear dependency, while for a value of rxy = 0 the variables x and y are
not linearly dependent. In order to test whether the linear relationship defined by rxy

is significant across the population, a null hypothesis H0 : rxy = 0 can be formulated
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[BCB03]. Since its a requirement that both variables are independent and have normally
distributed values, the sampling distribution can be approximated by a t-distribution.
Thus, Student’s t-test can be applied [Ueb] which is defined by

t =
rxy

√
n− 2√

1− r2xy

, (2.6)

where n is the total sample size. The null hypothesis H0 is rejected if the p-value is
below the significance level α. Then, it can be concluded that there is indeed a linear
relationship between the two variables.

Additionally to applying a statistical test, the confidence interval (CI) of the correlation
value rxy can be determined. It provides further information about the strength of the
relationship [BCB03]. In order to calculate the CI, rxy has to be transformed using the
Fisher’s z-transformation which is defined by [Fis+21] [AG88] [BW00]

z =
1

2
ln

(
1 + rxy
1− rxy

)
.

The distribution of z is approximately normally distributed with σz =
1√
n−3

[AG88]. The
general formula of the upper and lower bound CI of rxy in z-space is given by

CIz = z ±N1−α
2
· σz

where N1−α
2

corresponds the 100(1− α
2 ) percentile of the z-distribution [AG88]. A common

chosen value of α is 0.05 which refers to the CI95%. Using a statistical table, the value is
approx. 1.96 [AG88]. Subsequently, the CI95% of the correlation value rxy can be calculated
by using the inverse Fisher’s transformation [AG88] [BW00]:

CI =
exp2z −1

exp2z +1
. (2.7)

The value of CI95% can be interpreted as that 95% of the data is within the area of a
normal distribution centred around zero.

2.3.2 Spearman’s correlation coefficient

In case of non-parametric data the Spearman’s correlation coefficient (SCC) can be used
[Spe61] instead of PCC to examine the monotonic relation between two variables x and
y. It is able to handle ordinal, ranked data, while PCC expects the data to be continuous.
Therefore, the SCC is defined as the PCC (e.q. 2.5) except that it takes the ranked values
x̃ := rank(x) and ỹ := rank(y) as input. Thus, the SCC is given by

ρ = rxy(x̃, ỹ) =
cov(x̃, ỹ)

σ(x̃, x̃) σ(ỹ, ỹ)
. (2.8)
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where ρ ∈ [−1, 1]. Negative values indicate a negative correlation and vice versa for
positive values. For ρ = 0, no correlation exists between the two variables. Conclusively,
ρ enables to assess the strength and direction of the relation just like Pearson Correlation.
In ranked data it can happen that ties occur. That is the case when two values are equal
and would therefore be assigned the same rank. In the scenario of transcriptomics data,
measuring the same expression level of gene in multiple observations is not a rare case,
especially examining biopsies from patients suffering from similar conditions. The same
procedure to correct for tied observations as mentioned in the section 2.2.1 is used. If ties
are not assigned the same rank it would cause issues and bias in the statistical analysis.
The above equation 2.8 is also able to handle tied ranks.

Hypothesis testing allows to determine whether a significant difference exists. In this case,
the null hypothesis H0 : ρ = 0 and Ha : ρ ̸= 0 is tested meaning it is assumed that there
is no relation between the two observations, x and y [Sid57]. In case of large samples size
n ≥ 10, the sampling distribution follows a t-distribution [Sid57]. Thus, the test statistic
is the same as for PCC stated in eq. 2.6. This also applies to the CI (eq. 2.7).

In some instances, using a weighted SCC is more appropriate. For example, if you want
to pay more attention to a particular attribute in the data, or between two genes whose
expression levels have been aggregated across, e.g., multiple conditions. Then the sample
size will not be reflected in the variables. Thus, weighting the variables by the number of
conditions may be more appropriate. In order to determine weighted SCC, the weighted
rank has to be defined first. For a variable ξ, the weighted rank is given by [Bai+18]

rank(w)
j (ξ) := ξ̃(w) =

n∑
i=1

wi1(ξi < ξj)︸ ︷︷ ︸
aj

+
n+ 1

2
wj︸ ︷︷ ︸

bj

(2.9)

where aj is the sum of all weights wj with j ∈ [1, . . . , n] under the constraint ξi < ξj and bj

handles tied ranks by taking the mean of all weights wj [Bai+18]. The weighted SCC ρ(w)

is received, where the superscript denotes the weighted version of the SCC, by inserting
eq. 2.9 into eq. 2.8. In case of wj = 1 ∀j, eq. 2.8 can be used.

2.3.3 Handling multicollinearity with variance inflation factor

In order to determine whether there is collinearity in a data matrix Xn×k+1, the VIF can
be leveraged [MR19]. Based on the samples, the VIF tries to build linear combinations of
the form

xj = β01+ β1x1 + . . .+ βk−1xk−1 + ϵ , (2.10)
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where xj with j ∈ [1, k] is the j th independent variable described by the other k − 1

independent variables in X, β0 is an intercept term, and ϵ is an error term [MR19]. In the
case of k = 3, the variance of the estimated coefficient β̂3 of the third variable is related to
the correlation between x1 and x2. That means, for higher correlation values the variance
also increases. For the general case (see eq. 2.10), the variance is given by

σ2(β̂j) =
1

1−R2
j

· σ2
ϵ∑
x2j

with j ∈ [1, k] ,

where R2
j is the coefficient of determination used in the context of evaluating the goodness

of a fit in a regression task, σ2
ϵ is the variance of the error, and

∑
x2j is the sum of

squared deviations of the j th independent variable in X [O’b07]. Regression models will
be discussed in more detail in the following Section 2.4.3.2 and the proof that the square
root of R2 is the correlation coefficient can be found in the Supplements B.1. The VIF of
the j th variable is given by [O’b07]

VIFj =
1

1−R2
j

. (2.11)

The higher the values of VIF the more likely it is that there is a multicollinearity amongst
the samples [MR19]. The interpretation of VIF values is as follows. A VIF = 1 means
no correlation, 1 < VIF < 5 suggest moderate correlation, and VIF > 5 indicate high
correlation [MR19] [O’b07].

In some applications, a strong relation between multiple variables leads to biases in the
results or interpretations. To circumvent this issue, the VIF can be calculated and a
threshold can be applied. Commonly, the threshold VIF > 5 is used indicating collinearity
[MR19].

In summary, the VIF detects multicollinearity, which can result in biased outcomes if not
addressed. By applying a VIF threshold, the integrity of the models and downstream
analyses can be ensured. In this thesis, the VIF is implemented in a novel feature selection
pipeline introduced in Chapter 4.

2.4 Machine Learning

While statistical tests are employed to test for differences or relations between variables,
ML is used to reduce the amount of information in the data to its most essential ones
and learning patterns to solve clustering and prediction tasks. ML was long a theoretical
concept due to the lack of computational resources. Since 1990 [Sie95], computing became
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more and more efficient leading to the practical realisation and new subfields of ML such
as Deep Learning.

ML is commonly divided into three types of learning strategies: unsupervised, supervised,
and reinforcement learning. In unsupervised learning, the model seeks to identify patterns
or structures in the data, with the objective of categorising or representing it in a compact
format without knowing the sample labels. Examples are clustering and dimensionality
reduction methods. In supervised learning, the sample labels are known, and the model
learns its parameters by minimising the error between the predicted and ground truth
labels. Common applications of supervised learning include classification and regression
tasks. Examples for the former are the classification of dog vs. cat images, while for
the regression tasks it is weather forecasting. Whereas, in reinforcement learning, an
agent teaches itself how optimally perform a task by continuously interacting through a
feedback-loop with an environment. The feedback is provided in the form of rewards,
which the agent attempts to maximise [SB18]. Reinforcement learning is used in various
fields, including natural language processing and gaming [Li19].

In this thesis, dimension reduction, clustering, and prediction tasks are carried out in the
Chapters 3, 4, and 5 to reveal patterns hidden in the data, identify disease endotypes, con-
struct classifiers on a feature subset, and identify spatial associations in non-communicable
chronic inflammatory skin diseases (ncISDs).

2.4.1 Dimension reduction techniques for visualisation

In this thesis, the analysed transcriptomics data and clinical assessments are high-
dimensional - at least transcriptomics data - due to the amount of measured expression
levels of ten thousands of genes contained on the human genome and number of leveraged
clinical traits. In order to reveal interpretable strong/dominant structures and connections
in the data sets, an established approach is to project high-dimensional data into a lower
dimensional space, while preserving the most important information. The top two or
three dimensions, containing the most essential information, which are then visualised.
This allows theories to be drawn, which can subsequently be tested.

High-dimensional data X ∈ Rn×f is projected to a lower dimensional space X̂ ∈ Rn×q

with q ≪ f by creating embeddings containing the most essential information [Mur22].
The resulting data matrix X̂ is an approximation of the original data. Data points that
are closer to each other in the embedding space share characteristics and are more similar
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than data points that are more distant. In general, dimension reduction for visualisation
is used to reveal hidden structures and drivers of variation in the data.

This section briefly introduces principal component analysis (PCA) [Hot33] and Uniform
Manifold Approximation and Projection (UMAP) [MHM18]. Both techniques are used to
visualise the analysed high-dimensional transcriptomics and clinical data. Other commonly
used dimension reduction tools to visualise transcriptomics data are t-SNE (t-distributed
Stochastic Neighborhood Embedding), diffusion maps and latent space of variational Au-
toencoder (VAE). For the interested reader, more details can be found in [MH08] [Coi+05]
[HBT15] [Mur22] [Fos19].

2.4.1.1 Principal component analysis

PCA [Hot33] is a form of unsupervised learning and is applied to reduce the dimensions
of, e.g., images, landmarks, or shapes [Gre+22] [Mur22] [WEG87] [TH09]. It aims for
representing the data as uncorrelated, orthogonal, linear approximations (i.e. princi-
pal components (PCs)) in fewer dimensions that explain the variance in the data [Gre+22].

To compute the PCs, let X ∈ Rn×f be a data matrix with n observations and f features
(i.e., genes, clinical traits). In order to project X in a lower dimensional space X → X̂

such that q ≤ n, a matrix decomposition of X is computed using, e.g., singular value
decomposition (SVD) given by [GK65] [Mur22] [WEG87]

X = UΣV T ,

where U is an n× f orthogonal matrix with left singular vectors, V is a f × f orthogonal
matrix with right singular vectors, and Σ is a f × f diagonal matrix containing singular
values σ ∈ R+ in descending order. The singular values are the square root of variance,
i.e., standard deviation, explained by the features in the data. Using the result of the
SVD, the PCs are the left singular vectors scaled by their respective singular values
[Gre+22]. In essence, PCA uses SVD to decompose the data matrix, deriving PCs that
capture the maximum explained variance.

For visualisation purposes the first two to four dimensions are commonly examined, as
they contain the majority of explained variance, assisting in elucidating, e.g., biological
distinct groups.. However, for downstream analyses, keeping a higher number of PCs is
advised to prevent loss of too much information [LT19]. Hence, by using only p PCs the
data matrix can be reconstructed such that X̂ ≈ X. Since PCs are linear approximations
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of the data, they are more intuitive to interpret than non-linear methods. In conclusion,
the elbow method assists in determining the optimal number of PCs to retain.

In summary, PCA reduces data dimensionality, while preserving dominant features, en-
hancing both intuitive visual interpretation and robust data analysis.

2.4.1.2 Uniform Manifold Approximation and Projection

The UMAP is a non-linear dimension reduction technique, which uses manifold learning
and relies on Riemannian geometry and algebraic topology [MHM18]. A manifold is
a lower-dimensional topological space of the original data where the neighbourhood of
each data point is describable by the euclidean space. UMAP can be used, e.g., for
visualisation and as dimension reduction technique in ML tasks. Especially the fact that
UMAP represents local structures and preserves the topology of the data can be handy
in big data or data with many local topologies [MHM18]. Moreover, UMAP is able to
handle big data and can, like PCA, be directly applied on the data without the need of
prior dimension reduction [MHM18]. A weakness of UMAP is, that its embedding is not
directly interpretable, meaning the gap between local structures does not reflect the true
distance. In addition, the application of UMAP on small (< 500 samples), noisy datasets
can result in distorted embeddings and should be thus considered with care [MHM18].

This thesis leverages UMAP to visualise high and low dimensional data. The embedding of
the latter should be considered carefully. However, these datasets contain many biologically
driven topological structures, thus UMAP can be used to reveal them.

2.4.2 Unsupervised clustering

Clustering is a hypothesis free approach to categorise data points into groups based on
shared characteristics, while maximising dissimilarity in an unsupervised fashion. This
method is especially helpful when the ground truth labels are not known, as it does not
require prior knowledge of sample labels [Mur22]. Clustering is widely applied across
different research disciplines, including anomaly detection and image compression [TH09].

Common clustering methods for transcriptomics data are partitioning-based, hierarchi-
cal, community-detection-based, and density-based clustering [HK99]. Examples are
K-Means, Agglomerative, Leiden, and DBSCAN clustering, respectively. This thesis em-
ploys K-Means, hierarchical, and Leiden clustering, which are introduced in Section 2.4.2.2.
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A main characteristic of clustering algorithms is the definition of clusters based on a
metric, e.g., distance, correlation or modularity [Llo82] [BBC04] [TWVE19]. The choice
of metric depends on the data and context. For instance, K-Means clustering should be
preferably applied on datasets without outliers, while the Leiden algorithms is especially
useful in detecting groups in graph-based data. Therefore, the metric determines the how
the data points are grouped together and should be chosen based on the type of data.

Many algorithms, such as K-Means and Leiden clustering, require information about
the expected number of clusters in the data, which is either provided by a parameter k

corresponding to the number of clusters or, indirectly, by a resolution parameter γ. Since
it is not known how many clusters are actually in the data, it is common practice to repeat
the clustering procedure for various numbers of clusters. Thus, estimating the correct
number of clusters is an iterative process and may depend on the clustering algorithm and
characteristics of the data.

The decision on the optimal number of clusters can be further supported by clustering
metrics such as Silhouette score [Rou87] and Davies-Bouldin Index (DBI) [DB79].
However, the result of these metrics should be considered carefully as they may not fully
capture the complexity of the data or are affected by noise. In addition, the number of
clusters often depends also on the context. Therefore, domain knowledge is required, as
there is no objective ground truth information and no clustering metric answering the
question of how many clusters are in the data. In essence, clustering algorithms rely on
specific metrics to group data points and, depending on the algorithm, may require prior
knowledge of the number of clusters to form.

Clustering transcriptomics data presents challenges due to sensitivity to initialisation, high-
dimensionality, the presence of outliers, and noise from irrelevant features. Cluster algo-
rithms, influenced by stochastic processes such as initialisation, yield variable results, ne-
cessitating multiple runs with different initial values to ensure stability. Identifying robust
and well-separated clusters is further complicated by outliers and noise, as many clustering
algorithms are sensitive to these factors [NBG22].While methods like DBSCAN can handle
outliers, they are less effective in high-dimensional spaces [XP16]. Given that most cluster-
ing algorithms are optimised for low-dimensional data [HK99], dimensionality reduction is
essential. The increasing availability of high-dimensional data exacerbates computational
inefficiencies due to the "curse of dimensionality" [HK99] [KM17]. To address this, I will
introduce feature selection methods to refine high-dimensional transcriptomics datasets.
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2.4.2.1 Feature selection methods

The high dimensionality of biological data, such as transcriptomics data, can impede the
efficacy of clustering algorithms in identifying meaningful patterns. In order to avoid the
"curse of dimensionality", feature selection can be applied as a preprocessing step. This
approach allows to identify of the most relevant features, reducing the influence of noise and
computational complexity [LT19] . Feature selection methods are split into filter, wrapper,
hybrid, and embedded approaches. For unsupervised clustering, filter methods are of
interest, as they can handle high-dimensional data [Pud+22] [CS14] [BC+14]. All methods
are discussed in more detail in the section 2.4.3.1.3 on feature selection in supervised tasks.

Filter methods are one of the most widely applied approaches in unsupervised settings.
They assess the relevance of features based on certain statistical measures or metrics
and select features independently of the downstream learning algorithm. Established of
filtering approaches are similarity measurements, standard deviation, and controlling the
mean-variance relationship. For instance, similarity-based feature selection methods such
as maximal information compression index (MICI) [MMP02] and PCC select features
based on their similarity to other features in the dataset.

However, filtering methods may not be ideal for high-dimensional, noisy data, such
as the transcriptomics data analysed in this thesis, as they are sensitive to noise and
outliers. Further challenges in transcriptomics datasets are the sparsity, redundancy, and
interactions between genes. Ideally, a feature selection method would account for these
challenges to improve clustering outcomes.

An established feature selection approach for single-cell RNA-sequencing (scRNA-seq) and
spatial transcriptomics (ST) data is to control the mean-variance relationship. This method
selects features (genes) expressing a high variability across samples, as they may contain
meaningful biological information [LT19] [Bre+13]. Variations are described in [Stu+19]
[Zhe+17] [Sat+15]. The method presented in Zheng et al. (2017) [Zhe+17] is briefly
introduced. Let X ∈ Rs×f be a data matrix with features f and samples s. Then, the mean
µf and variance σ2

f of each feature across all samples can be determined. Subsequently,

the dispersion value can be calculated, which is defined as δf =
σ2
f

µf
. Based on the mean µf ,

the features are placed into 20 bins, where each bin contains features with similar average
values. Then, for each bin, the normalised dispersion value for each feature is calculated
by

δnorm
il =

δi − med(δ)l
MAD(δ)l

with l ∈ [1, . . . , 20] ,

49



2.4. MACHINE LEARNING

where i denotes the ith feature in bin l, med is the median of all dispersion values in bin
l, and MAD is the median absolute deviation (MAD) of all δ in bin l. The normalised
dispersion values δnorm are sorted and the top h features having the highest δnorm are
selected and denoted as highly variable genes (HVGs). This method is implemented in the
python package SCANPY [WAT18].

2.4.2.2 Clustering algorithms

Clustering algorithms generally require a distance metric to measure the similarity between
groups and samples, with Euclidean distance being one of the most commonly used. The
selection of the appropriate clustering algorithm depends on the data characteristics, as
factors such as outliers, noise, and high dimensionality can affect the clustering results.
The following section presents the clustering algorithms used in this thesis.

K-Means clustering groups data points into k clusters by assigning each point to the
nearest centroid and minimising the Euclidean distance or the variance within each
cluster [Jai10]. The algorithm operates iteratively. In the first step (i), centroids are
set randomly, then in step (ii) data points are assigned to the nearest centroid, and in
step (iii) centroids are recalculated as the mean of their assigned points. Steps (ii-iii) are
repeated until convergence. However, K-Means is non-deterministic, as its results depend
on the initialisation of centroids, often converging to local minima. Running the algorithm
multiple times can stabilise the clusters. Additionally, K-Means assumes spherical,
similarly sized clusters, which may not match real-world data distributions. The method
was independently introduced by [Ste+56] and [For65]. The default implementation in
Scikit-learn is based on Lloyd’s algorithm [Llo82] and improved to K-means++ by Arthur
et al. (2007) [AV+07], enhancing centroid initialisation and convergence. As it does not
scale for large datasets, Bahmani et al. (2012) addressed this limitation with K-means||
[Bah+12], which is not yet available in Scikit-learn [Ped+11]. In this thesis, K-means++
from Scikit-learn is used for gene clustering (Chapter 3).

There are two types of Hierarchical clustering, agglomerative and divisive [TH09].
Divisive clustering starts with all data points in a single cluster and iteratively divides
it into smaller clusters based on similarity measures, progressing from one cluster to
two, then to four, and so on, until each data point forms its own cluster. This method
builds a tree-like structure where cluster divisions create pairwise branches, and is
therefore known as a top-down approach. Conversely, agglomerative clustering operates
in a bottom-up manner. Initially, each data point is treated as an individual cluster.
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Pairs of clusters are then iteratively merged based on their similarity until all data
points are combined into a single cluster. The resulting hierarchical relationships can
be visualised using a dendrogram, which depicts the merging process in a tree-like diagram.

Agglomerative clustering is used to reveal relationships between clusters by iteratively
merging pairs of similar clusters based on a dissimilarity measure and a chosen agglom-
erative, or linkage, method [TH09]. Common linkage methods are, for instance, Ward’s
method [WJ63], complete linkage, and single linkage. The complete linkage method
determines cluster proximity based on the maximum distance between data points from
different clusters, ensuring that all points within a merged cluster remain relatively close
to one another. In contrast, the single linkage method considers the minimum distance
between data points from two clusters [Joh67]. The objective of Ward’s method is to
minimise the data points total variance inside a cluster [WJ63]. Agglomerative hierarchical
clustering in this thesis is applied using the hclust function from the R package "stats"
[Tea22], the linkage method "ward.D2" and dissimilarities measured by 1−cosine distance.

The Leiden algorithm [TWVE19] is an improved version of the Louvain algorithm [Blo+08],
as it is faster and scales on datasets of any size. In addition, it guarantees to build well-
connected groups [TWVE19] [HA+21]. Although the Leiden algorithm belongs to the
agglomerative clustering methods, it differs from hierarchical agglomerative clustering in
several key aspects. Leiden clustering requires the input data in the form of a network
or graph, where nodes represent entities (e.g., cells) and edges represent relationships or
interactions between them. It aims for detecting communities, or dense groups of nodes,
within networks or graphs [For10] [POM+09]. To achieve this, Leiden optimises the modu-
larity, which is a quality of function [NG04][TWVE19]. It controls the size and granularity
of the clusters, i.e., the communities, by a user-defined resolution parameter γ. The Leiden
algorithm is split into three main phases [TWVE19]:

1. Find partitions by moving nodes from one community to another.

2. Refine partitioning by optimising modularity.

3. Built a network by aggregating the refined partition.

These phases are repeated until no further refinements can be made. The Leiden algo-
rithm is widely used in clustering high-dimensional data, such as scRNA-seq data [DRS18]
[Fre+18] [WR16]. In this thesis, I use the Leiden clustering algorithm implemented in
SCANPY [WAT18] and in the python module leidenalg [TWVE19] to cluster scRNA-seq
and bulk RNA-sequencing (RNA-seq), respectively.

51



2.4. MACHINE LEARNING

2.4.2.3 Clustering metrics

Clustering metrics are used to evaluate the performance of clustering models or to compare
the results of two cluster algorithms. Implementations of the metrics are accessible via
the module Scikit-learn [Ped+11] in Python.

The silhouette score assesses the similarity of data points within the same cluster to those
outside in other clusters. It should be used if the aim is to maximise the compactness of a
cluster and separation to other clusters [Rou87]. The silhouette score can be determined
by

S(i) =
(b(i)− a(i))

max(a(i), b(i))
if|CI | > 1

S(i) = 0 if|CI | = 1 ,

where a(i) is the average distance between a data point i and all other data points
j with j ̸= i in the same cluster CI while b(i) is the smallest average distance between data
point i and data points in other clusters. The number of data points in CI is given by |CI |.
The silhouette score is zero if only one data is in cluster CI as no distance a(i) between
i ∈ CI and other data points j ∈ CI can be calculated. The silhouette score S(i) ranges
from −1 to 1, with a low score indicating poor clustering of the data points and a high
score indicating that the data points are well clustered. Any kind of distance metric can
be used. However, the choice should be always tailored to the data - the euclidean distance
may not be the right choice for high dimensional data as in higher dimensions the dis-
tances become uniform and it can fall for the "curse of dimensionality" [AHK01] [Bey+99].

Another clustering metric is the DBI, which was introduced by David L. Davies and Donald
W. Bouldin [DB79]. Unlike the silhouette score, the DBI is the measure of ratio between
inter- and intra-cluster distances. Let x ∈ R1×n and y ∈ R1×n be vectors assigned to
clusters CI and CJ , respectively, then the fraction between the inter- and intra-cluster
distances can be built by

RI,J =
dist(xi,x)− dist(yj ,y)

dist(x,y)
,

where x and y are the centroids of the clusters CI and CJ , respectively. The DBI minimises
the dispersion inside the clusters and at the same time maximises the separation between
clusters and is defined by

DBI =
(
1

k

) k∑
i=1

max
i ̸=j

(Rij) ,
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where k is the number of clusters in the data. A lower value implies a better clustering of
the data points, while a higher value indicates the opposite.

A metric, to assess the similarity of two clustering results, is Adjusted Mutual Infor-
mation (AMI). It is a variation of mutual information (MI) and accounts for detecting
mutual agreement by chance [Rom+16]. Let S = {s1, . . . , sn} be a set of data points and
U = {U1, . . . , Uk} a random cluster partition with k clusters and V = {V1, . . . , Vn} with
n clusters. The probability PU (i) that a data point si ∈ S belongs to cluster Ui can be
determined by

PU (i) =
|Ui|
n

.

Subsequently, the entropy H of the cluster U can be calculated by

H(U) = −
k∑

i=1

PU (i) log(PU (i)) .

Similarity, the probability and entropy of cluster V can be determined. Then, the MI can
be corrected by

AMI(U, V ) =
MI(U, V )− E[MI(U, V )]

max(H(U), H(V ))− E[MI(U, V )]
.

Values of AMI are in the range of AMI ∈ [0, 1], where higher values indicate a better
agreement between the two clustering. It should be used when it is expected that the
ground truth clustering contains clusters of different size and small clusters [Rom+16].

2.4.3 Supervised regression and classification

Supervised learning is a ML approach that utilises labelled data to train models to solve
regression and classification tasks. In contrast to unsupervised learning, which identifies
patterns or clusters without pre-defined labels, supervised learning requires ground truth
values y ∈ Y corresponding to the data points X ∈ Rn×f . Depending on the task,
the label space Y varies. For classification, Y ∈ [1, . . . , k] represents k classes, while
for regression Y ∈ Rn represents continuous values. Supervised learning enables the
development of models that predict discrete classes or continuous outcomes by leveraging
labelled data tailored to the specific task.

Supervised learning models aim to predict output variables by establishing a mathematical
relationship between input data and their corresponding labels. A supervised learning
model maps an independent (input) data point xi to its response (output) variable yi.
For example, in a linear regression model, this relationship is expressed as y = β1x + β0,

53



2.4. MACHINE LEARNING

where β1 (slope) and β0 (y-intercept or bias) are parameters learned during training.
The training process aims to optimise these parameters to best describe the relationship
between x ∈ Rn and y ∈ Rn. Learning parametrised relationships between inputs and out-
puts, supervised models achieve accurate predictions for regression and classification tasks.

The optimisation of supervised learning models involves minimising errors using an
objective function. In real world application, models often fail to perfectly describe the
data, leading to residual errors ϵ between the true label y and the estimated value ŷ

occur. The objective of model training is to minimise these errors through an optimisation
process. This involves defining an objective function, which is either minimised or
maximised, and is composed of a cost or loss function and a penalisation term [Mur22]
[TH09]. The choice between a cost or loss function depends on whether the focus is on
aggregated or single errors, respectively. In the objective function, the penalisation term,
such as L2-regularisation, prevents the model from overfitting, ensuring its generalisability
[Mur22] [TH09]. For example, the objective function

∑n
i=1 ϵ

2 can be approximated by∑n
i=1(yi − ŷi)

2 + λ
∑n

i=1 β
2
i , where λ

∑n
i=1 β

2
i is the L2-regularisation, representing the

penalisation term [TH09]. The optimal solution is found at the zero crossings of the
derivative of the objective function. Thus, model optimisation balances error minimisation
and regularisation, ensuring accurate and generalisable predictions.

Supervised models produce outputs that can be adapted for classification tasks using de-
cision thresholds. The model’s output ŷ is a vector of continuous values. These can be
mapped to probabilities P (xi) ∈ [0, 1], which are converted into binary outputs using a
decision threshold θ. In the described scenario, the decision function can be defined as

G(xi) =

1 if P (xi) ≥ θ

0 if P (xi) < θ ,
(2.12)

where an established decision threshold is θ = 0.5. This transforms the regression into a
classification model. Desired is a prediction probability outside a user-defined uncertainty
area (e.g., ± 0.1 around P (xi) = 0.5) [TH09] In summary, applying decision thresholds to
continuous model outputs, regression models can be adapted to classification tasks.

The performance of the trained model is evaluated using a test set, which contains data
not exposed during training. Evaluation metrics such as accuracy, precision, recall, and
F1-score, assess the model’s ability to generalise to unseen data. To prevent overfitting, it
is good practice to divide the dataset into a training, validation, and test set. The training
set is used to estimate the model parameters by minimising a cost or loss function, while
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the validation set is used to monitor the model’s performance during training to refine
the model. Overfitting occurs, when the chosen model fits the training set perfectly, but
performs poorly on unseen data. In addition, techniques such as CV use the validation
set to select the best model (section 2.4.3.3). The test set, withheld during training, is re-
served for the final evaluation, ensuring an unbiased measure of the model’s generalisability.

This thesis applies supervised learning to binary classification tasks using both regression
and classification models. The following sections introduce the relevant methods.

2.4.3.1 Data preparation

Data preparation is essential for ensuring ML models can process and learn from the
provided information. In real world applications, data is provided in different forms such
as strings, floats, and integers. Since most ML models operate only on numerical data,
preprocessing steps are required to transform raw data into a format suitable for model
input. These steps include encoding categorical variables, feature scaling, handling missing
data, addressing class imbalance, and selecting relevant features. Proper data preparation
ensures that models are trained effectively, yielding accurate and generalisable predictions.
Many datasets include categorical variables, which consist of labels with a finite set
of values. In order to enable ML models to interpret this information, these variables
must be encoded into numerical representations. Common encoding techniques include
one-hot encoding or label encoding [TH09]. This transformation preserves the information
contained in categorical variables and enables the model to interpret and learn from the
encoded information effectively.

Variations in measurement units or magnitudes between features can adversely affect model
performance. Feature scaling or normalisation ensure uniformity across features. They
transform variables in the data having different measurement units or orders of magnitude
to the same scale, while preserving their relative relations and distributions. This ensures
that all features contribute equally to the model. It thereby prevents the potential for
extreme values to be considered as more important than others, as this could lead to
systematic errors in the model [TH09]. In this thesis normalisation and min-max scaling
are employed. The latter transforms the features of a variable between 0 and 1 by

xscaled =
x− xmin

xmax − xmin
. (2.13)

Specific normalisation techniques for each type of analysed transcriptomics data is
presented in the sections 2.5.1, 2.5.2, and 2.5.3.
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Missing data is a common issue in medical records and other real-world datasets, and the
majority of statistical and ML models require complete data. There are three categories
of missing data [HT22] [BS14]:

• Missing completely at random (MCAR): Missingness is independent of observed and
unobserved data.

• Missing at random (MAR): Missingness depends on observed variables.

• Missing not at random (MNAR): Missingness depends on unobserved variables or
the value itself.

The first two categories, MCAR and MAR, can be handled by removing variables with a
high proportion of missing values (> 90% [MD+19]) and by imputation techniques such
as K-nearest neighbour (KNN) and regression [Zha12] [MD+19] [Kan13]. They replace
the missing values using the information of the measured observations or correlated
variables [Zha12] [MD+19]. Especially in the case of MCAR, the imputation does not
introduce any bias as the variable with missing data is independent from the others
[Kan13]. In case of MAR, the missing data can be explained by other variables [BS14].
MNAR scenarios, where missingness is tied to unobserved factors, requires further
investigation and is more challenging to solve. Advanced ML models can also estimate
missing values in an unbiased fashion, when dealing with MNAR scenarios [Kan13]. Thus,
depending on the applicable scenario, the imputation method has to be chosen accordingly.

Class imbalance occurs when the dataset contains unequal representation of the k classes,
with the majority class having significantly more instances than the minority class. This
imbalance can impact model performance, as ML algorithms may be biased towards the
majority class and hinder the model to generalise well. Strategies such as oversampling
the minority class, undersampling the majority class, or using synthetic data generation
techniques (e.g., Synthetic Minority Oversampling Technique (SMOTE) [Cha+02]) can
address this issue and improve model generalisation.

Another crucial data preparation step is the selection of relevant features, as they strongly
influence the performance of a model. Irrelevant or redundant features can increase
computational complexity and lead to overfitting, while selected features can enhance
model accuracy and interpretability. Techniques for feature selection, including filtering
techniques [KR92], wrapper [SKZ10] [Gho+20] and embedded [Szy+09] feature selection
methods, are explored in section 2.4.3.1.3.
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Data preparation is essential for building robust and accurate ML models. By encoding
variables, scaling features, handling missing data, addressing class imbalance, and selecting
relevant features, it can be ensured that model performance is improved and that the
resulting predictions are meaningful, interpretable, and generalisable. In the following
sections, techniques applied in this thesis are presented.

2.4.3.1.1 Encoding of the dependent variable

Many ML algorithms, excluding, e.g., decision-tree based models, require categorical
labels to be presented numerically in the form of zeros and ones. The term "categorical
labels" refers to the dependent variable, which is defined as a finite set of values or classes.
In order to transform these categorical labels into numerical representations, encoding
techniques such as ordinal and one-hot encoding are applied [Mur22].

The encoding methods are suitable for specific types of categories. A distinction is made
between ordinal and nominal categories. Ordinal variables contain information of the
intrinsic ordering or ranking among their categories, which must be preserved during
encoding. For these variables, techniques such as Ordinal encoding or Label encoding can
be used. These methods assign a unique numerical value to each category, maintaining
the original order of the variable. In contrast, nominal variables lack any intrinsic
ordering among their categories. For these, one-hot encoding can be leveraged. This
method creates a binary variable for each category, ensuring no ordinal relationship is
implied. Each category is represented by a separate binary column (often referred to as
dummy variables), and the number of new variables corresponds to the number of distinct
categories in the original variable.

In this thesis, Label encoding is used, which is implemented in the Python package Scikit-
learn [Ped+11] to transform the binary class labels into numerical values.

2.4.3.1.2 Handling imbalanced data

Imbalanced datasets, where classes are unequally represented, are a common challenge
in real-world applications. Ideally, all classes in a dataset should have approximately the
same number of samples to ensure balanced learning. When this condition is not met, ML
models tend to prioritise the majority class, leading to poor performance on the minority
class. Such dataset are called imbalanced and can severely affect a model’s generalisation
ability.
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ML models are often optimised by maximising the predictive accuracy requiring all classes
to be of equal size. However, for imbalanced datasets, alternative evaluation metrics, such
as area under the curve (AUC) or the Receiver Operating Characteristics (ROC) convex
hull, are better suited as they also optimise the low detection rate of the minority class
[Swe88] [DHS01] [Bra97] [Lee00] [PF01].

Several strategies have been developed to mitigate the effects of class imbalance. These
include resampling methods, such as over-sampling, under-sampling, SMOTE [Cha+02],
K-Means SMOTE [DBL18], and Support Vector Machine (SVM) SMOTE [NCK11].
Another effective approach is to modify the loss function by, e.g., assigning class-specific
weights during training [Aur+19]. These strategies aim to ensure adequate representation
of all classes in the learning process.

Under-sampling reduces the amount of samples in the majority class, thereby increasing
sensitivity of the minority class. However, this may lead to potentially discarding valuable
information, as not all majority class samples are used. In contrast, over-sampling
replicates minority class samples. While this addresses the imbalance, it does not add new
information to the class and may lead to overfitting [MT14]. Thus, both techniques have
limitations that may impact the model’s overall performance.

As over- and under-sampling have inherent limitations, advanced methods such as SMOTE
aim to overcome these by generating synthetic data to improve class representation.
SMOTE is a statistical method, which generates synthetic samples to balance class
representation more effectively. It combines under-sampling of the majority class and
over-sampling of the minority class by creating artificial data points [Cha+02]. These
synthetic samples are created by randomly choosing a sample from all observations. Then,
the difference between the selected sample and its k-nearest neighbour observations is
calculated. The difference is multiplied by a weight w between 0and 1 and added to the
sample under consideration. The generation of the new synthetic samples is described by

s
(synthetic)
i = s+ w · (si − s) with i ∈ [1, . . . , k] ∧ w ∈ [0, 1] .

Combining both, over- and under-sampling, overcomes the limitation of over-sampling and
yields higher performance than using under-sampling alone [Cha+02]. Although SMOTE
effectively addresses the between-class imbalance problem, it fails in cases of within-class
imbalance and noise.
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Advanced SMOTE variants, such as K-Means SMOTE [DBL18] and SVM SMOTE
[NCK11], address specific limitations of the original technique. K-Means SMOTE applies
clustering, filtering, and over-sampling to handle skewed and noisy data. Clustering
identifies dense regions in the data, and filtering retains clusters with a high proportion of
minority samples. SMOTE is then applied by generating synthetic samples specifically in
clusters with sparse minority class samples.

SVM SMOTE [NCK11] extends SMOTE by generating synthetic samples along the
decision boundary using support vectors from an SVM trained on the original dataset
[HWM05] [Wan08]. This approach prioritises regions near the decision boundary, where
classification accuracy is most crucial. In contrast to SMOTE, SVM SMOTE selects
k-nearest neighbour samples along the decision boundary of the interpolated and extrapo-
lated line between nearest neighbours support vectors of the minority class, ensuring more
targeted over-sampling. Extrapolation is used to shrink the distance between minority and
majority classes when the proportion of nearby majority samples is below 50% [NCK11].
Both K-Means SMOTE and SVM SMOTE address some of the challenges of SMOTE,
such as noise and within-class imbalance, making them more robust for complex datasets.

In this thesis, SVM SMOTE, which is implemented in the python package Imbalanced-
learn [LNA17], is used to account for class imbalance before performing ML-based feature
selection and training of the model. By leveraging SVM SMOTE, the data preparation
pipeline ensures that the classifier effectively learns patterns from both majority and mi-
nority classes.

2.4.3.1.3 Supervised feature selection

Feature selection is an essential preparatory step of predictive modelling. This is partic-
ularly challenging in biological datasets, where high-dimensional feature spaces and small
samples sizes are common, and it is desired to avoid the "curse of dimensionality". Using
all features can lead to overfitting, where the model captures noise rather than meaningful
patterns. By identifying a relevant feature subset, feature selection enhances computa-
tional efficiency, reduces resource usage, and mitigates overfitting [Pud+22]. The optimal
feature subset carries the most relevant information for the defined task and is given by
the following definition [KJ97].

Definition 1. Given a classifier model and a dataset with features X = x1, . . . ,xn from
a distribution drawn from the labelled samples, the optimal feature subset Xopt is defined
by the maximal performance metric score of the classifier.
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The optimal feature set can be selected through various feature selection and reduction
techniques, which also remove noise and redundant information. This avoids overfitting,
improves the computational efficiency, and enhances interpretability of the ML model.
Common feature selection techniques are filter, wrapper, and embedded methods.

Filter methods, such as correlation (Chapter 2.3), hypothesis tests (chapter 2.2) and
Relief [KR92] [Kon94], assist in selecting feature subsets. by ranking class-dependent
and -independent features. These methods are independent of the predictive model and
scale well with high-dimensional data. However, class-independent methods produce
general feature sets that are not tailored to specific prediction tasks [Pud+22]. In
contrast, class-dependent methods enhance model performance by selecting task-specific
features, but they increase computational costs and may overfit, particularly in small or
imbalanced datasets [Pud+22]. Additionally, some filter methods, such as correlation
and hypothesis tests, do not account for feature redundancy or interactions, which are
important to consider in biological data. Alternative filter methods such as BOOST
[Wan+10], CMIFSI [Lia+19] and FS-RRC [Li+20] address these limitations, focusing
on pairwise interactions. Some newer methods explore higher-order interactions, albeit
with greater computational complexity, as they do not scale to high-dimensional data
[Pud+22]. Overall, filter methods are useful as initial feature reduction step due to their
simplicity and interpretability.

Wrapper methods, which combine heuristic search strategies with classifier algorithms,
offer a more tailored approach to feature selection. These methods iteratively evaluate
feature subsets based on model performance [Pud+22], stopping once a predefined
criterion, such as performance plateau or feature limit, is met. Compared to filter
techniques, wrapper methods achieve superior performance [Inz+04] [Wah+18] [Gho+20]
by considering feature interactions and redundancies, which are of significant importance
in biological data. Wrapper methods require significant computational resources and are
not suitable for high-dimensional data [CS14] [BC+14]. Additionally, the selected feature
subset depends on the classifier model used [JKP94], which can bias the selection and
lead to overfitting, while making it difficult to trace feature contributions. Examples of
wrapper methods include sequential feature selection (SFS) [KJ97] and recursive feature
selection with cross-validation (RFSCV) [Guy+02] [Zha+13], with the latter being more
robust to overfitting due to its internal CV. While computationally intensive, wrapper
methods provide superior performance, particularly for identifying task-relevant features
in lower-dimensional datasets.
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Embedded techniques are integrated in the classifier algorithm, thereby influencing a
feature’s contribution through techniques such as regularisation (e.g., L1-regularisation,
Appendix B.2) and tree-based models (e.g., Random Forest, Chapter 2.4.3.2) to assign
weights or penalties to features. These methods combine the advantages of filter and
wrapper approaches, offering computational efficiency and superior performance due to
their interaction with the classifier. While tree-based decision models are capable of con-
sidering higher-order interactions in datasets that are not high-dimensional, they cannot
handle redundancy. In contrast, regularisation models are able to handle redundancy but
are not suited to deal with interactions [BG+17] [Lun+04]. In essence, it is a decision
between considering feature interactions or being resistant to redundancy. With regard to
the application to high-dimensional data it is better to preselect the feature space before
using embedded feature selection methods [Pud+22] [Szy+09] [SKZ10].

Hybrid approaches combine different feature selection methods, such as integrating filter
and wrapper techniques. In general, they achieve higher performance and overcome
individual limitations [Gho+20]. Feature reduction methods, which aim for reducing the
dimension of the data by building linear or non-linear combinations of the features, include
techniques such as are PCA [Hot33] [WEG87], UMAP [MHM18], and VAE [HZ93]. More
detailed descriptions of PCA and UMAP can be found in section 2.4.1. Both, hybrid
approaches and feature reduction methods, provide robust solutions for handling complex,
high-dimensional datasets effectively.

In this thesis, multiple supervised feature selection approaches are combined to identify a
relevant feature subset for binary classification tasks (Chapter 4.2.3).

2.4.3.2 Regression and classification models

Selecting an appropriate ML model is crucial for the overall performance and reliability
of predictions. The choice of model should align with the specific task and characteristics
of the data, as a mismatch can result in poor performance. For example, applying a
non-linear model to linear data would lead to overfitting, where irrelevant features and
noise are captured instead of meaningful patters. This reduces the model’s ability to
generalise to unseen data. Thus, understanding the data characteristics and application
domains of different ML models is important for optimal performance.

ML models operate as functions mapping an input X to its corresponding output
y. The input matrix X represents the independent or predictor variables and is also
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referred to as design matrix, while the output vector y is the dependent or response
variable. In order to find the best model, an optimisation problem is solved. Besides
learning the coefficients β of a model, additional parameters can often be adjusted.
These are called hyperparameters and define a model’s complexity and influence the
learning behaviour of the model. In general, ML models map inputs to outputs, with op-
timisation involving both model coefficients and hyperparameters to enhance performance.

This section provides a brief overview of regression and classification models. Multiple
linear regression is introduced first due to its simplicity and forming the foundation of
many other ML models, even though it is not explicitly applied in this thesis.

Similar to correlation analysis, linear regression examines the relationship between a de-
pendent variable y and an independent variable [BCB03]. They express the relationship in
form of equations, enabling the estimation of the regression coefficients β ∈ Rf×1. These
coefficients describe how the independent variables contribute to the dependent variables
X ∈ Rn×f , with the aim of minimising the error ϵ, defined as the difference between the
fitted (predicted) variable ŷ ∈ Rn×1 and dependent (true) variable y ∈ Rn×1, as given by
y = ŷ + ϵ. The linear regression model for multiple, independent variables (observations)
is given by

y = X̃β + ϵ , (2.14)

where X̃ ∈ Rn×(f+1) is a design matrix containing the intercept term and observations of
X. The goal is to minimise the error ϵ between ŷ and y by

min

( n∑
j=1

ϵ2j

)
= min

( n∑
j=1

(yj − ŷj)
2

)
= min

( n∑
j=1

(yj − xjβ)
2

)
. (2.15)

In other words, an optimal set of coefficients β is sought, which describes best the rela-
tionship between X and y. The minimum can be determined by the zero-crossing of the
first derivative of eq. 2.15. Under the assumption that X is non-singular, the estimated
coefficients β can be obtained by [TH09]

β̂ = (XTX)−1XTy .

Given the unique solution of β̂, the value for the ith data point xi can be predicted
by ŷi(xi) = xiβ̂ [TH09]. The fitted value ŷi(xi) can be mapped to P (xi) ∈ [0, 1] and
subsequently converted into class labels by applying a decision rule using eq. 2.12. For
binary classification, the threshold θ is often set to 0.5. That means predicted values
ŷi ≥ 0.5 are assigned to class 1 and ŷi < 0.5 to class 0.
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In order to determine the goodness of the fit, the coefficient of determination R2 can be
calculated. It assesses the proportion of explained variance of the fitted values ŷ to the
overall variance [Ueb] by

R2 =

∑n
j=1(ŷj − yj)

2∑n
j=1(yj − yj)

2
. (2.16)

The values of R2 can vary between 0 and 1 where R2 = 1 indicates no variance between
the estimated ŷ and true values y. The square root of R2 is the correlation coefficient.
The proof can be found in the Appendix B.1. In summary, multiple linear regression
enables to explore and quantify relationships between variables.

Logistic regression is a non-linear regression model used to predict the probability of a
binary (dichotomous) variable yn×1 ∈ [0, 1] based on one or more independent variables
X ∈ Rn×(f+1). The model is defined as

p(y = 1 | X) =
1

1 + exp(−βX)
.

This equation uses a sigmoid function to model the probability of class membership,
which maps the output to the range [0, 1] [Mur22]. To classify the outcome, a threshold
θ is applied to the predicted probability (eq. 2.12), with values above θ assigned to one
class and below to the other (e.g., θ = 0.5). In order to prevent overfitting and potentially
reduce the number of features, a regularisation term can be incorporated into the model
[Lee+06] [Ng04] (see Appendix B.2). Overall, logistic regression provides probabilistic
predictions, which can be further enhanced through regularisation to prevent overfitting.
It is used in my feature selection pipeline, which is described in Chapter 4.2.3.

The KNN classifier is a widely-used algorithm in ML, due to its simplicity and effectiveness
in classifying data points based on their similarity to existing samples. The model assigns
the class of a given data point based on the properties of its neighbouring data points within
a defined feature space. Specifically, the KNN algorithm classifies a data point x based on
the majority class among its k-nearest neighbours with k ∈ [1,∞). These neighbours are
defined as the k-closest samples, sharing similar features in an n-dimensional space. The
similarity between two data points, x and x′, is measured by the Mahalanobis-distance,
which is defined as

d(x,x′) =
√

(x− x′)TM(x− x′) ,

where the d(x,x′) quantifies the distance between the data points and M is a positive
definite matrix [Mur22]. Notably, for M = I, the Mahalanobis-distance simplifies to the
Euclidean distance. Given the distance between all data points, the sets Sk(x) of k-nearest
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neighbours of each data point x can be found. Subsequently, the k-nearest neighbour fit
can be conducted, which is defined as

p(y = c|x) = 1

k

∑
n∈Sk(x)

I(yn = c) ,

to predict the average response of data point x to its k-nearest neighbours for class c

[Mur22]. The KNN is used to add new data points to pre-existing clusters in Chapter
3. This application leverages the algorithm’s capacity to identify samples with similar
characteristics and associate them with the most appropriate group.

The Random Forest model is an ensemble learning method that combines multiple
decision trees to enhance prediction accuracy. A decision tree is a hierarchical structure
that can be envisioned as an upside-down tree, consisting of nodes and branches. Each
node represents the decision/answer to a condition/question, with general decisions made
at the highest level of the tree structure, while more specific conditions are queried at
deeper levels. The final leaf node delivers the final decision based on a series of queries.

The Random Forest algorithm uses two techniques, bagging and feature bagging, to build
uncorrelated decision trees. Bagging, or bootstrap aggregation, generates new datasets
X1, . . . ,Xm by randomly selecting samples from the original training set X ∈ Rn×f with
replacement [TH09] [LUW20]. This technique yields more accurate predictions, as the
results of the m decision trees are aggregated and majority voting, i.e., selecting the predic-
tion of an input sample occurring the most, is applied. This takes into account the variance
in the data [TH09]. Feature bagging involves repeatedly selecting random subsets of
features for each decision tree, ensuring the creation of uncorrelated decision trees [Mur22].

The Random Forest model has three hyperparameters, i.e., number of trees, depth
(number of nodes), and number of sampled features. These parameters control the
complexity of the tree structure and influence the model’s performance. In summary, the
Random Forest algorithm is an ensemble of decision trees, where each tree is trained and
evaluated on a different subset of data and features, improving robustness and prediction
performance. In this thesis, the Random Forest classifier is used as part of an embedded
feature selection method due to its ability to assess feature importance using metrics such
as Gini Importance [TH09], see Chapter 4.

The XGBoost (short for extreme gradient boosting) algorithm is an ensemble tree of se-
quentially arranged weak learners, such as decision trees, minimising an objective function.
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This objective function consists of a loss function and a regularisation term, preventing the
model from overfitting [CG16]. XGBoost leverages gradient boosting to find the optimal
ensemble of trees. Gradient boosting is an iterative optimisation technique that calculates
the gradient of the loss function to reduce the residual error ϵ of the current ensemble
model by adding new weak learners. In essence, each subsequent learner corrects the errors
made by the previous ensemble models, leading to more robust predictions [Mur22] [CG16].

The complexity of the XGBoost model can be controlled via hyperparameters such as
tree depth, the number of trees, and learning rate. Latter specifies the contribution of
each tree to the ensemble and controls the rate at which the β coefficients are updated
during training. The lower the value the slower the updates and vice versa. In this thesis,
the XGBoost algorithm is used to build binary classifiers, as described in Chapter 4. The
algorithm is available in the Python package XGBoost [CG16].

The Multi-layer Perceptron (MLP) is a neural network (NN) designed to learn a mapping
function f(x) : Rf → Rc for classification, or f(x) : Rf → R for regression tasks. Here,
f is the number of input features in a data matrix X ∈ Rn×f , while c corresponds to
the number of classes in the dependent output variable y. A standard NN consists of an
input layer, one or more optional hidden layers, and an output layer. The hidden layers
introduce non-linear transformations via activation functions such as the ReLU (rectified
linear unit) or tanh (hyperbolic tangent). Theses enable the model to solve non-linear
prediction tasks by constructing non-linear decision boundaries [Mur22]. The layers are
interconnected by weights, which are iteratively learned during the training [Mur22].

Each layer consists of multiple nodes (or neurons), each assigned with an activation
function. Briefly, a node processes the weighted outputs from the previous layer as
input, applies the activation function, and propagates the outcome to the subsequent
layer [Mur22]. The input and output layers have a fixed number of nodes, given by the
number of features and classes, respectively. The number of nodes in the hidden layers is
typically set between the number of features and classes. Instead of setting this number
arbitrarily, pruning can be applied to determine this number more systematically [Hoe+21].

During training, the weights are optimised using backpropagation, which is an optimisation
process that updates the weights to minimise the loss function [Mur22]. The batch size,
a hyperparameter that controls the number of samples processed before updating the
model weights, also affects the optimisation process and model performance. Smaller
batch sizes allow for more frequent updates, while larger batches stabilise weight updates.
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In this thesis, the MLP models are trained using cross-entropy as loss function to minimise
the difference between two probability distributions, i.e., the true binary labels of the
dependent variable y and the predicted probabilities P (y) [Bro19]. The cross-entropy loss
function for the ith data point is defined as

L(i) = −
c∑

j=1

y
(i)
j · log

(
P (y

(i)
j )
)
.

In summary, the MLP is able to solve complex prediction tasks, due to its layered structure
and non-linear activation functions. In this thesis, I used the MLP model available in the
Python package Scikit-learn [Ped+11] to train a binary classifier.

SVM models transform non-linearly separable data into a higher-dimensional space where
linear separation is possible, using the kernel trick [TH09]. However, some data points may
remain non-separable even after applying the kernel trick. For a binary SVM classifier, the
hyperplane is defined as

h(x) = sign[xTβ + β0] ,

where are assigned to class +1 if above the hyperplane and to class −1 if below [TH09]. The
SVM aims to maximise the margin between classes, achieved by optimising the following
objective function:

min
β,β0

1

2
||β||2 + C

n∑
i

ξi (2.17)

subject to ξi ≥ 0, yi(x
T
i β + β0) ≥ 1− ξi ∀i , (2.18)

where C is the cost parameter, and ξ is a slack variable for misclassification, making the
SVM less sensitive to outliers [Mur22]. The Lagrangian dual form is used to rewrite the
optimisation problem (eq. 2.17) as:

LD =
n∑

i=1

αi −
1

2

n∑
i=1

i′=1∑
i=1

αiαi′yiyi′K(xi,xi′)

subject to 0 ≤ αi ≤ C and
n∑
i

αiyi = 0 .

Here, K(xi,xi′) is a kernel function, transforming the feature vectors [TH09]. The predic-
tion is given by

ŷ = sign[xT β̂ + β0] ,

with estimated coefficients

β̂ =

n∑
i=1

α̂iyi xi ,
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where α̂i corresponds to the support vectors, the closest data points to the hyperplane. The
performance of an SVM classifier depends on hyperparameters such as the regularisation
parameter C and the kernel function, which must be optimised for the application. In this
thesis, the SVM model from Scikit-learn [Ped+11] is used in two contexts, i.e. as part of
an embedded feature selection method and as a binary classifier in Chapter 4.

2.4.3.3 Model selection using Cross-Validation

Model selection involves identifying the most suitable model for a given task by assessing
its performance and complexity. This process relies on techniques such as probabilistic
and resampling methods, which assist in reducing the risks of overfitting and underfitting,
while evaluating the model’s performance on unseen data. Two approaches, probabilistic
and resampling techniques, are often used for this purpose [TH09].

Probabilistic techniques use in-sample measures, such as performance metrics on the
training set. The objective of fitting a model is to minimise the in-sample error by simul-
taneously considering the model’s generalisability. To achieve this balance, penalisation
terms are added to correct for the in-sample bias. Commonly used metrics are Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) [TH09]. However,
probabilistic techniques are often based on prior assumptions about data distribution, are
sensitive to outliers, and can lack interpretability [TH09].

In this thesis, resampling techniques, such as CV, are employed (Chapter 4). In contrast
to probabilistic techniques, resampling techniques evaluate model performance on out-of-
sample data, specifically on validation sets not used during training. This is achieved
through a systematic process, which can be generalised into the following steps:

1) Partition data into training and validation / test sets.

2) Train the model on the training set.

3) Validate the model on the validation / test set.

4) Repeat steps 1-3 according to the chosen CV approach.

Most resampling techniques determine the optimal model and allow for hyperparameter
tuning by repeating these steps 1-3 across multiple iterations [TH09]. These methods
are particularly advantageous for small datasets, as they account for high variance and
maximise the use of available data.
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CV techniques can be broadly categorised into exhaustive and non-exhaustive approaches.
In an exhaustive CV, all possible combinations of samples are used as training and
validation samples in each iteration. An example is Leave-p-out CV, which uses p samples
for validation and n-p samples as training set [Mur22]. A special case is p = 1, which is
known as Leave-one-out CV. However, the Leave-p-out CV does not consider the class
distributions and is therefore unsuitable for imbalanced data.

Non-exhaustive CV methods, such as hold-out, k-fold, stratified k-fold, and nested CV,
use subsets of the training and validation data to estimate performance.

• Hold-out CV: This basic form of CV splits the dataset into a single training and
test set. This form of CV does not repeat steps 1-3, which makes it computationally
efficient. On the other hand, its results are sensitive to the specific data split, leading
to potentially high variance in the performance.

• k-fold CV: In this method divides the dataset into k equally sized, non-overlapping
subsets. In each iteration, k-th held-out subset is used for validation, while the
remaining k − 1 partitions are used for training. In total k models are fit and their
mean performance is reported.

• Stratified k-fold CV: This approach is a variation of k-fold CV and is designed to
handle imbalanced class proportions. However, stratified and k-fold CV might result
in biased performance estimates due to lucky or unlucky splits of the data.

• Repeated k-fold CV: To address the limitations of a single k-fold run, this approach
repeats the k-fold process multiple times, i.e., step 1-4. In comparison to k-fold CV,
the division into training and test set is randomised, therefore some samples might
be never selected in the test set.

• Repeated stratified k-fold CV: As an extension of repeated k-fold CV, this method
combines the benefits of stratification with repeated sampling. It is useful to address
class imbalance, as it stratifies samples by class labels. However, due to the repeated
CV, it is computationally more expensive.

• Nested CV: As a hierarchical approach, nested CV divides the process into an inner
and outer loop. The inner CV is used for hyperparameter tuning to identify the best
model, while the outer CV provides an unbiased estimate of the expected performance
of the best model on unseen data [WC21].

In summary, CV assists in model selection by optimising hyperparameters and accounting
for generalisability. While exhaustive CV methods are thorough, they are computationally
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Actual class Totalpositive: 1 negative: 0

Predicted class
positive : 1 true positives (TP) false positives (FP) m1(Type I error)

negative: 0 false negatives (FN) true negatives (TN) m0(Type II error)
Total n1 n0 N

Table 2.4: Confusion matrix for binary classification.

more expensive. In contrast, non-exhaustive CV techniques, such as k-fold and nested CV,
aim for balancing between efficiency and reliability. Selecting the appropriate CV method
depends on the dataset size, class distribution, and computational constraints. This thesis
ensures the development of robust and generalisable models, by integrating these techniques
into the modelling process (Chapter 3, Chapter 4). Additionally, an independent test
sets were provided, which remained unused during training and validation, to provide an
unbiased final evaluation of the model performance.

2.4.3.4 Model evaluation metrics

After selecting the model that best generalises to the underlying data distributions, its
performance is assessed using evaluation metrics such as accuracy and F1-score. These
metrics compare the predicted sample labels with their true labels. This evaluation
process involves categorising predictions into TP, FP, FN, and TN samples, which are
summarised using a confusion matrix.

The confusion matrix, see table 2.4, shows the relationship between predicted and actual
labels. The diagonal cells of the confusion matrix represent correct predictions, while
off-diagonal cells capture errors. In binary classification, these include the Type I (FP)
and Type II (FN) error. Analogous to statistical testing (Chapter 2.2), these errors reflect
instances where the Null hypothesis H0 is falsely rejected or accepted [CL15]. Thus,
the confusion matrix provides insights into model’s classification strengths and weaknesses.

In this thesis, the data sets are highly imbalanced. Hence, the following metrics are
adjusted for use with such datasets by adding class weights.

Precision (eq. B.11) measures the proportion of predicted positives that are correctly
classified as TP. The weighted precision incorporates class-specific weights. The weight wi

is the fraction of the number of samples ni in class i to the total number of samples in the
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dataset. The weighted precision can be calculated by

weighted precision =

c−1∑
i=0

wi · precisioni with wi =
ni∑
ni

,

where c represents the total number of classes, which is c = 2 throughout this thesis.
Weighted precision should be used when there is a desire for certainty regarding the
prediction of positive events.

The weighted recall (or sensitivity or true positive rate (TPR)) assesses how effectively
the model identifies true positives. It is calculated by multiplying the recall (eq. B.12) by
class-specific weights

weighted recall =
c−1∑
i=0

wi · recalli with wi =
ni∑
ni

.

This metric should be used when maximising the positive event rate is desired. Depending
on the goal, which is often to classify the more seldom events (TP), either precision or
recall are more in focus for evaluating the performance of the model. For example, in the
scenario of classifying skin diseases, the decision can have consequences, as FP predictions
can lead to wrong treatment approaches. Especially in healthcare, a higher certainty
about the TP events is desired. This can be achieved by focusing on a high precision
scores. However, many patients might be missed that would have had the skin disease by
solely pushing for a high precision value. These patients would have been detected if a
high recall of the model would have been of desire. In essence, both precision and recall
should be optimised together. Furthermore, the evaluation metric should be selected in a
manner that aligns with the objective.

Balancing precision and recall is essential for robust model evaluation. The F1-score (eq.
B.13) provides a harmonic mean of these metrics. For imbalanced datasets, the weighted
F1-score is calculated by

weighted F1-score =

c−1∑
i=0

wi · f1 - scorei with wi =
ni∑
ni

. (2.19)

The weighted F1-score should be used in scenarios prioritising both precision and recall,
such as diagnostics, where misdiagnoses must be minimised without neglecting detection.
By optimising this metric, the model ensures a balanced approach to performance
evaluation, reducing risks of FP and FN.
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In scenarios where both classes are equally important, accuracy (eq. B.10) is a common
metric for binary classification. However, accuracy can be misleading in highly imbalanced
datasets, as the model may achieve high accuracy by always predicting the majority class.
To address this, balanced accuracy is used, which equally weighs performance across both
classes, as given by

balanced accuracy =
recall + specificity

2
. (2.20)

Balanced accuracy reduces the bias towards the majority class, therefore making it
suitable for imbalanced classification tasks.

Another tool to evaluate the performance of binary classifier is the ROC curve (Sup-
plements B.3). It illustrates the model’s ability to distinguish between the positive and
negative classes by comparing the true positive rate (TPR) against the false positive rate
(false positive rate (FPR)). The FPR is defined as [Tha20]

FPR =
FP

FP + TN
.

In contrast to metrics based on a fixed decision threshold (e.g., θ = 0.5), the ROC curve
evaluates the classifier’s performance across a range of threshold values, offering a more
comprehensive analysis. In order to quantify the performance shown by the ROC curve,
the AUC is calculated. It represents the area under the ROC curve and is defined as [CL15]

AUC =

∫ 1

0
TPR(FPR−1(x)) dx .

In a perfect scenario, the AUC would be 1, indicating perfect discrimination between the
classes, whereas an AUC of 0.5 suggests no discriminatory power, equivalent to random
guessing. In data sets with a high degree of class imbalance, the AUC can produce overly
optimistic results, failing to reflect the classifier’s performance on the minority (positive)
class. In this case, the precision-recall (PR) AUC offers an alternative. It focuses more on
the minority (positive) class by assessing the trade-off between precision and recall. The
AUC can be similarly computed by exchanging TPR and FPR by precision and recall.
In summary, both ROC and PR curves, along with their respective AUC metrics, range
between 0 and 1, where higher values indicate better performance. Their use should be
guided by the characteristics of the dataset and the specific objectives of the analysis.

In summary, model evaluation metrics provide insights into a model’s performance, guiding
decisions on model suitability for specific tasks. By incorporating metrics tailored to
imbalanced data, such as weighted precision, recall, and F1-score, and employing balanced
accuracy, this thesis ensures robust evaluation practices.
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2.5 High-throughput sequencing techniques

In the introduction (Section 1.4.3), high-throughput next generation sequencing (NGS)
techniques were briefly introduced. These technologies have revolutionised sequencing by
enabling the parallel analysis of millions of DNA molecules, advancing our understanding
of the molecular landscape of diseases. For instance, bulk RNA-seq enables the study of
diseases at the population level, while scRNA-seq allows to investigate changes in expres-
sion profiles within the same cell types across diseases. Additionally, ST adds another layer
of information, namely the location of the measured gene expression profile in the tissue.

2.5.1 Bulk RNA-sequencing

Bulk RNA-seq involves all methods which measure average gene expression levels of all cells
present in a sample [Heg+22]. Its generated data, is thus predestinated to reveal differences
in gene expression between conditions on the population level [WGS09]. In 2019, it was
reported that the median number of RNA-seq samples in a study is eight [Ber+19]. In this
thesis, I analyse a RNA-seq dataset with 727 samples from various skin conditions. Before,
I will build a basis to understand RNA-seq results by briefly introducing its generation
and computational preprocessing.

2.5.1.1 Experimental basics

To computationally analyse bulk RNA-seq data, tissue punch biopsies are obtained from
donors, typically ranging from 3 to 6 mm in diameter and cutting deep into the skin
[Zub02]. The tissue samples are then stored as fresh-frozen tissue (FFT), embedded us-
ing formalin-fixed paraffin-embedded (FFPE) material or RNA-stabilising solutions like
RNAProtect. In the wet lab, the samples undergo NGS preparation, starting with library
preparation. This involves sample dissociation to release RNA, followed by RNA isolation
[Heg+22]. Ribosomal RNA depletion or mRNA enrichment is performed, and reverse tran-
scriptase is used for complementary DNA (cDNA) synthesis, converting RNA into cDNA
[Heg+22] [Ber+19]. Adapters are added to the cDNA for sequencing, determining whether
single-end or paired-end sequencing is performed. Single-end sequencing involves reading
the DNA strand once from one end to the other (3′ to 5′ or vice versa), whereas paired-end
sequencing reads the strand from both directions [Heg+22]. The cDNA is then amplified by
polymerase chain reaction (PCR), and after Quality control (QC), the library is submitted
to the sequencer, which processes the data and stores it in .fastq files [Ber+19].
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2.5.1.2 Computational data processing

In order to generate a count matrix from the .fastq files which is the required format
to apply computational analysis methods, alignment tools such as STAR can be used
[Dob+13]. It aligns the reads against a reference genome, e.g., GRCh38 for human data
which was released by the Genome Reference Consortium (GRC) [Sch+17] [Nur+22].
The mapping quality of any read alignment tool can be evaluated using FASTQC [And]
and MULTIQC [Ewe+16]. The final product is a count matrix X(R) ∈ Ns×g

0 holding the
information of relative abundances of all genes g across all samples s. The superscript
denotes the processing status, e.g., (R) which refers to the raw count matrix.

During the QC, outliers are removed, as they negatively influence the analysis, leading
to false discoveries. Samples having comparably low total number of reads, i.e., library
size, are removed from the cohort. In order to avoid biases from sequencing depth and
transcript length in downstream analyses, resulting in low expression of genes, I require at
least one transcript per million (TPM) and raw counts across all samples to be measured.
The TPM are defined as

TPMgs =
ygs

l
(eff)
gs

(
1∑

g
ygs

l
(eff)
gs

)
· 106 ,

where l
(eff)
gs = lg − F̂ s + 1 is effective length of a gene. In addition, filtering based

on count - per - million (CPM) is applied. Moreover, I only keep protein coding genes,
having HUGO name annotations, as they are directly interpretable and comparable with
literature.

Samples have to be normalised, to account for technical biases, causing variations in the
library size. In this thesis, I use trimmed mean of M-values (TMM) values to normalise the
library sizes yielding effective library sizes. Those can be used to receive normalised counts,
log2 counts-per-million (logCPM) counts, which are used in downstream analyses [RMS10].

Technical and biological artefacts can affect the measured relative abundances of genes,
leading to variations (batch effects) across factors like sequencing batches or sex. Methods
such as ComBat [JLR07], available in the sva package [Lee+12], correct gene counts by
regressing out the effects of the variables causing these batch effects.

High-level summaries of RNA-seq data can be visualised using various embeddings. Com-
monly, PCA [WEG87] is used for this purpose, with variations such as the Biplot [Gab71]
offering insights into which genes or observations are the dominant features in the dataset,
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potentially revealing batch effects. Additionally to PCA, UMAP can be applied [MHM18]
to RNA-seq data, highlighting global or local structures in the data. However, UMAP is
particularly useful for datasets with many samples or conditions, where PCA may fail to
adequately represent the variations in two dimensions [Yan+21].

2.5.2 Single-cell RNA-sequencing

In 2013, scRNA-seq technology was awarded as the "method of the year" and revo-
lutionised the understanding of various diseases [Scr]. In contrast to bulk RNA-seq,
which analyses the transcriptome at a population level, it captures the transcriptome
of individual cells within a biopsy. This enables to study heterogeneity of cell types
between conditions such as healthy and diseased states, composition, interaction across
cells, population dynamics. Furthermore, scRNA-seq facilitates the characterisation and
discovery of rare or novel cell types. Major efforts are being made to create a Human Cell
Atlas (https://www.humancellatlas.org/), as scRNA-seq has the potential to advance
precision medicine [Reg+17] [Wie+19].

Various scRNA-seq platforms, such as 10x Chromium and Fluidigm C1, enable transcrip-
tome analysis using microdroplet- and microfluidic plate-based approaches, respectively
[Kas+20]. The choice of platform depends on study requirements, such as number of cells
captured per sample, amplification bias, number of reads per cell, expected cell sizes, and
sequencing library [Kas+20]. For instance, 10x Chromium captures 100 - 10, 000 cells up
to a size of 40 µm with reduced amplification bias and supports mixed libraries [Kas+20].
In contrast, Fluidigm C1 processes a few hundred, smaller cells [Kas+20]. Thus, platform
selection determines the resolution and applicability of scRNA-seq data.

In this thesis, scRNA-seq data, generated using the droplet-based platform 10x Chromium
from 10x Genomics, is analysed. The subsequent paragraphs will briefly explain the experi-
mental basics underlying this platform and the computational preprocessing steps involved.
More details about frameworks and set parameters can be found in Chapter 5.

2.5.2.1 Experimental basics

In order to isolate single cells from a specimen, the tissue is digested and dissociated into
a cell suspension. However, this process can alter the gene expression profile of a cell
due to stress and damage introduced during dissociation [Jov+22]. In the downstream
analysis, only good samples should be included, allowing to confidently annotate the cell
types. These samples should have a clean cell suspension and contain living cells with
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> 90% viability [Hab23]. Thus, poor quality samples, containing compromised cells, cell
aggregates, and other contaminants in the cell suspension should be not included in the
analysis [Jov+22] [Hab23].

Following dissociation, the cells are separated using fluorescence activated cell sorting
(FACS) to sort for living cells [Jov+22]. In this thesis, additional gating for immune cell
markers was applied to increase their proportion in the samples. For library preparation,
the Chromium Next GEM Single Cell 3’ Reagent Kits v3.1 (Single Index) were used.
These kits contain reagents to pack individual cells into beads to induce cell destruction,
reverse transcription, and molecular barcoding to uniquely label each cell [Haq+17].

To address the limited starting material, amplification by PCR is performed to increase
the amount of cDNA [Kas+20]. Since the amplification can introduce bias, unique molec-
ular identifiers (UMIs) are attached to each molecule within a cell before amplification
[Haq+17] [Kas+20]. These UMIs serve as barcodes, enabling accurate quantification of
the original molecules. Moreover, a sample barcode is added to each amplified single cell
mRNA to enable the pooling of samples derived from different sources, such as distinct
patients or disease conditions.

Finally, the constructed library is sequenced using a NGS platform, such as Nova SeqTM

Illumina. This workflow ensures high-quality scRNA-seq data for computational analysis.

2.5.2.2 Computational data and procedures

Read mapping was performed by Thomas Walzthoeni using CellRanger [Zhe+17], which
internally uses the STAR aligner [Dob+13] with a species-specific reference genome, such
as GRCh38 for human data [Nur+22]. The output is a count matrix X(R) ∈ Nc×g

0 , where
c is the number of cells and g is the number of unique genes measured. This matrix
provides the relative abundance of genes in cells as UMI-counts. Due to dropout events,
the count matrix is often sparse, where a gene may be detected in one cell but missed
in another of the same type due to low expression levels. In the analysis it needs to be
accounted for this phenomenon [Qiu20]. Before downstream analysis, scRNA-seq data
has to undergo multiple steps of preprocessing, QC, normalisation, HVG selection, batch
correction, dimension reduction, and cell type annotation.

Technical and biological artefacts can influence scRNA-seq data and must be addressed
before downstream analysis. This can be accomplished by applying QC metrics on the
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cells and genes, focusing on parameters such as number of counts (count depth) and genes,
total sum of UMI-counts of one barcode across all genes (library size), and the fraction of
mitochondrial (MT) transcripts recovered [Hon+22][LMM16]. The following filtering steps
are applied to remove outlier cells.

• Cell level QC: In order to filter low quality cells, it is recommended to jointly asses
the number of UMI-counts, number of genes, and MT RNA content per cell. They
categorise cells into cells with high UMI-counts and number of genes and with low
UMI-counts, few genes and high MT fraction. The latter is an indicator for a stressed
or dying cell [GKK12][LT19]. It is recommended to remove cells exhibiting an in-
creased MT fraction above 20 - 25% [LT19]. However, the precise cut-off should be
tailored to the specific experimental conditions and research objectives.

• Gene level QC: In order to reduce the amount of non-informative genes, lowly ex-
pressed genes across all cells are removed using a threshold [LT19].

By systematically applying these QC steps, it is possible to minimise artefacts and ensure
the reliability of the downstream analysis.

In addition to measuring empty droplets, multiple cells can aggregate in a single droplet,
forming doublets or multiplets. These aggregates may involve cells of the same type
(homotypic) or different types (heterotypic) [DeP+19]. Doublets or multiplets occur by
overloading the chip with too many cells and are characterised by higher expression levels
and a hybrid transcriptomes [WLK19][DeP+19]. Doublets are technical artefacts that
cause biologically erroneous findings in the downstream analysis [WLK19]. While QC
removes already cells with unusually high number UMI-counts and genes, some doublets
remain undetected. To address this, computational methods are applied to detect doublets
based on their unique characteristics, transcriptomes similar to single cells, distinguishable
gene expression profiles, and mixed cell states [WLK19][DeP+19]. Applying doublet
detection removes doublets, thereby enhancing the accuracy of cell type annotation.

Normalisation accounts for differences in capture efficiency and library size across cells
while preserving biological variation [LMM16]. A common assumption in normalisation
tools is that most genes are not significantly differentially expressed between cells. The
technical artefacts caused by variations in sequencing depth across sample can be addressed
by applying a count depth scaling or CPM normalisation [LT19]. Originally for bulk
RNA-seq data, CPM normalisation was extended to scRNA-seq data by Lun et al. (2016)
[LLBM16]. This method accounts for dropout events by calculating pool-based size factors,
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which are estimated by summing gene expressions across multiple cell pools and then are
deconvoluted into cell-specific size factors sc. These size factors are used to normalise the
data. This technique requires that the majority of genes is not differentially expressed
across the whole data set. To weaken the assumption, Lun et al. (2016) recommend
to clustering cells first, as cells within a cluster share similar expression profiles, hence
no significantly differentially expressed genes (DEGs). The filtered raw counts are then
normalised and log-transformed with a pseudo-count of 1

ỹgc = log(
ygc
sc

+ 1),

where y is the expression value of gene g in cell c. Log-transformation minimises the
effect of high-abundance differences and forces the data to follow a Gaussian-like normal
distribution. This variance-stabilising approach transforms heteroscedastic (variance is not
constant) data into homoscedastic data [AEH23]. However, size factor normalisation and
log-transformation may not fully stabilise variance, particularly for highly abundant genes
with low UMI-counts [HS19]. Therefore, results should be interpreted with caution. In
summary, normalisation mitigates technical biases, while preserving meaningful biological
variation.

After normalisation and variance stabilisation, gene expression differences reveal biological
variation, with genes contributing to this variation referred to as HVGs. These genes
drive population differences, describe cellular phenotypes, and aid in identifying new cell
types [LMM16]. HVGs should not be confused with marker genes, which are specific
to cell types and serve as cell type identifiers. Identifying HVGs based on variance
alone is insufficient, as count data is not fully heteroscedastic even after stabilisation
[HS19]. Methods typically use the mean-to-variance relationship, with alternatives such as
standard deviation, coefficient of variation [Che+16], and squared coefficient of variation
[Bre+13]. Commonly, researchers select between 1, 000 and 6, 000 HVGs [LT19], depend-
ing on the dataset. Once HVGs are identified, they should be compared to housekeeping
genes (HKGs), which are uniformly expressed across cells, maintain cell viability, and
remain stable across conditions. This comparison serves as a QC step to validate HVG
selection. The process ensures HVGs capture biologically relevant variability, enhancing
the reliability of cell type identification and downstream analyses.

Technical batch effects in scRNA-seq can arise from factors such as differences in sample
preparation, collection time point, or sequencing lane. These effects can be categorised
into classical batch effects (within the same experiment) and data integration issues
(across experiments or laboratories), both of which can confound biological interpretation
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and require computational correction [LT19]. Methods, including linear, graph-based, and
deep learning approaches, have been developed to remove batch effects [LH22]. Amongst
the top performers are Scanorama [HBB19] and scVI [Lop+18], and scANVI [Xu+21].
Scanorama, in particular, is effective in batch correction, as it embeds data linearly, and
can handle large complex data while preserving biological variability [Lue+22] [HBB19]. In
summary, batch correction methods reduce technical artefacts in multi-sample scRNA-seq
studies.

The scRNA-seq data can be also visualised in lower-dimensional embeddings using,
e.g., PCA and UMAP. PCA can be used to identify strong technical and biological
artefacts that drive the separation of the samples in 2D/3D. In contrast, UMAP pro-
vides an insight into the global and local structures of the high-dimensional data. A
recommended approach for visualising scRNA-seq data involves applying PCA followed
by the construction of a KNN graph. This graph serves as the basis for generat-
ing the UMAP embedding, which represents the high-dimensional structure of the
data in a comprehensible format [LT19]. Thus, using both, PCA and UMAP, offers a
robust approach for visualising and interpreting the complex structures in scRNA-seq data.

One of the advantages of scRNA-seq data is the identification of known and new cell types,
with various computational methods developed for this purpose. These include single - cell
ANnotation using Variational Inference (scANVI) [Xu+21], cell type classification via an-
chor genes in Seurat [Stu+19], and marker gene enrichment tests provided by SCANPY
[WAT18] or Seurat. The probabilistic annotation tool scANVI, an extension of single-cell
variational inference (scVI) [Lop+18], uses NNs, stochastic optimisation, and variational
inference to integrate multiple scRNA-seq datasets, mapping cell type labels from an anno-
tated reference dataset onto unlabelled cells in a query dataset. Seurat uses anchor-based
classification, where reference data is projected onto unlabelled data by identifying anchor
points, enabling cell type annotation. Marker gene enrichment tests involve identifying
cell clusters with similar transcriptomics profiles using clustering algorithms like Leiden
[TWVE19] (Section 2.4.2.2), then evaluating marker genes for enrichment within each
cluster. If the null hypothesis H0 is rejected, the cluster can be annotated with the corre-
sponding cell type. It is recommended to combine automatic methods with marker gene
validation and domain expert confirmation for robust cell type annotation [Cla+21].
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2.5.3 Spatial Transcriptomics

ST, a new technology developed by Ståhle P. et al. (2016) [Stå+16], has enabled the
possibility of measuring transcriptomes in a spatially resolved manner from freshly frozen,
intact tissue. In 2018, the company 10x Genomics commercialised and further refined the
technique under the name Visium [Mar21]. In this thesis, the terms Visium and ST are
used interchangeably.

Visium consists of an object slide with four capture areas, each containing barcoded spots
that preserve the spatial architecture of the transcriptome. The design minimises lateral
diffusion of transcripts, ensuring accurate localisation [Stå+16]. This technique allows
for the analysis of thousands of spatial locations on a single tissue section, enabling the
discovery of spatial gene expression patterns.

Due to the spot size (� 55µm), each spot captures approximately 1 - 10 cells, yielding a
"mini-bulk" resolution. However, ST suffers from a low detection sensitivity ((6.5±1.5)%)
[Stå+16], compared to scRNA-seq (5% - 40%) [GO15], , leading to dropout events that
must be considered in downstream analyses. Additionally, ST is more expensive than
bulk or scRNA-seq methods. Despite these limitations, the advantages of ST outweigh
the disadvantages, enabling researchers to investigate, for instance, the spatial expression
patterns of genes, the enrichment of cell types and niches in tissues [Pal+22].

2.5.3.1 Experimental basics

ST involves cutting fresh frozen or FFPE tissue into thin slices of roughly 10µm,
corresponding to the diameter of one cell. The number of slices dependents on the
required replicates, which is two in the presented study in Chapter 5. The tissue slices are
placed onto object slides, containing four capture areas each measuring 6.5µm × 6.5µm.
Each capture area contains 4992 uniquely barcoded spots with diameters of 55µm and
a spacing of 100µm between spots. These spots are equipped with millions of barcoded
oligonucleotides that act as primers to bind to the released mRNA in a spot [Gen].

After placement, the tissue slices are fixated and stained. In the study presented in Chap-
ter 5, hematoxylin and eosin (H&E) staining is used, which colours nuclei in purple and
everything else on the tissue in pink. A brightfield microscope can then be used to take
images of the stained tissue section. In order to extract the mRNA, the fresh frozen tissue
is permeabilised and spot-specific barcodes are added from the object slide (e.g., 10x Vi-
sium). This allows later to map back the measured gene expression to its original location
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in the tissue. Then the tissue is lysed to release the mRNA that binds to the barcoded
oligonucleotides. In case of FFPE tissues, ligated probe pairs are released that bind to the
barcoded oligonucleotides. Reverse transcriptase creates cDNA from the barcoded mRNA,
which is then pooled for sequencing [Gen]. The sample-specific barcodes are added and
the library is subjected to NGS. The experimental workflow of ST combines tissue slicing,
spatially barcoded capture, and sequencing to generate spatially resolved transcriptomics
data.

2.5.3.2 Computational data processing

After sequencing, reads are mapped back to a reference genome using 10x Genomics’
software SpaceRanger, yielding a spatially resolved matrix of gene expression counts.
The resulting data consists of a count matrix, X(R) ∈ Ns×g

0 , where s is the number of
spots and g is the number of unique genes measured. Additionally, SpaceRanger provides
images and spot location information for each capture area.

After running SpaceRanger, QC and data preparation steps can be applied on the
count matrix. Most of the scRNA-seq data preparation tools (Section 2.5.2.2), i.e., QC,
normalisation, HVG selection, batch correction, and visualisation, can be applied on ST
data as well. Although, the ST data in this thesis does not have single cell resolution, it
behaves to some extend similarly to scRNA-seq. For confounder correction, Scanorama
[HBB19], which was originally developed for batch correction in scRNA-seq data, was
employed in this thesis. SCANPY [WAT18] was used for other preprocessing steps.

Due to the mini-bulk spatial resolution of ST, which leads to measuring the sum of tran-
scripts in a spot from various cells, the number of cells and the cell types present in a spot
cannot be directly assessed. Spot deconvolution algorithms aim for recovering the cell type
composition in a spot and enable gaining insights into cell type related expression patterns
in a tissue. Examples of deconvolution algorithms are Tangram [Bia+21], Stereoscope
[And+20], and Cell2Location [Kle+22].

• Tangram [Bia+21] aligns an annotated scRNA-seq reference dataset with the
mini-bulk transcriptomes of spots using a deep learning framework. It generates
spatial maps that assign cell types to tissue locations, revealing the cell type
composition in spots. An advantage of Tangram is that it corrects for the sensitivity
of ST, improving performance on sparse data [Bia+21] [Li+22].

• Stereoscope uses a negative binomial distribution to model the data and estimate the
proportion of cell types in a spot, using scRNA-seq dataset as reference. It determines
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the probability that cell types are present in a spot by finding combinations of cell
types that best reflect the measured transcriptome profile of a spot [And+20].

• Cell2Location uses a similar model as Stereoscope and also requires a reference
scRNA-seq dataset. Based on that, it estimates the cell type abundance in spatial
locations. Moreover, Cell2Location accounts for technical artefacts [Kle+22].

A benchmark study by Li et al. (2022) showed, that Tangram, Stereoscope, and
Cell2Location are amongst the top performers in recovering the cell type compositions in
simulated data [Li+22]. Due to Tangram’s superiority in dealing with highly sparse data,
it was chosen as the deconvolution method in this thesis.

Data processing in ST involves preprocessing steps similar to those in scRNA-seq. In addi-
tion, deconvolution algorithms such as Tangram are used to infer the cell type compositions
and spatial expression patterns.

2.6 Exploratory data analysis

Biologically focused exploratory data analysis aims to identify biological mechanisms and
patterns within the data. In addition, they reveal technical artefacts and outliers in the
data. It is an essential component of the data analysis and assists in formulating hypoth-
esis. Visualisation techniques, such as PCA, boxplots, and heatmaps are employed. In
the context of biologically driven tasks, differential gene expression (DGE) and pathway
enrichment analyses can be leveraged as well. They permit insights into differences in
the regulation of biological functions at the gene and pathway level between, e.g., healthy
and diseased patients. This section presents methods for conducting DGE and pathway
enrichment analyses.

2.6.1 Differential gene expression analysis

The DGE analysis aims to determine whether a gene is significantly differentially expressed
between two experimental groups. This is accomplished by modelling the count data for
each gene using a generalised linear model (GLM) and conducting a null hypothesis test
H0 : µ = µ0. This is repeated for all measured genes in an experiment. To ensure
robustness against FP, corrections for multi-testing is applied to control the FDR. The
resulting DEGs are characteristic of one group over the other, based on the observed effect
sizes in the comparison. Various tools have been developed for bulk RNA-seq data such as
DESeq2 [LHA14] and edgeR [RMS10].
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Before conducting DGE analyses, low expressed genes have to be removed, as these can
negatively impact the outcome [RMS10]. The tool edgeR has the option to filter based on
the CPM values, taking into account the two groups selected for comparison. That means,
a gene has to be expressed in at least k samples with a minimum CPM count (10 is the
default value in edgeR), where k is the minimum group size [RMS10]. The CPM counts
are defined as

CPMgj =
ygj
Nj

· 106 ,

where ygj is count of a gene g in the data point j and Nj =
∑

g ygj is the sequencing
depth. As an alternative to CPM-based filtering, thresholds can also be applied directly
to raw counts or TPM values, depending on the specific requirements of the experiment
and analysis pipeline.

In DGE analysis, the objective is to identify genes that are differentially expressed
between two groups, where each group is represented by multiple samples. Bulk RNA-seq
measures relative gene abundances rather than total expression levels, leading to the
overexpression of certain genes expressed in the same sample. This can introduce biases
when identifying DEGs, as the other genes are then incorrectly defined as downregulated.
In addition, variations in sequencing depth resulting in different library sizes between
samples can also lead to false discoveries. [LL13]. To mitigate these biases, library
size normalisation techniques, such as TMM provided by edgeR, can be applied. TMM
assumes that more than half of the genes are not differentially expressed [RMS10].
Another normalisation approach is to calculate size factors, which were introduced in
section 2.5.2.2 for scRNA-seq. In DESeq2, size factors are computed for RNA-seq data
without the pooling approach.

The objective of conducting a DGE analysis is to detect DEGs. Therefore, a negative
binomial (NB) GLM is fitted, which is described by a model matrix [LHA14] [RMS10].
The model matrix extends the design matrix X introduced in section 2.4.3.2, by adding
additional columns, which describe further dependencies. The model matrix is created by
a design function, which holds the information about potential confounding variables as
well as the group variable, here denoted as condition, for instance y ∼ 0+batch+condition.
In this scenario, the expression levels of a gene between two groups would be compared,
taking into account fluctuations caused by the batch variable.

The count data is modelled using a NB distribution to account for heteroscedasticity by

ygs ∼ NB(µgs, αg) ,
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where ygs is the observed count of a gene g in a sample s, µgs = Msqgs is the mean
modelled by the true expression level qgs as well as library size Ms, and αs is the dispersion
value. The dispersion parameter α accounts for biological and technical variability in the
gene counts. Estimating the dispersion is crucial as over- or underestimation can also
lead to falsely identified DEGs [LL13]. More details on its computation can be found in
Landau et al. (2013) [LL13]. Alternatively, the data can be modelled using a log-linear
or quasi-likelihood model, rather than a NB distribution in edgeR [RMS10]. These
distributions also assume that the underlying data follows a NB or Poisson distribution
for αg = 0 [RMS10]. Besides estimating the dispersion, the true expression level qgs has
to be estimated for the DEG analysis [RMS10].

After fitting the NB GLM, statistical tests are applied to determine whether a gene
rejects the null hypothesis H0. In DESeq2, the Wald test and likelihood ratio test (LRT)
are used, while edgeR supports the empirical Bayes quasi-likelihood F-test and LRT
[LHA14] [RMS10]. The derived p-values are corrected for FDR using BH. In addition,
the effect sizes, such as log2 Fold Change (log2FC) factor (log-transformed difference in
the expression level of a gene between the two groups), are calculated to quantify the
magnitude of differential expression. Depending on whether a gene meets the thresholds
set for the padj and log2FC, it is referred to either as DEG or non significant. The former
applies if H0 is rejected and the latter if it is retained.

Due to dropout events, scRNA-seq and ST data require distinct modelling approaches. An
alternative DGE analysis method is glmGamPoi [AEH20], which models a Gamma-Poisson
distribution

ygc = GammaPoisson(µgc, αg) ,

where ygc is the observed count of a gene, µ is the mean of the true expression of gene g

in cell or spot c, and αg is the dispersion estimate. A GLM is fitted and a LRT is used
to test for DEGs [AEH20]. Besides comparing groups of single cells underlying a specific
condition, glmGamPoi offers the option to create pseudo-bulk samples to identify DEGs
between conditions on a sample level, e.g., comparing the samples of two diagnosis. In
this thesis, the author compared conditions that occur at the single cell or spot level,
therefore the option pseudo-bulk was not used.

The DGE analysis can be conducted using DESeq2 and edgeR for bulk RNA-seq data, while
glmGamPoi is suitable for scRNA-seq and ST data. The results from DGE analysis can
be further explored through downstream analyses, such as the identification of biological
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pathways, to gain deeper insights into the molecular mechanisms underlying the observed
differences between experimental conditions.

2.6.2 Pathway enrichment analysis

Pathway enrichment analysis identifies biological pathways that are either activated or
suppressed within a set of genes, with an occurrence higher than would be expected
by chance [Rei+19a]. Biological pathways can be described as networks of interacting
proteins that provide insights into the underlying biological functions within a specific
condition. Identifying enriched pathways enhances the understanding of experimental
conditions and can generate new hypotheses.

Significant efforts have been made to develop comprehensive databases, such as Reactome
[Gil+22] and KEGG [KG00], assigning genes to their corresponding pathways. Reactome
focuses on protein-receptors interactions, whereas KEGG includes molecular interaction,
reaction and relationship networks. In order to find enriched pathways, two analysis
methods have been employed in this thesis, i.e. over representation analysis (ORA) and
gene set enrichment analysis (GSEA).

ORA involves testing whether a list of predefined DEGs are represented in a given biological
pathway. Specifically, ORA assesses whether x or more genes from the input gene list X

are found within a particular pathway more frequently than would be expected by chance
[Kar+21]. This can be tested using the hypergeometric enrichment test:

P (X ≥ x) = 1− P (X ≤ x− 1) = 1−
x−1∑
i=0

(
M
i

)(
N−M
n−i

)(
N
n

) ,

where M is the total number of genes in the pathway, N is the total number of genes
measured in the experiment referred to as background or universe genes, and n is the
number of genes associated with the pathway [Boy+04]. Applying the test on all pathways
in a database, the derived p-values are corrected using a multi-testing method such as
BH. A limitation of ORA is that it uses only the DEGs, which are determined based
on arbitrary cut-offs for the log2FC and padj value derived from the DGE analysis.
Consequently, small but potentially meaningful changes between phenotypes may not be
captured by this approach.

GSEA addressed the limitation of ORA [CA22]. It evaluates all genes measured in an
experiment, allowing for the detection of small but consistent phenotypic changes. The
input to GSEA consists of a ranked list of genes, L, where the genes have been sorted
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in descending order by, e.g., the log2FC factor or signed padj value [Sub+05]. The
algorithm calculates an enrichment score (ES), which reflects whether a pathway S is
overrepresented at the top or bottom of the list L. Hence, the ES increases if a gene from
the pathway S is present in the ranked list L and decreases otherwise. The ES can be
described by a weighted Kolmogorov–Smirnov-like statistic [Sub+05] [HWC99]. Pathways
that are overrepresented at the top or bottom of the ranked gene list will have a higher ES
compared to gene sets with a uniform distribution of genes. The statistically significance
of an ES is calculated by repeatedly randomly sampling from the list of ranked genes L

creating new gene sets of the same size and performing the GSEA more than 1000 times.
In other words, an empirical phenotype-based permutation test is performed for each
pathway [Sub+05]. Additionally, to account for differences in pathway sizes, a normalised
enrichment score (NES) is calculated, and multi-testing correction is applied to control
for the FDR [Sub+05].

Pathway enrichment analysis, allows for the identification of biologically relevant pathways
that are differentially activated or suppressed in experimental conditions. While ORA relies
on a predefined set of DEGs, GSEA offers a more comprehensive approach by considering
all genes and enabling the detection of subtle but consistent effects. As a result, GSEA
has become the state-of-the-art method.
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Chapter 3

Endotypes as alternative to the
established disease ontology

Current clinical practice in diagnostics is to diagnose patients based on clinical assess-
ments, including histopathology, symptoms, comorbidities, and laboratory tests. These
assessments, which also guide treatment plans, are often subjective from the perspective of
both, the patient and the clinician. This can lead to misdiagnosis, ineffective treatments,
and increased healthcare costs. A progress towards improving the assignment of therapeu-
tics is accomplished by grouping diseases into immune response patterns (IRPs) [EE18]
[SGSE22]. This approach, which is also referred to as stratified medicine, can be seen as
a precursor to precision medicine. Six IRPs have been identified so far, exhibiting distinct
cytokine expression profiles and targeting specific pathways (Chapter 1.2.2) [EE18]
[SGSE22]. Consequently, clinical assessments and the level of cytokine expression are
used to assign patients to IRPs, thereby providing more objective and precise treatment
options. However, diseases and their grouping into IRPs are not specific and granular
enough to capture the heterogeneity of drug response.

For diseases, such as cutaneous lymphoma and parapsoriasis, the cytokine expression
profile does not fit into the described IRPs, making an association challenging. Thus,
the implementation of alternative treatment suggestions and drug repurposing for these
diseases is not a straightforward process. Moreover, the categorisation of patients based
on IRPs, does not guarantee drug response. One possible reason for this is the overlap
of phenotypes between diseases such as eczema or eczematized psoriasis [LE23]. Such
cases are relatively common and present a significant challenge in establishing an accurate
diagnosis, which in turn makes it impossible to guarantee treatment success. Improving
the stratification of patients by identifying endotypes is crucial for more targeted treatment
and thus, driving precision medicine.

I aim to identify disease endotypes using machine learning (ML) and transcriptomics in
order to enhance diagnostics, improve the established disease ontology, and advance the
study of rare diseases. Moreover, I prove the clinical meaningfulness of endotypes by
integrating patient phenotypes. This approach leads to an enhanced and data-driven
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patient stratification, thereby contributing to precision medicine in non-communicable
chronic inflammatory skin diseases (ncISDs).

In this Chapter, objective disease endotypes are derived and characterised in terms of
their gene expression profile and phenotype. In addition, I develop a feature selection
strategy for bulk RNA-sequencing (RNA-seq) data that automatically identifies the most
biologically relevant genes for clustering (Chapter 3.3.2). Subsequently, the approach is
compared to two commonly used feature selection methods, the standard deviation and
mean-variance relationship.

The deliverable "Utilising molecular profiling to derive biological meaningful endotypes"
and its associated research questions, as outlined in Section 1.6, are addressed in this
chapter:

• Objective (i), grouping patients into endotypes based on their molecular profiles (Sec-
tion 3.3.2). Therefore, I introduce a pipeline and method to automatically identify
the number of highly variable genes (HVGs) and the HVGs themselves. I use the
HVGs to cluster patients into non-subjective disease endotypes.

• Objective (ii), comparing endotypes and the current disease ontology by investigat-
ing composition of diseases and IRPs (Section 3.3.3). In addition, I compare the
explained variance of diseases, IRPs, and endotypes.

• Objective (iii), interpreting biological and phenotypic characteristics of endo-
types by applying pathway (Section 3.3.4) and clinical attribute enrichment tests
(Section 3.3.5).

This Chapter is related to the manuscript by Garzorz-Stark, Hillig, Seiringer, and Meinel
et al. (In preparation).
Garzorz-Stark, Natalie∗ and Hillig, Christina∗ and Seiringer, Peter∗ and Meinel,
Martin∗ and Maboudi Afkham, Heydar and Mishra, Jigyansa and Jargosch, Manja and
Eyerich, Stefanie∗ and Menden, Michael∗ and Eyerich, Kilian∗†. Integrating phenomics
and transcriptomics to identify clinically meaningful endotypes of non-communicable
inflammatory skin diseases." (In preparation).

In particular, my contributions to this study were as follows. I filtered, imputed, encoded,
normalised, analysed, and visualised the clinical data. In order to identify clinically

∗Contributed equally
†Corresponding author
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meaningful endotypes, my co-author Heydar Maboudi Afkham and I conceptualised a
feature selection pipeline, which is able to automatically determine the optimal number of
HVGs for downstream analyses. In addition, he and I conceptualised a feature selection
method, which I implemented and subsequently, compared to golden standard methods.
Furthermore, I identified the endotypes and investigated the explained variance by
each stratification approach. Moreover, I performed differential gene expression (DGE)
analysis, gene set enrichment analysis (GSEA), and over representation analysis (ORA).
In addition, I conducted literature research for the interpretation of the outcomes. I also
performed statistical testing and calculated the effect sizes to find significant associations
between endotypes and clinical attributes. All figures were designed and created by me.
The results were interpreted together with my supervisor, Michael Menden, and our
collaborators.

The bulk RNA-seq data generation, processing, and preprocessing were performed by our
collaborators, the Helmholtz Munich bioinformatics core facility, and by my master student
Jigyansa Mishra under my guidance, respectively. The clinical attributes were collected by
Natalie-Garzorz Stark and Peter Seiringer.

3.1 Materials

In collaboration with Natalie Garzorz-Stark, Peter Seiringer, and Kilian Eyerich from the
TUM - Department of Dermatology and Allergy, Karolinska Institutet - Department of
Medicine Solna, and University of Freiburg - Department of Dermatology and Venerol-
ogy, and Manja Jargosch and Stefanie Eyerich from the TUM - ZAUM, a substantial
data repository was constructed, comprising bulk RNA-seq data and paired clinical
traits. Skin punch biopsies of 23 inflammatory skin diseases from 408 patients were
analysed. In total 727 samples from lesional (L) and non-lesional (NL) skin were col-
lected. Of these, 313 patients provided both L and NL, 76 only L, and 19 only NL biopsies.

In order to investigate the association between phenotypes and endotypes, 86 clinical
traits were collected. In particular, the diagnosis and IRPs, clinical information such as
age, sex, four severity scores, 15 comorbidities, 10 laboratory assessments, 11 therapy
associated information, 11 history associated information, 26 histology assessments, and
seven morphology assessments, were collected. These either contain continuous, ordinal
or nominal (dichotomous) variables.
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Beyond the established IRPs, this study introduces an additional pattern, IRP 5. In
contrast to the other IRPs, which are characterised by T-helper (Th) cell subsets, IRP 5
resembles diagnoses associated with autoinflammation. Autoinflammation is not yet fully
understood, and is introduced in this study to be consistent with the terminology of IRP
[SSS22] [CBF12] [PR+21].

3.2 Methods

3.2.1 Bulk RNA-sequencing data

Skin biopsies were prepared by Manja Jargosch and Stefanie Eyerich and analysed with an
Illumina HiSeq 4000 sequencer. Processing of 727 samples from 408 patients was performed
using the RNA-seq pipeline from nf-core v3.3-Bronze Bear [Pat+21] and the reference
genome GRCh38 [Sch+17]. The pipeline was run by Xavier Pastor Hostench and Thomas
Walzthöni from the Bioinformatics Core facility of the Helmholtz Center Munich. They set
the parameters skip_dupradar, deseq2_vst, and skip_preseq to true. The mapping quality
was assessed by Jigyansa Mishra, using FASTQC [And] and MULTIQC [Ewe+16], under
my supervision. In total 721 samples passed the mapping quality check. The resulting
gene expression matrix contained 60, 666 genes and 721 samples.

3.2.1.1 Data preprocessing

The preprocessing was performed by Jigyansa Mishra under my supervision. Quality
control (QC) was applied to remove low expressed genes and samples with poor quality.
On the gene level, all Y-chromosome genes and genes, which had less than one transcript
per million (TPM) and raw counts across all samples, were removed. Y-chromosome
genes were removed due to the large influence of sex on the gene expression level. In
addition, only protein coding genes were selected. QC on the sample level included
filtering for samples with low sequencing quality. This was done by calculating the
sizefactor of each sample and removing those with a sizefactor within the first 0.1 quan-
tile of all sizefactors. The final gene count matrix contained 17, 816 genes and 629 samples.

The data was normalised using size factors to account for fluctuations of the library sizes.
In addition, variance of the data was stabilised to enforce the data to be homoscedastic.
Batch correction, using the function ComBat from the Bioconductor package sva [Lee+12],
was applied to correct for sex and batch. Using the dimension reduction technique Uni-
form Manifold Approximation and Projection (UMAP) [MHM18], the dimension of the
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data was reduced to 2D (Figure 3.3). The UMAP hyperparameters in R were set to
n_components = 3, n_neighbors = 20, min_dist = 0.2, random_state = 123.

3.2.1.2 Endotype identification

To identify disease endotypes, I focused exclusively on L skin samples (n=342). Since
most clustering algorithms are not designed for high-dimensional data, Heydar Maboudi
Afkham and I conceptualised a pipeline that automatically determines the optimal
percentage x ∈ ]0, 100] of HVGs to use in the analysis. This determination was
guided by the Davies-Bouldin Index (DBI) and accuracy, which was calculated using
ground truth labels as control. The pipeline includes flexible components that allow
for alternative feature selection methods. In addition, the pipeline was implemented by
me, providing a systematic evaluation of clustering performance across multiple resolutions.

The pipeline currently includes three methods to determine HVGs, i.e. (i) the mean-
variance relationship implemented in the highly_variable_genes function from SCANPY
[WAT18], (ii) a simpler method that selects genes based on their standard deviation,
referred to as SD in this study, and (iii) a novel method developed by Heydar Maboudi
Afkham and me, referred to as highly relevant gene (HRG).

In order to define HVGs, I employed HRG, which involves the following steps. First, each
gene’s counts are normalised by subtracting its mean value across all samples, resulting in
so-called gene profiles. These gene profiles are then clustered using K-Means into k = 50

groups. The resulting clusters are sorted by their standard deviation, and only the top x%

of genes are retained for further analysis. The selected data is subsequently normalised
using library size normalisation and visualised in two dimensions using UMAP [MHM18],
with the the random_state parameter set to 0.

Following feature selection, I applied Leiden clustering across a range of resolutions
(γ ∈ {0.1, 0.2, . . . , 1.5}). The performance of the clustering was evaluated on the test set
by comparing the DBI values and the accuracy, which was calculated using the ground
truth, here the IRP annotations. This evaluation was performed for each combination
of resolution γ and percentage of genes to keep x ∈ {0.5, 1.0, 2.0, . . . , 100}. The optimal
value of x was identified as the percentage that yielded the lowest mean DBI and the
highest mean accuracy across all resolutions and random seeds. Due to the high imbalance
of the dataset and for greater granularity in the clustering than the IRPs, a resolution γ

of 0.9 was selected for further analysis.
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To assess the clustering stability for the resolutions γ ∈ {0.1, 0.2, . . . , 1.5}, I calculated
the Adjusted Mutual Information (AMI) [Rom+16] (chapter 2.4.2.3). Specifically, the
AMI scores were calculated for each value of γ and for each initialisation value from
the set of values {0, 42, 50, 100, 3210, 500, 300, 5000, 123}. Higher AMI scores indicate a
better agreement between the clustering result, which is the desired outcome. Further, I
calculated the DBI to assess the compactness and similarity between the clusters [DB79]
(Chapter 2.4.2.3). Lower values imply a better clustering of the samples.

To uncover hierarchical relationships among the identified endotypes, I first normalised
the data using trimmed mean of M-values (TMM) values, corrected for batch effects and
sex, and scaled the data into z-scores. Then the mean of each cluster was taken. Finally,
I used the hclust package [Tea22] in R with the linkage method “ward” on a predefined
cosine distance matrix to create the Dendrogram. Based on the built branches I renamed
the clusters from 0-12 to E1-E13.

3.2.1.3 Variance partition analysis

In order to perform the variance partition analysis, using the R package varianceParti-
tion [HS16], I prepared the count matrix by first calculating the normalisation factors
using edgeR’s function calcNormFactors [RMS10]. Next, I set the design function in the
DGEList object to ∼ 1 and apply QC on the count matrix by requiring a gene to be
expressed in at least two samples and having at least one read count. Finally, the counts
were transformed to log2 counts-per-million (logCPM) using the function voom from the
R package limma [Rit+15]. In addition, I checked whether any of the variables of interest
were highly correlated, by computing the canonical correlation analysis, using the function
canCorPairs. By conducting the variance partition analysis using the design function

y ∼ 1

diag
+

1

IRP
+

1

Endotype
+

1

batchID
+

1

sex
+ age , (3.1)

I observed a high variance of 0.035 of the variance explained values of batchID compared
to the other variables. Therefore, I corrected for technical artefacts originating from this
factor. Afterwards, I repeated the analysis on the corrected residuals using the design

y ∼ 1

diag
+

1

IRP
+

1

Endotype
. (3.2)

3.2.1.4 Differential gene expression and pathway enrichment analysis

I run DGE analyses between all Endotypes, one endotype vs. all other endotypes, and
all Dendrogram branches using edgeR [RMS10]. For each subset, the data was filtered
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for low expressed genes, as described above, and normalised using TMM values. The
following design function was used for the comparisons between endotypes, one vs. all
other endotypes, and the dendrogram splits

ygs ∼ age + sex + batchID + Endotype , (3.3)

where ygs is the normalised TMM value of a gene g in sample s. I required a
padj value < 0.05 and |log2FC| > 1 to call a gene significantly differentially expressed
between two conditions.

All pathway enrichment analyses were performed using the Bioconductor [Gen+04] pack-
ages ReactomePA [YH16] and org.Hs.eg.db [Car+19]. The enriched pathways were il-
lustrated using the package Enrichplot [Yu21]. All measured genes in the dataset were
provided to the function enrichPathway as universe parameter. P-values were false dis-
covery rate (FDR) corrected using Benjamini and Hochberg (BH). Enriched pathways had
to meet the significance level padj value < 0.05.

3.2.2 Clinical attributes

In total 86 clinical attributes were collected by Peter Seiringer and Natalie Garzorz-Stark
for each patient. These include information about age, sex, severity scores, comorbidities,
laboratory assessments, therapy associated information, history associated information,
histology assessments, and morphology assessments (Section 3.1). I divided the 86 clinical
attributes into 24 nominal, 30 ordinal, and 32 continuous attributes.

3.2.2.1 Processing of clinical data

Nominal categories were encoded using OneHotEncoder and ordinal categories were
encoded using an OrdinalEncoder by leveraging the package Scikit-learn [Ped+11] in
python. Further, I removed NaN categories. Through the encoding and removal of NaN
categories, I received in total 26 encoded nominal categories. Attributes consisting out of
a single category were removed. After encoding and filtering, I continued with in total 88
(26 nominal, 30 ordinal, and 32 continuous) clinical attributes. Continuous and ordinal
data were scaled using MinMaxScaler function from Scikit-learn [Ped+11] in Python.

I further accounted for missing values. In order to apply the assumption that data is
Missing completely at random (MCAR), I tested for possible relations between categorical
attributes, using the one-way ANOVA test, and between categorical and continuous at-
tributes, using the χ2 test. Furthermore, I corrected for FDR using BH. I found relations
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between categorical attributes in 301 out of 1420 comparisons and between categorical
and continuous in 121 out of 1398 cases. Combining this information with expert domain
knowledge, I claimed that the missing data is MCAR. In order to account for data MCAR,
the clinical attributes were imputed using the KNNImputer in Scikit-learn [Ped+11], with
the parameter k set to one and the ordinal_categories parameter set to the names of the
ordinal attributes.

3.2.2.2 Attribute enrichment in endotypes

In this analysis, I first removed the disease severity scores, degree and speed of therapy
response, and the therapeutic target. The final number of encoded attributes tested for
an enrichment is 77, consisting of 22 nominal, 24 ordinal, and 31 continuous attributes.
Subsequently, clinical traits were encoded and missing values were imputed. The attribute
with the highest percentage of 59.65% missing data was Laboratory specific IgE.

In order to perform an enrichment test for an attribute between an endotype and the re-
maining endotypes, I categorised them into continuous, ordinal, and nominal phenotypes.
Continuous attributes were first assessed for normality and homogeneity of variance. As
all continuous attributes rejected the Shapiro-Wilk and subsequent Levene tests, I used
the Kruskal-Wallis test to test for enrichment of an attribute in an endotype. Similarly,
the Kruskal-Wallis test was used for ordinal categories. For nominal clinical attributes,
the χ2 test was used. An attribute was considered enriched if it met the significance
level padj value < 0.05. In this thesis, I considered only those clinical attributes having a
highly significant p-value below 1e - 05 in at least one endotype. The statistical tests were
conducted using SciPy [Vir+20] in Python.

Effect sizes were calculated using Cohen’s d, Cliff’s Delta, and odds ratio for continu-
ous, ordinal, and nominal variables, respectively. Cohen’s d is defined within −∞ to ∞.
Absolute values of approximately 0.2, 0.5, and 0.8 mark small, medium, and large effects,
respectively [Coh13]. For calculating Cliff’s Delta, the Python package cliffsDelta was used
[NE21]. Its values range from [−1, 1]. Values close to ±1 indicate an absence of an overlap,
and 0 indicates a complete overlap between two groups [MRL11]. The odds ratio takes
values in the range [0,∞[. An odds ratio of 1 indicates that the attribute is equally likely
in both groups. Ratios less than 1 suggest that the attribute is less likely in the first group
compared to the second group, while ratios greater than 1 suggest the opposite [Szu10].
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Figure 3.1: Rich data resource including gene expression data and clinical
traits. a) Diagnosis and IRP annotations for each of the 381 patients (nL=342, nNL=287).
In total 21 skin diseases associated with seven IRPs and one undefined (UD) IRP are in the
final processed data. The inner ring shows the ncISDs that are associated with the IRPs
shown in the outer ring. b) Gene expression profiles from L and NL skin are measured
and (c) 86 clinical attributes are collected. Encoded, imputed and scaled attributes are
shown in the heatmap.

3.3 Results

In order to categorise ncISDs into objective endotypes, with the aim of enhancing diag-
nostics and providing treatment options also for rare diseases, I leveraged a large tran-
scriptomics landscape of 21 ncISDs and their corresponding IRPs (Figure 3.1 a). After
performing the preprocessing, a total n=639 samples from 381 patients remained. Of
these, 246 patients donated paired L and NL biopsies, 95 patients provided only L, and
40 only NL samples (Figure 3.1 a, b). Most samples were collected from patients with
plaque psoriasis (n=193), eczema (n=180), and lichen planus (n=47), which made up two
thirds of the cohort. Hereafter, I refer to plaque psoriasis as psoriasis. Additionally, 86
patient specific attributes such as morphology, comorbidities, and history of the patient
were encoded, imputed, and filtered, resulting in 88 individual phenotypic fingerprints
(Figure 3.1 c, Methods 3.2.2). This large and comprehensive cohort including transcrip-
tomics and deep clinical phenotyping will assist me in defining endotypes, a refined patient
stratification approach to advance precision medicine in ncISDs.
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3.3.1 Diagnoses result in heterogeneous clinical and transcriptomics
profiles

I investigated similarities between patients based on their clinical profiles by projecting
the data in 2D using UMAP (Figure 3.2 a). The resulting embedding revealed apparent
clusters of certain diseases, including psoriasis, lichen planus, and lupus erythematosus.
While psoriasis samples were more widely distributed across the embedding, the majority
appeared concentrated in the lower left corner. Diseases associated with IRP 1, i.e.,
lichen planus, lupus erythematosus, and lichenoid drug reaction, displayed distinct clinical
characteristics that allowed them to be well differentiated from other ncISDs. In contrast,
eczema and other diseases, such as pityriasis rubra pilaris, bullous pemphigoid, and
cutaneous lymphoma, showed no apparent clusters and were distributed throughout the
embedding. These observations reveal both the expected overlaps among diseases and
the high heterogeneity within patients diagnosed with the same condition, strengthening
the assumptions that the clinical assessments alone are insufficient to achieve a definitive
diagnosis for a patient.

Examining three exemplarily chosen psoriasis patients (Figure 3.2 a, black circles) revealed
distinct positions in the embedding. Two patients were located in close proximity in the
embedding, indicating similar clinical fingerprints, with the primary difference being the
attribute of morphology (Figure 3.2 e, h). In contrast, the third patient was positioned
further away, closer to IRP 1, and exhibited a distinct clinical profile compared to the
neighbouring psoriasis patients (Figure 3.2 b). An assumptions is that patients with
similar clinical profiles are likely to exhibit comparable responses to an administered
therapy, whereas those with dissimilar profiles would respond differently. However,
considering the example images of psoriasis or psoriasis pustulosa patients before and
after the treatment with an IL - 17 inhibitor (Figure 3.2 d, g, j), demonstrated that this
assumption does not consistently hold true. Conclusively, these findings indicate that
clinical assessments do not provide sufficient evidence for an accurate diagnosis and
treatment recommendation of a patient.

Given the high heterogeneity observed in the clinical profiles and the disease and IRPs
annotations derived from these profiles, I investigated whether similar patterns could
be identified at the gene expression level. To explore this, I utilised L and NL gene
expression data and visualised it in two dimensions, highlighting diseases and IRP
annotations (Figure 3.3). As anticipated, L and NL skin samples segregated into distinct
clusters, with only a few outlier L samples located within the NL cluster. Interestingly,
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Figure 3.2: Clinical traits are not sufficient for diagnostic purposes. a) Clinical
profile embedding revealing the heterogeneity within and between diseases. b, e, h)
Radarplots of three psoriasis patients showing the mean over all attributes belonging to
the same category. The (b) patient at the top has a distinct profile from the other (e,
h) two psoriasis patients. c, f, i) Photos of three psoriasis or psoriasis pustulosa patients
before treatment. The (c) patient in the top row has distinct visual symptoms compared
with the patient (f) in the middle and (i) at the bottom. Both show the typical red, scaly
psoriasis symptoms. d, g, j) The same patients after treatment with an IL - 17 inhibitor.
(d) The patient, having a distinct clinical profile and visual symptoms, responds equally
well to the drug target as (j) the patient shown at the bottom. Interestingly, the (g) patient
in the middle, with similar symptoms to the patient at the bottom, does not respond to
treatment.

some NL samples were positioned between L and NL clusters. This may indicate that
these samples represent an intermediate state between healthy and diseased skin or were
collected from areas too close to L skin. These findings indicate that gene expression data
reflects the heterogeneity observed in clinical profiles and highlights potential transitional
states between NL and L skin, offering insights into the complexity of patient stratification.

There were also apparent clusters of lichen planus, pyoderma gangrenosum, eczema, and
psoriasis and their corresponding IRPs 1, 5, 2a and 3. Both eczema and psoriasis exhibited
particularly heterogeneous profiles, which was reflected in their widespread distribution in
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Figure 3.3: Gene expression embedding of 17,816 genes reveals overlap be-
tween diagnoses and IRPs. UMAP of 342 L and 287 NL samples shows the transcrip-
tomics profiles of patients and their similarities between (a) diagnoses and (b) IRPs.

the UMAP embedding. Notably, some patients did not align with their expected disease
clusters. For instance, some patients diagnosed with eczema and psoriasis were observed
to be located in each other’s clusters. In addition, another apparent cluster contained
patients from a range of diverse diseases. This was also evident at the IRP level. While
most diseases are aligned to an IRPs, some patients’ IRPs remained undefined. I refer to
this undefined pattern as UD IRP. At the gene expression level, these patients frequently
clustered with those belonging to already defined IRPs (Figure 3.3 b). This finding
suggests that rare diseases, which are not yet assigned to specific IRPs, may benefit from a
data-driven approach to disease endotype definition. In summary, the high heterogeneity
observed in diseases and IRPs at the clinical level was mirrored in the gene expression
data, suggesting that endotypes derived by a data-driven approach could improve patient
stratification.

In summary, clinical fingerprints do not provide sufficient information about the underlying
disease and therefore do not guarantee response to therapy. This was observed considering
the heterogeneous gene expression profiles within diseases. In conclusion, an alternative
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approach to patient stratification is needed. I therefore hypothesise that gene expression
could be used to groups patients into disease endotypes providing an objective view in
addition to the current disease ontology. In addition, groups of patients may be created
that include less diseases with heterogeneous phenotypes and rare skin conditions. In such
cases, drug repurposing could be applied and patients diagnosed with a rare disease could
be offered a therapeutic approach. In the following, I introduce a framework to determine
HVGs, which enables the clustering of patients into endotypes using transcriptomics.

3.3.2 Framework to identify highly variable genes and endotypes

For the identification of endotypes, I applied unsupervised ML to cluster the transcrip-
tomes of skin lesions. Due to the data’s high-dimensional nature, the clustering algorithm
might fall for the curse of dimensionality. To mitigate this issue, it is common practice to
reduce the dimensionality by selecting HVGs.

The HVGs expression profile strongly varies across the dataset and assist in distinguishing
between dissimilar patients or cells. Several methods [Stu+19] [Bre+13][Zhe+17] have
been developed to identify HVGs, often leveraging statistical techniques to rank genes
based on their deviation from an expected distribution. However, these approaches have
a limitation, i.e. the number of HVGs to be selected must be manually set [LT19].
This is an arbitrary process, potentially leading to bias in the analysis. Addressing this
limitation is essential for ensuring that feature selection remains objective and scientifically
reproducible.

To address this limitation, I developed a method to determine the optimal percentage
of HVGs for utilisation in the downstream analysis. This approach uses the DBI, and
optionally the accuracy if ground truth labels are available. In addition, I proposed an
alternative method for HVGs selection to the established dispersion- and variance-based
approaches [Zhe+17] [Bre+13] [Stu+19]. Specifically, my feature selection method was
designed to (i) form groups whose primary differentiating mechanism is not variance and
(ii) avoid selecting genes that convey redundant information across samples. This approach
prioritises shared information between genes and offers complementary insights. Selecting
a small subset of biologically essential features that provide complementary information
not only improves the performance of clustering algorithms but also enhances downstream
analyses. This framework ensures better stratification and interpretability of patient data,
contributing to the advancement of data-driven endotyping.
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3.3.2.1 Methodological framework of HVG selection

The highly variable feature selection pipeline operates on a raw L gene expression matrix,
requiring information on potential batch effects and, optionally, ground truth data. The
dataset is divided into a training set (80%) and a test set (20%). Feature selection is
performed exclusively on the training set, while evaluation is conducted on both subsets.
Hence, the pipeline is designed to optimise feature selection by splitting the dataset a for
robust evaluation.

To prepare the training set for feature selection, library size normalisation is performed
(Section 2.5.1.2). This step ensures that the resulting logCPM counts are comparable
across samples by correcting for differences in sequencing depth. Following normalisation,
batch correction is applied to address technical and biological artefacts, thereby minimising
unwanted variation and enhancing the biological signal.

Next each gene’s counts are scaled. This is achieved by subtracting the mean expression
of a gene across all samples

ỹg = yg −
∑n

i=0 yg,i
n

,

where ỹg is the scaled gene expression vector of a gene g, yg is the mean expression of a
gene over all samples, yg contains the raw counts of a gene for each sample, and n is the
total number of samples. Scaling gene counts standardises the data, enabling to compare
gene expression values on the same scale.

Feature selection is applied to the training set to identify the most variable genes. Three
feature selection tools are available, including (i) a dispersion-based method as described
by [Zhe+17] and implemented in SCANPY [WAT18], (ii) a method based on standard
deviation, or (iii) my proposed alternative feature selection method, HRG.

In the HRG approach, the scaled gene counts are sorted ỹg,1 ≥ · · · ≥ ỹg,n (Figure 3.4).
This sorting ensures that the genes are independent of sample order, revealing the
underlying distribution of each gene. These distributions, referred to as gene profiles,
exhibit distinct patterns that can be categorised as highly variable, intermediate, or
constant. Subsequently, K-Means clustering is then applied to group the gene profiles
into k gene profile clusters. For each cluster, the standard deviation (σ) is first computed
for each gene. Then, the mean of these standard deviations is calculated, resulting in the
mean σk for cluster k. This process is repeated for all clusters, which are then sorted in
descending order based on their mean standard deviations (σ1 ≥ · · · ≥ σk). The potential
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Figure 3.4: Example showing the distribution of genes before and after sorting.
Examples of a highly variable, intermediate, and constant expressed gene profile shows their
distribution (a) before and (b) after sorting each gene by its scaled expression.

HVGs are then selected by retaining a predefined percentage x ∈ ]0, 100] of genes from
the ranked gene clusters. The HRG method identifies and ranks gene clusters based on
variability, ensuring robust feature selection.

Leiden clustering is applied to group samples based on the HVGs, optimising resolution
for biological relevance. Using the reduced training data with x selected features, a
K-nearest neighbour (KNN) graph is constructed using the samples. Leiden clustering is
applied, with the resolution parameter γ varied to match the dataset size and expected
biological groupings. A gridsearch is performed by varying the values of x, γ, and the
initialisation value (seed).

The clustering performance is evaluated by calculating the DBI and, optionally, the
accuracy on both training and test set. The accuracy involves assigning ground truth
labels to the Leiden clusters by identifying the most frequent label within each cluster. It
is possible for a single label to be assigned to multiple clusters. The accuracy can then be
calculated using the eq. B.10. As it requires true positive (TP) and true negative (TN)
samples, I define samples, whose label matches the ground truth label, as TP, while TN
samples mark the opposite. The optimal percentage of features xopt is determined by
the lowest mean DBI or highest mean accuracy across all resolutions γ and initialisation
values. The selected features xopt are the final HVGs. In summary, the pipeline ensures
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Figure 3.5: Workflow of determining HVGs. a) The most frequent IRPs in the
dataset are used to identify endotypes. b) Samples are normalised. Each gene’s counts are
scaled and the genes are sorted by their standard deviation across all samples. Examples
of highly variable, intermediate, and constant gene profiles are shown. These differ in their
variance of expression and therefore, in the size of the standard deviation. c) Workflow of
the feature selection method HRG. K-Means clusters the gene profiles into k = 50 clusters.
The clusters are sorted by the standard deviation of the genes in a cluster. The number
of genes per cluster increases as the standard deviation decreases and the cumulative sum
of genes increases exponentially. The dashed, horizontal line marks the number of genes,
i.e. HVGs, corresponding to x%. The blue area and the dashed vertical line mark the
gene profile clusters being considered for the gene selection. The selection procedure is
repeated iteratively for x ∈ {0.5, 1, 2, . . . , 100}. d) The selected HVGs are visualised
in 2D using UMAP. e) For each value of x, the Leiden clustering, for the resolutions
γ ∈ {0.1, 0.2, . . . , 1.5}, is applied. f-h) Performance evaluation of the feature selection
method. f) In order to calculate the accuracy, the number of TP and TN samples is
defined by determining the true label composition of each Leiden cluster. Subsequently,
the mean accuracy (g) and DBI (h) across all resolutions are calculated revealing the
optimal percentage value for xopt = 7 (vertical dashed lines).

that the final HVGs are optimally selected based on the robustness and accuracy for
robust downstream analyses.

In summary, the pipeline provides a way to automatically identify HVGs. It incorporates
normalisation, feature selection, clustering, and performance evaluation, providing a robust
framework for downstream analyses.
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3.3.2.2 Application of the feature selection pipeline

To identify HVGs, I selected the main IRPs 1, 2a, 3, and 5 and applied the developed
framework to the L data (n=282) (Figure 3.5 a).

The first step involved defining gene profiles in the training set through scaling and sorting
of gene counts (Figure 3.5 b). This process revealed distinct characteristics across gene
categories. HVGs exhibited a large interquartile range and long whiskers, indicating high
variability. In contrast, intermediate genes showed less variation, while constant genes
displayed no variability across the population. Thus, the scaling and sorting of genes
revealed distinct variability patterns of the genes.

Next, I applied my feature selection method, HRG (Figure 3.5 c). Gene profiles were
grouped into k = 50 clusters using K-Means clustering and sorted based on the standard
deviation of their expression profiles. Notably, the standard deviation indirectly correlated
with the number of genes in a cluster. The cumulative sum of the number of genes across
the clusters followed an exponential trend. In combination with the standard deviation,
this could indicate that only a few genes have highly variable and distinct expression
profiles compared to the majority of genes, which exhibited almost no variation across the
population. The top x% of genes, as determined by HRG, were selected as HVGs. In the
event that the requested number of genes did not encompass all genes within a cluster,
as this number exceeds the required number of genes, the genes were selected according
to their order within the cluster. As K-Means groups genes with similar profiles, it can
be reasonably assumed that this selection approach did not affect the result. In essence,
HRG selected HVGs by ranking gene clusters based on variability, focusing on genes with
distinct expression patterns.

The selected HVGs were visualised in a 2D embedding (Figure 3.5 d). I repeated the
feature selection process for x ∈ {0.5, 1, 2, . . . , 100}. For each percentage x, Leiden
clustering was applied on the reduced dimension for γx ∈ {0.1, 0.2, . . . , 1.5} (Figure 3.5 e).
I repeated the feature selection and clustering procedure for different initial values (seeds),
as the clustering algorithm is non-deterministic (Figure 3.5 c-e). This approach ensures to
choose a percentage x, which provides a robust selection of HVGs and clustering result.

To optimise gene selection and IRP annotation, I identified the optimal percentage of
genes xopt, that maximised both accuracy and clustering quality. The optimal percentage
of genes, xopt = 7, resulted in the highest mean accuracy of (72.22 ±9.30)% and the lowest
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k x γ initialisation value
50 {0.5, 1, 2, . . . , 100} {0.1, 0.2, 0.3, 0.4, 0.5, {0, 42, 50, 100, 3210,

0.6, 0.7, 0.8, 0.9, 1.0, 500, 300, 5000, 123}
1.1, 1.2, 1.3, 1.4, 1.5}

Table 3.1: Feature selection parameter to identify HVGs using HRG, SCANPY, or SD.

mean DBI of 4.09 ± 0.83 across all resolutions γ and seeds (Figure 3.5 g, h). Notably,
the feature selection pipeline automatically determines which genes to define as HVGs by
performing a gridsearch over the parameters x, γ, and seed. Thus, by considering both
accuracy and DBI, the pipeline enables the construction of robust, biologically relevant
clusters based on the identified HVGs.

In summary, using the developed feature selection pipeline, I identified the optimal per-
centage of HVGs in the L dataset (xopt = 7). By varying the parameters, the pipeline
ensures robust results, yielding biologically meaningful clusters, thereby paving the way
for disease endotype identification.

3.3.2.3 Comparing HVG selection approaches

To evaluate the performance of my feature selection method HRG, I compared it against
state-of-the-art tools, including the standard deviation, which I refer to as SD, and the
mean-variance relationship implemented in SCANPY [WAT18]. Specifically, I compared
(i) the metric scores, (ii) the number of selected genes required for clustering, and (iii) the
robustness across initialisation values.

The comparison of metric scores involved the evaluation of the mean clustering accuracy
and mean DBI (Figure 3.6 a, b). The one-sided Wilcoxon signed-rank test indicated that
HRG demonstrates superior performance. It achieved a general higher average accuracy
(HRG vs. SCANPY: p-value = 5.05e - 15, HRG vs. SD: p-value = 1.92e - 02) and lower
mean DBI (HRG vs. SCANPY: p-value = 1.63e - 04, HRG vs. SD: p-value = 1.00) across
all resolutions and initialisation values. HRG outperformed SCANPY and SD in metric
scores, demonstrating higher accuracy and lower DBI.

The number of genes selected for clustering was evaluated based on the average accuracy
and DBI across all initialisation values and resolutions γ (Figure 3.6 a, b; Table 3.1).
For SCANPY, I identified the optimal percentages of xopt = 6 and xopt = 24, resulting
in an accuracy of (69.59 ± 7.60)% and DBI of 4.36 ± 0.83, respectively. SD required the

104



CHAPTER 3. ENDOTYPES AS ALTERNATIVE TO THE ESTABLISHED DISEASE
ONTOLOGY

Figure 3.6: Comparison of feature selection methods to identify HVGs. a, b)
Average (a) accuracy and (b) DBI across all resolutions γ and initialisation values. Dashed
lines mark the highest and lowest scores of the mean accuracy and DBI, respectively. The
colours indicate the method used for feature selection. The optimal percentage of HRG
(orange) is 7 for both metrics, 6 and 24 for SCANPY (blue), and 74 and 60 for SD (red).
c-d) Probability for x = 10 of a gene to be selected in each initialisation round by (c)
HRG, (d) SCANPY, or (e) SD. Examples of genes for the same or different probability
are shown. In total 2, 481, 7, 551, and 2, 102 genes are selected by HRG, SCANPY, and
SD, respectively.

most genes, i.e. xopt = 74 and xopt = 50, for clustering. Its highest average accuracy was
(71.95 ± 8.90)% and lowest DBI was 3.75 ± 0.68. A comparison of the mean accuracy
of the optimal percentage of genes to retain for each method revealed that HRG (1, 248
genes) required a greater number of genes than SCANPY (1, 067 genes) and less than SD
(13, 184 genes). However, considering the DBI, I found that HRG requires less genes than
SCANPY and SD (SCANPY: 4, 276 genes, HRG: 1, 248 genes, SD: 8, 908 genes). Thus,
HRG required less genes, which are sufficient for forming biologically meaningful clustering.
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I was also interested in the robustness of feature selection across all initialisation values
(Figure 3.6 c-e). Therefore, I investigated the probability of a gene being selected by
setting the percentage of genes to be retained to x = 10. I observed that HRG is more
robust in comparison to SCANPY and demonstrates comparable robustness to SD. This
was reflected by the selection probability of 100% for 1, 219 and 1, 458 genes for HRG
and SD, respectively (Figure 3.6 c, e). In contrast, no gene occurred in each initialisation
using SCANPY (Figure 3.6 d). Moreover, HRG selected 2, 481 unique genes across
all initialisation values, similar to SD (2, 102 unique genes), and three time less than
SCANPY (7, 551 unique genes). HRG showed superior robustness to SCANPY and was
comparable to SD, selecting stable gene sets across different initialisation values.

In conclusion, HRG was the best-performing feature selection method for this dataset.
It achieved superior metric scores with 7% of genes, demonstrated greater robustness
than SCANPY, and required fewer genes for clustering compared to SD. However, the
performance of HRG may vary across datasets. Thus, I recommend benchmarking multiple
feature selection approaches across diverse datasets to identify the most suitable method for
a specific application. In summary, HRG outperformed SCANPY and SD in this dataset,
but its generalisability requires further validation through benchmarking.

3.3.2.4 Identifying robust clusters of endotypes

In order to define endotypes, I accounted for the heterogeneity of the dataset and required
the clustering to be more granular than the IRPs, including the UD IRP. Therefore, I
aimed to define more than seven clusters, which required setting the clustering resolution
γ above 0.5, as shown by the linear relationship between resolution and number of clusters
(Figure 3.7 a).

To ensure stable clustering across different initialisation values, I utilised the AMI
(Methods 3.2.1.2), achieving a score of 0.64 ± 0.01 for γ ∈ {0.6, 1.5} (Figure 3.7 b).
Additionally, I shortlisted potential cluster resolutions using the DBI (Figure 3.7 c). The
lowest DBI of 5.81± 0.56 was observed at γ = 0.6, with an average increase of 0.13± 0.2

per 0.1 step in γ between 0.7 and 0.11. Despite using only 7% of the genes (xopt = 7), the
resulting DBI might have been distorted, due to the limitations of euclidean distance in
high-dimensional datasets [AHK01] [Bey+99]. Thus, I combined the objective assessment
metrics with expert knowledge, and selected a resolution of γopt = 0.9 to determine the
disease endotype clusters.
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Figure 3.7: Determine cluster resolution using AMI and DBI. a) Linear relation
between number of clusters and resolution parameter γ. b) Metric to assess the stability
of clustering results for all resolutions using AMI. c). DBI to assess the compactness of
and similarity between clusters. Area of interest (γ > 0.5) is highlighted in orange.

Summarising Section 3.3.2, a feature selection pipeline was designed to automatically
determine the percentage of HVGs. Additionally, I developed a feature selection method,
HRG. Comparative analysis against established tools such as SCANPY and SD demon-
strated that HRG performs best for this dataset. In particular, I found that HRG exhibits
superior performance in comparison to SCANPY and SD by requiring less genes for
clustering. HRG was also more robust in its feature selection than SCANPY. Leveraging
my pipeline, I found that only 7% of genes, i.e. HVGs, were required for the identification
of disease endotypes. These findings suggest that the pipeline and HRG could significantly
assist in the gene selection process for downstream analysis, potentially leading to more
precise disease endotypes or subtypes.

Subsequently, I related the identified endotypes to the clinical diagnoses and IRPs, and
further investigated whether the endotypes are superior towards the traditional disease
ontology.

3.3.3 Endotypes capture heterogeneity of skin conditions

I identified 13 endotypes by running the Leiden clustering algorithm on HVG using the
determined optimal resolution of γ = 0.9 (Figure 3.8 a). These endotype clusters represent
distinct disease groupings based on their gene expression profiles, providing insights
into the underlying heterogeneity of the skin conditions. In the following, I analyse the
composition of each endotype in relation to clinical diagnoses and IRPs (Figure 3.8 b).
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Several endotypes were predominantly characterised by specific diseases. Specifically,
the endotypes E1 and E7 were primarily composed of eczema (E1: 69% and E7: 71%)
patients. Endotype E2 was characterised by a distinct gene expression profile dominated
by pyoderma gangrenosum (62%), which belongs to IRP 5. This skin condition was the
most prevalent disease and IRP in E2 (Figure 3.8 b). Additionally, diseases associated
with IRP 1, including lichen planus and lupus erythematosous, clustered separately in
E3 (67% lichen planus:) and E4 (82% lupus erythematosous) (Figure 3.3, Figure 3.8 b).
This shows that these conditions were well defined by clinical assessments. Endotype
E5 primarily consisted of pityriasis rubra pilaris (45%), a condition suspected to be
associated with psoriasis and IRP 3 (Figure 3.8 b). Notably, this condition did not
cluster with the most psoriasis patients in E8 and E11-E13, indicating distinct charac-
teristics on the gene expression level. Overall, these findings demonstrate that specific
diseases dominate distinct endotypes, further emphasising the heterogeneity within ncISDs.

Some endotypes displayed more heterogeneous disease compositions, with rare disease
associations providing further insights into the gene expression relationships across diverse
clinical conditions. Endotype E6 was mainly composed of Darier’s disease (39%), eczema
(33%), and samples from IRP 3 (17%) (Figure 3.8 b). Endotype E9 included eczema
(36%), cutaneous lymphoma (29%), and parapsoriasis patients (21%). Parapsoriasis, a
potential precursor of skin cancer, may develop into T-cell lymphoma [Kik+93], and these
diseases are clinically challenging to differentiate [EG99]. The inclusion of these conditions
in a single endotype highlights the complexities of distinguishing between them at the clin-
ical level. Endotype E10 contained samples from a variety of diseases and IRPs, including
eczema (43%), IRP 4a (9%), including systemic sclerosis and morphea, as well as IRP UD
(26%), comprising cutaneous lymphoma, Darier’s disease, and parapsoriasis. Despite this
diversity, eczema samples constituted the majority. These observations demonstrate the
potential of using gene expression to refine the grouping of heterogeneous and rare diseases.

The endotypes divide psoriasis into multiple clusters. The clustering analysis revealed
that psoriasis is a dominant condition within the endotypes E8, E11-E13, with subtle
differences in disease composition (Figure 3.8 b). In endotype E8, psoriasis coexisted with
eczema as the predominant conditions (psoriasis: 48% and eczema: 44%), reflecting their
overlapping gene expression patterns. Endotype E11 was primarily composed of psoriasis
(81%), followed by eczema (10%) and cutaneous lymphoma (10%) samples. Similarly,
E12 was primarily composed of psoriasis samples (73%), along with a smaller proportion
of eczema (12%) and rare diseases (15%) such as parapsoriasis, Darier’s disease, and
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erythrodermia. In endotype E13, psoriasis pustulosa (10%) and psoriasis (87%) patients
were clustered together due to similar characteristics. This was an expected behaviour, as
both belong to the psoriasis disease spectrum. Although they are at opposite ends of the
psoriasis spectrum, they share characteristics at the gene expression level [Joh+17]. This
clustering observation raised the hypothesis that these patients may have different drug
response profiles [Ain+12]. In essence, these findings emphasise the heterogeneity within
psoriasis, illustrating that gene expression can be used to distinguish between different
subtypes and inform potential treatment approaches.

In summary, the identification of 13 endotypes shows the complexity and heterogeneity
within ncISDs. This confirms that the established disease ontology, which is based on
clinical features, does not capture the full complexity of these conditions. Moreover,
the ability to group rare diseases with more common conditions provides opportunities
for drug repurposing. Thus, the endotypes may provide an enhanced approach for
patient stratification.

In order to assess whether the endotypes better represent the underlying data dis-
tributions in the L transcriptomes, I compared the variance explained by endotypes,
diagnoses, and IRPs. Despite some outliers, the endotypes had higher explained variances
(11.55 ± 10.57) in comparison to diagnoses (4.95 ± 7.68), and IRPs (1.85 ± 4.43)
(Figure 3.8 c, Methods 3.2.1.3). The effect size, given by Cohen’s d, between endotype
and diagnosis was 0.71, which is considered as a medium effect (Methods 3.2.1.3). In
contrast, the effect size between endotype and IRP depicted a strong effect of 1.20.
The effect size between IRP and diagnosis was 0.50 and is described as a low effect.
This suggested that the objective and data-driven categorisation of ncISDs patients into
endotypes more accurately reflects the underlying heterogeneity of the data. It is possible
that the downstream analysis will be improved in terms of interpretability and quality of
the identified target groups.

These 13 endotypes revealed the heterogeneity of diseases and IRPs at the gene expression
level. They also grouped rare diseases with other more common diseases with known
IRP. This could provide a basis for further investigation towards drug repurposing and
precision medicine. In the following, I explored the relationships between endotypes using
transcriptomics and phenomics.
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Figure 3.8: Identification of disease endotypes. a) 2D representation of identified
disease endotypes. b) Sankey diagram shows grouping of ncISDs into IRPs and endo-
types revealing the heterogeneity of the diseases that cluster into multiple endotypes. c)
Variance partition analysis shows a tendency that endotypes explain more variance of the
transcriptomics data than diagnoses and IRPs.

3.3.4 Biological interpretation of endotypes

The endotypes resulted in a comprehensive overview of ncISDs. In order to assess their
biological meaningfulness, I investigated their hierarchical relationships. At a high level,
the endotypes split into two primary groups, i.e. E5 -E10 and E11 -E13 & E1 -E4
(Figure 3.9 a). These branches were distinguished by different biological characteristics,
involving processes such as metabolism, structure, and inflammation. In the following, the
distinct branches were explored in more detail.

3.3.4.1 The metabolism and epidermal structure branch

The metabolism and structural organisation of the epidermis branch, E5 -E10, was associ-
ated with diseases linked to IRP 2a, 3 and UD (Figure 3.9 b, c). Notably, the distribution
across multiple endotypes and over-representation of IRP 2a, indicates associated diseases
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are likely driven by distinct biological processes. This branch was further subdivided into
E5/E6 and E7 - E10 (Figure 3.10 a).

The endotypes E5/E6 in comparison to E7 - E10 were characterised by protein synthesis
and "fatty acid metabolism" (Figure 3.11 j). Amongst the upregulated genes were IL17C,
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Figure 3.9: Clustering of ncISDs into molecular endotypes provides objective
granularity as compared to diseases and IRPs. a) Hierarchical relationships between
endotypes based on molecular similarities and differences. The branches at the highest level
(diamond) divide the structural and metabolism arm (brown) from the inflammation arm
(red). The inflammation arm (circle) is further divided into two branches. The first one
is the psoriasis-like endotype branch (orange) and the second branch comprises autoin-
flammatory and interface dermatitis diseases (blue). The autoinflammatory and interface
dermatitis branch (triangle) is subdivided into an autoinflammatory (sandy brown) and
interface dermatitis disease (bisque) branch. Each endotype is composed of different com-
binations of (b) IRPs and (c) diseases, highlighting the high level of heterogeneity within
IRPs and diseases.

CCL20, and PGLYRP2, which are involved in the innate immune system (Figure 3.11 i).
E5 mainly contained pityriasis rubra pilaris patients, expressing the same IRP as
psoriasis. In contrast, E6 primarily consisted of Darier’s disease patients and was charac-
terised by "Mitochondrial Fatty Acid Beta-Oxidation" and metabolism (Figure 3.9 b, c;
Figure 3.11 k, l). E5 and E6 were distinguished by protein synthesis and fatty acid
metabolism, where E5 was associated with pityriasis rubra pilaris and E6 with
Darier’s disease.

The E7 - E10 branch contained activated pathways such as "Extracellular matrix organi-
zation", "Collagen formation", and "ECM proteoglycans" (Figure 3.11 i, j). Although
the differences between the lower levels in the E7 - E10 branch were less pronounced, I
observed hierarchical distinctions in their biological functions. Pathways enriched in E7
included barrier formation and immune response, while olfactory pathways were activated
in E8 - E10 (Figure 3.11 m, n).

A higher activation of immune related pathways was observed in E8 compared to E9/E10.
The endotype E8 consisted of 44% eczema and 48% psoriasis patients (Figure 3.9 b). It
was differentiated from E9 and E10 by higher activation of cell cycle-related pathways
and an up-regulation of significantly differentially expressed genes (DEGs), which are
associated with immune response, such as IL36G, DEFB4A, and PI3, and immune regu-
lation such as MPRSS11D and VNN3. In E9 and E10, I observed a higher activation of
olfactory pathways (Figure 3.11 o, p). Thus, E8 was characterised by a greater activation
of immune-related pathways, whereas E9 and E10 were dominated by the activation of
olfactory pathways.

Immune regulation and skin structure pathways distinguish E9 from E10. At the lowest
hierarchy level, I compared E9 and E10 (Figure 3.11 q, r). Among the upregulated DEGs
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Figure 3.10: Biological interpretation of interesting endotype branches. a-c)
DGE analysis results showing the label of the top 10 DEGs in each group. DEGs are
required to meet the threshold of padj value < 0.05 and |log2FC| > 1. d-f) Boxplots of
interesting DEGs. g-i) Pathways are determined by a GSEA using all genes ranked by
their log2FC value. The top three enriched pathways per group are shown.

in E9 were IL13, CCL22, and LCE3D. The first two were involved in immune regula-
tions, and LCE3D was involved in skin structure. Moreover, I found cell cycle-related
pathways activated in E9. In E10, I observed an enrichment of "Cardiac conduction",
"Muscle contraction", and "Transcriptional regulation of white adipocyte differentiation"
(Figure 3.11 r). In summary, E9 was associated with immune regulation and skin structure,
and E10 with pathways related to muscle and adipocyte differentiation.

113



3.3. RESULTS

Count
50 100

0.3 0.4 0.5 0.6 0.3 0.4 0.5 0.6

Neutrophil degranulation

Acyl chain remodelling of PE

Extracellular matrix
organization

Collagen formation

Formation of the cornified
envelope

Keratinization

GeneRatio

0.0005

0.0010

0.0015

0.0020
p.adjust

a b c d

e f g h

i j k l

m n

q r

o p

Count
50 100 150

0.2 0.4 0.6 0.2 0.4 0.6

Transcriptional regulation
of white adipocyte

differentiation

Muscle contraction

Cardiac conduction

M Phase

Cell Cycle Checkpoints

DNA Replication

GeneRatio

1e−06

2e−06

3e−06

p.adjust

0.4 0.5 0.6 0.7 0.4 0.5 0.6 0.7

Fatty acid metabolism

Extracellular matrix
organization

Collagen formation

ECM proteoglycans

rRNA processing

Translation

GeneRatio
Count

50 100 150 200

2.5e−09

5.0e−09

7.5e−09

p.adjust

0.4 0.5 0.6 0.4 0.5 0.6

Fatty acid metabolism

Signaling by Interleukins

M Phase

Mitochondrial Fatty Acid
Beta−Oxidation

HCMV Early Events

Peroxisomal lipid metabolism

GeneRatio
Count

50 100150

0.0005

0.0010

0.0015

0.0020

0.0025
p.adjust

E1E2 E3E4

E11E12/E13 E12E13

E5/E6E7-E10 E5E6

E7E8-E10

E9E10

E8E9/E10

E1 E2 E3 E4

E5/E6 E7-E10 E5 E6

0.2 0.4 0.6 0.2 0.4 0.6

Transcriptional regulation
of white adipocyte

differentiation

Muscle contraction

Cardiac conduction

M Phase

Cell Cycle Checkpoints

DNA Replication

GeneRatio
Count

50 100 150

1e−06

2e−06

3e−06

p.adjust

E9 E10

0.3 0.4 0.5 0.6 0.3 0.4 0.5 0.6

Sensory Perception

Formation of the cornified
envelope

Neutrophil degranulation

Keratinization

Olfactory Signaling Pathway

Expression and translocation
of olfactory receptors

GeneRatio
Count

50 100 150 200

0.000025

0.000050

0.000075

0.000100

0.000125
p.adjust

E7 E8-E10

0.3 0.5 0.7 0.3 0.5 0.7

Signaling by GPCR

Sensory Perception

Olfactory Signaling Pathway

M Phase

Cell Cycle Checkpoints

DNA Replication

GeneRatio
Count

50 100 150 200

0.00025

0.00050

0.00075

0.00100

0.00125
p.adjust

E8 E9/E10

0.4 0.6 0.8 0.4 0.6 0.8

Signaling by Interleukins

Peptide ligand−binding
receptors

Chemokine receptors bind
chemokines

Nonsense Mediated Decay
(NMD) independent of the

Exon Junction Complex (EJC)

Eukaryotic Translation
Termination

Eukaryotic Translation
Elongation

GeneRatio
Count

30 60 90 120 150

2.5e−14

5.0e−14

7.5e−14

p.adjust

E12 E13

0.30.40.50.60.7 0.30.40.50.60.7

Formation of the cornified
envelope

Keratinization

HATs acetylate histones

M Phase

Extracellular matrix
organization

Translation

GeneRatio
Count

50 100 150 200

5.0e−09

1.0e−08

1.5e−08

p.adjust

E11 E12/E13

114



CHAPTER 3. ENDOTYPES AS ALTERNATIVE TO THE ESTABLISHED DISEASE
ONTOLOGY

Figure 3.11: Biologically distinct functionalities within hierarchical endotype
relationships. a, c, e, g, i, k, m, o, q) DGE analysis results showing the label of the
top 10 DEGs in each group. DEGs are required to meet the threshold of padj value < 0.05
and |log2FC| > 1. b, d, f, h, j, l, n, p, r) Activated and suppressed pathways, which
were determined by a GSEA. The top three enriched gene sets per group are shown.

In conclusion, the metabolism branch was divided into E5/E6 and E7 - E10. E5 and E6
were characterised by protein synthesis and fatty acid metabolism pathways, respectively.
In contrast, E7 - E10 exhibited pathways associated with extracellular matrix (ECM) for-
mation, cell cycle, and immune response.

3.3.4.2 The inflammatory branch

The E11 - E13 & E1 - E4 branch was predominantly driven by inflammation and in-
cluded diseases associated with IRP 1, 3, and 5 (Figure 3.9 b, c). This branch
was characterised by the activation of cell cycle and interleukin signalling pathways
(Figure 3.12 n). Amongst the genes associated with the inflammatory branch, were pro-
inflammatory cytokines (IL1B), chemokines (CXCL8 ), innate immune system (CD300E ),
and epidermal structure (KRT26 ) (Figure 3.10 a, d, g). The inflammatory branch was
further subdivided into psoriasis-like endotypes E11 - E13 and interface dermatitis and
autoinflammatory like endotypes E1 - E4 (Figure 3.10 a).

In the psoriasis-like endotypes E11 -E13, upregulated genes included Th17 markers such
as CXCL8 and NOS2 (Figure 3.10 b, e). Another biomarker of inflammation was LCN2,
which has recently been implicated in the pathogenesis of psoriasis [RX22]. E11 - E13
were also characterised by the activation of protein synthesis and cell cycle pathways
(Figure 3.10 h; Figure 3.12 n). In general, the E11 - E13 endotypes were characterised by
inflammation-related genes as well as protein synthesis and cell cycle regulation pathways.

The endotypes E1 -E4 resembled the interface dermatitis and autoinflammatory endo-
type branch. This branch was defined by pathways such as "Immunoregulatory inter-
actions between Lymphoid and non-lymphoid cells", "Extracellular matrix organisation"
and "GPCR downstream signalling" (Figure 3.10 h). The top DEGs in E1 - E4 included
VCAM1, GLIPR2, and PLEKHO1 (Figure 3.10 b, e). The gene VCAM1 is a marker for
cardiovascular diseases [Hos+04], GLIPR2 is a potential pan-cancer biomarker [Lin+24]
[Zen+23], and PLEKHO1 is likely associated with the viability of renal cell carcinoma cells
[Yu+19]. In essence, the E1 - E4 branch was characterised by cell interaction and ECM
organisation pathways, with DEGs linked to various diseases.
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Figure 3.12: Functional differences between one endotype and all others. a-m)
DGE analysis results showing the label of the top 10 DEGs in each group. DEGs are re-
quired to meet the threshold of padj value < 0.05 and |log2FC| > 1. n) Clustered pathways
showing similarities between endotypes on a functional level. Pathways are determined by
an ORA considering significantly upregulated genes from the pairwise comparisons of one
endotype versus all other endotypes in combination.

Summarising, the inflammatory branch was divided into two distinct subgroups. The
psoriasis-like endotypes E11 - E13 were characterised by inflammation-related pathways
and genes, while the endotypes E1 - E4 were associated with biological events such as cell
interaction and ECM organisation.

3.3.4.3 Dermatitis, autoinflammatory/granulomatous and interface
dermatitis subdivisions

The E1 - E4 branch was further divided into E1/E2, a dermatitis and autoinflammatory/
granulomatous branch, and E3/E4, representing the interface dermatitis diseases lichen
planus and lupus erythematosus (Figure 3.9 a).

I compared the dermatitis and autoinflammatory/granulomatous branch, involving
E1/E2, to E3/E4. E1 was primarily composed of eczema patients and shared biological
characteristics with pyoderma gangrenosum and venous ulcer. These were the autoin-
flammatory and granulomatous diseases representing E2 (Figure 3.9 c). This overlap
was supported by the expression of immune response regulating cytokines, such as
IL1B and IL6, metalloproteins, and other genes involved in the innate immune system
(Figure 3.10 c, f). In addition, regulation of protein synthesis by "translation", "neu-
trophil degranulation" and "extracellular matrix organization" pathways were activated
(Figure 3.10 i). The E1/E2 branch revealed shared biological mechanisms of eczema
and rare diseases, such as innate immune system pathways and protein synthesis regulation.

The interface dermatitis branch E3/E4 branch was characterised by the activation of
"interferon signalling" and "formation of the cornified envelope" pathways (Figure 3.10 i).
This finding aligned with the definition of the IRP 1, which involves the dominant diseases
within these endotypes, namely lichen planus and lupus erythematosus. In this IRP,
immune cells induce apoptosis of cells located in the basal epidermis [BCS22] [Lau+18].
Although the "formation of the cornified envelope" did not appear to play an active role in
inducing cell death, it may indirectly contribute to apoptosis [Eck+13]. In line with this
finding, IFN-γ and CARD11 were upregulated in E3/E4, which is part of the "interferon
signalling" pathway and involved in cell death, respectively (Figure 3.10 c, f). The E3/E4
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branch showed an enrichment of interferon signalling and cell death associated pathways,
supporting its association with interface dermatitis diseases.

In conclusion, the E1 - E4 branch was subdivided into an E1/E2 and E3/E4 clusters. The
former included eczema and autoinflammatory/granulomatous diseases, driven by innate
immune system pathways. In contrast, the E3/E4 branch, associated with interface der-
matitis diseases, was characterised by interferon signalling and pathways linked to cell
death. Moving forward, I was interested in the biological drivers (Section 3.3.4.4) of each
endotype compared to all others.

3.3.4.4 Distinct and shared biological processes in endotypes

Comparative analyses of each endotype against all other endotypes revealed distinct gene
expression profiles (Figure 3.12 a-m) alongside shared biological pathways (Figure 3.12 n),
demonstrating the heterogeneity and overlapping features of endotypes.

Rare diseases with an UD IRP are associated with distinct metabolic and keratinisation-
related pathways. One of my objectives is to drive the understanding of rare diseases
with an UD IRP. I observed three endotypes that were mainly composed of diseases with
an UD IRP, i.e. E6, E9 and E10 (Figure 3.9 b, c). In E6, DEGs, such as ELOVL5 and
KRT4, were found upregulated, which were involved in metabolism and keratinisation
(Figure 3.12 f). In E9, olfactory signalling pathways were enriched with associated
genes such as OR2G6 Figure 3.12 i). In addition, I found "NR1H3 & NR1H2 regulate
gene expression linked to cholesterol transport and efflux" uniquely activated in E9
(Figure 3.12 n). Notably, E10 exhibited a higher activation of both, keratinisation and
olfactory signalling pathways, and an activation of FOXO transcription factors, which
were involved in "FOXO-mediated transcription of cell cycle genes", "cGMP effects",
and "FOXO-mediated transcription of oxidative stress, metabolic and neuronal genes"
(Figure 3.12 j, n). In summary, metabolic and keratinisation-related pathways distinguish
E6, E9, and E10 from other endotypes.

Looking at the entire metabolism branch, I found that E5, E7, E9 and E10 shared skin
barrier related pathways such as keratinisation (Figure 3.12 n). Moreover, endotypes E5
and E6 showed an higher activation of metabolism pathways (Figure 3.12 n). Intriguingly,
in E5, whose dominant disease was pityriasis rubra pilaris, the upregulated DEGs
corresponded to genes, which are assumed to be associated with this disease, such as
IL23A, CCL20, and IL17C [Hay+23] (Figure 3.9 c; Figure 3.12 e). These results suggest
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shared skin barrier and metabolic pathways across the endotypes E5, E7, E9 and E10,
with E5 showing also an upregulation of inflammatory markers of pityriasis rubra pilaris.

I explored the characteristic genes upregulated in the psoriasis-like endotypes E8,
E11 - E13 and their activated pathways. In E11 - E13, I observed DEGs, which were
involved in the formation of the cornified envelope and keratinization. Examples for E11
are KRT81, KRTAP9-4, KRT33B, for E12 KLK13, and for E13 CSTA, LCE3E, and
LCE2A (Figure 3.12 k-m). Interestingly, endotype E11 did not show significant activation
of cell cycle and interleukin signalling pathways, but shared characteristics with E5, E7,
and E13, including epidermal structure-related pathways, such as "Keratinization" and
"Formation of cornified envelope". E13 also showed a higher activation of translational
pathways (Figure 3.12 n). Despite a 48% of psoriasis patients, E8 exhibited distinct
gene regulations, such as PTH2R, which is associated with G alpha (s) signalling events
(Figure 3.12 h). The psoriasis-like endotypes E8, E12-E13 demonstrated both distinct an
shared features, explaining the subdivision of psoriasis into multiple endotypes.

The interface and autoinflammatory like endotypes E1 - E4 were characterised by immune
response and ECM associated pathways (Figure 3.12 a-d, n). The immune response
pathways were primarily enriched in the interface like endotypes E3 and E4, which were
mainly composed of lichen planus and lupus erythematosus, respectively. The ECM
associated pathways were primarily observed in E1 and E2. Examples of genes involved
in ECM were TNC for E1 and MMP13, COL10A1, and SPP1 for E2. Immune response
pathways dominated the interface-like endotypes E3/E4, while ECM pathways were more
prominent in autoinflammatory-like endotypes E1/E2.

Summarising Section 3.3.4, I discovered a hierarchical relationship among the, hypothesis-
free derived endotypes, clustering into two primary branches driven by metabolic and
inflammatory pathways. The metabolism-driven branch was predominantly composed of
eczema, pityriasis rubra pilaris, and diseases with UD IRPs, whereas the inflammation-
driven branch was primarily composed of psoriasis and diseases associated with IRP 2a,
IRP 5, and IRP 1. These findings further illustrated that despite heterogeneous transcrip-
tomics profiles, these endotypes share common biological characteristics. Additionally, I
revealed pathways and genes that were differentially expressed and activated within and
independent of the hierarchical structure. In essence, this molecular characterisation of
endotypes enhances the understanding of skin diseases and paves the way for developing
more precise diagnostic and therapeutic approaches for ncISDs. Next, I was interested
whether endotypes are associated with distinct clinical attributes.
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Figure 3.13: Clinical interpretation of endotypes. Dotplot showing the signed
significance of selected clinical attributes in the endotypes. They are chosen based on
the criteria of having a highly significant p-value below 1e - 05 in at least one endotype.
Moreover, the column split shows the top three branches, as defined by the hierarchical
relationship between the endotypes. The colour indicates whether the attribute is increased
(red) or decreased (blue) in the respective endotype. Kruskal-Wallis test is conducted to
test for enrichment in a one versus all fashion for continuous and ordinal data and the χ2

test is applied on nominal traits. The results are presented in red or blue if they meet the
threshold of a padj value of less than 0.05, otherwise they are shown in grey.

3.3.5 Endotypes correlate with clinical hallmarks

Clinical diagnosis typically relies on specific clinical hallmarks. In this analysis, I aimed
to explore the correlation between endotypes and clinical attributes. Considering the
imputed assessments (Methods 3.2.2), I observed some significant associations with the
endotypes (Figure 3.13). In particular, I considered the clinical attributes that had
a p-value below 1e - 05 in at least one endotype (Methods 3.2.2), providing a robust
foundation to correlate the molecular endotypes to clinical assessments.

In the metabolism-driven endotype branch, distinct clinical markers assisted in differenti-
ating the endotypes E5 and E10 from others. Four out of 66 attributes were significantly
pronounced, with each endotype showing a reduced prominence of these clinical markers.
Specifically, endotype E5 was significantly associated with "Morphology - Pustules"
(padj = 3.36e - 05, Cliff’s Delta = -0.37), with a negative effect size indicating a reduction
in the number of pustules in E5 in comparison to the mean number observed in the
other endotypes. In E6-E9, no differentially pronounced attributes were observed, while
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E10 represented a contrasting clinical phenotype to psoriasis. This is evidenced by
the moderately less pronounced attribute "Histology - Neutrophils" (padj = 2.41e - 02,
Cohen’s d = -0.69) and highly less expressed clinical feature "Histology - Parakeratosis"
(padj = 1.22e - 03, Cohen’s d = -0.87) [EE18] [Orl+20]. In addition, I observed a
moderately decreased number of "Histology - Dermal lymphocytes" (padj = 5.06e - 02,
Cohen’s d = -0.61). The clinical features associated with E5 and E10 suggest distinct
markers, with reduced pustule formation and altered histological characteristics, setting
these endotypes apart from others.

Endotypes within the psoriasis-dominated branch showed distinct clinical features asso-
ciated with psoriasis. Specifically, E12 exhibited a significant enrichment of traits such
as "Histology - Abnormal Str. granulosum" (padj = 1.99e - 08, Cliff’s Delta = 0.56),
"Histology - Parakeratosis" (padj = 1.54e - 05, Cohen’s d = 0.89), "Histology - Acantho-
sis" (padj = 1.66e - 04, Cohen’s d = 0.70), "Histology - Neutrophils" (padj = 4.09e - 06,
Cohen’s d = 1.00), and "Morphology - Scaling" (padj = 1.12e - 03, Cliff’s Delta = 0.35).
The presence of a more pronounced Histology - Abnormal Str. granulosum" indicates
that this layer is either absent or thinner than normal skin. I defined the stratum
granulosum as component of the middle epidermis in Section 1.1.1. E12’s branch
neighbours, E11 and E13, exhibited higher expression of at least one of these at-
tributes, i.e. "Histology - Parakeratosis" (E11: padj = 7.97e - 05, Cohen’s d = 1.15)
and "Morphology - Scaling" (E13: padj = 3.54e - 02, Cliff’s Delta = 0.32). The feature
"Morphology - Scaling" was also more pronounced in E12 and is characteristic of psoriasis
[Gri+21]. In summary, these observations support that E12 most closely resembles
psoriasis, while E11 and E13 show partial overlap with psoriasis-related traits, suggesting
a continuum of psoriasis-like features across these endotypes.

In the autoinflammatory and granulomatous endotype branch, specific clinical fea-
tures helped differentiate E2 from other endotypes. In E1, I did not observe any
distinct expressed clinical attribute, while in E2, "History - Leukocytoclastic vasculitis"
(padj = 2.41e - 04, Cohen’s d = 1.19) was stronger pronounced and "Morphology -Scaling"
(padj = 3.46e - 02, Cliff’s Delta = -0.43) was moderately more present in other endotypes.
These findings highlight leukocytoclastic vasculitis as a distinguishing feature of the
granulomatous endotype E2, providing a potential clinical marker for identifying this
specific disease group.

The interface dermatitis branch, including E3 and E4, was defined by certain clin-
ical traits. As expected in the interface dermatitis branch E3/E4, the clinical
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trait "Histology - Interface dermatitis" was most enriched in E3 (padj = 4.45e - 16,
Cohen’s d = 2.29) and E4 (padj = 2.13e - 05, Cohen’s d = 2.22), which I previously
defined as the interface dermatitis branch based on biological evidences (Figure 3.9 a-c).
In line with this, the cell death associated clinical trait "Histology - Dyskeratosis"
(E3: padj = 5.13e - 13, Cliff’s Delta = -0.60; E4: padj = 2.34 - 05, Cliff’s Delta = 0.62)
was also more dominant. The most prominent diseases within the endotypes E3
and E4 are commonly based on the presence of the cell death associated path-
ways [EE18]. In addition, I observed an absent of "Histology - Parakeratosis" in
E3 (padj = 2.34e - 05, Cohen’s d = -0.95). The attributes "Histology - Acan-
thosis" (E4: padj = 9.56e - 03, Cohen’s d = -1.31), and "Histology - Parakeratosis"
(E3: padj = 2.34e - 05, Cohen’s d = -0.95) were more expressed in other endotypes. In
addition, E3, which represents lupus erythematosus (Figure 3.9 c), showed a significant de-
crease in "Morphology - Scaling" (padj = 2.59e - 04, Cliff’s Delta = -0.47) and "Histology
- Abnormal Str. granulosum" (padj = 4.09e - 06, Cliff’s Delta = -0.58) in combination with
an increase in "Comorbidity - Mucosa involved" (padj = 1.66e - 04, odds ratio = 12.75)
and "Histology - Dermal lymphocytes" (E3: padj = 1.96e - 05, Cohen’s d = 1.07). The
feature "Histology - Abnormal Str. granulosum" is a typical histological feature of IRP 1
associated diseases, where the middle epidermis (stratum granulosum) is thicker compared
to the normal state [Uji+22]. In summary, the observed features of E3 and E4, particularly
their enrichment in interface dermatitis-related traits and cell death-associated pathways,
align with literature about interface dermatitis diseases.

The result of the association of endotypes with clinical traits yielded specific findings for
the endotype branches. In the metabolism branch E5 - E10, certain features were less
prominent in E5 and E10 compared to all other endotypes. In the psoriasis-dominated
endotype branch E11 - E13, clinical traits commonly associated with psoriasis were mainly
enriched in E12, while I observed less enriched psoriasis-specific clinical traits in E11 and
E13. Moreover, in the autoinflammatory and interface dermatitis branch E1 - E4, E3 and
E4 exhibited characteristic phenotypes of interface dermatitis-associated diseases. These
findings suggest, that endotypes exhibit a diverse relationships with clinical traits, with
certain endotypes within a branch showing more distinct or stronger associations with the
expected clinical features of the dominant disease in that endotype.

In summary, the analyses conducted in the Section 3.3.4 and Section 3.3.5 demonstrated
the biological and clinical significance of the endotypes, highlighting that the hierarchical
relationships between endotypes are driven by distinct pathways. In particular, I charac-
terised endotypes composed of more common and rare diseases as well as identified shared
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and distinct biological features across endotypes. Furthermore, I identified an association
matrix between clinical attributes and endotypes, further emphasising their clinical rel-
evance. These findings provide evidence for the biological and clinical relevance of the
endotypes in ncISDs.

3.4 Summary and discussion

In this chapter, the objective was to achieve an hypothesis-free categorisation of ncISDs.
The established practice in clinics bases the diagnoses of patients solely on clinical
characteristics, leading to misdiagnosis and non-responsiveness to therapies. To address
this issue, I leveraged bulk RNA-seq comprised of 21 ncISDs with additional clinical
information. By applying a clustering algorithm on the transcriptomics data, I identified
13 disease endotypes (objective (i)). I approached this task by developing a pipeline to
determine HVGs and presented an alternative HVG method called HRGs. I demonstrated
its competitive behaviour against state-of-the-art methods, such as filtering by standard
deviation or the mean-variance relation. Additionally, I investigated the relationship
between endotypes and the current disease ontology (objective (ii)). I explored also the
biological and phenotypic similarities and differences between endotypes by comparing
enriched genes, pathways, and clinical traits (objective (iii)). In summary, this chapter
aimed to improve the patient stratification in ncISDs by employing a hypothesis-free
approach that leverages transcriptomics data to identify endotypes.

My analysis showed that both clinical and transcriptomics profiles exhibit a high
heterogeneity between and within diseases. Leveraging my HVG selection pipeline
and subsequent clustering of transcriptomics profiles from 381 patients, I identified 13

endotypes. Comparing these endotypes with the current diagnoses and IRPs, I observed
an almost complete regrouping of patients at the gene expression level. In addition,
the endotypes have a higher level of explained variance, providing a more accurate
representation of patient groups with similar profiles. In addition, I identified hierarchical
relationships between endotypes, resulting in two main branches driven by metabolism
and inflammatory pathways. The comparison of endotypes with clinical phenotypes
revealed specific associations. These findings demonstrate that transcriptomics enhances
patient stratification and show that endotypes provide a more precise categorisation of
ncISDs, advancing precision medicine in this field.

In this study, I observed heterogeneity among patient profiles both within and across
ncISDs. Clusters of IRP 1 showed distinct phenotypes and gene expression profiles, while
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other diseases appeared more dispersed across clinical attributes and transcriptomics
embeddings, reflecting a broader spectrum of variability. Considering the clinical at-
tributes embedding, more dominant disease clusters were anticipated due to the reliance
of ncISDs diagnoses on these traits. This finding highlights the potential limitation of
categorising patients solely based on clinical attributes. At the transcriptomics level,
the distributed nature of disease clusters aligns with my hypothesis that the current
disease ontology is not sufficient to determine the underlying disease. The observed
heterogeneity in clinical profiles may partly reflect the subjective assessment of symptoms
by patients and clinicians. Additionally, diseases with complex presentations, such as
eczema, further complicate accurate diagnosis due to their varied clinical and biological
characteristics [Uji+22]. These findings suggest to reconsider patient categorisation into
ncISDs using solely clinical assessments and to integrate gene expression data alongside
clinical attributes to enhance patient stratification.

I developed a HVG selection pipeline that integrates the HRG method, enabling auto-
mated dimensionality reduction. The pipeline reduced the dimension of the dataset from
17, 816 to 1, 248 genes, thereby improving clustering efficiency. Manual determination
of the number of genes or cut-off parameters is a common challenge in feature selection
methods, which can result in the inclusion of redundant features, compromising clustering
performance. By automating this process, the pipeline mitigates such risks, providing more
specific features. In addition, the HVGs selection pipeline ensures biologically meaningful
and robust clustering results by providing accuracy and DBI as complementary metrics.
While the accuracy reflects the alignment with ground truth labels, it can be misleading
when patients with different diagnoses exhibit similar gene expression patterns. Focusing
solely on the DBI, which evaluates intra-cluster compactness and inter-cluster separation
[DB79], may lack biological relevance due to the dataset’s complexity and heterogeneity.
In combination, these two metrics enabled the identification of the 1, 248 most relevant
genes and clustering resolution γ = 0.9 for grouping patients into endotypes. In summary,
the pipeline automates HVG selection, ensuring robust clustering results, thereby offering
advancements in feature selection for data-driven patient stratification.

In order to determine HVGs, I developed the method HRG to prioritise genes that convey
unique and biologically relevant information. The HRG method provides a new approach
to gene selection by ranking genes based on their expression levels across all samples.
This enables the clustering of genes with similar expression profiles. The HRG method
demonstrated robust feature selection across multiple initialisation values. Its performance
was comparable to SD, while outperforming the mean-variance relationship approach
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implemented in SCANPY. Additionally, the method required less HVGs to achieve
optimal clustering performance than both SD and SCANPY. Beyond its applications
to bulk RNA-seq data, the HRG is also applicable to other diseases and could assist in
automating the selection of HVGs. Although it has not yet been tested on single-cell
RNA-sequencing (scRNA-seq) and spatial transcriptomics (ST) data, the method has
been designed with these data types in mind, extending its potential scope. In essence,
the HRG method, as part of the automated HVG selection pipeline, enhances clustering
efficiency and robustness for diverse datasets.

The endotypes identified through transcriptomics data revealed the molecular hetero-
geneity within ncISDs. Using 1, 248 HVGs, I stratified 21 ncISDs into 13 endotypes and
analysed their composition with respect to diagnoses and IRPs. Notably, each endotype
was composed of multiple diseases, reinforcing that diagnostics based solely on clinical
attributes are not sufficient. For instance, several endotype clusters were dominated by
eczema, confirming eczema’s heterogeneity as previously reported [Tso+19] [Thi+17].
Similarly, I identified four distinct psoriasis-like endotypes, which likely expand upon
the two psoriasis subtypes identified by Ainali et al. (2012). This expansion may be
attributed to the larger sample size in my study (125 psoriasis patients vs. 37 in Ainali et
al. (2012)), which provides greater resolution for detecting disease heterogeneity [Ain+12].
These findings highlight the potential of endotype-based patient stratification to uncover
shared biological mechanisms across both common and rare diseases, thereby advancing
precision medicine in ncISDs and leading to novel therapeutic opportunities, including
drug repurposing.

Rare diseases, such as cutaneous lymphoma and parapsoriasis, were clustered with more
prevalent diseases, whose pathogenesis is better understood. This offered insights into
shared biological processes, facilitating a better understanding of rare diseases. Drug
repurposing could be applied to these endotypes, offering a potential therapeutic avenue
for rare diseases.

The endotypes revealed discrepancies between clinical and transcriptomics profiles. In
comparison to previous research, which focused on only two or three diseases [Gar+16]
[Rei+19b] [Tia+12] [Ewa+15] [Gho+15] [Kam+10] [Tso+19], this study provides a
more comprehensive perspective on shared and distinct molecular mechanisms. Notably,
the identification of endotypes in rare diseases allows for the discovery of molecular
similarities with more common, less heterogeneous ncISDs. For instance, cutaneous
lymphoma and parapsoriasis clustered separately from one another but together with
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some patients diagnosed with eczema, reflecting distinct molecular signatures despite
phenotypic similarities. Conversely, pityriasis rubra pilaris and psoriasis formed distinct
endotypes, despite overlapping phenotypes and belonging to the same IRP [EE18]. These
findings suggest that diseases with similar clinical presentations can differ significantly at
the molecular level. Consequently, patient stratification by endotype rather than clinical
diagnosis could enhance treatment outcomes.

In the metabolism branch, I found hierarchical structures driven by distinct signalling
pathways. I also examined whether any specific clinical features were uniquely expressed
in one endotype compared to the others. However, I did not observe any overlap with
the expected clinical characteristics of the dominant disease within each endotype. This
suggests a need for more specific clinical features to describe these endotypes. In addition,
I observed that eczema was distributed across all endotypes within the metabolism
branch. This is in line with the expected behaviour of this heterogeneous disease, as it is
associated with multiple IRPs, ethnicities, and age groups [Mai+23] [KA22]. Therefore,
clinical features alone are not sufficient to accurately describe the endotypes within the
metabolism branch, highlighting the need for molecular markers.

I observed an upregulation of a potential biomarker in E5/E6. The gene LRG1 exhibited
higher expression in the E5/E6 cluster compared to E7 - E10. This gene has been
suggested as a diagnostic biomarker, prognostic biomarker, and therapeutic target in,
e.g., autoimmune diseases and cancer [Dri+22]. The elevated expression of LRG1 in
E5/E6 suggests a potential therapeutic response to LRG1-inhibiting drugs, indicating its
potential as drug target for these endotypes.

The clustering analysis identified a distinct molecular profile for pityriasis rubra pilaris
within E5, challenging its conventional classification within IRP 3. In E5, pityriasis rubra
pilaris was the dominant condition. Contrary to expectations, this skin condition did
not cluster with psoriasis-dominated endotypes. This shows the limitations of current
stratification approaches relying solely on clinical attributes [Soe86], which group these
two conditions within the same IRP 3 [EE18]. Additionally, E5 displayed an upregulation
of the genes IL17C and PGLYRP2, which are known to be associated with pityriasis
rubra pilaris [Hay+23]. These findings would suggest an enrichment of dyskeratoses,
pustules, and dermal lymphocytes [Soe86]. However, these clinical traits were less promi-
nent in E5 compared to other endotypes. Thus, these findings show potentials of using
transcriptomics data to more accurately differentiate pityriasis rubra pilaris from psoriasis.
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The endotype E6 comprised patients diagnosed predominantly with Darier’s disease and
eczema. This suggests that these patients may benefit from the biologics commonly
utilised for the treatment of eczema. This observation indicates a potential for drug
repurposing, whereby biologics developed for eczema could be explored as a therapeutic
option for Darier’s disease within this specific endotype, offering a targeted treatment
approach.

The endotype E8 consisted of a mixture of eczema and psoriasis patients, with an
enrichment of similar pathways to those found in other other psoriasis-like endotypes
E11 - E13. This could be an indication that these patients actually have eczematised
psoriasis, a condition that clinically resembles features of both psoriasis and eczema
[LE23]. However, the autoantigens SERPINB3 and SERPINB4, which have recently been
identified as drivers of eczematised psoriasis, are not upregulated in E8 [Jar+24]. As
eczematised psoriasis is a common but poorly understood condition, the identification of
endotypes may shed light on its pathogenesis.

Endotype E9 was composed of complex and overlapping conditions. The grouping
of eczema, cutaneous lymphoma and parapsoriasis into endotype E9 confirmed that
these diseases are clinically difficult to distinguish. Given their symptom similarities,
cutaneous lymphoma and eczema can be confused, potentially leading to the incorrect
administration of drugs, which could have life-threatening consequences for patients
[HAL19]. Furthermore, parapsoriasis can be a precursor of cutaneous lymphoma [Kik+93]
[EG99]. Therefore, it is important to identify the disease state of parapsoriasis and find
biomarkers to distinguish between these three diseases. The endotypes already showed
that these patients are distributed across several endotypes in the metabolism branch,
including E5 - E10. In summary, endotype specific biomarkers are needed to differentiate
between these heterogeneous skin conditions within the metabolism branch, leading to
enhanced treatment suggestions.

The endotypes E11 - E13 form the psoriasis-dominated endotype branch within the
inflammatory arm were characterised by distinct biological functions and clinical features.
Endotype E12 most closely resembles the classical type of psoriasis, with upregulation
of the psoriasis vs. eczema classifier gene NOS2 and a more prominent presentation of
typical clinical features of psoriasis [Qua+14] [Gar+16]. In comparison, no significant
differences were observed in the clinical characteristics abnormal stratum granulosum and
neutrophil accumulation, in E11 and E13. In addition, parakeratosis was not significantly
associated with E13, but I observed an upregulation of the cornified envelope gene LCE3C
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and the small proline-rich proteins gene SPRR2G. These two genes have been identified
as risk factors for psoriasis [Ber+11] [Car+13]. These differences strengthen the concept
of psoriasis endotypes driven by distinct biological processes.

The molecular and clinical variations observed across E11-E13 could be explained by
disease progression and psoriasis subtypes. Evidence supporting the disease progression
hypothesis is provided by the increased accumulation of neutrophils, absence of a granular
layer, and more pronounced acanthosis and parakeratosis in E12. These are all features
commonly associated with the advanced stage of psoriasis [DRM11]. In contrast, E11
and E13 showed less classic psoriasis features in comparison to E12. Supporting the
psoriasis subtype hypothesis, Ainali et al. (2012) identified subtypes of psoriasis using
microarray data [Ain+12]. The authors hypothesised that one subtype, which was
enriched in TGFb and ERbB signalling pathways, might respond to therapies targeting
these pathways. Consistently, I observed enrichment of cell cycle-related pathways
associated with ERbB signalling pathway in E11 - E13, along with an upregulation of
TGF-α in E12. Further research is needed to determine whether these molecular and clini-
cal variations reflect distinct progression stages, disease subtypes, or therapeutic responses.

Distinct clinical features characterised the endotypes in the autoinflammatory and
interface dermatitis branch. In endotype E1, eczema was the most prevalent disease, while
E2 was dominated by pyoderma gangrenosum and venous ulcer. E2 also showed a higher
incidence of leukocytoclastic vasculitis, which was exclusively enriched in this endotype,
and a lower incidence of scaling. This indicates that the stratification of patients into
endotype is also detectable using clinical assessments. Similarly, the interface dermatitis
branch showed characteristics consistent with expected clinical features, with E3 (lupus
erythematosus) and E4 (lichen planus) having well-defined and distinct clinical features
even prior to the categorisation into endotypes. These findings demonstrate the alignment
between E2, E3, and E4 with clinical observations, offering potential improvements in
diagnostic and therapeutic approaches.

One limitation of this study is the inclusion of only 21 out of over hundreds of defined
ncISDs [EE18] and the bias towards more common ncISDs. Therefore, increasing the
variety of diseases and expanding the sample size could yield more endotypes. In addition,
the dataset was generated by multiple biologists from the same laboratory. Although I
accounted for technical bias, the integration of other cohorts from different laboratories
may affect the result but may provide a more generalised view and therefore, an optimised
stratification of patients into endotypes. Other factors influencing the outcome, are
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the choice of processing pipeline and reference genome, affecting the clustering and
downstream analysis. In essence, more diverse datasets would enable the identification of
shared and distinct characteristics in transcriptomics data, enhancing the robustness of
findings.

The dataset composition also affects the HVG selection process. Currently, the developed
method, HRG, selects global, highly variable features based on their gene expression
profile. As the dataset predominantly includes psoriasis and eczema samples, the feature
selection method might be biased towards these overrepresented diseases. Thus, some
HVGs may not be detected, because they do not belong to the top global variation drivers
in the whole dataset. To address this, one potential solution is to define hierarchical
subgroups within the data and select features specific to each subgroup, as suggested by
Tyler et al. (2024) [Tyl+24]. This would allow for the identification of features that might
otherwise be overlooked in the dataset.

Another technical limitation of the HRG method is the use of the K-Means clustering
algorithm, which is best suited for datasets with well-separated data points and hyper-
spherical clusters of equal size [CKV13] [SRN16] [RA18] [AR14]. In biological data, which
is heterogeneous and noisy, these conditions do not always apply. To address these issues,
future work could explore alternative clustering algorithms, such as DBSCAN [Est+96],
which better handle noisy and complex data structures.

The DBI used in the HVG selection pipeline is sensitive to outliers [TPM13] and thus,
might fail to capture important biological drivers of under-represented groups within
imbalanced datasets. Evaluating metrics less sensitive to outliers could further improve
clustering accuracy and robustness. A comprehensive benchmarking of the automated
pipeline, including HRG, against other feature selection approaches across diverse datasets
is also needed to validate its utility and generalisability. Incorporating alternative
evaluation metrics can enhance the pipeline’s reliability and applicability.

Limitations also arise from the approach used to account for missing values in the
clinical attributes, necessitating cautious interpretation of the association between
clinical characteristics and endotypes. The assumption that the data is MCAR and the
subsequent choice of imputation technique can also impact the results. While the applied
imputation approach relied on the KNN algorithm, alternative methods such as multiple
imputation [VBGO11] [Lit88] or model-based approaches [DLR77] [SB12] may offer
improved accuracy, particularly in cases where missingness is dependent on observed or
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unobserved factors. Future studies should also systematically assess the nature of missing
data and verify the MCAR assumptions. Moreover, sensitivity analyses comparing
different imputation techniques could help to assess the robustness of findings and
minimise potential biases introduced by a single data imputation technique. Integrating
multiple imputation techniques and validating assumptions about missingness may fur-
ther improve the reliability of the association analysis between endotypes and clinical traits.

For future applications, the study of ncISDs could greatly benefit from the integration of
datasets from various labs, expanding beyond the current set of 21 ncISDs. One promising
approach to achieve this is federated unsupervised representation learning [Zha+23],
where researchers collaborate globally without the need to share sensitive data. This could
improve the representation of ncISDs and subsequently, allow for more comprehensive
downstream analysis.

Refining the HVG selection appraoch further enhances the robustness and reliability of
the selected HVG for downstream analyses. The pipeline provides a valuable approach to
detect HVGs without the need to manually specify the number of expected HVGs in the
dataset. Benchmarking the internally used feature selection method, HRG, against more
methods and across additional datasets is necessary to demonstrate its competitiveness.
Furthermore, other validation metrics may indicate the need for a different number of
genes for optimal clustering. It is also important to note that the choice of initialisation
value can significantly impact clustering results, as the algorithm is not deterministic.
Thus, further benchmarking, validation, and assessment of initialisation effects are
necessary to optimise the HRG method and enhance its applicability across diverse
datasets.

Molecular endotype classifiers could enhance the accuracy of diagnosis. This study
confirmed the heterogeneity of ncISDs and the complexity of linking clinical phenotypes
to specific endotypes. Thus, there is a need to integrate gene expression information to
improve diagnosis. Molecular classifiers that distinguish between diseases or endotypes
could assist in stratifying patients [Gar+16] [Fis+23] [DER]. In addition, the classifiers
will be beneficial for rare diseases or clinically challenging conditions. These classifiers
could be pivotal for tailoring treatment strategies and improving diagnostic accuracy.

Looking forward, the integration of various data types will likely transform our under-
standing of ncISD. For instance, the integration of genetic data from GWAS (Genomewide
Association Study) [Man10], could provide additional information on possible mutations
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in diseases or endotypes. For example, known mutations in ATP2A2 for Darier’s disease
[Sak+99], CARD14 for pityriasis rubra pilaris and psoriasis [IM18], and FLG for eczema
[Blu+18] [SKK20], highlight the importance of understanding the genetic basis of ncISD.
The integrated approach will lead to more precise stratification of patients and the
development of targeted therapies. As more disease-specific biomarkers are identified,
precision medicine will advance. Detecting and treating these diseases at the molecular
level will enable earlier, more effective interventions, reducing the burden of these complex
and heterogeneous diseases.

In summary, this study provides an approach to define and characterise ncISDs endotypes
using gene expression data. By addressing the identified limitations and integrating addi-
tional data types, these endotypes offer a promising step towards precision medicine. They
have the potential to revolutionise the management of these conditions in clinical settings,
enabling more tailored and effective treatment strategies.
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Chapter 4

Gene-expression-based psoriasis-like
endotype classifiers

Overlapping entities and limited understanding of subtypes reduce the diagnostic accuracy
and treatment success rate of non-communicable chronic inflammatory skin diseases
(ncISDs). Psoriasis, one of the most prevalent ncISDs worldwide, immensely impacts the
quality of life and is often accompanied by comorbidities such as cardiovascular diseases
[Gri+21]. Over the past decades, antibody therapies have become available. Amongst
these therapies are the commonly administered antibodies IL - 23, IL - 17, and TNF -α.
Notably, drugs targeting IL - 23 and IL - 17 achieve efficacy rates of up to 90% in three
out of four patients within three months of therapy [Sbi+23]. Administered therapies
depend on diagnosis or immune response pattern (IRP), which are based on a patient’s
clinical profile and do not take into account genetic information. This often results in
misdiagnosis and prescribing ineffective or incorrect treatments, which can, in the worst
case, have life-threatening consequences for the patient [Has+24] [WBB18]. My previously
identified endotypes, E1-E13, showed high biological and clinical relevance (Chapter 3).
Furthermore, these endotypes are objective, as opposed to the established subjective
clinical characterisation of ncISDs. This makes psoriasis-like endotypes ideal candidates
to complement state-of-the-art diagnostic methods for psoriasis, improving treatment
outcomes and reducing the risk of adverse effects.

In order to approach these challenges, I utilise therapy response data of psoriasis patients
and link them to the psoriasis-like endotypes E8, E11-E13. I hypothesise that these
endotypes are correlated with therapy efficacy. In addition, I aim to identify molecular
markers that can be used to distinguish between the endotypes, with the future objective
of enhancing diagnostic accuracy. The classification based on biomarkers is already a well-
established practice in cancer treatment and introduced in the field of ncISDs for psoriasis
and eczema by Dermagnostix [Ama+20] [Gar+16]. Therefore, I develop a feature selection
pipeline and a gene selection method, "GeneSTRIVE", to identify robust genes, serving
as molecular markers for the psoriasis-like endotypes E8, E11-E13. These genes will be
used to build gene-expression based classifiers that potentially support treatment guidance.

133



Molecular markers are identified by stratifying effectively between the defined groups of
endotypes, which are hypothesised to be associated with therapy response. The classifiers
and hypothesis are evaluated using an independent cohort, and the results demonstrate
the generalisability of the classifiers. While the dataset size limits definitive conclusions
regarding the hypothesis, my study provides a foundation for future validation using a
larger cohort.

In this Chapter clinical diagnosis and endotypes are integrated with therapy response
information. I aim to create classifiers that predict groups of psoriasis-like endotypes with
hypothesised similar response profiles. This is achieved by identifying genes using my
feature selection method, GeneSTRIVE. It identifies robust molecular markers using prior
knowledge and is able to handle high-dimensional, noisy gene expression data.

Specifically, I address the deliverable "Linking endotypes to drug response to advance
precision medicine" and its associated research questions, as outlined in Section 1.6:

• Objective (iv), identify endotypes, which are likely associated to with response to the
drugs targeting IL - 23, IL - 17, TNF -α (Section 4.3.1). Therefore, I utilised a cohort
of patients diagnosed with psoriasis and investigated their responsiveness based on
the ∆PGA score at week 0 and 12.

• Objective (v), identify a minimal set of single genes for the selected groups of endo-
types (Section 4.3.3 and Section 4.3.4), to build gene-expression-based psoriasis-like
endotype classifiers (Section 4.3.5).

This study represents a continuation of the project introduced in Chapter 3:
Hillig, Christina∗ and Meinel, Martin∗, and Seiringer, Peter∗and Garzorz-Stark,
Natalie∗ and Harder, Inken and Hübenthal, Matthias and Lochmann, Niklas and Mishra,
Jigyansa and Farnoud, Ali and Maboudi Afkham, Heydar and Jargosch, Manja and Wei-
dinger, Stephan and Eyerich, Stefanie∗ and Eyerich, Kilian∗ and Menden, Michael P.∗,†.
"Minimal set of predictive biomarkers enable endotype classification for precision medicine
in inflammatory skin diseases." (In preparation).

In particular, my contributions are as follows. I conceived, conceptualised, and developed
a robust feature selection method called GeneSTRIVE. In addition, I designed a triad
feature selection pipeline and applied nested cross-validation (CV) to find the best

∗Contributed equally
†Corresponding author
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classifier models. Subsequently, I applied the Bayesian correlated t-test to identify the
best performing model for each classification task. In order to test my hypothesis, I
preprocessed an independent test cohort, which was provided by Inken Harder, Matthias
Hübenthal, and Stephan Weidinger. I created and designed almost all figure panels,
except those from Figure 4.1 and Figure 4.2.

The following parts were carried out by co-authors. The therapy response information
was collected by Peter Seiringer. Ali Farnoud designed a metric to determined whether a
patient responded to a therapy. Martin Meinel imputed the severity scores and performed
differential gene expression (DGE) analysis and gene set enrichment analysis (GSEA) on
the predefined endotypes, which I hypothesised to be related to therapy response. The
figure panels, showing the biological interpretation of therapy response information in the
context of endotypes (Figure 4.2), was mainly created by Martin Meinel and I created
the two Volcanoplots. The results were interpreted together with my supervisor Michael
Menden and our collaborators.

4.1 Materials

4.1.1 Therapy response cohort

In this chapter, the processed gene expression data, identified endotypes, sex, age, and
batch information from Chapter 3 were used. In addition, therapy response data of 34

psoriasis patients, including their administered drug targets - IL - 23, IL - 17, and TNF -α
- and Physician Global Assessment (PGA) scores before treatment, i.e. week 0, and
during treatment, week 12 and 20, were collected (Table 4.1). Patients were treated with
the drug targets IL - 23 (n=14; guselkumab, risankizumab), IL - 17 (n=15; secukinumab,
ixekizumab, brodalumab), and/or TNF -α (n=14; infliximab, adalimumab). Amongst the
34 psoriasis patients, nine patients had been successively treated with multiple biologics.
Specifically, eight patients have been treated with biologics inhibiting IL - 17 / TNF -α
and one with IL - 17 / IL - 23 antibodies.

I leveraged the unpublished ncISDs bulk RNA-sequencing (RNA-seq) cohort comprising
342 lesional (L) and 287 non-lesional (NL) samples from Chapter 3. In order to match
the disease with the therapy response information, the conducted analysis was only ap-
plied to patients belonging to the psoriasis-like endotypes E8, E11-E13 and patients who
only provided NL samples (nL=125, nNL=129). Additionally, information about sex, age,
batch, and endotypes were provided. Moreover, the 34 psoriasis patients, who provided
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Drug target Sex Patients Age PGA score
Week 0 Week 12 Week 20

IL-23 male 11 44.27±16.46 4.36±0.50 1.27±0.47 1.00±0.71
female 3 53.00±12.53 3.67±1.53 1.67±1.15 1.11±0.84

IL-17 male 11 48.64±13.81 3.73±1.42 1.33±1.14 1.02±1.43
female 4 56.25±10.90 3.25±1.71 1.85±1.70 0.38±0.48

TNF-α male 11 48.27±10.00 4.09±0.54 2.30±1.05 2.01±1.02
female 3 57.67±12.90 4.00±1.00 2.67±1.15 2.71±1.55

Table 4.1: Overview of the unpublished, interpolated therapy response information of 34
psoriasis patients. The data has been collected and provided by Peter Seiringer, Natalie
Garzorz-Stark, and Kilian Eyerich from the Department of Dermatology and Allergy -
Technical University of Munich, Division of Dermatology and Venereology - Karolinska
Institute, and Department of Dermatology and Venerology, Medical Center - University of
Freiburg.

Drug target Endotypes
E6 E7 E8 E11 E12 E13

IL - 23 1 1 1 3 6 2

IL - 17 0 1 2 4 6 2

TNF -α 0 1 1 4 5 3

Table 4.2: Commonly administered drug targets linked to the previously defined endo-
types (Chapter 3) of the 34 psoriasis patients.

information about their severity before and during treatment, were also included in the
psoriasis bulk RNA-seq dataset. An overview of the number of patients per drug target
and endotype can be found in Table 4.2.

4.1.2 Independent psoriasis cohort

A second psoriasis bulk RNA-seq cohort (n=22) was provided by Inken Harder, Matthias
Hübenthal, and Stephan Weidinger from the University Hospital Schleswig-Holstein, Kiel.
The material was loaded onto the first and second lanes of S4 flowcells and subsequently
provided to sequencing using the NovaSeq6000 sequencer. All samples originated from
the same batch. The clinical information includes the time of visit, age, sex, severity
scores, and administered drug (Table 4.3). In total 11 patients were treated with biologics
targeting IL - 23 (risankizumab), eight with IL - 17 (ixekizumab), and three with TNF -α
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Drug target Sex Samples Patients Age PtGA score
Week 0 Week 14

IL - 23 male 10 L 10 50.80±15.74 2.9± 0.7 1.11±0.57
female 1 L 1 46 3 0

TNF -α male 2 L 2 54.5± 7.78 3± 0 3± 1
female 1 L 1 60 3 3

IL - 17 male 5 L 5 47.40±13.85 2.8± 0.4 0.75±0.43
female 3 L 3 40.33± 4.73 3.67±0.47 1.0

Table 4.3: Overview of the unpublished RNA-seq cohort from Inken Harder, Matthias
Hübenthal, and Stephan Weidinger from the University Hospital Schleswig-Holstein, Kiel.

(adalimumab). For 20 patients the Patient Global Assessment (PtGA) score before and
after treatment was provided. For one patient treated with an IL - 23 and one with an
IL - 17 inhibitor, I did not receive the information on the disease severity at week 14.
Additionally, the raw, unfiltered count matrix, comprising 22 samples and 19, 019 genes,
was supplied.

4.2 Methods

4.2.1 Therapy response data

The therapy response data included information about the therapy, drug target, and
severity (PGA) scores at week 0, 12, and 20. Recapitulating, the highest PGA score of 5
indicates a severe form of the disease, while a value of 0 represents the absence of visible
symptoms in the patient (Section 1.2). As not every patient visited the clinic at each
time point, the data collected about the severity scores was relatively sparse. Thus, the
data was imputed by Martin Meinel. He employed a linear interpolation technique to
estimate the PGA scores between the closest predecessor and successor PGA scores, using
the PGA scores of week 0, 12, and 20.

In order to determine whether a patient had responded to a prescribed treatment, Ali
Farnoud described the change in response ∆PGA12 from week 0 to week 12 by

∆PGA12 =
PGA0 − PGA12

PGA0
, (4.1)

where PGA12 is the severity score at week 12 of a patient’s visit at the clinic. To define
a patient as a responder or non-responder a ∆PGA12 ≥ 0.5 or ∆PGA12 < 0.5 was required.
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In order to assess whether there are differences between and within the response to the
drug targets IL - 23, IL - 17, and TNF -α within a psoriasis-like endotype, the two-sided
Mann-Whitney-U test was applied [Sid57]. In addition, the effect size, given by Cohen’s d,
was calculated [Coh13]. Moreover, I run the two-sided Mann-Whitney-U test and calcu-
lated Cohen’s d to assess whether specific endotype groups show significant differences in
their response profile towards the same drug target. I set the significance threshold to 0.2.
The values of Cohen’s d are defined within -∞ to ∞. They can be interpreted based on
the following definitions. Absolute values of Cohen’s d of approximately 0.2, 0.5, and 0.8

mark small, medium, and large effects, respectively [Coh13].

4.2.2 Psoriasis bulk RNA-sequencing cohort

The same preprocessing steps, as outlined in Section 3.2.1.1, were applied. The final
preprocessed count matrix contained 632 samples and 17, 816 genes from 381 patients of
21 ncISDs. In addition, I leveraged the identified endotypes E1-E13.

The DGE analysis between defined groups of endotypes was conducted using edgeR
[RMS10]. The count matrix was filtered for zero count genes and transcript per million
(TPM) values. Additionally, filtering on the count - per - million (CPM) values was applied
using the formed groups of endotypes as group variable (Section 2.6.1). The following
design for the DGE analysis was formulated

yg ∼ age + sex + batchID + group , (4.2)

where yg is the log CPM value of gene g and the group variable contains the two groups
to compare. These are E8/E11 against E12/E13 and E12 against E13. The p-values were
corrected for false discovery rate (FDR) using Benjamini and Hochberg (BH) [BH95].
In order to call a gene significantly differentially expressed gene (DEG), I applied the
thresholds p - adjusted (padj) value < 0.05 and |log2FC| > 1. Subsequently, GSEA was
performed using all genes sorted by their signed padj value (sign[log2FC] · padj value).
Since GSEA operates on gene entrezIDs, biomaRt [Dur+09] was used to convert the gene
names into entrezIDs. The significance threshold of the p-value was set to 0.05 and BH
was used as FDR correction method.

The Bioconductor package DOSE [Yu+14] was then applied to make the resulting entrezIDs
in the GSEA object readable again. The Bioconductor [Gen+04] packages ReactomePA
[YH16], org.Hs.eg.db [Car+19], and enrichplot [Yu21] were used.
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4.2.3 Endotype classifiers

To develop two binary endotype classifiers, E12/E13 vs. E8/E11 (n=254) and E12 vs.
E13 (n=175), the corresponding datasets containing L and NL samples were split into
training (80%) and test (20%) sets in a stratified manner using train_test_split from
the Python package Scikit-learn [Ped+11]. The dataset included 79 L samples for E12/E13,
46 L samples for E8/E11, 48 L samples for E12, and 31 L samples for E13. In addition,
there were 129 NL samples for E12/E13 vs. E8/E11 and 96 NL samples for E12 vs. E13.
The NL samples were only used in the developed feature selection method "GeneSTRIVE"
(Section 4.3.3) and were excluded prior to the training and testing of the classifiers.

4.2.3.1 Triad feature selection pipeline

In this study, a triad feature selection pipeline was implemented to reduce the number
of input features and optimise the performance of the model. The pipeline consists of
three main parts, each serving a distinct purpose in identifying the most robust and
discriminative features within the dataset.

Before training of the classifier, the number of input features (17, 816) was reduced.
Nested k-fold CV (Section 2.4.3.3) was performed to account for sample heterogeneity in
the defined endotype groups and supports the selection of robust genes. The training set
was split and shuffled using stratified k-fold CV with k = 5 partitions from the python
package Scikit-learn. For each partition the following steps were executed.

In part one, a feature preselection was conducted using my feature selection method
“GeneSTRIVE”, which was run N = 1000 times (Figure 4.3 c, step 1-2). The most
frequent occurring feature candidates were selected by performing a binomial test on
each gene and correcting the resulting p-values using BH. In “GeneSTRIVE”, this step
is implemented as an item frequency analysis, "Dominance Ranking", in the function
Dominance Ranking (Figure 4.3 c, step 3). The results were so called class-specific genes.

In the second part, the features were further reduced using variance inflation factor (VIF)
and machine learning (ML)-based techniques. Therefore, I leveraged these genes and
proceeded by using only L samples (Figure 4.3 d, step 4). An optional filtering method,
VIF (Figure 4.3 d, step 5), to remove highly co-correlated genes, having a VIF > 5, and
one of the following feature reduction techniques, L1-regularisation, recursive feature
selection with cross-validation (RFSCV) or sequential feature selection (SFS), were
applied (Figure 4.3 d, step 6). In the feature reduction technique, I accounted for class
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Technique Model Parameter Values
L1-regularisation Logistic regression C [0.1, 1, . . . 10]

penalty L1

SFS SVM C [0.25, 0.5, 1.0, 2.0, 3.0, 4.0 ]
kernel [linear, poly, rbf, sigmoid]

RFSCV Random Forest n_estimators [10, 20, . . . , 100]

Table 4.4: Hyperparameters of the classifiers employed in the feature selection.

imbalance using the upsampling tactic Support Vector Machine (SVM)-SMOTE with
the default sampling strategy. SVM-SMOTE is implemented in the python package
imbalanced-learn [LNA17]. In addition, the classifier models of each feature selection
approach were optimised using GridSearchCV from the package Scikit-learn [Ped+11]
with stratified k-fold CV kinner = 3 and the weighted F1-score (Section 2.4.3.4, eq. 2.19)
for evaluating the CV results. A logistic regression model for L1-regularisation, a SVM
model for SFS, and a Random Forest model for RFSCV were used. The corresponding
hyperparameters are shown in Table 4.4.

Following the completion of parts one and two of the triad feature selection pipeline across
all k = 5 partitions, the final step utilised an optimised classifier to refine the feature set.
This step incorporated all unique features identified from the five partitions, alongside the
entire training set, which comprised only L samples. An optional filtering method VIF and
embedded or wrapper techniques were applied. The final feature set contained robust and
stable features across all five partitions. Subsequently, these features were used to train
the classifiers on the L training set and their performance was evaluated on the test set
(Figure 4.3 e).

4.2.3.2 Classifiers and their evaluation

To construct optimal binary classifiers, I designed a pipeline that integrated fea-
ture selection, model selection, hyperparameter tuning, and an upsampling strategy
SVM-SMOTE addressing class imbalances [LNA17] [NCK11] (Section 2.4.3.1.2). Grid-
SearchCV [Ped+11] was employed for hyperparameter optimisation using repeated
stratified k-fold CV, the number of folds kc = 3 and 10 repeats. The weighted F1-score
(Section 2.4.3.4, eq. 2.19) was used as evaluation metric to assess the classifiers’ perfor-
mance within GridSearchCV. An overview of the models and their hyperparameters is
presented in Table 4.5. In the Multi-layer Perceptron (MLP) model, I set the parameter
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batch_size to 5. In addition, the random_state was set to 0 for all models. The final
feature selection, including all five feature sets, the training, and the optimisation of the
classifiers was conducted for multiple parameter combinations, yielding 18 models per
classification task (Figure 4.4 a, b). The decision boundary for classification was set to 0.5.

In order to select the best model, I considered posterior probabilities of the Bayesian
correlated t-test. This allows to compare the CV performances of all created classifiers in
a pairwise fashion. The Bayesian correlated t-test is implemented in the python package
baycomp [Ben+17]. In order to ensure consistency with the number of repeats used in the
repeated stratified k-fold CV, the run parameter in the Bayesian correlated t-test was set
to 10. Additionally, the rope parameter was set to 0.01, as I anticipate that an identical
performance of two classifiers is unlikely to occur.

In order to provide more realistic predictions, I calibrated the final models using Platt’s
method implemented in the function CalibratedClassifierCV from Scikit-learn [Ped+11]
by setting the parameter method to sigmoid and using repeated stratified k-fold CV.
The two best calibrated models for each classification task were compared to a baseline
classifier that always predicts the majority class. For this purpose, a dummy classifier
from Scikit-learn was used.

I further evaluated the classifiers performances on samples from unknown classes. These
are samples, which have not been seen by the classifier before, but potentially share
characteristics with the training set. In total 217 and 263 samples from the endotypes
E1-E7 and E9-E11 were used to assess the classifiers behaviour on unseen classes.

I also visually assessed the sample distribution by embedding the classifier features in 2D
using Uniform Manifold Approximation and Projection (UMAP) by setting random_state
to 0 [MHM18] [Ped+11].

4.2.4 Independent psoriasis bulk RNA-sequencing cohort

In order to compare the independent psoriasis cohort (n=22) to my dataset, the
Ensembl IDs were converted to HUGO gene names using biomaRt [Dur+09].
Psoriasis samples from the Kiel cohort were assigned to the defined endotype clusters
(Section 3.3.3). To achieve this, the highly variable genes (HVGs) used for clustering
(Section 3.3.2.2) were selected. Missing HVGs values were imputed using the mean
gene expression levels of the housekeeping genes (HKGs) TBP, SDHAF2, TSR3, and
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Model Parameter Values
MLP hidden_layer_sizes [(12, 8, 6), (8, 6, 4), (10, 5), (6, 4),

(8,), (7,), (6, ), (5,), (4,), (3, ), (2,)]
activation [identity, logistic, tanh, relu]
alpha [0.0001, 0.0005, 0.00001]
learning_rate_init [0.0001]
sampling_strategy [minority, majority, all]

SVM C [0.25, 0.5, 1.0, 2.0, 3.0, 4.0]
kernel [linear, poly, rbf, sigmoid]
sampling_strategy [minority, majority, all]

XGBoost n_estimators [10, 100, 500]
eta [0.1, 0.2, 0.3, 0.4]
max_depth [3, 4, 5, 6]
sampling_strategy [minority, majority, all]

Table 4.5: Hyperparameters of the MLP, SVM, and XGBoost model.

GAPDH. The Kiel psoriasis samples were subsequently integrated with the L ncISDs
cohort from the Eyerich lab (Materials 3.1) through data normalisation, followed by batch
correction for the covariates sex and batchID. To incorporate new samples into the graph
object, the nearest existing graph node was identified using k-nearest neighbours with
k = 1. Independent psoriasis samples were then assigned to their corresponding nearest
endotype node. Finally, the UMAP embedding of the two integrated cohorts was generated.

To predict groups of endotypes using gene-expression-based classifiers, I determined the
intersection between genes in my dataset (17, 816) and in an independent cohort (19, 019).
In total 95 genes were found to be missing in the independent dataset. To facilitate
normalisation, a preparatory step for the classifiers, the missing genes were imputed by
replacing their values with the mean gene expression of the HKGs TBP, SDHAF2, TSR3,
and GAPDH. Following this, the classifiers were applied to the independent dataset to
predict the endotype label.

4.2.5 Hypothesis evaluation for each drug target

In order to assess whether there is a significant difference in the response profile of IL - 23,
IL - 17, and TNF -α between and within the defined groups of psoriasis-like endotypes, the
two-sided Mann-Whitney-U test was applied [Sid57]. The effect size, given by Cohen’s d,
was calculated [Coh13] and the significance threshold for the p-values was set to 0.2.
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4.3 Results

To test whether psoriasis-like endotypes are associated with therapy response, I leveraged
204 L and 225 NL bulk RNA-seq samples and disease severity information of week 0, 12,
and 20. The latter was collected from 34 psoriasis patients treated with IL - 23 (n=14),
IL - 17 (n=15), and TNF -α (n=14) inhibitors. Amongst these patients are nine that have
been successively treated with multiple antibodies. Specifically, eight have been treated
with anti IL - 17/TNF -α and one with anti IL - 17/IL - 23 (Methods 4.1.1). Additionally,
I used matched clinical assessments, endotype labels (Section 3.3.2, Table 4.2), and L and
NL bulk RNA-seq samples (Section 4.2.2). This dataset enabled me to investigate the
association between drug targets and psoriasis-like endotypes.

4.3.1 Trend of response patterns in psoriasis-like endotypes

In order to link the psoriasis-like endotypes to the three drug targets, IL - 23, IL - 17,
and TNF -α (Table 4.1), I used the endotypes E8, E11, E12, and E13, as they grouped
psoriasis into several clusters (Chapter 3, Figure 3.8). Treatment success was determined
for each drug target by calculating the ∆PGA scores between week 0 and 12 using the
imputed PGA scores (Methods 4.2.1). A mean ∆PGA score of 0.25 for IL - 23, 0.83± 0.11

for IL - 17, and 0.75 for TNF -α in E8 was measured. In E11, I observed a ∆PGA score of
0.58± 0.14 for IL - 23, 0.68± 0.34 for IL - 17, and 0.50± 0.20 for TNF -α. In the endotype
E12, a mean ∆PGA score of 0.73± 0.12 for IL - 23, 0.40± 0.33 for IL - 17, and 0.15± 0.14

for TNF -α was observed. A mean ∆PGA score of 0.78 ± 0.04 for IL - 23, 0.46 ± 0.48 for
IL - 17, and 0.62± 0.12 for TNF -α in E13 was measured. In essence, the mean suggested
a trend of a stronger association of E12 and E13 with IL - 23 as well as TNF -α, and for
E8 and E11 with IL - 17, indicating a possible endotype drug target correlation.

A comparative analysis of drug response within endotypes was conducted. I investigated
whether there is a difference in the drug response between the drug targets within
an endotype using the two-sided Mann-Whitney-U test and calculating Cohen’s d
(Figure 4.1, Methods 4.2.1). I observed no significant padj values for the endotypes
E8, E11, and E13 and drug targets IL - 17, TNF -α, and IL - 23. For E12 I obtained
significant padj values, indicating that patients treated with the biologics targeting IL - 23
resulted in a greater change in their severity compared to patients treated with biologics
that target TNF -α and IL - 17 (IL - 23 vs. TNF -α: p-adj. = 0.06, Cohen’s d = 4.54;
IL - 23 vs. IL - 17: p-adj. = 0.13, Cohen’s d = 1.34). This led to the conclusion that
in E12, IL - 23 inhibitors may be more effective than biologics targeting TNF -α and IL - 17.
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Figure 4.1: Responder patterns of commonly prescribed biologics that inhibit
IL - 17, TNF-α, and IL - 23 in patients with of psoriasis. Boxplots showing the
∆PGA score for patients belonging to the psoriasis-like endotypes E8, E11 - E13 for the
drug targets TNF -α, IL - 23, or IL - 17. The dashed line visualises treatment success,
corresponding to a ∆PGA score ≥ 0.5. A two-sided Mann-Whitney-U test is performed
between drug targets of the endotypes E11 - E13. The BH is used for multiple testing
corrections. ns: padj > 0.2.

I further examined whether there is a positive drug response trend between specified
groups of endotypes (Methods 4.2.1). A tendency of an effective treatment was visible
for the following comparisons. For the drug target IL - 23, I found a significant result for
E12/E13 against E8/E11 (p-value = 0.03, Cohen’s d = 1.74), while for IL - 17, I observed a
significant p-value for E8/ E11 compared to E12/E13 (p-value = 0.07, Cohen’s d = 1.00).
Moreover, for E13 against E12 I obtained a positive association to the drug target TNF -α
(p-value = 0.03, Cohen’s d = 3.54). The results indicated that specific drug targets may
be more efficacious in certain endotypes.

Subsequently, I created the following psoriasis-like endotype groups of responder and
non-responder for specific drug targets. Patients of endotype E8/E11 were declared as
IL - 17 responders, E12/E13 as IL - 23 responders, E12 as TNF -α non-responders, and E13
as TNF -α responders. These new definitions increased the sample sizes for downstream
analyses. Specifically, I associated 129 NL, 46 L E8/E11, and 79 L E12/E13 with IL - 17
responders and IL - 23 responders. In total 175 samples were related to TNF -α responders
and non-responders. These samples split into 96 NL, 48 L E12, and 31 L E13 samples.
This categorisation significantly enhanced sample size and offered valuable insights into
the correlation between psoriasis-like endotypes and specific drug responses.
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4.3.2 Biological functions of hypothesised drug-target associated
endotype groups

To compare the biological functions of the new defined responder and non-responder endo-
type groups for each drug target, DGE analysis and GSEA were performed (Figure 4.2).
These analyses aimed to identify molecular pathways and gene expression patterns that
differentiate these endotype groups and offer insight into their respective drug responses.

The analysis revealed a higher expression in E12/E13 in comparison to E8/E11 of DEGs,
such as IL1B, NOS2, IL19, IL20, IL36A (Figure 4.2 a). These genes are involved in type
3 immune response (Figure 4.2 b). Additional enriched pathways in E12/E13 compared
to E8/E11 were "Translation", "rRNA processing", and "HATs acetylate histones". This
suggests higher activities of protein synthesis and gene expression regulation. Conversely,
the E8/E11 endotype group was characterised by keratin and collagen expression, as
evidenced by the enrichment of the pathways "Keratinization", "Extraculluar matrix
organization", and "Collagen chain trimerization". These findings highlight the molecular
and pathway-level distinctions between E12/E13 and E8/E11, suggesting differing roles
in inflammation, immune response, and tissue structure.

Furthermore, I compared E12 and E13, which are the TNF-α associated non-responder
and responder endotypes, respectively. E12 showed an upregulation of inflammatory
genes, such as IL1B, CXCL5, and CXCL3. This was supported by the top three enriched
pathways "Chemokine receptors bind chemokine", "Peptide ligand-binding receptors",
and "Signaling by Interleukins" (Figure 4.2 d). In comparison, E13 showed higher
expression of the Late cornified envelope (LCE) genes family and LORICRIN, which are
expressed in the cornified envelope (Figure 4.2 c). LORICRIN is a protein building the up-
permost layer of the epidermis [CSM05]. Pathways enriched in E13 included "Eukaryotic
Translation Elongation", "Eukaryotic Translation Termination", and "Nonsense Mediated
Decay (NMD) independent of the exon junction complex" pathways, being involved in
protein synthesis and its regulation (Figure 4.2 d). The DEGs and pathway analyses
revealed differences in molecular events typically associated with psoriasis, highlighting a
distinct emphasis on inflammatory signalling in E12 and structural protein synthesis and
regulation in E13, which may explain their differential response to TNF -α inhibition and
underlying drug response variability.

In summary, higher activation of pathways involved in the development of the epidermis
were observed in the formed endotype group E8/E11, while in E12 and E13 inflammatory
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Figure 4.2: Molecular characterisation of psoriasis responders and
non-responders to the drug targets IL - 17, TNF-α, and IL - 23. a, c) DGE
analysis result comparing (a) E12/E13 against E8/E11 and (c) E12 against E13. DEGs
are determined by requiring a padj value < 0.05 and log2FC < 1. The top DEGs on each
side are annotated. b, d) GSEA result using the Reactome database.

or protein regulating pathways were higher regulated. Potentially, the observed differences
in response to drug targets are attributed to the involvement of these distinct biological
pathways. In order to utilise my proposed groups of endotypes for molecular diagnostics
in clinics, I aimed for identifying biomarkers, which can be used as features in molecular
classifiers. Therefore, I developed a gene selection method "GeneSTRIVE". Its result-
ing markers were used to create gene-expression-based classifiers that distinguish between
E12/E13 vs. E8/E11 and E12 vs. E13.

4.3.3 Advanced gene selection method for gene expression data

In order to determine molecular markers for the gene-expression based classifiers, I had to
identify meaningful genes (features) in the high-dimensional dataset, containing 17, 816

genes. The selection process was constrained to identify a minimal set of single genes
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for each classifier, avoiding combinations of genes. Feature selection in ML is applied
to identify the most informative features, thereby enhancing model performance and
achieving better generalisation. Amongst the commonly used tools are reduction, filter,
wrapper, and embedded methods (Section 2.4.3.1.3) [Pud+22].

Dimensionality reduction methods, such as principal component analysis (PCA) [Hot33],
construct combinations of genes rather than selecting individual genes. In contrast, feature
selection methods, such as filter, wrapper, and embedded approaches, identify single
genes. Filter methods tend to yield general feature sets that are not specifically tailored
to the prediction task, while wrapper and embedded methods are more task-specific.
However, these may face challenges due to noise or dimensionality [Pud+22] [HK99].

Hybrid feature selection techniques address these challenges of filter, wrapper and embed-
ded methods. They combine different feature selection techniques, for example filter and
wrapper methods, enabling to operate on a high-dimensional feature spaces. This leads to
improved performances in the prediction task [Gho+20]. Despite these advantages, hybrid
approaches inherit the limitations of their filter-based components [Gho+20]. In conclu-
sion, the need for a feature selection method that can handle high-dimensional, noisy data,
is tailored to the prediction task, and provides a robust set of single features remains unmet.

In order to address these challenges, I introduce an advanced feature selection method
called GeneSTRIVE. GeneSTRIVE is designed to operate on high-dimensional, noisy, and
heterogeneous gene expression data, producing a list of robust single genes tailored to the
prediction task.

GeneSTRIVE is designed to identify robust and generalisable genes from heterogeneous
transcriptomics datasets through a structured, multi-step process. It employs stratified
subsampling (Section 2.1), where a subset of samples is repeatedly selected from the
classes of interest to ensure robust gene identification. GeneSTRIVE operates on a raw
count matrix containing L and NL samples, their respective class labels, and a design
function. Optional covariates, such as sex and age, can also be incorporated to account
for additional variables influencing the analysis.

GeneSTRIVE contains three main steps. In step 1, the data is divided into stratified subsets
based on class labels and provided categorical covariates. Subsequently, DGE analysis is
performed either between L and NL samples or within L samples. The data stratification
followed by DGE analyses are repeated M ∈ N times, allowing to identify robust genes
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accounting for the heterogeneity within the classes. In step 2, the identified DEGs are
used to determine class-specific genes that are uniquely associated with each class. Steps
1 and 2 are repeated N ∈ N times, where the number of iterations N is dependent on
the dataset size and its heterogeneity. Larger and more heterogeneous datasets typically
require a higher number of iterations N to ensure comprehensive gene identification. Step 3
involves conducting an item frequency analysis on the resulting gene sets to finalise the list
of robust and stable genes for each class. The final output is a collection of genes capable
of effectively distinguishing heterogeneous classes. In summary, GeneSTRIVE employs
a systematic, iterative approach to identify robust genes by accounting for class-specific
heterogeneity in high-dimensional transcriptomics data.

4.3.3.1 Step 1: Identifying DGEs as feature candidates

In order to identify DGEs as candidates for the class-specific genes, a raw count matrix,
class labels, optional covariates, and a design function must be provided. The following
steps are executed for each iteration i of a total of N iterations.

The process begins by determining pairwise comparisons between the NL group and L
of each class ck, as well as between L samples between classes. Consequently, the input
count matrix can be described as a set of M sub-count matrices X = {X1, . . . , XM} with
Xm ∈ Rn×g, where n is the number of samples and g the number of genes. Subsequently,
so-called runs are executed. The number of runs is equal to the number of sub-count
matrices M , and thus depends on the number of classes c. The number runs can be
calculated using the following formula

M(c) = c+
c!

2! · (c− 2)!
. (4.3)

A run is divided into three sequentially executed sub-steps (i-iii) and handles one pairwise
comparison at a time, for example, comparing L vs. NL samples of one class or L samples
of one class vs. another class.

(i) Sampling: Subsampling or stratified sampling is applied to account for the hetero-
geneity within the classes and class imbalance. Depending on whether one or more
additional categorical covariates are provided, stratified sampling is used; otherwise,
subsampling is applied. The sample size of the resulting sub-samples depends on
the maximum number of samples that can be taken from the class with the fewest
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samples, considering additional covariates and the conditions of the subsampling or
stratified sampling.

(ii) Gene filtering: The stratified or subsampled data is filtered to remove low expressed
genes. A gene is retained if it is measured in at least two samples in one class with
TPM values and counts exceeding one in sub-count Xm where m ∈ [1,M ].

(iii) DGE analysis: Using the edgeR package [RMS10], DGE analysis is performed based
on the user-defined design matrix, which is of the form

ygs ∼ covariate1 + covariate2 + condition .

Here, ygs represents normalised counts of gene g and samples s. The condition
variable contains the pairwise comparison labels, while optional covariates adjust for
confounding effects. FDR using BH is applied. DEGs are identified based on user-
specific thresholds for log2FC and padj values. Up- and down-regulated DEGs are
sorted by padj value and stored in a list for subsequent analysis.

Step 1 establishes a rigorous approach for identifying DEGs as feature candidates, lever-
aging stratified sampling, filtering, and DGE analysis. By iteratively performing pairwise
comparisons, the process ensures the identification of genes that are both statistically sig-
nificant and biologically relevant.

4.3.3.2 Step 2: Identification of class-specific genes

After M runs have been conducted in Step 1, the M lists of DEGs are used to iden-
tify class-specific genes. These are either up- or down regulated in comparison to all
other classes but are not DEGs in other class comparisons. This means that they are
uniquely associated with a specific class and show distinct expression patterns that
distinguish them from the rest of the classes. Additionally, class-specific genes do not
exhibit significant differences in expression levels when comparing any other pair of classes.

The process of determining class-specific genes can be divided into three sub-steps (a - c):
In sub-step (a), uniquely upregulated DEGs per class are identified across all L pairwise
comparisons. In sub-step (b), DEGs either uniquely up- or down-regulated in L vs.
NL pairwise comparisons are defined. Subsequently, in sub-step (c), the unique DEGs
from step (a) and (b) are intersected. The result is a set of class-specific genes for each class.

The process of identifying class-specific genes is mathematically defined as follows. In
step (a), sets A1, . . . , Ac of upregulated genes per class j where j ∈ [1, . . . , c] from the L
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comparisons are defined. In step (b), sets B1, . . . , Bc are defined, where the elements of
Bj correspond to all up- and down-regulated DEGs of the L vs. NL comparison of a class
j. In order to identify unique DEGs in step (a) and (b), the following definition is used.

Definition 2. Let S = {S1, . . ., Sl} be a set of l sets of DEGs. Then the unique elements
of Sp with p ∈ [1, . . . , l] can be determined by

S′
p = Sp \

( l⋃
k=1

Sk

)
with k ̸= p.

The unique elements for each set Aj and Bj is given by A′
j and B′

j using the definition 2.
Since I aim to identify sets of class-specific genes Uj for each class, I build the intersection
of A′

j and B′
j by

Uj = A′
j ∩B′

j with j ∈ [1, . . . , c] .

The resulting set of class-specific genes Uj is determined for each iteration i ∈ [0, . . . , N ].
These steps are repeated N times, resulting in c ·N class-specific gene sets.

In summary, Step 2 identifies class-specific genes by isolating uniquely up- or
down-regulated genes per class. The iterative process ensures reliability and speci-
ficity of these genes, enabling accurate characterisation of each class.

4.3.3.3 Step 3: Item frequency analysis

The item frequency analysis identifies genes that are overrepresented in the class-specific
gene sets. It includes two methods, Robust Rank Aggregation (RRA) and Dominance
Ranking, which assess the statistical significance of gene representation within the
class-specific gene sets.

The RRA assesses whether genes are consistently highly ranked across class-specific gene
sets [Kol+12]. This method assumes ranked input sets, a criterion met by the class-specific
gene sets, where genes are ordered by adjusted padj values. The RRA procedure involves
the following steps. For each gene, a rank vector r = {r1, . . . , rN} is defined, where
N denotes the number of class-specific gene sets Uj . Each element rj ∈ r represents the
gene’s rank, normalised by the maximal rank l, corresponding to the total number of DEGs
identified. To test whether all class-specific gene sets in Uj contain relevant rankings, I
assume that informative elements in r come from a right-skewed distribution. A binomial

150



CHAPTER 4. GENE-EXPRESSION-BASED PSORIASIS-LIKE ENDOTYPE
CLASSIFIERS

test then evaluates the significance of observed rankings at the gene level [Kol+12]. The
final score of r is given by

ζ(r) = min
l=1,...,N

pl,N (r) ,

which is the robust rank score of a gene for class j in Uj . Since multiple tests are
conducted, I correct for FDRs by applying BH on the scores ζ.

The Dominance Ranking method assesses whether a gene is observed more frequently
amongst a group of specific gene candidates than expected by chance. It employs a
one-tailed binomial test (eq. 2.2) with the alternative hypothesis π > π0, where π

represents the observed frequency of the gene, and π0 denotes the expected frequency
under the assumption of randomness. Since the test is applied to each gene, BH is applied
to correct for FDRs.

Genes that meet the statistical significance threshold are considered robust candidates.
The final result of Step 3 is a list of robust genes that are most distinctively expressed
between the classes that can be used for downstream analysis.

In summary, GeneSTRIVE is a robust supervised feature selection method for identify-
ing class-specific genes. It repeatedly applies DGE analysis on a sub-count matrices and
performs an item frequency analysis to ensure the detection of robust genes with distinct
expression patterns across different classes. GeneSTRIVE is capable of identifying single,
robust features in noisy, high-dimensional, heterogeneous gene expression data.

4.3.4 Triad feature selection pipeline including GeneSTRIVE

Hybrid feature selection methods combine the strengths of two single techniques, leading
to better performances [Gho+20]. Commonly, a filtering method is used as an initial
step to reduce the high-dimensionality of the data. However, class-dependent filtering
methods do not consider the class labels, producing overly general feature sets [Pud+22].
To address this limitation, I developed a triad feature selection pipeline, which includes
GeneSTRIVE, an optional filtering method, and a subsequent wrapper or embedded
feature selection technique (Figure 4.3, Methods 4.2.3). The pipeline is designed to handle
imbalanced, heterogeneous transcriptomics data of any size, with the objective of identi-
fying biomarkers that can be, e.g., employed in the diagnosis of diseases in clinical settings.

The triad feature selection pipeline is designed to handle imbalanced, heterogeneous
transcriptomics data of any size. Its objective is to extract robust feature sets that

151



4.3. RESULTS

Figure 4.3: Triad feature selection pipeline including GeneSTRIVE. a) Data
selection and annotation: Responders (green), non-responders (orange), and NL samples
(black). (b) Data splitting: Division of dataset into training and test sets, with the training
set being further partitioned into k folds using stratified k-fold CV. c) GeneSTRIVE Work-
flow: Step 1, pairwise comparisons: For each pairwise comparison (e.g., class A vs. class
B) stratified sampling and DGE analysis are performed (steps i-iii). Step 2, class-specific
genes: Identify DEGs specific to each class using VennDiagrams. Step 3, item frequency
analysis: Determine frequently occurring features from N class-specific gene sets. d) Inte-
gration into triad feature selection pipeline: Step 4, reduction of training data: Filtered to
L samples. Step 5, VIF filtering: Optional step. Step 6, reduction of features: Applied to
each training set partition. e) final Steps: Generalise feature set, train classifier on entire
L training samples, and evaluate on test set.

can address the heterogeneous nature of transcriptomics data while ensuring accurate
classification. The pipeline has been applied to two binary classification tasks involving
the psoriasis-like endotype groups E8/E11 vs. E12/E13 and E12 vs. E13. These groups
are hypothesised to be associated with drug response (Section 4.3.1).

The input data includes L and NL samples, along with their respective class labels
(Figure 4.3 a). Additionally, covariates such as age and sex are included, resulting in the
following design function

ygs ∼ age + sex + condition ,

where age is a numerical variable, sex is categorical, and condition refers to either binary
class labels or a class label and its corresponding NL label. The data is then divided into
a training (80%) and test (20%) set in a stratified manner. To define a robust feature set
for each classifier, nested k-fold CV is applied to account for partition bias. The train-
ing data is shuffled and split into k = 5 partitions using stratified k-fold CV (Figure 4.3 b).
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The partitioned train sets are provided to my triad feature selection pipeline, which is
divided into two parts, described in more detail below. Part 1 is my supervised feature
selection method, GeneSTRIVE (Figure 4.3 c, step 1-3) and Part 2 includes additional
feature selection approaches exclusively applied to L samples (Figure 4.3 d, step 4-6).

4.3.4.1 Part 1: Application of GeneSTRIVE

In step 1 (Figure 4.3 c, step 1), combinations of pairwise comparisons are determined
based on the number of classes c = 2 in the data, resulting in M = 3 pairs (eq. 4.3).
I apply (i) stratified sampling, as it ensures balanced samples concerning covariates
sex and condition. The latter represents the pairwise groups, for example, L sam-
ples of E12 and E13. Subsequently, for each pairwise comparison, lowly expressed genes
are (ii) filtered and (iii) DGE analysis is performed. The steps (i-iii) are repeated M times.

In step 2 (Figure 4.3 c, step 2), class-specific gene candidates are determined, which
are both uniquely, differentially expressed between L and NL samples of the respective
class and uniquely upregulated in the corresponding class from the L samples com-
parison of the two classes (Figure 4.3 c, green and orange area in VennDiagram). In
order to identify DEGs, I require a gene to have a padj value smaller than 0.05 and
|log2FC| above one. These thresholds are frequently employed and may be modified by
the user. The steps 1-2 are repeated N = 1000 times, resulting in N class-specific gene sets.

In step 3 (Figure 4.3 c, step 3), the item frequency analysis, Dominance Ranking, is
applied to identify class-specific genes occurring with greater frequency than expected by
chance. I require the resulting padj values to be smaller than 0.01.

4.3.4.2 Part 2: Further feature reduction methods

The resulting feature sets of each class defined by GeneSTRIVE are used to reduce the
feature dimension of the L samples in step 4 (Figure 4.3 d). Additional feature reduction
tools, such as optional filtering by VIF and a feature reduction technique, are applied in
step 5 and 6, respectively (Methods 4.2.3). This allows to further reduce the number
of features and add the advantages of these selection methods. Recapitulating, the VIF
can be employed to eliminate co-correlated features. Wrapper feature selection methods
consider interactions and redundancies between features and embedded feature selection
methods can address higher order interactions or handle redundancy (Section 2.4.3.1.3).
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The final classifier features are determined by repeating the steps 1-6 for each partition,
resulting in five (k = 5) feature sets. In order to combine these feature sets, a further
round of optional filtering and feature reduction method is executed, using the entire
train set (Figure 4.3 e). The final classifier model is then trained on a robust set of
features, generally valid across the defined data for the corresponding prediction task.
Subsequently, the performance evaluation is conducted on the test set (Figure 4.3 e).

In summary, the triad feature selection pipeline, incorporating GeneSTRIVE, provides
a robust and scalable solution for handling imbalanced and heterogeneous transcrip-
tomics datasets. The resulting robust feature sets enable accurate classification in
high-dimensional, heterogeneous transcriptomics data. This approach has the potential
to be applied more widely in biomedical research that could facilitate the realisation of
precision medicine in any disease segment.

4.3.5 Gene-expression-based classifiers predicting groups of endotypes

To develop robust gene-expression-based classifiers for distinguishing psoriasis-like endo-
types, I utilised the triad feature selection pipeline and optimised model performance. I
created two binary classifiers, E12/E13 vs. E8/E11 (nE12/E13=79, nE8/E11=46) and E12
vs. E13 (nE12=48, nE13=31). Before selecting the final models, I trained multiple clas-
sifiers using CV, optimised hyperparameters, and tested various combinations of feature
selection techniques (Methods 4.2.3, Figure 4.3 e). In total 18 classifiers were built us-
ing MLP, SVM, and XGBoost models, in conjunction with or without VIF and with
L1-regularisation, SFS, or RFSCV (Figure 4.4 a-d). These classifiers enable the classifica-
tion of psoriasis-like endotypes using minimal features, offering a promising foundation for
future molecular diagnostics.

4.3.5.1 Best E8/E11 vs. E12/E13 classifiers

I evaluated the CV results of the E12/E13 vs. E8/E11 classifiers. The two top-performing
classifiers were selected based the Bayesian correlated t-test probabilities. Both top
models were MLPs with L1-regularisation, one incorporating the VIF filtering and the
other excluding it (Figure 4.4 a, c, e).

The two top-performing classifiers exhibited comparable performances, as shown by the
Bayesian probabilities of P = 0.43 and P = 0.34. Furthermore, both models had the same
median CV score of 94.00% and standard deviation of 19.00% (Figure 4.4 c). Notably,
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Figure 4.4: Models and CV performance of all E12/E13 vs. E8/E11 and E12
vs. E13 classifiers. a, b) Heatmaps showing the built models with their used feature
selection methods for (a) E12/E13 vs. E8/E11 and (b) E12 vs. E13. The columns are
sorted by the Bayesian correlated t-test posterior probabilities between the models. The
model, which performs in general better than the others according to the probabilities, is
presented first, followed by the second best model, and so on. c, d) Heatmaps showing
the posterior probability of two models. Values above 0.5 indicate that the model shown
on the x-axis is superior in its performance compared to the model on the y-axis. Starting
from the top, models on the y-axis are in the same order as the models on the x-axis. e, f)
Boxplots are sorted by the Bayesian correlated t-test posterior probabilities. The two best
performing models are coloured orange. The x-axis of (c-f) are aligned to the parameter
combinations from (a) and (b).

155



4.3. RESULTS

the performance order of the models, given by the Bayesian correlated t-test probabilities,
first showed all MLPs, followed by XGBoost models, and finally SVMs. Especially,
the SVM models suffered from a high variance. The reasons for this are multifaceted.
Given that I scaled the features, considered class imbalance, and observed more robust
results in MLP and XGBoost models, a potential cause could be that the provided set
of hyperparameters during gridsearch CV was too broad, resulting in a high variance in
the validation set performance (Figure 4.4 e). The results suggest that MLP models offer
a robust approach for classifying psoriasis-like endotypes that might be associated with
drugs inhibiting IL - 23 and IL - 17.

Both top-performing classifiers employed 19 genes associated with specific biological
processes. These genes were associated with barrier function, keratinization, inflamma-
tion, and immune response such as CLDN17, KRT71, IL20, and FPR2, respectively
[TTT19] [Wei+06] [LK19] (Figure 4.6 a). Despite similar level of performance, the models
exhibited variation in specific features used. Specifically, these were GPR12, KRT71,
AQP7, KRT73, ALAS2, LEP, RBP4, TREM1, IL1B, KRT27, and KRT85 (Figure 4.5).
In addition, these classifiers shared features with 16 other models (Figure 4.5), with
frequently selected genes including CLDN17, IL20, SCG2, SLC1A6, HRNR, and TTC6
(Figure 4.5). The top-performing classifiers utilised 19 genes, with overlap in features
across other models, showing the features’ relevance for classification.

To evaluate feature effectiveness, I identified the MLP with VIF and L1-regularisation as
the optimal model, with a Bayesian probability of P = 0.43 indicating superiority over
the second-best model. I then projected the 19 genes in 2D using UMAP (Figure 4.6 d),
which revealed a concentration of training and test set samples of E12/E13 at the bottom
and E8/E11 samples at the top. However, the classes were not linearly separable. These
findings suggest that while the best-performing model effectively differentiates the classes,
the lack of linear separability indicates that the feature set may require refinement or
expansion for better classification.

Regarding feature importance in the best model, the genes KRT71 and IL20 achieved
the highest scores (Figure 4.6 a). To examine class distribution in the training and test
sets, I analysed the normed counts of these top two genes (Figure 4.6 e). The degree of
overlap between the two classes indicated that more than these features are required for
accurate classification. Although the best classifier used 19 features, it remains plausible
that a reduced gene set could achieve comparable performance.
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Figure 4.5: Feature sets of all E12/E13 vs. E8/E11 classifiers. UpsetPlot shows
the feature set size per model (upper bars) and their intersection size (bars on the right)
across the 18 E12/E13 vs. E8/E11 classifiers. Moreover, the black dots indicate, which
models use the same specific genes in their feature set. The x-axes are aligned to the
parameter combinations shown in the columns of the binary heatmaps below the UpsetPlot.
The columns are sorted by the Bayesian correlated t-test posterior probabilities between
the models. The classifier that generally performs better than the others in terms of
probabilities is presented first, followed by the second best model, and so on.

Assessing the optimal set of hyperparameters for both top performing MLP models,
I observed that they either used one hidden layer with 4 nodes or two hidden layers
consisting of 10 and 5 nodes (Table 4.6). This was a reasonable choice, given the size of
the dataset (n = 125) and number of features, as more layers would have led to overfitting.

I calibrated the classifiers using repeated stratified k-fold CV to enhance the reliability of
the classifiers. This is particularly of importance when the classifier is applied to samples
from unseen classes, as these deviate from the training distribution. The best calibrated
E12/E13 vs. E8/E11 model had a log-loss of 0.46 and achieved a weighted accuracy of
82.64% and a weighted F1-score of 84.00% (Table 4.7, Figure 4.6 c). The prediction
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Figure 4.6: Best gene-expression-based classifier for E12/E13 vs. E8/E11. a)
Feature importance scores, showing if the feature is either predictive for (a) E12/E13 (left,
< 0) or E8/E11 (right, > 0). In total 19 features are selected for E12/E13 vs. E8/E11.
b) Histogram shows the prediction probability of class E8/E11 of the classifier E12/E13
vs. E8/E11. The decision boundary is set to 0.5. c) Confusion matrix summarising the
performance of the E12/E13 vs. E8/E11 classifier. d) UMAP embedding of the classifier
features of E12/E13 vs. E8/E11. The contour lines are created using the test set. e)
2D representation of the two top features normed counts, showing the training and test
set samples. The contour lines are created using the test set. Outermost contour lines in
(d, e) represent the threshold value of 0.3, i.e. 30% of the probability mass lies outside of
these contour lines. Each contour line marks regions with same density values.

probabilities of all samples were outside the range of [0.4, 0.6], indicating the E12/E13 vs.
E8/E11 classifier was confident in its prediction (Figure 4.6 b).

The calibrated second best model (Table 4.7, Figure C.1 a-c) had a log-loss of 0.45. It
achieved a weighted accuracy of 85.76% and a weighted F1-score of 87.83% on the test set,
showing an equal confidence in its prediction as the best performing model. Both models
had a higher weighted F1-score, precision, and recall than the baseline model (Table 4.7),
predicting the most frequent class. The baseline model did not capture relationships in
the data, which confirmed that more advanced models are needed capable of capturing
important patterns in the data. The calibrated models performed comparably to the not
calibrated ones and yielded more realistic predictions, indicating their potential effective
application to other datasets.

In summary, the top two calibrated E12/E13 vs. E8/E11 classifiers performed similar on
the CV and test set. Both met the criteria of employing a minimal set of single genes, as
they use only 19 features for this task. These genes showed a non-linear separation in the 2D

158



CHAPTER 4. GENE-EXPRESSION-BASED PSORIASIS-LIKE ENDOTYPE
CLASSIFIERS

Model Parameter Values
MLP hidden_layer_sizes (4,)

activation tanh
alpha 0.0001
learning_rate_init 0.0001
sampling_strategy majority
VIF True
feature selection L1-Regularisation

MLP hidden_layer_sizes (10, 5)
activation logistic
alpha 1e− 05
learning_rate_init 0.0001
sampling_strategy minority
VIF False
feature selection L1-Regularisation

Table 4.6: Hyperparameters of the best models for E12/E13 vs. E8/11.

Classifier Balanced
accuracy

Weighted
F1-score

Weighted
Precision

Weighted
Recall

AUC

Baseline model 50.00% 49.95% 40.96% 64.00% 50.00 %

MLP with VIF and
L1-Regularisation

82.64 % 84.00 % 84.00 % 84.00 % 81.94%

MLP without VIF and
L1-Regularisation

85.76% 87.83% 87.97% 88.00% 82.64%

Table 4.7: Test set performance of the E12/E13 vs. E8/E11 baseline model and best,
calibrated classifiers.

UMAP embedding, explaining the selection of non-linear models for this task. In essence,
the classifiers effectively distinguish between the hypothesised drug-target-associated en-
dotype groups E12/E13 and E8/E11, thereby establishing a foundation for similar tasks.

4.3.5.2 Best E12 vs. E13 classifiers

To determine the best E12 vs. E13 models, I conducted a nested CV and compared the
performance scores. The overall weighted F1-scores per CV split revealed that, while MLP
and XGBoost were more robust overall, the SVM models achieved higher median weighted
F1-score per CV split. The increased variance in SVM validation set performance could be
attributed to overly broad hyperparameter ranges used during the grid searchCV process,
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leading to outliers (Figure 4.4 f). In essence, MLP and XGBoost models yielded higher
performances and more robust results than SVM models in classifying E12 vs. E13.

I then identified two E12 vs. E13 endotype classifiers that achieved similar performance
and outperformed other models (Figure 4.4 b, d; Figure 4.7). The best-performing
classifier was an MLP model using no VIF filtering and L1-regularisation for feature
selection. This model had a likelihood of P = 0.46 of outperforming the second-best
model and achieved a median weighted F1-score per CV of 91% with a standard deviation
of 17%. The second-best model, an MLP model using VIF filtering and L1-regularisation,
exhibited a likelihood of P = 0.33 of surpassing the best model (Figure 4.4 b, d, f,
Table 4.9, Table 4.8). It achieved a median weighted F1-score per CV of 90% with a
standard deviation of 20%. Thus, both the best and second-best model were MLPs, with
performance scores above 90%.

The best E12 vs. E13 model utilised in total 15 genes, whereas the second-best model
used 17 genes (Figure 4.8 a, Figure 4.7, Supplemental Figure C.1 d). Among the genes
included in the best model, but not in the second-best, were CIDEC, LORICRIN,
VTCN1, and SLC464A2 (Figure 4.8 a). These genes are involved in cell death and
metabolism, epidermal barrier integrity, T-cell activation, and immune response. The
second-best model used FLG, which has been reported to be downregulated by TNF -α
along with LORICRIN [Kim+11], and FAIM2, which is associated with a form of cell
death (Supplemental Figure C.1 d). Both models shared features with the other 16

classifiers developed (Figure 4.7). In essence, the best models relied on features involved
in cell death and immune response pathways.

To visually assess class separability of the best classifier, I embedded the 15 genes in 2D
using UMAP (Figure 4.8 d). The visualisation revealed near-linear separation of E12
and E13, except for two E13 samples. The distribution of training and test set class
samples was further examined using normed counts of the two most important features
GALNT13 and FCAR (Figure 4.8 a, e). While some overlap was observed, E12 samples
consistently showed higher expression of both features compared to E13 samples. Feature
importance analysis (Figure 4.8 a, Supplemental Figure C.1 d) suggested that the number
of features used in the top-performing classifiers could be further minimised by eliminating
genes exhibiting lower importance. These findings showed the potential for minimising
the feature set, enabling the use of simpler, computationally efficient models without
compromising performance.
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Figure 4.7: Feature sets of all E12 vs. E13 classifiers. UpsetPlot shows the feature
set size per model (upper bars) and their intersection size (bars on the right) across the
18 E12 vs. E13 classifiers. Moreover, the black dots indicate, which models use the same
specific genes in their feature set. The x-axes are aligned to the parameter combinations
shown in the columns of the binary heatmaps below each UpsetPlot. The columns are
sorted by the Bayesian correlated t-test posterior probabilities between the models. The
classifier that generally performs better than the others in terms of probabilities is presented
first, followed by the second best model, and so on.

The optimal hyperparameters (Table 4.8) of the two best E12 vs. E13 models focused
on generalisation and on avoiding overfitting. The discrepancy in the number of selected
nodes is negligible, with the best model using 6 and the second best mode 7 nodes.
This demonstrates again the similarity of the two models. Overall, both models used
hyperparameters that allowed them to generalise well.

To enhance the reliability of the classifiers, I calibrated the models using repeated
stratified k-fold CV. After calibration, the best and second-best models achieved a
log-loss of 0.37 and 0.41, respectively. The classifiers achieved an accuracy of 86.67% and
83.33% and a weighted F1-score of 87.50% and 86.82% on the test set for the best and
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Figure 4.8: Best E12 vs. E13 gene-expression-based classifier. a) Feature impor-
tance scores, showing if the feature is either predictive for E12 (left, < 0) or E13 (right,
> 0). In total 15 features are selected for E12 vs. E13. b) Histogram shows the prediction
probability of class E13 of classifier E12 vs. E13. The decision boundary is set to 0.5. c)
Confusion matrix summarising the performance of the E12 vs. E13 classifier. d) UMAP
embedding of the classifier features. The contour lines are created using the test set. e)
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The contour lines are created using the test set. Outermost contour lines in d, e) represent
the threshold value of 0.3, i.e. 30% of the probability mass lies outside of these contour
lines. Each contour line marks regions with same density values.

second best model, respectively (Table 4.9, Figure 4.8 c, Figure C.1 f). Most samples had
prediction probabilities outside the defined uncertainty range of [0.4, 0.6] (Figure 4.8 b,
Figure C.1 e). In comparison to the baseline model, both calibrated models had a higher
weighted F1-score, precision, and recall (Table 4.9). This indicates that advanced models,
which account for feature relationships and class imbalance, lead to improved predictive
performance. Thus, the calibrated the classifiers demonstrated good performances and
surpassed the baseline model in all metrics.

In summary, the top two E12 vs. E13 calibrated classifiers performed similarly in the
classification task on the CV and test set. In addition, they met the criteria of employing
a minimal set of single genes for this task. The features of the best classifier showed
an almost linear separation in the UMAP embedding. Although more data and testing is
required, these classifiers represent a promising step towards improved patient stratification
and enhanced treatment recommendations.
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Model Parameter Values
MLP hidden_layer_sizes (6,)

activation logistic
alpha 0.0005
learning_rate_init 0.0001
sampling_strategy majority
VIF False
feature selection L1-Regularisation

MLP hidden_layer_sizes (7,)
activation logistic
alpha 0.0001
learning_rate_init 0.0001
sampling_strategy majority
VIF True
feature selection L1-Regularisation

Table 4.8: Hyperparameters of the best models for E12 vs. E13.

Classifier Balanced
accuracy

Weighted
F1-score

Weighted
Precision

Weighted
Recall

AUC

Baseline model 50.00% 48.08% 39.06% 62.50% 50.00%

MLP without VIF and
L1-Regularisation

86.67% 87.50% 87.50% 87.50% 90.83%

MLP with VIF and
L1-Regularisation

83.33% 86.82% 89.58% 87.50% 85.83%

Table 4.9: Test set performance of baseline model and best-performing, calibrated clas-
sifiers of E12 vs. E13.

4.3.6 Application of classifiers on unseen endotypes

In real-world applications the true label is often unavailable, making it necessary to un-
derstand a models behaviour on samples from unseen classes and to adapt it accordingly.
Furthermore, evaluating a model’s performance under these conditions is important for
ensuring patient safety, robustness, generalisability to new patients, diagnostic confidence,
and therapy efficacy. In order to simulate a realistic scenario, I evaluated the performance
of the classifiers using 217 for the E12/E13 vs. E8/E11 classification task and 263 samples
for the E12 vs. E13 classifier. These samples, associated with endotype classes E1 - E7
and E9 - E10 (Chapter 3), were excluded from the feature selection and training processes,
ensuring they represented truly unseen data. Challenging the classifiers with samples
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from unseen endotype classes enables to understand the model’s behaviour and to identify
potential areas for improvement.

The best E12/E13 vs. E8/E11 classifier was tested on samples from unseen endotype
classes to evaluate its predictive capability. For the majority of samples, the predicted
probabilities were close to one, suggesting similarity to the E8/E11 endotype group
(Figure 4.9 a). Endotypes E3 - E7, E9, and E10 exhibited expression patterns charac-
teristic of E8/E11, whereas most samples from E1 and E2 had probabilities close to
zero, indicating alignment with E12/E13. Given the classifier’s high confidence in its
predictions for the majority of samples, the next steps involved investigation potential
causes for this behaviour in order to prevent it.

Therefore, I investigated how the training, test, and samples from unseen endotype
classes aligned in 2D based on the 19 classifier features (Figure 4.9 b). This allowed me
to examine whether the selected features were also expressed in other endotypes and
their ability to distinguish unknown classes. I observed that unseen classes significantly
overlapped with the regions marked by the training and test set samples of E12/E13 and
E8/E11. Interestingly, the unseen classes appeared to form clusters within the E12/E13
and E8/E11 areas (Figure C.3 a-i). Endotypes E1 and E2 clustered within the E12/E13
region, while E3, E5 - E7, E9, and E10 mostly aligned with the E8/E11. Notably, E4
was the only endotype distributed across both classes, indicating shared characteristics.
While the 19 classifier features did not separate known from unknown classes, they
successfully distinguished E8/E11 and E12/E13 and revealed structured clustering of
unseen endotypes, indicating their potential use for future multi-class classification tasks
aimed at differentiating individual endotype.

The best E12 vs. E13 classifier was evaluated on unseen endotype classes to assess its
predictive performance and feature specificity. Challenging the classifier on unseen classes
revealed its predictive certainty for most samples (Figure 4.10 a). Notably, the majority
of samples from endotypes E3, E6-E11 were incorrectly classified as E13, with prediction
probabilities close to one. In contrast, most E2 samples had a prediction probability close
to zero, suggesting that their profile is more similar to E12. Similar to the performance of
the E12/E13 vs. E8/E11 classifier, the best E12 vs. E13 classifier showed high confidence
in its predictions for the majority of unseen samples.

To investigate this behaviour, the alignment of training, test, and unseen samples was
visualised in a 2D space using the 15 classifier features (Figure 4.10 b). This allowed me to
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Figure 4.9: Evaluation of best E12/E13 vs. E8/E11 classifier on unseen class
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understand, whether the selected features are not specific enough to differentiate between
the endotypes, causing the high prediction probability for majority of unseen class samples.
A similar trend, as shown in the predicted probability histogram (Figure 4.10 a), was
visible. The endotype E2 aligned closely with E12, while E3-E9, and E11 aligned with E13
in the 2D UMAP embedding space (Figure C.4 a-i, k). E10 Samples visually separated
from both E12 and E13, were still consistently predicted as E13 (Figure C.4 j). These
findings show the classifier’s limitation to differentiate between unseen class samples and
those in the training or test set. Consequently, further efforts are required to incorporate
strategies to manage unseen classes, to ensure the classifier’s robustness and suitability
for clinical applications.

In summary, the results indicated that further analysis is necessary to define more specific
feature sets to address the issue of samples from unseen classes in the classifiers. Despite
the expected but undesirable behaviour of the classifiers on samples from unseen classes,
they were able to effectively distinguish samples belonging to the classes the classifier has
seen during the training, by utilising only 19 and 15 features out of the original 17, 816
genes. Further optimisation is required in the feature selection process, model selection,
and classification task to ensure the provision of a safe and robust application in the clinics.
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4.3.7 Prediction of endotypes in an independent cohort

Despite being aware of the importance of handling unseen class samples, to ensure
robustness and reliability in the real-world applications, I sought to examine the classi-
fiers performance in an independent test cohort, thereby assessing its generalisation ability.

Endotype labels were assigned to an independent psoriasis cohort from Kiel by integrating
it with the ncISDs dataset (Materials 4.1.2, Methods 4.2.4). Most Kiel samples aligned
with their respective endotype clusters (Figure 4.11 a), with more than half classified
as psoriasis-like endotypes E11 (n=2), E12 (n=4), and E13 (n=7), while nine samples
have been assigned to other endotypes. A moderate endotype cluster resolution was
observed, with visually more overlap, potentially due to gene imputation, number of
nearest neighbours (k = 1) used for the assignment, or unobserved artefacts. As the
findings are based on the 2D UMAP embedding, which provides an approximation of the
high-dimensional feature space, they should be interpreted with caution. In summary,
the independent cohort showed good alignment with endotype clusters, though some
variability and potential artefacts were observed.

The validation of two top-performing classifiers was performed using samples from the Kiel
cohort, which have been assigned to the E8, E11-E13 endotype clusters (Figure 4.11 b-e).
The E12/E13 vs. E8/E11 and E12 vs. E13 classifiers differentiated well between the
specified groups of endotypes, despite the absence of one gene (CPLX3 ) in the E12
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Figure 4.11: E12/E13 vs. E8/E11 and E12 vs. E13 classifier evaluation on
independent cohort. a) Joint embedding of the ncISDs dataset and the independent
psoriasis cohort from Kiel. Endotypes are transferred to the independent cohort. b-e)
Best and second best classifiers for the classification task E12/E13 vs. E8/E11 and E12
vs. E13 perform similar.

vs. E13 classifier, which was supplemented using imputed values (Methods 4.2.4). The
E12/E13 vs. E8/E11 classifiers achieved a weighted F1-score of 84.62%, while the E12 vs.
E13 classifiers reached a weighted F1-score of 82.12% and 91.06% for the best and second
best model, respectively. These performance results indicate that the classifiers generalise
well to new samples belonging to the same classes as those seen during training.

Further analysis of calibrated log-loss values revealed values of 0.32 for the E12/E13 vs.
E8/E11 classifiers and 0.26 and 0.22 for the best and second-best E12 vs. E13 classifiers,
respectively. Only a few samples (E12/E13 vs. E8/E11: n=2, E12 vs. E13: n=2) were
either misclassified or fell within the uncertainty range of [0.4, 0.6]. This indicates that the
classifiers confidently assign new samples from known classes to psoriasis-like endotypes,
highlighting their robustness.

4.3.8 Assessment of the endotype-therapy-response association

As I hypothesised that certain groups of endotypes might be associated with treatment
outcome, I used psoriasis samples with known severity changes over time. Specifically,
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Figure 4.12: Hypothesis evaluation using the best classifiers for E12/E13 vs.
E8/E11 and E12 vs. E13. a, b, d-g) Boxplots showing the predicted labels of classifier
E12/E13 vs. E8/E11 and the corresponding ∆PGA scores of each patient separated by
the drug targets (a, d, f) IL - 23 and (b, e, g) IL - 17. In total 9, 3, and 10 samples are
provided for the training, test, and independent Kiel cohort for drug target IL - 23 and 11,
3, 7 samples are provided for drug target IL - 17. c, h) Boxplot showing the predicted label
of classifier E12 vs. E13 and the ∆PGA scores of each patient for TNF -α inhibitors. In
total 8 and 3 samples of the train set and independent cohort are provided. (a-c) show
results of the training set, (d, e) of the test set, and (f-g) of the independent cohort.
Statistical testing is performed using the Mann-Whitney-U test.

psoriasis samples with information on the change in severity from week 0 to week 12 were
used to evaluate the endotype’s association with therapy response (Methods 4.2.1, 4.2.5).

I first tested the hypothesis on the classifiers’ training set. As these samples were seen by
the E12/E13 vs. E8/E11 (IL - 23 and IL - 17: 20/26) and E12 vs. E13 (TNF -α: 8/8) mod-
els, the evaluation was inherently biased (Table 4.2). Considering the classifiers’ predicted
labels (Figure 4.12 a-c), p-values and effect sizes for the drug targets IL - 23 and IL - 17
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changed from p-value = 0.03, Cohen’s d = 1.74 to p-value = 0.35, Cohen’s d = 0.38, and
from p-value = 0.07, Cohen’s d = 1.00 to p-value = 0.26, Cohen’s d = 0.75, respectively.
For the drug target TNF -α, the values remained unchanged. Given that most treatment
response samples were used for training, definitive conclusions could not be drawn.

Next, I evaluated the hypothesis on the test set. Predicted labels from the E12/E13 vs.
E8/E11 classifier provided mixed evidence regarding treatment response to IL - 23 and
IL - 17 inhibitors. The E12/E13 vs. E8/E11 classifier predicted two out of three IL - 23
inhibitor-treated patients as E12/E13 and one as E8/E11. The latter and one predicted
E12/E13 patient had a ∆PGA score of 0.5, meeting the lowest limit to be considered as
responder (Figure 4.12 d, Table 4.10, Methods 4.2.1). Notably, all IL - 17 inhibitor-treated
patients were confidently predicted as E12/E13 (Figure 4.12 e, Table 4.10). This was
contrary to my expectation, as I had anticipated to observe higher ∆PGA scores in
E8/E11, which would have supported my hypothesis. These findings contradicted my
hypothesis about a potential endotype-drug-target association.

The independent cohort analysis yielded inconsistent evidence regarding endotype and
therapy response association (Figure 4.12 f-h, Table 4.10, Material 4.1.2, Table 4.3,
Methods 4.2.4). For IL - 23 inhibitors, the effect size (Cohen’s d = −0.56) in the E8,
E11 - E13 samples (n=10) contradicted the hypothesis, exceeding the significance threshold
(α < 0.2) (Figure 4.12 f, Table 4.10). For IL - 17 inhibitors, most treated samples (n=7)
were classified as E12/E13, with a p-value below the threshold (Figure 4.12 g, Table 4.10).
Despite moderate to high E12 vs. E13 classifier confidences, solely one TNF -α-treated
patient with a negative ∆PGA score of −0.33 fell into the uncertainty range [0.4, 0.6],
representing a non-responder (Figure 4.12 h, Table 4.10). The second-best models
supported these trends (Figure C.2 a-h, Table C.1). The Kiel cohort provided mixed and
contradictory results, challenging the initial hypothesis.

In conclusion, while the hypothesis linking endotypes to therapy response could not be
confirmed or completely disproved, results demonstrate inconsistencies across the training,
test, and independent cohort. Factors such as limited data and classifier limitations may
have influenced findings, requiring further exploration and hypothesis refinement.
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Statistic Drug Target Class Label Dataset

Training Test Kiel Cohort

Median

IL - 23 E12/E13 0.75 0.65 0.67
E8/E11 0.63 0.50 0.75

IL - 17 E12/E13 0.49 0.67 0.71
E8/E11 0.75 - 0.50

TNF -α E12 0.25 - -
E13 0.60 - 0.00

Mean

IL - 23 E12/E13 0.70 0.65 0.61
E8/E11 0.63 0.50 0.75

IL - 17 E12/E13 0.44 0.56 0.75
E8/E11 0.67 - 0.50

TNF -α E12 0.15 - -
E13 0.62 - 0.00

Min

IL - 23 E12/E13 0.25 0.50 0.33
E8/E11 0.50 0.50 0.50

IL - 17 E12/E13 0.00 0.00 0.67
E8/E11 0.20 - 0.50

TNF -α E12 0.00 - -
E13 0.52 - -0.33

Max

IL - 23 E12/E13 0.80 0.80 1.00
E8/E11 0.75 0.50 1.00

IL - 17 E12/E13 0.80 1.00 1.00
E8/E11 0.91 - 0.50

TNF -α E12 0.27 - -
E13 0.75 - 0.33

Q1

IL - 23 E12/E13 0.75 0.58 0.46
E8/E11 0.56 0.50 0.63

IL - 17 E12/E13 0.18 0.33 0.67
E8/E11 0.75 - 0.50

TNF -α E12 0.00 - -
E13 0.56 - -0.17

Q3

IL - 23 E12/E13 0.80 0.73 0.69
E8/E11 0.69 0.50 0.88

IL - 17 E12/E13 0.71 0.83 0.75
E8/E11 0.75 - 0.50

TNF -α E12 0.25 - -
E13 0.68 - 0.17

Table 4.10: Boxplot information of training, test, and Kiel cohort datasets for IL - 23,
IL - 17, and TNF -α drug targets for the best classifiers.
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In summary, the final gene-expression-based classifiers performed well, achieving weighted
F1-scores of 84.00% (E12/E13 vs. E8/E11) and 86.82% (E12 vs. E13) on the test set.
Dimensionality was effectively reduced from 17, 816 to 19 and 15 genes, respectively, with
selected features involved in epithelial differentiation, keratinization, T-cell activation, and
epidermal barrier integrity. While both classifiers generalised well to unseen data, their
high confidence in predictions for unknown classes raises concerns about diagnostic appli-
cability without prior endotype assumptions. Limited sample sizes restricted conclusions
on therapy response. Thus, further validation in larger cohorts is needed to confirm clinical
utility and endotype-therapy-response associations.

4.4 Summary and discussion

This chapter examined the potential association of psoriasis-like endotypes with drug
response and identified predictive features for their classification Current diagnostic and
therapy suggestions for psoriasis rely on clinical profiles, which can lead to misdiagnosis or
reduced therapy efficacy. To address this challenge, I utilised therapy response information
from 34 psoriasis patients and integrated these into the hypothesis-free derived endotypes
identified in Chapter 3. This enabled the exploration of associations between psoriasis-like
endotypes and drug responses (objective (iv)). Predictive features for these specified
endotype groups were identified leveraging GeneSTRIVE, incorporated into a triad feature
selection pipeline. Based on these features, binary gene-expression-based classifiers were
constructed, predicting the psoriasis-like endotype groups (objective (v)). In summary,
this chapter aimed to enhance psoriasis diagnosis and therapy response by classifying
psoriasis-like endotypes.

The analysis revealed groups of psoriasis-like endotypes that are potentially linked to
therapy response. Specifically, E8/E11 was significantly associated with positive response
to the drug target IL - 17, E12/E13 with IL - 23, and E13 with TNF -α. The best classifiers
utilised only 19 and 15 genes from the original 17, 816 genes to differentiate between
E12/E13 vs. E8/E11 and E12 vs. E13, respectively. The hypothesis was evaluated in
an independent cohort, but the small sample sizes for the treatment response groups
(IL - 23: n=10, IL - 17: n=7, TNF -α: n=3) led to results that contradicted the previously
identified associations. The limited statistical power and inconsistent results prevented
conclusive validation of the hypothesised associations. While this study identified potential
biomarkers and introduced gene-expression-based classifiers, larger cohorts are needed
to explore the relationship between endotypes and therapy response in order to enable
tailored treatment strategies for patients.
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I investigated the relationship between psoriasis-like endotypes and their responses to
drugs inhibiting specific drug targets. Significant associations were observed between
the drug targets IL - 23, IL - 17, TNF -α and the psoriasis-like endotypes E8, E11 - E13.
In particular, E8/E11 was associated with a positive drug response targeting IL - 17,
E12/E13 with IL - 23, and E13 with TNF -α.

To understand the biological rationale underlying these associations, I analysed the
molecular characteristics of the defined endotype groups. In E12/E13, higher expression
of type 3 immune response associated genes and activation of protein synthesis related
pathways were observed. E8/E11 displayed increased activity in keratinization and
extracellular matrix (ECM) organisation, potentially explaining drug response differences.
Additionally, E13 showed more active protein synthesis pathways and upregulation
of LCE family genes compared to E12. Notably, E12, resembling non-responders to
TNF -α inhibitors, exhibited an enrichment of immune response and cellular signalling
pathways. These findings suggest that distinct immune and cellular processes contribute
to variation in drug response across psoriasis-like endotypes and provide a foundation for
endotype-specific therapeutic strategies to improve treatment outcomes.

In order to identify potential biomarkers for endotypes hypothesised to be associated
with drug response, I developed GeneSTRIVE, a gene selection method for noisy and
heterogeneous transcriptomics data. GeneSTRIVE enhances the robustness, general-
isability, and biological relevance of DEGs by integrating subsampling, repeated DGE
analysis, and contrastive comparisons between L and NL samples. In comparison the
other methods using L samples, GeneSTRIVE detects systemic disease-associated changes
rather than lesion-specific variations, ensuring more biologically meaningful features.
By incorporating a user-defined design matrix, GeneSTRIVE accounts for class labels
and covariates, supporting complex study designs and multi-class classification. This
adaptability of GeneSTRIVE demonstrates its potential for biomarker discover and
improved classification interpretability.

Compared to other feature selection techniques, GeneSTRIVE effectively addresses
challenges inherent to high-dimensional transcriptomics data, such as the "curse of
dimensionality" and noise [Pud+22] [HK99]. While tree-based ML models can handle
high-dimensional data, they are prone to overfitting, and studies recommend reducing the
feature space before applying them [Pud+22] [Szy+09] [SKZ10]. GeneSTRIVE mitigates
these issues through repeated subsampling, ensuring the stability, generalisability, and
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robustness of selected genes across multiple iterations. In summary, GeneSTRIVE’s
emphasis on robust single-gene selection to improve patient stratification, and advance
precision medicine in ncISDs and other diseases.

I developed a triad feature selection pipeline capable of reducing the dimensionality of
transcriptomics data from 17, 816 to a minimal set of single genes, offering advantages
over hybrid methods. It uses GeneSTRIVE for robust gene selection, followed by an
optional filtering step. The pipeline further refines the output by incorporating Random
Forest or linear regression models to capture gene interactions [CPB18] [Ook+21]. The
pipeline also handles imbalanced and heterogeneous transcriptomics datasets, regardless
of size or number of classes, ensuring broad applicability. In comparison to single-method
approaches, such as Random Forest and RFSCV [Ser+22], which are prone to overfitting
and struggle with redundancy in high-dimensional data [Pud+22] [CS14] [BC+14]
[BG+17], my pipeline overcomes these challenges. It has the potential to advance the
identification of single predictive genes and improve classification accuracy.

To differentiate patients responding to IL - 23 inhibitors from those responding to IL - 17
inhibitors, I developed classifiers distinguishing E12/E13 from E8/E11. The best models,
MLPs, achieved weighted F1-scores of 84.00% and 87.83% for the best and second best
model, respectively. The selected feature set included 19 genes, involved in immune
response, GPCR downstream signalling, and keratinisation pathways. Amongst these
were genes such as KRT71, IL20, and CLDN17, exhibiting the greatest impact on model
predictions, showing up to seven times higher influence compared to the genes with least
influence on the prediction such as AQP7, KRT73, and ALAS2. These findings suggest
that further feature reduction could be explored by training classifiers focusing on the
most predictive genes, potentially without compromising performance. In summary,
in total 19 genes, involved immune response and keratinisation, were used by the best
E12/E13 vs. E8/E11 models, which could be further minimised without compromising
performance and using less computational resources.

In order to distinguish the hypothesised non-responders from responders to TNF -α
inhibitors, I created E12 vs. E13 classifiers. The best-performing models, based on 15 and
17 genes, were MLPs, achieving a weighted F1-score of 87.50% and 86.82%, respectively.
The most overall predictive genes included GALNT13, FCAR, and STRA6. Another
predictive feature was LGR5 for E13, which is known to be upregulated in various cancer
types, including basal cell carcinomas [Tan+08] [McC+06]. The low importance scores
of certain features suggest that the classifier could be further refined by focusing on the
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most predictive genes without compromising performance. In summary, the MLP models
successfully differentiated between E12 and E13, with evidence suggesting that the feature
set could be further reduced while maintaining predictive power.

The performance of my classifiers on samples from unknown endotype classes was
assessed to evaluate their robustness and real-world applicability. Although these samples
shared some characteristics with the training data, the analysis revealed false positives
(FPs) and false negatives (FNs) due to insufficient feature specificity. Despite this
limitation, the classifiers effectively differentiated between training and test samples,
demonstrating GeneSTRIVE’s ability to identify genes for the defined endotype groups.
In summary, while the classifiers performed well on known data, their ability to gener-
alise to unseen classes requires refinement to ensure clinical applicability and patient safety.

I integrated the independent psoriasis cohort (n=22) from Kiel with the ncISDs dataset
and subsequently, endotype labels via nearest neighbour classification using HVGs were
assigned. The 2D manifold confirmed alignment with the original endotype clusters,
though some samples were assigned to endotypes beyond the psoriasis-like groups. Thus,
future work should prioritise the development of a diagnostic tool capable of distinguishing
all endotypes rather than focusing on specific subsets.

To validate my classifiers, I tested them on samples from the independent psoriasis cohort
assigned to the psoriasis-like endotype clusters. The top-performing models, using minimal
feature sets of 19 and 15 genes, demonstrated good generalisability (E12/E13 vs. E8/E11:
weighted F1-score = 84.62%; E12 vs. E13: weighted F1-score = 82.12%) when tested on
samples assigned to these endotypes. Notably, despite the absence of CPLX3 in the Kiel
cohort, the E12 vs. E13 classifier maintained high confidence, likely due to the gene’s
low importance. This supports refining the feature set to retain only the most predictive
genes. In conclusion, both classifiers demonstrated generalisability across independent
datasets, which also reinforces the relevance of the selected features as potential biomarkers.

I investigated a potential association between psoriasis-like endotypes and drug targets
IL - 23, IL - 17, and TNF -α, using the predicted endotypes in an independent psoriasis
cohort. Despite these efforts, the hypothesis could neither be confirmed nor entirely
disproved, possibly due to limitations such as small sample size, the elevated significance
level α = 0.2 used to draw the conclusion in the original data, and reliance on transcrip-
tomics data alone, which may not fully capture the underlying biological complexity.
Additionally, imputing missing genes using the mean expression of four HKGs may have
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influenced classification results. While p-values did not reach significance, a trend towards
rejecting the hypothesis was observed, suggesting the need for further investigation.
In essence, larger datasets and integrative multi-omics approaches may be required to
determine whether psoriasis-like endotypes are associated with drug response.

While GeneSTRIVE demonstrated good performance in handling noisy, high-dimensional
transcriptomics data, certain limitations should be addressed to further enhance its utility
and generalisability. Currently, GeneSTRIVE is designed for (pseudo-) bulk RNA-seq
data and does not support single-cell RNA-sequencing (scRNA-seq) data without cell
aggregation. Implementing glmGamPoi [AEH20] instead of edgeR [RMS10] could resolve
this constraint. Additionally, GeneSTRIVE assumes similar NL skin expression profiles
across diseases. This assumptions is not applicable in conditions such as psoriasis, where
the entire skin is affected [Air+15] [Gud+09] [Nos+21]. While this does not impact
the current study, it may affect future applications involving diseases with differing NL
profiles. Further evaluation is needed to show GeneSTRIVE’s performance in multi-class
classification tasks. In summary, addressing these limitations and expanding compatibility
to scRNA-seq will enhance GeneSTRIVE’s utility and applicability in diverse settings.

Optimising hyperparameter spaces is crucial for improving the performance of binary
classifiers, particularly to address dataset size limitations and heterogeneity, thus en-
hancing generalisability. Simplified models, such as logistic regression, alongside data
augmentation techniques, can mitigate sample size constraints [Lu+24]. Additionally,
Piccolo et al. highlighted that classifier performance is highly dependent on both the
model and the performance metric used [Pic+22]. Future efforts should focus on refining
these aspects to further improve model robustness and adaptability across varied datasets.

A notable limitation is the classifiers’ inability to handle samples from unknown classes.
Since psoriasis-like endotypes only represent a subset of psoriasis patients, it is important
to account for samples from unseen categories to ensure generalisability and prevent
FPs. Strategies to address this include anomaly detection, models for distinguishing
known and unknown classes, and ensemble approaches [Yan+24] [Sel+21]. Alternatively,
classifiers could assign low confidence to unknown samples or incorporate additional classes
representing them [Hsu+20]. Another option is a hierarchical classification framework,
starting with the identification of psoriasis-like endotypes, followed by further classification
within these categories. Alternatively, a multi-class classifier for all 13 endotypes could
be created. Incorporating strategies to handle unknown classes would enhance classifier
reliability and clinical applicability.
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The hypothesis, based on psoriasis patients assigned to endotypes E8, E11-E13, requires
further validation due to the small sample size for the drug targets IL - 23 (n=12), IL - 17
(n=14), and TNF -α (n=14). Increasing the number of samples from both psoriasis
patients and other ncISDs would provide a more comprehensive understanding and
improve confidence in refining or rejecting the hypothesis. Further, the hypothesis was
not supported in the independent psoriasis cohort from Kiel, potentially due to limited
sample size (n=20), gene imputation, and methodological differences in read alignment
and counting. While 95 missing genes were imputed in the independent cohort, a good
alignment between datasets was observed, suggesting that imputation may not have
been the primary limiting factor. In essence, larger, more diverse ncISDs datasets would
enhance statistical power and robustness, providing clearer insights into the potential
association between endotypes and drug response.

This study introduces a feature selection pipeline capable of identifying less than 20 robust
features to classify psoriasis-like endotypes. The gene-expression-based classifiers demon-
strated strong performance in distinguishing samples within the defined classes, with vali-
dation on an independent cohort confirming their efficacy. These findings demonstrate the
pipeline’s potential of identifying potential biomarkers for patient stratification. While the
results are promising, improving the handling of samples from unknown classes remains
part of future work to enhance the classifiers’ reliability and generalisability. Although
the hypothesis associating specific endotype groups to drug response could neither be con-
firmed nor rejected, the study provides tools for future research. Further efforts should
focus on refining these classifiers and expanding their applicability to larger and more
diverse datasets, thereby advancing precision medicine for psoriasis and related conditions.
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Chapter 5

Spatial transcriptomics landscape of
lesions of non-communicable,
inflammatory skin diseases

In the past decade, studies of non-communicable chronic inflammatory skin diseases
(ncISDs) enhanced disease categorisation [EE18], identified biomarkers [Gar+16], and
advanced the understanding of molecular mechanisms [SKK20] on the population level
using next generation sequencing (NGS). Yet, effective treatment options are lacking
due to the incomplete understanding of their underlying pathogenesis on more granular
resolutions. The reason is that ncISDs are heterogeneous and complex diseases, charac-
terised by various biological mechanisms varying based on tissue structure and cellular
interactions happening in the micro-environment. To address these challenges, more
refined approaches are needed to study skin diseases at higher resolutions and explore
cellular interactions within the tissue. The integration of high-resolution technologies is
essential for uncovering cellular mechanisms that can inform the development of more
targeted and effective therapies.

By preserving spatial information, spatial transcriptomics (ST) enables the exploration
of gene expression in complex tissues, providing deeper insights into cellular interactions
in diseases. Transcriptomics technologies, such as bulk and single-cell RNA-sequencing
(scRNA-seq), offer insights into the biological functions and cell types involved in
ncISDs. These methods require complete tissue dissociation, leading to the loss of
spatial information. A new technology, Visium by 10x Genomics, combines ST and
imaging to explore the whole transcriptome on a spatial resolution within the tissue.
This provides an advantage over bulk RNA-sequencing (RNA-seq), scRNA-seq, and in
situ hybridisation (ISH) technology [Wil+22] [Wan+12]. While Visium does not achieve
single-cell resolution, it provides spatially resolved transcriptomes. This offers information
about the location of cellular activities within the tissue section.

Understanding the spatial distribution of cells in ncISDs can reveal how different immune
responses manifest in tissue architecture. The most prevalent and understood ncISDs are
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lichen planus, eczema, and psoriasis. Each has a distinct immune response, with lichen
planus being driven by type 1, eczema by type 2, and psoriasis by type 3 immune response
pattern (IRP) [Mar+18]. The characteristic hallmark cytokines are IFNG, IL13, and
IL17A for lichen planus, eczema, and psoriasis, respectively [Mar+18]. Investigating these
diseases on a spatial resolution elucidates tissue associated cellular interactions and may
assist in identifying potential drug targets.

In this study, I characterise disease-driving leukocytes and investigate their impact on
the direct micro-environment using ST of 31 lesional (L) and non-lesional (NL) skin
lesions from lichen planus, eczema, and psoriasis patients. Only low numbers of hallmark
cytokine transcripts were detected. Yet, they were capable of triggering tremendous
immune response cascades in their local micro-environment. In conclusion, only a few
leukocytes were found to promote inflammation in the skin lesions of patients with ncISDs.

This Chapter addresses the deliverable "Leveraging ST to advance the understanding of
the underlying disease mechanisms" and its associated research questions, as outlined in
Section 1.6:

1. Objective (vi), investigating the expression distribution of hallmark cytokines of the
most common ncISDs using ST (Section 5.3.1). I leverage a ST dataset and compared
the number of transcripts and expression pattern against established methods such
as bulk RNA-seq, scRNA-seq, and ISH.

2. Objective (vii), characterising the micro-environment of cytokine transcript-positive
spots (Section 5.3.2). Specifically, I investigate the differential gene expression
(DGE) signatures of these spots and compare them to the expected outcome
using scRNA-seq data. In addition, the cell type composition of cytokine
transcript-positive spots is investigated.

3. Objective (viii), exploring the spatial inflammation pattern and investigating the
impact radius of cytokines in the epidermis (Section 5.3.3). I identify the induced
immune response signature of the hallmark cytokines. Furthermore, I develop a
density-based clustering algorithm that assisted in identifying immune hotspots in
the skin initiated by the hallmark cytokines.

The study presented in this Chapter is based on, and thus partly identical to, the following
publication [Sch+22] and preprint on bioRxiv [Sch+21]:
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CHAPTER 5. SPATIAL TRANSCRIPTOMICS LANDSCAPE OF LESIONS OF
NON-COMMUNICABLE, INFLAMMATORY SKIN DISEASES

A. Schäbitz∗, C. Hillig∗, M. Mubarak, M. Jargosch, A. Farnoud, E. Scala, N. Kurzen, A.
C. Pilz, N. Bhalla, J. Thomas, M. Stahle, T. Biedermann, C. B. Schmidt-Weber, F. Theis,
N. Garzorz-Stark, K. Eyerich∗, M. P. Menden∗ & S. Eyerich∗†. "Spatial transcriptomics
landscape of lesions from non-communicable inflammatory skin diseases." Nature Commu-
nications 13.1 (2022): 7729. DOI: https://doi.org/10.1038/s41467-022-35319-w.
The code is available on GitHub:
https://github.com/Chillig/ST_biostatistical_analysis [HFM22].

My contributions encompassed the preprocessing and analysis of the ST, scRNA-seq, and
bulk RNA-seq data. In addition, I designed a method for determining a cytokine’s radius of
action, which was conceptualised in collaboration with Ali Farnoud and Michael Menden.
I was responsible for implementing this method, which was published alongside with the
analysis code. All raw versions of the plots, showing the analysis of the ST, scRNA-seq,
and bulk RNA-seq data, were created by me, and the manuscript versions were further
adjusted by all authors.

5.1 Materials

In order to address the research questions, a ST dataset was generated. In collaboration
with Alexander Schäbitz, Natalie Garzorz-Stark, and Emanuele Scala from Karolinska
Institute and Menatullah Mubarak, Manja Jargosch, Stefanie Eyerich from ZAUM multiple
datasets were created. The ST cohort was published together with the manuscript "Spatial
transcriptomics landscape of lesions from non-communicable inflammatory skin diseases"
by Schäbitz & Hillig et al. (2022), in Nature Communications [Sch+22]. An overview of
all utilised datasets is shown in the Table 5.1.

5.2 Methods

5.2.1 Spatial transcriptomics dataset

To generate the ST dataset (Tables 5.1 and 5.2), fresh frozen skin biopsies (6mm and
4mm) from 31 patients were sectioned into 10µm thick slices and placed on the capture
areas of Visium Gene Expression object slides. A replicate was created from each sample.
Prior to sequencing, slides were stained using hematoxylin and eosin (H&E) staining
and imaged using scanning microscopes. Sequencing was performed on the Illumina
NovaSeq6000 sequencer, yielding 71, 606 transcriptomes. Read alignment, conducted by

∗Contributed equally
†Corresponding author
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Affiliation Samples Technique images (number)
Karolinska Institute 15 patients, ST H&E (58)

58 samples

ZAUM 16 patients, ST H&E (16)
32 samples

ZAUM 1 patients, scRNA-seq -
2 samples -

Derma TUM 330 samples bulk RNA-seq -

Karolinska Institute 6 samples ISH fluorescence (3)

Karolinska Institute 20 samples IHC brightfield (1)

ZAUM 52 samples flowcytometry -

ZAUM - in vitro analysis -

Table 5.1: Overview of data set generated by Alexander Schäbitz, Menatullah Mubarak,
Manja Jargosch, Natalie Garzorz-Stark, and Emanuele Scala.

Thomas Walzthoeni from the Helmholtz Bioinformatics Corefacility, utilised 10x Visium
Space Ranger-1.0.0 [Zhe+17] and the GRCh38 reference genome. Afterwards, the quality
of the 90 processed samples was assessed.

The spots were annotated in a blinded manner using the 10x Genomics Loupe Browser
by the collaborating dermatopathologists and biologists Alexander Schäbitz, Kilian
Eyerich, Manja Jargosch, and Stefanie Eyerich from the Karolinska Institute, Uni-
versity of Freiburg, and ZAUM. The epidermis was segmented into upper, middle,
and basal layers, while the dermis was divided into seven depths (1-7), with depth 7
being the deepest and depth 1 the most superficial. Additionally, the dermal-epidermal
junction was identified as a distinct layer between the basal epidermis and dermis [BWJ75].

The data preprocessing was conducted using SCANPY [WAT18], if not explicitly stated
otherwise. After read processing, 90 samples comprised of 71, 606 spots and 20, 613 genes
were subjected to Quality control (QC). From these 90 samples, 8 demonstrated a general
low quality. The final QC was applied on 82 samples with in total 62, 968 spots. Since I
was investigating ncISDs, an acute inflammation was expected, elevating the stress level in
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Diagnosis Sex No. samples Age Severity
psoriasis m 7 41.14± 14.74 PASI: 11.76± 4.97

w 4 56.75± 9.54 PASI: 9.95± 3.74

eczema m 8 49.38± 7.48 EASI(n=4): 22.35± 11.75
SCORAD(n=2): 58± 9

w 1 21 EASI: 56

lichen planus m 6 40.67± 10.39 -
w 5 56.6± 7.8 -

Table 5.2: Overview of patient characteristics of the ST dataset. EASI is short for Eczema
Area and Severity Index and is another severity score of eczema [Les+15]. Table adapted
from [Sch+22].

the cells. Therefore, I applied a more conservative mitochondrial (MT)-fraction cut-off of
> 25%. Additionally, a spot was required to have at least 30 genes and unique molecular
identifier (UMI)-counts between 50 and 500, 000. Further, genes had to be measured in at
least 20 spots. After QC, the dataset was comprised of 59, 319 spots and 16, 685 genes
from 82 samples.

The data was normalised by size factors using scran [LMM16] and subsequently log10
transformed after adding a pseudo count of one to each gene to avoid log-transformation
of zero [LT19]. In total 4, 000 highly variable genes (HVGs) were selected, which were
defined as HVGs in all specimens, using the highly_variable_gene function with flavor
cellranger from SCANPY [WAT18].

I assessed potential confounding factors, such as specimen, capture area, batch, and
sequencing project, by fitting a linear regression model on all principal components (PCs)
individually, with the confounding factor in question as the dependent variable. This
approach is described in detail in Büttner et al. (2019) [Büt+19]. The variable project
yielded the highest variance in the data. Hence, I applied batch correction to correct
for effects introduced by project using Scanorama [HBB19]. After batch correction, the
top 15 PCs were identified and a K-nearest neighbour (KNN) graph was built. Based
on the KNN graph, the data was embedded in a 2D manifold using Uniform Manifold
Approximation and Projection (UMAP).

The filtered, raw UMI-counts of the cytokines IFNG, IL13, IL17A, and housekeeping
gene (HKG) GAPDH were tested for higher expression levels in predefined tissue layers.
First, the data was tested for normality using the Shapiro test implemented in the

181



5.2. METHODS

Python package Scikit-learn [Ped+11], yielding in non-normality for all data distributions.
Therefore, the Wilcoxon signed-rank test, also available in the package Scikit-learn, was
used to test for significant differences between expression levels in specific tissue layers. I
tested for the null hypothesis H0 : µ = µ0, which is rejected when the p-value is below the
significance level α = 0.05.

In order to characterise disease-promoting cells in comparison to bystander cells,
leukocytes-positive spots were first identified based on the expression of marker genes
including CD2, CD3D, CD3E, CD3G, CD247 (CD3Z ), and PTPRC (CD45 ). These
markers were required to be expressed with a minimum UMI-count of one within a spot,
either individually or in any combination. Disease-promoting positive spots, were defined
by the expression of at least one cytokine (IFNG, IL13, or IL17A) with a minimum
UMI-count of one. DGE analysis was performed to identify genes characteristic of IFNG,
IL13, or IL17A leukocyte-positive spots in comparison to leukocyte-negative spots. The
raw, filtered UMI-counts and the size factors, which were calculated on the entire dataset,
were provided to the R library glmGamPoi [AEH20]. Additional biological and technical
effects, such as cellular detection rate (cdr), sequencing project, patient variability, and
skin layer annotations, were incorporated into the model design, which was expressed as

ysg ∼ cdr + project + patient + annotation + condition , (5.1)

where ysg is the raw count of gene g in a spot s, and the condition variable differentiates
between cytokine-positive and cytokine-negative leukocyte spots. The comparison was
performed at the spot level. To account for multiple testing, p-values were adjusted for
false discovery rate (FDR) using Benjamini and Hochberg (BH). A gene was considered
significantly differentially expressed if it met the criteria of padj ≤ 0.05 and |log2FC| ≥ 1.

Before over representation analysis (ORA) was performed, the entrezIDs were assigned
to each gene, using the database org.Hs.eg.db [Car+19]. The significantly differentially
expressed genes (DEGs) were subjected to the Bioconductor [Gen+04] R library Reac-
tomePA [YH16], using all measured genes in the experiment as background. P-values
were corrected for FDR using BH. A pathway was considered enriched if its padj value
was below 0.05. For visualisation purposes, the R library enrichplot [Yu21] was used.

In order to determine cytokine responder gene signatures, Stefanie Eyerich stimulated
for 16 h primary human keratinocytes in vitro with recombinant IFNG, IL13, or IL17A
(Figure C.5 a). Afterwards, she performed whole genome expression arrays on the isolated
RNA and subsequently, identified DEGs by requiring a padj value of α < 0.05 and
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log2FC > 1.5 for IFNG and IL17A, and a log2FC > 1 for IL13. In order to build robust
responder gene signature lists, the intersection was built from the in vitro and computa-
tionally derived DEGs. The latter were identified from the comparison of cytokine-positive
leukocyte spots against cytokine-negative leukocyte spots, as described in the previous
paragraph. Shared responder gene signatures between two or more cytokines were ex-
cluded from the list. The final list is comprised of 29, 4, and 21 responder gene signatures
of the cytokines IFNG, IL13, and IL17A, respectively (Figure C.5 b-d). As the IL13 re-
sponder gene list only included four genes, additional genes were added from the literature.

The spot deconvolution tool Tangram [Bia+21] was used to determine the proportions of
cell types in each spot (see section 2.5.3.2). The publicly available dataset of Reynolds et
al. (2021) [Rey+21] was used as reference. To align the diagnoses in the public dataset
with those in the ST dataset, the L and NL samples from psoriasis and eczema patients
were extracted. Tangram’s provided model was configured with the mode set to "clusters",
referring to the tissue layers in the ST dataset. The cluster_label parameter was defined
as "cell types" and the density_prior was set to "rna count based". The model was
trained on a CPU for a maximum of 500 epochs. Afterwards, the 42 cell types were
summarised into the four coarse groups antigen presenting cells (APCs), lymphoid/mast
cell, epidermal non-immune cell, and dermal non-immune cell. The APCs group contained
Dendritic cells (DCs) and macrophages (Macs), while the lymphoid/mast cell group is
comprised of T-cells, natural killer cells (NKs), innate lymphoid cells (ILCs), mast cells,
and plasma cells. The epidermal and dermal non-immune cells included keratinocytes
(KCs) and melanocytes for the former, and Schwann, pericyte, vascular endothelium
(VE), lymphatic endothelium (LE) cells for the latter.

For the pseudo-bulk correlation analysis, two pseudo-bulk samples were build per specimen,
containing the aggregated UMI-counts of each cytokine and the cytokines’ corresponding
responder signature genes. Additionally, the total number of cytokine transcript-positive
spots was read out. A cytokine transcript-positive spot is defined by measuring at least
one UMI-count of the respective cytokine. Subsequently, the weighted Spearman’s corre-
lation coefficient (SCC) was calculated between cytokine and responder transcripts using
as weights the number of cytokines transcript-positive spots in the whole cohort.

5.2.2 Preparation of the single-cell RNA-sequencing data

The scRNA-seq data was generated from a single psoriasis patient. Sample preparation
in the wet-lab was conducted by the collaborating former PhD student, Menatullah
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Mubarak, from ZAUM. Two samples were derived from the donated L skin biopsy (6mm).
The samples were lysed and stained for CD3 and CD45. The stained single cells were
subsequently subjected to fluorescence activated cell sorting (FACS) to remove dead cells
and doublets. Additionally, the cells were gated based on size and the expression of CD3
and CD45, a step undertaken to enrich the proportion of immune cells. The library
was prepared using an equal ratio of keratinocytes, T-cells (CD45+, CD3+), and APCs
(CD45+, CD3-). The Chromium Next GEM SingleCell 3’ GEM Kit v3.1 was utilised for
library preparation, and sequencing was performed on an Illumina HiSeq4000 platform.
Further details are available in Schäbitz & Hillig et al. (2022) [Sch+22].

The read alignment of the two scRNA-seq samples was performed using an established
pipeline of the Helmholtz Bioinformatics Core Facility, which utilises CellRanger v1.0.0.
The preprocessing steps were carried out by me using SCANPY [WAT18], if not stated
otherwise. First, the raw count matrix, comprised of 2, 663 cells and 20, 613, is subjected
to QC. A minimum and maximum UMI-count of 600 and 25, 000, respectively, and at
least 500 genes per cell were required for a cell to pass filtering. Genes had to be measured
in at least 20 cells having a MT-fraction below 25%.

The doublet detection tool Scrublet [WLK19] was applied on both samples individually.
The expected_doublet_rate parameter was set to 0.1, which is the anticipated doublet
rate by 10x Genomics [Gen22] when 16, 000 cells are loaded on a chip. According to the
scrublet score, no doublets were among the cells. After removing low quality cells, the
dataset was comprised of 2, 187 cells and 13, 304 genes.

In order to normalise the data, cell specific size factors were determine by first applying
a coarse Leiden clustering on the data. Subsequently, data was normalised using scran
[LMM16] and a pseudo count of one was added to each gene. Then, the data was
log-transformed to base 10. In total 4, 000 HVGs were selected using the flavor cellranger
in SCANPY’s highly_variable_gene function. Since both samples originate from the
same donor and were identically processed in the lab, no batch effect was identified. For
visualisation, principal component analysis (PCA) was applied and 7 PCs were used to
create a KNN graph. The data was subsequently embedded in a 2D manifold using UMAP.

I clustered the scRNA-seq data using the Leiden algorithm. The number of clusters was
determined by the maximum silhouette score (section 2.4.2.3) and biological priors, i.e.,
molecular markers enriched in the clusters. The silhouette score peaked at 0.54 for a
resolution of 0.1. The final annotation was based on the enrichment of marker genes and
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expert knowledge. In total six different cell types were identified, including lymphocytes,
APCs, fibroblasts, smooth muscle cells, granulocytes, and KCs.

As described for the ST dataset, leukocyte cells were identified by marker genes and selected
for DGE analysis. Subsequently, I compared cytokine-expressing cells against cytokine-
negative cells. The size factor for each cell was calculated on the entire dataset and provided
to the DGE analysis tool, glmGamPoi [AEH20]. I accounted for additional biological and
technical effects, such as the cdr and cell type annotations, in the design function

ycg ∼ cdr + annotation + condition , (5.2)

where ycg is the raw count of gene g in a cell c. The condition variable marks the
cytokine-positive and cytokine-negative cells. After performing the DGE analysis, the
p-values were corrected for FDR using BH. A gene was called DEG if it met the thresholds
of p-value ≤ 0.05 and |log2FC| ≥ 1.

Before performing the ORA, the entrezIDs were assigned to each gene by leveraging the
database org.Hs.eg.db [Car+19]. The DEGs were then subjected to the Bioconductor
[Gen+04] R library ReactomePA [YH16], using as background all measured genes in the
experiment. The p-values were corrected for FDR using BH. A pathway was defined as
enriched if its padj value was below 0.05. The R library enrichplot [Yu21] was used for
visualisation purposes.

5.2.3 Preprocessing of a public scRNA-seq dataset

I analysed a public dataset from Reynolds et al. (2021), which I acquired from zenodo.org
[Rey+21] [GR20] (Table 5.3). In total 96 samples from L and NL psoriasis and atopic
dermatitis skin biopsies as well as from healthy donors were collected. The skin biopsies
were donated by 5 healthy, 3 psoriasis, and 4 atopic dermatitis patients. The scRNA-seq
repository contained 451, 594 cells of 42 different cell types and 33, 538 genes. Reynolds
et al. (2021) [Rey+21] provided a preprocessed version of the data, which I subjected to
a more stringent QC.

During QC, genes were required to have at least one UMI-count and to be detected in
at least 30 cells. Moreover, a cell had to have at least 250 genes and a minimum of 500
and a maximum of 400, 000 UMI-counts. Additionally, a MT-fraction above 25% and a
ribosomal fraction in the range of 5% to 60% were required for a cell to pass the filtering.
Potential doublets, detected by scrublet [WLK19], were removed if they had a scrublet

185



5.2. METHODS

Diagnosis Samples Donors Age Severity Location
healthy 40 samples 5 patients - - breast

195, 739 cells - -

psoriasis 24 samples 3 patients 54.67± 12.6 18.6± 5.0 lower back
137, 320 cells

eczema 32 samples 4 patients 48.50± 17.0 9.0± 3.6 lower back
118, 535 cells

Table 5.3: Overview of the publicly, available scRNA-seq dataset of Reynolds, Gary, et
al. (2021) [Rey+21]. A total of 42 cell types were detected and their location in the skin
layers, epidermis and dermis, was also provided. The severity scores refer to Eczema Area
and Severity Index and Psoriasis Area and Severity Index (PASI) for eczema and psoriasis,
respectively.

score above 0.6. After removing low quality cells and potential doublets, the dataset was
comprised of 429, 285 cells and 24, 560 genes.

5.2.4 Bulk RNA-sequencing data

In this study, I applied a coarse QC using SCANPY [WAT18] on the raw bulk RNA-seq
count matrix, having in total 330 samples and 28, 515 genes. The samples were collected
from 168 patients with 168 L and 162 NL samples. Patients were diagnosed with psori-
asis (nL=90, nNL=88), lichen planus (nL=30 , nNL=28), and eczema (nL=48, nNL=46)
(Table 5.4). Genes measured in less than 20 samples were filtered out. After QC, the
dataset contained 330 samples and 24, 298 genes. In order to visualise the data, I nor-
malised the filtered count matrix, yielding the same total library size for each sample,
and subsequently log-transformed, adding a pseudo-count of one. No batch correction was
applied, as only the raw counts were used for validation. PCA was applied keeping the
top 6 PCs, as determined by the elbow method. The PCs were leveraged to create a KNN
graph, which was subsequently used to generate the UMAP embedding.

5.2.5 Additional validation techniques

The presented experiments were conducted by the collaborating biologists Stefanie Eyerich
from the ZAUM and Emanuele Scala from the Karolinska Institute. Detailed description
can be found in Schäbitz & Hillig et al. (2022) [Sch+22].

ISH was performed on six L formalin-fixed paraffin-embedded (FFPE) skin sections of
psoriasis, eczema, and lichen planus patients. The tissue sections had a thickness of
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Diagnosis Sex Samples Donors Age
lichen planus male 13 L, 12 NL 13 55.13± 12.59

female 17 L, 16 NL 17 61.67± 14.73

eczema male 32 L, 31 NL 32 48.91± 17.94
female 16 L, 15 NL 16 47.59± 22.56

psoriasis male 52 L, 50 NL 52 52.34± 13.90
female 38 L, 38 NL 38 57.36± 18.50

Table 5.4: Overview of the unpublished bulk RNA-seq dataset, which comprises a total
of 330 samples.

5µm. For each disease representative one positive and one negative control was created.
The images were taken using a microscope scanner and visualised using the software
QuPath-0.3.2 [Ban+17]. A cell was denoted as positive if the RNA signal matched the
nuclear background staining.

For the immuno histochemistry (IHC), in total 20 L FFPE psoriasis samples were taken
and cut into 5µm tissue sections. The IL - 17A proteins were stained using IL - 17A
antibodies. Afterwards, the slides were counter stained with hematoxylin. In addition to
the positive samples, negative controls were generated. The number of positive cells was
determined by counting their appearance in four to nine visual fields.

In the flow cytometry analysis, human L psoriasis skin biopsies (∅ 6mm) were dissociated
into single cells and gated for T-cells (n=52). The T-cells were used for flow cytometric
analysis. They were stimulated for 5 h and subsequently stained for CD3, CD4, CD8,
IL - 17A, IFN - γ, TNF -α, IL - 22, IL - 10 cytokines. The number of co-expressed cytokines
of IL - 17A in T-cells were determined using the FlowJoTM Software [BC20].

For the time course analysis, blood cells from three healthy donors (n=1 male, n=2 fe-
male, age=38± 7) were isolated by centrifugation. Primary human Pan T-cells were then
separated into CD4 and CD8 positive subsets. One subset was stimulated to activate T-
cell receptors for 10min, 1 h, or 6 h, while the other remained unstimulated. Activated
cells were collected at 10min, 30min, 1 h, 6 h, 12 h, or 24 h post-stimulation. RNA was
extracted following cell lysis, and real-time polymerase chain reaction (PCR) was per-
formed for counting the copy number of IFNG, IL13, and IL17A of the stimulated and
unstimulated T-cells.
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5.3 Results

I examined the pathogenic micro-environment of the most common ncISDs, including
lichen planus, eczema, and psoriasis, using ST data from L and NL sections. This resulted
in a dataset of 90 samples, including 31 L and 14 matched NL specimens, existing in
duplicates. Overall 71, 606 transcriptomes were captured (Figure 5.1 a, Methods 5.2.1),
with a mean number of spots of 767± 293 per section. Notably, L sections contained more
spots than NL ones (L: 823± 324, NL: 633± 125; p-value = 1.5e - 03), potentially due to
inflammation-induced morphological changes, such as epidermal thickening in psoriasis
[Ruc+11] [DRM11]. Additionally, the mean number of UMI-counts per spot was greater
in L compared to NL skin sections (L: 3, 189± 6, 620, NL: 605± 613; p-value = 2.0e - 04)
(Supplementary Table C.6). The ST data revealed significant differences between L and
NL skin sections, suggesting inflammation-driven alterations in tissue architecture and
transcriptional regulation in ncISDs.

A workflow was designed to differentiate between bystander and disease-promoting cells
using two complementary analysis approaches (Figure 5.1 b-g). Given the crucial role
of leukocytes in immune regulation, these methods aimed to explore their function and
impact on the surrounding micro-environment (Section 1.1.2) [She+23] [Mur20].

The first part (Figure 5.1 b-d) investigated the biological rationale between hallmark
cytokine transcript-positive and -negative spots in leukocytes. These spots were first
identified and compared using DGE analysis, followed by pathway enrichment analysis to
determine associated biological functions.

Complementing this approach, the second part (Figure 5.1 e-g) examined the spatial
organisation of cytokine-producing leukocytes. A density-based clustering algorithm (Sec-
tion 5.3.3) was applied to first identify cytokine transcript-positive spots (Figure 5.1 e),
then group cytokine and responder transcript-positive spots within a user-defined radius
(Figure 5.1 f). Finally, the weighted correlation between cytokines and their responders
was calculated (Figure 5.1 g).

In order to proof the validity of my findings, multiple techniques were employed. Meth-
ods such as ISH, single cell and bulk RNA-seq, IHC, flow cytometry and cell culture
analysis (Figure 5.1 i-n) provided additional confirmation. This comprehensive workflow,
integrating both established and new analytical approaches and validated through various
techniques, effectively differentiate between bystander and disease-promoting cells.
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Figure 5.1: Analysis workflow and validation data. a) ST dataset comprised of 90
specimen (62 L and 28 NL) of 31 patients being placed on 72 capture areas. The number
of capture areas is equal to the number of H&E images. In addition, each specimen has
one replicate. In total 71, 606 transcriptomes are measured and each is assigned to a skin
layer. b) UMAP of immune cell containing spots showing the skin layer annotation and
location of IL17A transcript positive spots. The latter requires at least one UMI-count of
IL17A in the corresponding spot. c, d) Functional characterisation of cytokine transcript
positive leukocyte spots leveraging DGE and pathway enrichment analysis. e) Preparation
phase for the clustering, which requires the information whether a spots is cytokine and/or
responder transcript positive. f) Spatial density clustering is applied to group cytokine
and responder positive spots being co- or close localised in a user defined radius. g)
The summed UMI-counts of a cytokine and its responder signature in each cluster are
correlated leveraging the spatial spearman correlation. h) Hypothesis, expecting a higher
number of cytokine transcripts than actually observed. i-n) Validation experiments, i.e.
ISH, scRNA-seq, bulk RNA-seq, IHC, flow cytometry, and in vitro analysis, are leveraged
to confirm the finding of low expressed cytokines in ncISDs. Figure adapted and modified
from [Sch+22].
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Figure 5.2: Hallmark cytokines found to be lowly expressed in all experiments.
a) Representative ST tissue sections of lichen planus, eczema, and psoriasis showing the
location and UMI-counts of their corresponding hallmark cytokines IFNG, IL13, IL17A,
respectively. b-e) Total number of raw UMI-counts of cytokines and HKG, GAPDH,
per and over all skin layers in NL (b, c) and L (d, e) skin of all specimen (n=82). f)
Representative ISH staining sections of hallmark cytokines in lichen planus, eczema, and
psoriasis. The size of the red circle is identical to the size of a Visium spot (∅ 55µm). g)
Number of cytokine positive cells per ISH section of lichen planus (n=5), eczema (n=3),
and psoriasis (n=5). The red colour marks signal of cytokine mRNA and blue colour the
background. h-j) Raw UMI-counts per cell of IFNG (178 cells), IL13 (9 cells), and IL17A
(61 cells) in cytotoxic T - cell (Tc cell) (CD8+) and T-helper (Th) (CD4+) cells including
both psoriasis samples (n=2). k-m) Raw bulk RNA-seq counts per biopsy in NL and L
skin of lichen planus (nNL=28, nL=30), eczema (nNL=46, nL=48), and psoriasis (nNL =
88, nL=90). n-p) UMI-counts per ST section divided by disease (lichen planus: n=22,
eczema: n=8, psoriasis: n=18). Statistical testing is conducted using one-way analysis of
variance (ANOVA) and Tukey’s HSD post hoc test without FDR correction. Stars indicate
**: p-value < 0.01 and ***: p-value < 0.001. q) Composition of hallmark cytokines per
disease. Figure adapted and modified from [Sch+22].

5.3.1 Low expression of disease-promoting cytokines in lesion skin

Disease-promoting cells play a crucial role in coordinating and regulating the immune
response, as they secrete signalling molecules, known as cytokines. They regulate the
strength of the immune response by altering the gene expression in the immune cells
[She+23] [Mur20]. I investigated the corresponding hallmark cytokines IFNG, IL13,
and IL17A of lichen planus, eczema, and psoriasis, respectively, in a spatially resolved
manner using a ST dataset (Figure 5.2 a, Figure 5.1 b). In contrast to the anticipated
high concentration of cytokines in inflamed tissue, only a few cytokine transcript-positive
spots were observed in each of the selected L skin sections, which are representatives of
the respective diseases. Furthermore, the maximum number of measured UMI-counts of
IFNG, IL13, and IL17A per spot was 8, 3, and 4, respectively. Despite the pivotal role of
cytokines in disease promotion, I observed unexpectedly low numbers of these cytokine
transcripts in inflamed tissue in three randomly selected representatives of each disease.

The cohort was analysed to assess cytokine expression levels and spatial distribution within
tissue sections. As anticipated, IFNG, IL13, and IL17A transcripts were scarcely de-
tected in NL samples, with a mean UMI-count of 1, 1, and 0, respectively (Figure 5.2 b, c;
Supplementary Table C.6). In contrast, L sections exhibited distinct spatial enrichment
patterns (Figure 5.2 d). IFNG was higher expressed in the dermal-epidermal junction
(p-value = 1.6e - 22), IL13 was enriched in the middle/basal epidermis and upper dermis
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Figure 5.3: Low expression of cytokines in ncISDs. a) Total number of UMI-counts
of the hallmark cytokines, i.e. IFNG, IL13, and IL17A, and the HKG GAPDH in NL and
L skin. b) Proportion and number of single and double cytokine transcript-positive spots.
c) Comparison of the average expression of all other genes and the hallmark cytokines
in NL (n=24) and L (n=58) skin. Statistical testing is conducted using the two-sided
Mann-Whitney-U test. Boxplot information of NL (others, cytokines): median (4.18e -
01, 2.57e - 04), mean (1.82e - 01, 2.02e - 04), min (0, 0), max (3e - 01, 3.50e - 04), Q1 (0,
1.29e - 04), Q3 (1e - 01, 3.04e - 04). Boxplot information of L (others, cytokines): median
(1.26e - 01, 4.50 - 03), mean (6.87e - 01, 5.49e - 03), min (0, 0), max (8e -01, 8.45 - 03), Q1
(2.22e - 02, 4.00 - 03), Q3 (3.51e - 01, 6.48 - 03). d) Expression level of cytokines in lichen
planus (n=32), eczema (n=26), and psoriasis (n=24). Each dot represents a specimen.
Statistical testing is conducted using one-way ANOVA and Tukey’s HSD post hoc test
without FDR correction. Stars indicate *: p-value < 0.05, **: p-value < 0.01, and ***:
p-value < 0.001. e) Disease cytokine composition. UMI-counts are normalised to 100%.
Figure adapted from [Sch+22].
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layers 1-2 (p-value = 2.41e - 17), and IL17A was mainly observed in the epidermis and
dermis depth 1 (p-value = 1.81e - 27). These findings align with reported cytokine
localisation in the epidermis and upper skin layers [Gri+21]. In essence, I observed
distinct spatial patterns of the hallmark cytokine in L skin, providing insights into their
localised roles within tissue architecture.

The distribution and expression level of the hallmark cytokines were compared to the
HKG GAPDH, as HKGs are uniformly expressed across cells [Jos+22]. I observed that the
hallmark cytokines were lower expressed compared to GAPDH (Figure 5.2 d, e), which
was evenly expressed and distributed across skin layers. The expression levels for IFNG,
IL13, and IL17A ranged from 1 to 37, 1 to 12, and 1 to 27 per tissue section, respectively.
In total, across L tissue sections, only 434, 144 and 224 UMI-counts were measured for
IFNG, IL13, and IL17A, respectively. Considering the 44, 034 L spots analysed, these
counts were distributed across only 372, 103 and 154 L spots, respectively (Figure 5.2 e,
Figure 5.3 a, Supplementary table C.6). Overall I observed low expression and sparse
distribution of hallmark cytokines in comparison to a HKG, indicating specific roles within
distinct L micro-environments.

A disease specific expression pattern was observed in the ST dataset, despite the gen-
erally low expression of the cytokine transcripts. IFNG, a hallmark cytokine of lichen
planus, was predominantly expressed in L skin from lichen planus patients (median of
9 UMI-counts per section) (Figure 5.2 n). The IL13 was mainly expressed in L eczema
skin (median of 1.5 UMI-counts per section) (Figure 5.2 o). IL17A was significantly more
expressed in L psoriatic skin (median of 9 UMI-counts per section) than in lichen planus
or eczema (Figure 5.2 p). These observations confirmed each cytokine was most prevalent
in its respective disease (Figure 5.2 q). Similarly, disease-specific expression patterns
were observed for other cytokines, including IL17F, IL21, IL22, TNF, IL10, and IL4
(Figure 5.3 d, e). This supports the classification of lichen planus as type 1, eczema as type
2, and psoriasis as type 3 immune-driven diseases [EE18]. These results validated the ST
dataset’s reliability, as they align with known cytokine disease-specific expression patterns.

As another quality check of the ST data, I compared L and NL gene expression levels. The
expression levels were investigated by comparing the mean hallmark cytokine transcripts
per specimen against the other genes (Figure 5.3 c). The mean expression level was found
to be 900 and 125 times lower in NL and L skin, respectively. These results align with
literature indicating lower expression of cutaneous hallmark cytokines in NL compared to
L skin.
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Figure 5.4: Validation experiments on protein and RNA level of cytokine ex-
pressing T-cells in skin lesions. a) Representative IHC image of a L psoriasis section
showing in red the stained IL - 17A protein. b) The number and percentage of IL - 17A
positive cells per visual field is counted and calculated of all IHC images (n=20). c) Flow
cell cytometry pipeline showing the gating strategy for and staining of T-cells isolated
from L psoriasis skin biopsies (n=52). The CD3+IL - 17+ cells are gated for co-production
IL - 17A with TNF/IFN - γ and IL - 22/IL - 10. The percentage of IL - 17A secreting Th
and Tc cell cells and the percentage of IL - 17A being co-expressed with either one or a
combination of cytokines is shown. d) Half-life time study of in vitro stimulated (10min,
1 h, 6 h) and unstimulated (control) Th cells isolated from human healthy blood donors.
RNA is isolated and analysed for IL17A expression over 24 h using real time PCR. The
relative expression of IL17A (first row), total number of IL17A transcripts (second row),
and IL17A transcripts per cell (last row) are shown. Figure adapted and modified from
[Sch+22].

To assess Visium’s sensitivity in detecting cytokine transcripts, I validated the findings
using ex vivo and in vitro methods (Figure 5.2 f-m). ISH (Section 1.4.3) was applied to
detect cytokine mRNA on tissue sections, allowing direct comparison with Visium by
counting mRNA molecules within circles matching the size of a spot (∅ 55µm) (Figure
5.2 f). In line with the ST observations, only a few cytokine mRNA signals were detected
per tissue section, with a median number of 83, 4 and 11 for lichen planus, eczema,
and psoriasis, respectively. The validation using ISH confirmed that Visium accurately
detected the low cytokine transcript levels across tissue sections.

To further validate the detection of cytokine transcripts, I examined their presence in
CD4+ and CD8+ cells using scRNA-seq and in bulk RNA-seq. In CD4+ (Th) cells, a
median UMI-count of 1 for all hallmark cytokines was observed, while CD8+ (Tc cell)
cells showed medians of 4, 6, and 4 for IFNG, IL13, and IL17A, respectively (Figure 5.2
h-j). In addition, the number of cytokine counts in the bulk RNA-seq cohort (n=330),
with L (n=168) and NL (n=162) samples, were investigated (Figure 5.2 k-m). To compare
the size of the punch biopsies with the Visium skin sections, one third of a 6mm skin
punch biopsy was analysed, which is 60 times the amount of genetic material in a 10µm

thick ST tissue section. A median of 1 and 25.5 counts/biopsy of IFNG in NL and L
lichen planus skin, respectively, was observed (Figure 5.2 k). In eczema, a median of 2 and
4.5 counts/biopsy of IL13 in NL and L skin, respectively, was measured (Figure 5.2 l). In
psoriasis a median of 0 and 7.5 IL17A counts/biopsy in NL and L skin, respectively, was
detected (Figure 5.2 m). Both scRNA-seq and bulk RNA-seq confirmed the low presence
of cytokine transcripts, supporting Visium’s sensitivity in detecting these molecules.
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Figure 5.5: Micro-environment of cytokine transcript-positive spots is charac-
terised by type 3 immune response. a) Gene expression embedding of the whole ST
data showing the disease annotations. b) Embedding of leukocyte containing spots colour-
ing the tissue layer annotations and cytokine transcript-positive spots. c) DGE analysis
between IL17A transcript-positive and -negative leukocyte spots. IL17A (38.4, 168.3) is
not shown. d) Violinplots of selected upregulated DEGs (padj value < 0.05, log2FC > 1)
in cytokine transcript-positive spots. Amongst them are gene regulated and induced by
IL17A. e) ORA of upregulated DEGs (padj value < 0.05, log2FC > 1) showing the top
three enriched pathways according to the padj values. Figure adapted and modified from
[Sch+22].

In order to understand the role of cytokine protein-secreting cells in ncISDs, IHC and
flow cytometric analysis were utilised. Given the severe observable symptoms of ncISDs
on the skin and their treatment with biologics that suppress hallmark cytokines at the
protein level, I was interested in examining the number of cytokine protein-secreting cells.
Briefly recapitulating, IHC visualises the spatial localisation of cytokine proteins within
tissue specimens, while flow cytometric analysis enables the quantitative assessment
of cytokine proteins in skin-infiltrating T-cells [Mag+19] (Methods 5.2.5). The results
from both methods were comparable and revealed similar numbers of cytokine-positive
lymphocytes in the L skin (histology: 13.3% IL - 17A+ lymphocytes, flow cytometry:
4.2% CD4+IL - 17A+, 4.9% CD8+IL - 17A+) (Figure 5.4 a-c). These observations
revealed a discrepancy between the measured number of cytokine proteins and observed
mRNA in L skin.

To understand the discrepancy, a time course analysis of in vitro stimulated T-cells was
conducted to explore the hypothesis that this discrepancy could be due to a short half-life
time of cytokine mRNA. The time course analysis showed that short T-cell receptor
stimulation of 10min, 1 h, or 6 h results in a temporary cytokine mRNA production
(Figure 5.4 d). It lasted less than 6 h and reached its maximum at 10min and 30min.
Even though the number of mRNA transcripts per cell increased for longer T-cell
receptor activation, the production peak was always at 10min and 30min, supporting the
hypothesis of a short half-life time. These results suggest that the observed discrepancy
between cytokine protein levels and mRNA transcripts in L skin is likely due to the short
half-life of cytokine mRNA, as demonstrated by the time course analysis of T-cell receptor
stimulation.

In summary, low numbers of disease-specific cytokine transcripts were observed, being
expressed in a distinct spatial pattern. These transcripts were only produced by a few
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Figure 5.6: Gene expression embedding of leukocyte containing spots. a) Fine-
resolved tissue layer annotations of each spot showing a similar structure like natural skin.
Outermost data points are the spots located in the epidermis, while the innermost spots
belong to the dermis. b) Location of single and double-positive cytokines in the gene
expression embedding. Majority of cytokine transcript positive spots can be found in the
epidermis. Figure adapted from [Sch+22].

skin-infiltrating T-cells. Additionally, I confirmed the reliability of the ST dataset by vali-
dating this finding in independent methods. My results indicate that the spatial expression
pattern of the cytokine secreting immune cells may be important to drive the understanding
of psoriasis, eczema, and lichen planus.

5.3.2 Cytokines show up-regulation of immune response regulators

The analysis of ST profiles revealed distinct gene expression and immune cell distribution
patterns across skin diseases. The 2D manifold showed good separation of spots from
lichen planus and psoriasis, while spots from eczema overlapped with both (Figure 5.5 a).
Since immune cells were the focus, leukocyte-containing spots were identified and
subsequently, the disease-promoting cytokine transcript-positive spots (Methods 5.2.1) .
The 2D embedding of leukocyte-containing spots revealed a distribution of epidermal and
dermal spots, aligning with the structural organisation of the skin (Figure 5.5 b, Figure
5.6 a, b). Specifically, the outermost spots belonged to the epidermis, while the inner,
central spots belonged to the dermis. The distribution of the spots in the 2D manifold
confirmed that ST effectively preserved the positional signature of each spot within the
tissue.
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Figure 5.7: Characterisation of IFNG and IL13 transcript-positive leukocyte
spots. DGE analysis between IFNG (a) and between IL13 (c) transcript-positive and
-negative spots in ST specimens (n=82). The highlighted genes are either receptors of,
induced by, or regulated by the respective cytokine. The following genes are not shown
(log2FC, padj value): IFNG (38, 255) and IL13 (38, 69.7). Violinplots showing the raw
UMI-counts distribution of selected genes. ORA of upregulated DEG (padj value < 0.05,
log2FC > 1) in IFNG (b) and IL13 (d) transcript positive spots in Reactome pathways.
The three most significant pathways are shown. Figure adapted from [Sch+22].

To characterise disease-promoting immune cells, DGE analysis was performed comparing
IFNG, IL13, or IL17A transcript-positive spots to transcript-negative spots. The anal-
ysis revealed an upregulation of cytokine-associated genes and their responder signature
genes. In IFNG transcript-positive spots, genes involved in type 1 immune cells, such as
GZMB, FASLG, CD70, CXCR3, and CXCR6, showed significant upregulation. Addition-
ally, IFNG-induced genes expressed in epithelial cells, including CXCL9, CXCL10, and
CXCL11, were also significantly upregulated (Figure 5.7 a). IL13 transcript-positive spots
were characterised by genes associated with type 2 immune cells, such as IL2, IL10, and
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Figure 5.8: Deconvolution of ST spots. Position and numbering of IFNG (a), IL13
(d), and IL17A (g) transcript positive leukocyte spots. The scale bar indicate the number
of observed transcripts. Tangram is used to reveal the cell type composition in each spot.
b, e, h) show the cell type proportions of the cytokine transcript-positive spots in the
epidermis and dermis. Cell types in the lymphoid/mast cell group: ILC, NK, Tc cell,
Th, T regulatory cell (Treg), mast and plasma cells; APCs: DC, Mac, Langerhans cell
(LC) cells; epidermal non-immune: KC and melanocyte; dermal non-immune: Schwann,
pericyte, VE, LE cells. c, f, h) The probabilities of a lymphoid/mast cell being present in
a cytokine transcript-positive spot. Figure adapted from [Sch+22].
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SLAMF1, which is in line with the literature [EE18]. Genes involved in tissue response,
such as CCL17, CCL22, MMP12, and OSM, were also upregulated (Figure 5.7 c).
Similar results were observed for IL17A transcript-positive spots. Genes associated with
type 3 immune response, such as IL17F, IL22 and IL26, and genes induced by IL17A,
e.g., IL36G, IL19, CCL20, CXCL1, CCL3, LCN2, NOS2, S100A7A, DEFB4A, and
CXCL8 were upregulated in the IL17A transcript-positive spots. (Figure 5.5 c, d). The
upregulated gene sets demonstrate that ST captured diverse cell types, including those
activated by cytokines in their micro-environment.

To investigate the functional implications of the upregulated genes, I conducted an ORA.
The analysis identified pathways associated with inflammation-driven signalling, such as
"Signalling by Interleukins" and "Chemokine receptors bind chemokines" in IFNG, IL13,
and IL17A transcript-positive spots (Figure 5.5 e, Figure 5.7 b, d). Additionally, pathways
linked to tissue responses to inflammation, including "Keratinization" and "Antimicrobial
peptides", were enriched in IL17A transcript-positive spots (Figure 5.5 e). In IFNG
transcript-positive spots, genes involved in "Immune regulatory interactions between
a Lymphoid and a non-Lymphoid cell" were identified (Figure 5.7 b). These findings
demonstrate that ST enables to investigate the micro-environment of disease-driving
immune cells on a functional level.

I was further interested in the cellular composition of cytokine transcript-positive spots, as
a spot can contain multiple cell types. Therefore, I used Tangram [Bia+21] to deconvolute
the leukocyte cytokine transcript-positive spots. The resulting cell type compositions
showed that APCs, lymphoid cells, and mast cells predominantly express cytokine tran-
scripts (Figure 5.8 a-h). In the epidermis, the percentages of APCs and lymphoid/mast
cells were 32.3%/20.6%, 42.5%/37.2%, and 50.5%/22.9% for IFNG, IL13, and IL17A,
respectively. In the dermis, the percentages of APCs and lymphoid/mast cells were
39.9%/34.1%, 42.7%/34.6%, and 14.2%/48.8% for IFNG, IL13, and IL17A, respectively
(Figure 5.8 b, e, h). T-cells were the dominating cell types within the lymphoid/mast cell
group for all hallmark cytokines (Figure 5.8 c, f, i). In summary, the identified cell types
in the cytokine transcript-positive spots align with prior expectations, results, and the
literature [EE18] [Mar+18] [NL21].

To explore additional signatures captured within cytokine transcript-positive spots, a pso-
riasis scRNA-seq dataset (n = 2) was analysed. Unsupervised clustering identified distinct
cell types (Figure 5.9 a, Methods 5.2.2), confirming that IL17A and IFNG were almost ex-
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Figure 5.9: Characterisation of cytokine transcript-positive cells. a, b) Embed-
ding of L psoriasis samples (n=2), showing (a) cell type annotations and (b) leukocytes.
The majority of IL17A-expressing leukocytes (blue) are located within the lymphocyte
cluster. c) DGE analysis between IL17A transcript-positive and -negative cells. IL17A
(36.9, 255) is excluded from the plot as it lies outside the displayed range. d) Embedding
of leukocytes, highlighting IFNG transcript-positive leukocytes in orange. e) DGE anal-
ysis of cytokine transcript-positive versus transcript-negative spots. DEGs that were also
identified as DEGs in the ST data are annotated. Thresholds applied: padj value < 0.05
and absolute log2FC > 1. IFNG (36, 262) is omitted from the plot as it lies outside the
displayed range. Figure adapted and modified from [Sch+22].

clusively expressed in lymphocytes, while IL13 was not detected, consistent with the
literature [Mar+18] (Figure 5.9 b, d). DGE analysis of cytokine-secreting lympho-
cytes revealed upregulated genes involved in inflammation-driven signalling pathways,
which aligned with the DEGs observed in cytokine transcript-positive leukocyte spots
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(Figure 5.9 c). As expected, genes associated with inflammatory tissue responses were not
among the upregulated DEG in the scRNA-seq data, emphasising ST’s ability to capture
micro-environmental features of cytokine-secreting cells. Interestingly, CCL4 and CCL5,
which are induced by IFNG in epithelial cells, were also upregulated in IFNG-secreting
lymphocytes, suggesting that these chemokines are also produced by lymphocytes
(Figure 5.9 e). The analysis demonstrate that while cytokine-secreting lymphocytes
predominantly express inflammatory genes, ST captures micro-environmental features
surrounding them.

In summary, expected genes and pathways in cytokine transcript-positive spots were found
in L skin. Additionally, gene signatures induced by cytokines, which are associated with
immune response, were observed. Thus, ST enables to study the direct influence of cy-
tokines on the immune response within the micro-environment in a spatial context.

5.3.3 Cytokine expression is spatially correlated with immune
response regulators

Since ST also captured cytokine response signatures in the cytokine transcript-positive
spots, I wanted to understand the effect of these cytokines on their close micro-environment
in L skin. Therefore, I was interested in the correlation between cytokines and their
induced response signatures (Figure 5.10).

Responder signatures for hallmark cytokines were defined by in vitro keratinocyte stim-
ulation and ST DEGs. Since cytokine expression was concentrated in the epidermis and
upper dermis (Figure 5.2 c), primary human keratinocytes were stimulated in vitro with
recombinant IFNG, IL13, or IL17A (Methods 5.2.1). Upregulated DEGs from stimulated
samples were identified using gene expression arrays (Supplemental Figure C.5 a) and
intersected with the upregulated DEGs in cytokine transcript-positive spots in the ST data
(Figure 5.5 c, Supplemental Figure C.5 a, c). This yielded specific response signatures for
IFNG (29 genes), IL13 (4 genes and 10 literature derived genes), and IL17A (21 genes)
(Supplemental Figure C.5 b-d).

Subsequent enrichment analysis of the responder signatures (Supplemental Figure C.5 e-g)
revealed that IL17A associated responder genes were almost uniformly expressed across
the upregulated DEGs in IL17A transcript-positive spots (Supplemental Figure C.5 e).
The responder signatures of IFNG showed a tendency to be more abundant amongst the
top significantly, upregulated genes in IFNG (Supplemental Figure C.5 f). No enrichment
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Figure 5.10: Correlation between cytokines and their corresponding response
signature genes transcripts. Pseudo-bulk weighted Spearman correlation analysis be-
tween the aggregated transcripts of IFNG (a), IL13 (b), or IL17A (b) and their corre-
sponding responder signatures over all specimen (n=82). The size indicates the number of
cytokine transcripts on a specimen. The black dashed line (a-c) is fit by an ordinary least
square model. The grey area shows the confidence interval (CI)95%. Figure adapted from
[Sch+22].

was found for IL13 induced responders (Supplemental Figure C.5 g). Interestingly, the
responder expression was 270 times higher compared to the combined expression of the
hallmark cytokines (Supplemental Figure C.5 h). The analysis defined cytokine-specific
responder signature sets and revealed a general higher expression level of responders in
comparison to the cytokines IL17A, IFNG, and IL13.

To investigate the relationship between hallmark cytokines and their responder signatures,
I created pseudo-bulk samples by summarising the counts of each cytokine and its corre-
sponding responder signature genes within each sample. This analysis revealed weak to
moderate correlation values between hallmark cytokines and their induced response genes
(Figure 5.10 a-c). For IFNG, the correlation with its responder genes demonstrated mod-
erate strength (ρ(w) = 0.62; p = 3.54e - 10). In contrast, I observed weaker correlations
for IL13 and its responder genes (ρ(w) = 0.39; p = 3.42e - 04)as well as for IL17A and its
responders (ρ(w) = 0.22; p = 4.74e - 02). While the pseudo-bulk analysis indicated weak to
moderate correlations between hallmark cytokines and their responder signature genes, it
lacked spatial resolution, indicating the need for alternative methods to fully understand
a cytokine’s impact on its micro-environment in L skin.
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5.3.3.1 Density-based spatial clustering algorithm

Building upon the spatial information provided by Visium technology, the next step
was to examine a cytokine’s radius of action on its direct micro-environment within
the epidermis. Therefore, a density-based spatial clustering algorithm was developed.
This method enabled the identification of spatially coherent clusters, which were then
analysed to determine the relationship between cytokines and their micro-environment.
To quantify the strength and direction of these relationships, a spatial weighted correlation
was calculated. The details of the spatial clustering algorithm is described in the following.

For each tissue specimen, cytokine transcript-positive spots in the epidermis were
identified and designated as set A. A spot was classified as cytokine transcript-positive,
if at least 1 UMI-count was observed. The same requirement was imposed to define
responder signature genes transcript-positive spots. If A was non-empty, a K-D Tree was
constructed. Otherwise, the next tissue specimen was processed.

A K-D Tree, similar to the Random Forest algorithm (Section 2.4.3.2), follows rules to
partition the data in an optimal manner and enables efficient nearest neighbour search
[BSW77]. It was used to identify all spots within a fixed distance (d = 2) of a cytokine
transcript-positive spot, solving the Fixed-radius Near Neighbor Search Problem. Com-
monly, the point under consideration, i.e. the query point, is excluded from the set of
nearest neighbours [BSW77]. The implemented version retained the query point within
the identified cluster. This adjustment ensured that the cytokine transcript-positive spot
under consideration remained included in the cluster definition 5.3.

Definition 3. (Fixed-radius Near Neighbor Search Problem) Given a set of input
points A = {a1, a2, . . . , an} with ai ∈ Rd, and a query point bj ∈ Rd∧bj ∈ B, where A = B,
such that

∥ai − bj∥p ≤ d , (5.3)

output any point ai in the set A within a distance d. The resulting family of subsets
C = {Xm | Xm ⊆ A} contains n subsets Xm with m ∈ [1, n], where each Xm consists of
the query point bj and its nearest neighbour points ai ⊆ A.

The Fixed-radius Near Neighbor Search Problem is solved in a two-dimensional space, as
the given H&E images of each specimen are two-dimensional. Hence, the eq. 5.3 can be
simplified to the euclidean distance (p = 2). The nearest neighbour spots are determined
for the entire set of query points B. The resulting family of subsets C contains the nearest
neighbour cytokine transcript-positive spots of each query point bj ∈ R2 and the query
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point itself. If a query point does not have any nearest neighbour spots, the resulting
subset Xm contains only a single element, the query point.

To connect the nearest neighbour cytokines transcript-positive spots C, undirected graphs
G = {G1, G2, . . . , Gn} are constructed. Let Gi = (V, E) be a connected graph, where V
is a set of nodes derived from C and E ⊆ {{ui, uj} | ui, uj ∈ V and i ̸= j} is a set of
unordered edges. For each node u ∈ V in a graph Gi embedded in the two-dimensional
tissue section space, a set of nearest neighbour responder signature transcript-positive spots
S = {s1, s2, . . . , sl} is identified in the range of a user-defined radius r(r) by

∥sm − u∥2 ≤ r(r) with sm ∈ S.

A nearest neighbour spot s is added as a node to graph Gi if it is not already present in
Gi, as denoted by the mathematical operation Gi = (V ∪ {s}, E ∪ {·, s}).
To avoid unwanted artefacts in the correlation analysis due to nodes (spots) being present
in multiple graphs, the graphs are merged, if they share subsets of nodes using the following
definition:

Definition 4. Let G = {G1, G2, . . . , Gn} be a set of undirected graphs and each graph
consists out of at least one clique, i.e., a fully connected subgraph in a graph Gi. A union
of two or more graphs, Gi ∪Gj = (Vi ∪ Vj , Ei ∪ Ej), can be build if they share at least one
common node. The set of joined graphs G∗ is denoted as

G∗ =
n⋃

i=1

Gi

subject to the conditions

Gi ̸= Gj ∀i ̸= j

V(Gi) ∩ V(Gj) ̸= ∅ or E(Gi) ∩ E(Gj) ̸= ∅ ∀i ̸= j .

Then, G∗ is the union of all sets of undirected graphs Gi that are not disjoint. This means
none of the graphs are identical to each other and that they share at least one node or edge.

Conclusively from the definition 4, sets of separated graphs G′ are defined by

G′ = G − G∗,

which updates the set of graphs G to G† by

G† = G′
⋃

G∗

=

(
G −

n⋃
i=1

Gi

)
∪

(
n⋃

i=1

Gi

)
.

206



CHAPTER 5. SPATIAL TRANSCRIPTOMICS LANDSCAPE OF LESIONS OF
NON-COMMUNICABLE, INFLAMMATORY SKIN DISEASES

Then the final set of graphs is given by G†, containing cytokine transcript-positive spots
and their corresponding responder signature in a predefined radius r(r) on a specimen.
In addition, attributes, such as UMI-counts of a cytokine, sum of the UMI-counts of
the responder genes signature, number of cytokines in a cluster, tissue layer, specimen,
disease, and patient ID, are assigned to each node in G†. The final set of graphs G† are
denoted as spatial clusters. An example on the cluster construction for different radii
is shown in Figure 5.11 a. The clusters are identified for each specimen individually.
Moreover, the aggregated cytokine and responder signature genes UMI-counts in a cluster
are used to calculate the weighted SCC (Section 2.3.2). Subsequently, the radius of action
can be determined.

Determination of a cytokine’s radius of action. In order to determine the radius
of action, the weighted SCC has to be calculated for various radii r(r) = {r(r)1 , . . . , r

(r)
n }.

The weights wj in the weighted SCC are set to the number of cytokine transcript-positive
spots in a cluster G†

j . The counts are then ranked using eq. 2.9. Subsequently, the
weighted SCC and its p-value, for the radii r(r), are calculated.

A cytokine’s radius of action r(a) is determined considering only the significant correlation
coefficients. The radius, associated with the highest correlation value, is designated as the
radius of action r(a) of a cytokine, as defined by the formula

r(a) = max
ri∈r(r)

ρ(w)(r
(r)
i ) with ρ(w) = {i | pi ≤ 0.05}.

In summary, r(a) is the radius that results in the highest possible significantly weighted
SCC, defining a cytokine’s local impact radius on a specimen.

5.3.3.2 Application of spatial clustering identifies local hotspots

To investigate the impact radius of a disease hallmark cytokine in the epidermis, I
applied the developed density-based spatial clustering. The clustering of IFNG, IL13,
and IL17A their corresponding response signature genes was performed for the radii
r(r) ∈ {0, 1, . . . , 9}. A radius of r(r) = 0 considers a cytokine and its induced responder
genes within the same spot, whereas a radius of r(r) > 0 includes responder signals
from neighbouring spot. Weighted Spearman correlation was then calculated for each
cytokine and its associated responder signature across the defined radii. This approach
allowed for a detailed characterisation of cytokine-specific spatial correlations and their
micro-environmental reach.
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Figure 5.11: Spatial correlation between hallmark cytokines and their cor-
responding response signature genes transcripts. a) Example of the density-based
clustering algorithm on a representative lesion psoriatic specimen for radii 0−3 and cytokine
IL17A. A cluster is outlined by a black line and nearest neighbour IL17A transcript-positive
spots are connected by a red line. The nearest neighbour responder signature transcript-
positive spots are outlined by a yellow circle. In each spot the sum of the responder or
IL17A transcripts is shown. The colour indicates the number of transcripts. b) Identifica-
tion of the radius of action for each hallmark cytokine in the range of 0− 9. The highest
significant weighted SCC value is highlighted by a circle and marks the radius of action.
Weighted SCC analysis of IFNG (c), IL13 (d), or IL17A (e) density clusters. Each data
point represents a cluster and the size indicates the number of cytokine transcript-positive
spots in a cluster and the colour the location on the skin section. Figure adapted and mod-
ified from [Sch+22]. The black solid (c-e) line is fit by an ordinary least square model.
The grey area shows the CI95%. Figure adapted from [Sch+22].

For each hallmark cytokine, specific radii of action were identified (Figure 5.11 b). A near-
constant correlation between IFNG and its responder signature was observed, peaking at
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radius r(r) = 4 with ρ(w) = 0.73; p = 1.5e - 10. The correlation of IL13 exhibited a steady
increase until its maximum at r(r) = 3 with ρ(w) = 0.57; p = 1.3e - 03, before declining
and stabilising at non-significant p-values by r(r) = 7. Interestingly, IL17A showed the
highest correlation of ρ(w) = 0.83; p = 9.13e - 21 in its direct micro-environment (r(r) = 0),
followed by a decline r(r) ≤ 7 and an increase for radii r(r) > 7. The results of the
correlation analysis, based on my density-based spatial clustering, revealed that the
hallmark cytokines have distinct radii of action, indicating their specific influence on their
micro-environment.

Additionally, I examined the distribution of the clusters within the epidermal layers using
the optimal radii of 4, 3, and 0 for IFNG, IL13, and IL17A, respectively (Figure 5.11 c-e).
While clusters of IFNG and IL13 were primarily distributed throughout the entire
epidermis, clusters of IL17A appeared in specific epidermal layers. Due to the naturally
thicker epidermis in psoriatic lesions, more finely resolved clusters were found within the
epidermis. In lichen planus and eczema, the epidermis was comparatively thin, corre-
sponding to one or two rows of spots in a tissue section. Considering these observations, it
became evident that in lichen planus and eczema, the clusters were distributed throughout
the entire epidermis for radii r(r) ≥ 2. In essence, the spatial clusters of IFNG and IL13
were spread throughout the epidermis, while IL17A clusters were confined to specific layers.

I further analysed the impact of the cytokine transcripts on the immune response
within the identified spatial clusters. Interestingly, only up to 15 cytokine transcripts
(IFNG : 1 to 8, IL13 : 1 to 3, IL17A: 1 to 15 UMI-counts/spot) were measured in total in
the identified clusters. These were able to induce up to 25, 000 responder transcripts in
the close vicinity of IFNG, IL13, and IL17A. This indicates a notable amplification of the
immune response by relatively low numbers of cytokine transcripts, leading to increased
inflammation in the tissue.

In summary, leveraging the density-based clustering, I determined the radius of action
for each hallmark cytokine, IFNG, IL13, and IL17A. These cytokines are able to induce
localised immune response cascade.

5.3.3.3 Data-driven expansion of cytokine associated genes

The Visium technology provided insights into the direct micro-environment of cells, thereby
enabling an assessment cytokine induced activity within the tissue. This raised the question
of whether the clustering algorithm could reveal additional genes potentially associated
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Figure 5.12: The spatial clustering algorithm identifies additional cytokine
associated genes and potential drug targets. a-c) DGE analysis between cytokine
transcript-positive spots and cytokine transcript negative-spot outside of the range of the
radius of action of each hallmark cytokine, which is 4, 3, and 0 for IFNG (a), IL13 (b), and
IL17A (c), respectively. Golden and grey coloured genes mark are significantly upregulated
and non-significant responder signatures, respectively. A gene is denoted as DEG if it
meets the threshold of padj value < 0.001 and absolute log2FC > 1. d-f) Top 10 enriched
pathways identified by ORA of upregulated DEGs (padj value < 0.05 , log2FC > 1) in
IFNG, IL13, and IL17A transcript-positive spots. g-i) The top 3 pathways selected by
padj value and their associated genes. Figure adapted from [Sch+22].
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with cytokines beyond the predefined responder signature genes. To address this
question, I provided raw counts from the preprocessed count matrix as input to the
clustering algorithm along with the optimal radii 4, 3, and 0 for IFNG, IL13, and IL17A,
respectively. The Density-based clustering was then applied to the epidermal spots,
identifying cytokine transcript-positive clusters for downstream analysis. This data-driven
approach demonstrated the potential to uncover additional genes within cytokine-enriched
micro-environments.

To identify potential cytokine-associated genes, DGE analysis was performed, comparing
cytokine transcript-positive spots with other epidermal spots outside of any respective
cytokine clusters. This analysis identified 974 IFNG-related, 148 IL13 -related, and 228

IL17A-related upregulated DEGs in the cytokine transcript-positive spots. Notable genes
included SRGN, LYZ, and CCL17 for IFNG ; CLEC10A for IL13 ; and GM2A for IL17A,
respectively (Figure 5.12 a-c). In addition, genes from cytokine response signatures
derived from the literature and keratinocyte experiments were observed. This indicates
that additional cytokine-associated genes could be indeed identified using a data-driven
approach.

The upregulated DEGs were subjected to an ORA to elucidate pathways highly activated
in cytokine transcript-positive spots. Beyond previously identified pathways (Figure 5.5 e,
Figure 5.7 b, d), other enriched pathways were observed, such as "GPCR ligand bind-
ing" and "Translocation of ZAP-70 to Immunological synapse" for IFNG ; "Neutrophil
granulation", "Interferon Signaling", "Phosphorylation of CD3 and TCR zeta chains",
"generation of second messenger molecules", and "PD-1 signaling" for IL13 ; and "GPCR
ligand binding" and "Antimicrobial peptides" for IL17A, respectively (Figure 5.12 d-f).
These results suggest that additional genes could be identified that are involved in the
activation and regulation of T cells, the production of cytokines, and the immune response.

In summary, the combination of spatially resolved transcriptomes and my density-based
clustering algorithm allowed to gain insight into the pathogenesis of cytokines and their
radius of action in the immediate micro-environment. In general, a higher induction of the
immune response was observed in epidermal regions, as there were more cytokine secreting
cells measured compared to areas with less or no cytokines. In addition, the study showed
that even low numbers of cytokine transcripts can trigger enormous inflammatory cascades
in localised epidermal clusters, confirming the stated hypothesis.
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5.4 Summary and discussion

This chapter focused on investigating the ST landscape of the most common ncISDs,
namely lichen planus, eczema, and psoriasis. Previous molecular studies of ncISD
have advanced biomarker discovery and elucidated general biological mechanisms, yet
effective treatments are lacking due to the incomplete molecular understanding of cellular
interactions within the complex tissue micro-environment. Addressing this challenge
requires high-resolution approaches capable of uncovering these mechanisms to guide the
development of targeted therapies.

To achieve this, I analysed a large repository comprised of 31 L and 14 NL samples using
10x Visium. The expression levels and spatial patterns of the hallmark cytokines IFNG,
IL13, and IL17A were characterised and validated using bulk RNA-seq, scRNA-seq,
and ISH (objective (vi)). The micro-environment of cytokine-expressing leukocytes was
examined and compared to single-cell leukocyte profiles (objective (vii)). Building upon
these insights, I developed a density-based clustering algorithm to identify spatial clusters
of cytokine and responder signature transcript-positive spots. Each cytokine’s radius of
action was determined by maximising the correlation between cytokine and responder
signature transcripts within these clusters (objective (viii)). The findings indicate
that a small subset of immune cells sustains an immune cascade in ncISDs, producing
cytokine transcripts that induce thousands of pro-inflammatory responder transcripts in
spatially localised patterns. These insights provide a granular understanding of the ncISD
pathogenesis and provide a foundation for developing therapies to treat skin lesions with
greater precision.

I investigated the expression characteristics of three hallmark cytokines, IFNG, IL13, and
IL17A, using ST. Despite their crucial roles in immune regulation, only 372, 103, and 154

of IFNG, IL13, and IL17A transcript-positive spots, respectively, were detected in L skin.
Moreover, these were predominantly located in the upper dermis and epidermis layers in
L skin [CVS20] [Zha+22a]. Specifically, IFNG was expressed in the upper dermis and
basal epidermis, while IL17A was primarily detected in the epidermis, consistent with
the literature [EE18] [Ruc+11] [DRM11] [Uji+22]. Validation through bulk RNA-seq,
scRNA-seq, and ISH confirmed the general low expression of these cytokines, while
functional verification via IHC and flow cell cytometry demonstrated their activity and
disease relevance. In summary, while the measured cytokine transcripts were limited in
number, they exhibited disease-specific spatial expression patterns, offering insights into
localised immune responses in the skin.
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To characterise disease-driving leukocytes in L skin, I compared IL17A transcript-positive
and transcript-negative spots. In IL17A transcript-positive spots, I observed an expected
upregulation of type 3 immune response genes, such as IL17F and IL26. Additionally,
genes induced by IL17A, such as NOS2, CXCL8, and DEFB4A were upregulated,
which are markers of oxidative stress, neutrophil migration, and antimicrobial peptides
(AMPs). Amongst the top enriched pathways was "Keratinization", which is commonly
accelerated in psoriatic epidermis [CSM05] [Gal+18], suggesting exacerbated inflammation
symptoms near IL17A-producing leukocytes. Notably, response signatures induced by
IL17A-expressing leukocytes were not upregulated in leukocytes in the scRNA-seq data,
demonstrating the advantages of ST in preserving spatial context. Thus, ST revealed
that IL17A induces specific immune responses and enriches distinct pathways in its
micro-environment in inflamed tissue.

I compared IFNG transcript-positive and transcript-negative spots, to further charac-
terise the disease-driving leukocytes. In IFNG transcript-positive spots, I observed an
upregulation of type 1 immune response associated genes, including CXCL9, CXCL10,
and cytotoxic markers. Pathway enrichment analysis confirmed a dominant presence
of immune-response-related pathways. Additionally, genes such as FASLG and GZMB,
which are associated with cell death in IFNG expressing leukocytes [Lau+18] [Sha+],
were also upregulated. This findings were partially consistent with the scRNA-seq data,
where these cell death markers were upregulated, but type 1 immune response associated
genes were downregulated. These results indicate that IFNG-expressing leukocytes are
primarily involved in type 1 immune responses and cell death pathways, showing their
dominant role in driving immune responses in skin lesions.

A biological characterisation of disease-driving leukocytes expressing IL13 was conducted
using the ST dataset. Type 2 immune response markers such as CCL17, CCL19, and
CCL22 were observed in leukocytes IL13 transcript-positive spots. Commonly they are
induced by IL13 and IL4. However, IL4 was not detected in the ST dataset, which could
be due to the low sensitivity of the technology [SK23]. These findings demonstrate that,
like IFNG and IL17A, IL13 induces specific immune responses and enriches particular
pathways within its micro-environment.

Responder signatures for IL17A, IFNG, and IL13 were identified by integrating DEGs
from in vitro stimulated primary human KCs, ST data, and literature. In total 21, 29,
and 4 epidermal responder signature genes were determined for IL17A, IFNG, and IL13,
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respectively. The impact radius of cytokines in the epidermis was assessed by correlating
their transcripts with their induced response signatures using the density-based clustering
algorithm. By varying the clustering radius, the optimal impact radius was determined
as the one yielding the highest weighted SCC. Results showed that cytokine-induced
responses were strongest in the close micro-environment of IL17A, IFNG, and IL13,
with a few cytokine transcripts inducing a thousand fold higher immune response. This
strengthened the finding that a few cytokines drive inflammation.

A limitation of ST is its inability to resolve individual cells due to the mini-bulk resolution
of each spot (� 55µm), which often captures transcriptomes from multiple cells. To
address this, I applied Tangram, a computational tool that predicts cell type compositions
within spots and corrects for ST’s low sensitivity [Bia+21]. While Tangram identified
multiple cell types in cytokine transcript-positive leukocyte spots, the potential influence
of neighbouring or co-localised cells on the observed immune response markers remains
unresolved and requires further investigation. Additional limitations include the spatial
distance between spots (100µm) and the lack of a 3D context. These challenges complicate
the analysis of inter-cellular interactions, spatial dynamics of the immune response, and
influence of neighbouring cells on each others expression profiles. Single-cell resolved ST
(e.g., 10x Genomics Xenium) offers a promising alternative, providing greater granularity
[Liu+24]. Furthermore, integration of z-stacks could further enhance insights into tissue
structure and immune response dynamics [MP22]. Addressing these challenges will
advance our understanding of immune response dynamics in ncISDs.

The limitations of the density-based clustering algorithm are partly linked to the chal-
lenges of ST. Correlations between cytokines and responder signatures may be affected by
co-existing cell types, markers, and cytokine transcript-positive spots containing multiple
cytokines. Incorporating additional attributes into graph node could enable to account for
these effects, thereby improving clustering accuracy. Furthermore, the algorithm currently
operates in 2D, limiting its ability to fully capture the immune response dimensions.
Extending the algorithm to 3D could better identify disease-promoting networks and
inflammation hotspots, informing targeted therapies such as CAR T-cell treatments
[SS21]. Another limitation is the circular clustering formation, which includes entire rings
of nearest neighbour responder signature transcript-positive spots, potentially overlook-
ing irregular inflammatory patterns. A more adaptive approach that selectively adds
individual neighbours could better represent irregularly shaped inflammatory regions. En-
hancing the clustering algorithm to operate in 3D and refining neighbour selection would
improve the its ability to identify disease-promoting networks and guide precision therapies.
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This study reinforces the utility of cytokine-induced responder signatures as biomarkers,
providing further evidence to support their theragnostic applications in ncISDs. Recent
examples include molecular classifiers that distinguish between psoriasis and eczema
using NOS2 and CCL27 [Gar+16] [Qua+14] [Fis+23], as well as predictive biomarkers
such as serum IL - 19 levels for anti-IL - 17 therapy response [Kon+19] [Kol+17]. Addi-
tionally, correlations between disease severity and markers such as DEFB4A in psoriasis
and CCL17/TARC in eczema demonstrate the diagnostic and prognostic potential of
responder signatures [Bak+20]. In summary, the findings from the characterisation of
cytokine transcript-positive leukocyte spots using ST could inform biomarker discovery
and contribute to optimising treatment strategies in ncISDs.

The density-based clustering algorithm developed in this study provides a promising
approach for detecting mediators and their specific antigens that activate disease-driving
immune cells. Identifying these immune cell activators could support the development of
antigen-specific immunotherapies. Furthermore, the clustering algorithm is applicable to
other diseases and tissues, such as cancer, where it could contribute to identifying immune
hotspots and biomarkers. This broad applicability positions the algorithm as potential
tool for advancing precision medicine across various diseases.

Precision medicine in oncology has shown the importance of targeting disease-driving
mutations. For instance, in malignant melanoma, focusing on specific mutations that drive
tumour growth and metastasis has significantly improved patient survival rates [Icg]. This
study suggest a parallel in ncISDs, where a small subset of cytokine-producing immune
cells maintains inflammation. As these cytokines form localised epidermal clusters,
adapting precision medicine principles from oncology to ncISDs could disrupt this cycle
by selectively targeting disease-driving immune cells, offering a potential strategy for
curative therapies.

In summary, this study provided insights into the functional relevance of sparse and low-
expressed cytokine transcripts in comparison to bystander immune cells. The findings were
validated across various technologies. Additionally, the results of my density-based cluster-
ing algorithm revealed that cytokines can induce an enormous immune response cascade
in localised, epidermal clusters. These insights may pave the way for innovative, targeted
therapeutic strategies and contribute to the advancement precision medicine approaches
for ncISDs.
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Chapter 6

Discussion and Outlook

In non-communicable chronic inflammatory skin diseases (ncISDs), the established
disease ontology often fails to capture the heterogeneity and complexity, leading to
diagnostic inaccuracies and ineffective treatments. These limitations can have serious
consequences for patients and contribute to increased healthcare costs. Precision medicine
is a promising solution, enabling accurate patient stratification and customised treatment
plans. However, despite advancements in stratifying patients into immune response
patterns (IRPs), some patients remain non-responders to treatment, demonstrating
the need for further exploration of additional molecular information in ncISDs. This
will enhance the understanding of disease heterogeneity, reveal additional biological
mechanisms, and uncover spatially organised inflammatory processes that shape the tissue
micro-environment in ncISDs.

This thesis integrates transcriptomics, statistical methods, and machine learning (ML) to
enhance precision medicine in ncISDs. Using a hypothesis-free approach and an automa-
tised highly variable gene (HVG) selection pipeline, I stratified patients into 13 biologically
and clinically characterised endotypes, revealing inaccuracies in current clinical diagnos-
tics (objectives i-iii). I further hypothesised an association between psoriasis-like endotypes
and drug response, training and validating gene-expression-based classifiers to distinguish
these groups using a minimal set of single predictive markers (objectives iv, v). Addi-
tionally, spatial transcriptomics (ST) enabled spatial analysis of ncISDs, identifying the
impact radius of disease-driving cells on their micro-environment (objectives vi-viii). These
methodologies refine patient stratification, identify predictive biomarkers, and enhance un-
derstanding of the inflammatory micro-environment, contributing to precision medicine.

Summary of outcomes

Molecular clustering revealed 13 distinct ncISDs endotypes, showing the limitations of
current clinical classifications. To improve patient stratification, I developed an automated
HVG selection pipeline incorporating the highly relevant gene (HRG) method to enhance
clustering efficiency, reduce dimensionality, and retain biologically relevant transcriptomics
signatures. This approach does not require user-defined thresholds, thereby improving
reproducibility. By determining the optimal number of clusters and applying the Leiden
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algorithm, I identified 13 molecular endotypes across 21 ncISDs (objective i). This
data-driven approach refines disease classification by capturing molecular heterogeneity in
a reproducible manner.

Patient stratification into molecular endotypes revealed that clinical classifications fail to
capture underlying biological differences (objective ii). Phenotypically similar diseases,
such as psoriasis and pityriasis rubra pilaris, showed distinct gene expression profiles,
while clinically distinct conditions, like cutaneous lymphoma and parapsoriasis, shared
molecular features with eczema. The co-clustering of rare and common diseases suggests
shared molecular pathways, potentially enabling drug repurposing. Notably, eczema
exhibited high heterogeneity across multiple endotypes, and four distinct psoriasis-like
endotypes (E8, E11 - E13) were identified. These findings highlight the limitations of
current disease classification and emphasise the importance of molecular profiling for
improved patient stratification.

Endotype separation was primarily driven by metabolic (E5 - E10) and inflammatory
(E1 - E4, E11 - E13) processes (objective iii). Metabolism-driven endotypes were pre-
dominantly associated with eczema, pityriasis rubra pilaris, and diseases with undefined
(UD) IRPs, suggesting shared skin barrier dysfunction. In contrast, inflammation-driven
endotypes were linked to psoriasis and diseases characterised by specific IRPs (e.g., IRP 1,
IRP 2a, IRP 5). Notably, rare disease-associated endotypes (E6, E9, E10) exhibited
distinct metabolic and keratinisation pathways, reinforcing their connection to barrier
abnormalities. These findings demonstrate the role of metabolic and inflammatory
pathways in ncISD endotypes and their potential as therapeutic targets.

The clinical presentation of certain endotypes revealed inconsistencies in current diagnostic
approaches (objective iii), reinforcing the need for molecular diagnostics. E5 exhibited
reduced pustule formation despite its association with pityriasis rubra pilaris . In contrast,
E12 was the only endotype with clear psoriasis-like features. E3 and E4 aligned more
closely with interface dermatitis diseases, representing the only cases where clinical and
molecular profiles matched. These findings show the limitations of diagnosis based solely
on clinical features, reinforcing the necessity of molecular diagnostics for accurate patient
stratification and targeted therapies.

I also explored the potential implications of endotypes in guiding therapy selection by
examining the relationship between psoriasis-like endotypes and drug response. Trends
of correlations between IL - 23, IL - 17, and TNF -α inhibitors and E12/E13, E8/E11 and

218



CHAPTER 6. DISCUSSION AND OUTLOOK

E13 were observed, respectively (objective iv). The differences in drug response can be
potentially be explained by biological differences in immune activation, protein synthesis,
and keratinisation pathways. While these findings provide a promising step towards
linking endotypes with drug response and identifying biomarkers for patient classification,
the relatively small sample sizes in both the discovery (n=34) and validation (n=22)
cohorts limited statistical power and generalisability. Studies involving larger cohorts are
needed to confirm endotype-drug-target associations.

Building on insights into potential endotype-specific drug responses, I developed classifiers
using a minimal set of predictive genes (objective v). To enhance feature selection, I
introduced GeneSTRIVE, a methodology designed to process noisy and heterogeneous
transcriptomics data, improving the biological relevance and robustness of selected
features. Integrated into a triad feature selection pipeline, GeneSTRIVE reduced
dimensionality from 17, 816 to less than 20 genes, an essential factor for future clinical
translation. The resulting classifiers achieved high predictive accuracy, including an
E12/E13 vs. E8/E11 classifier (19 genes, weighted F1-score=84.00%) and an E12 vs.
E13 classifier (15 genes, weighted F1-score=87.50%), demonstrating their potential in
precision diagnostics.

To further enhance our understanding of disease mechanisms within skin, I analysed a ST
dataset. Focusing on the hallmark cytokines IFNG, IL13, and IL17A of disease-driving
immune cells, I observed tissue layer-specific expression patterns (objective vi). Despite
their low number of transcripts, these cytokines significantly shaped local immune
environments, influencing immune activation, epidermal changes, and inflammatory
cascades (objective vii). Using the density-based clustering algorithm on the ST dataset,
I identified distinct cytokine-driven immune clusters (objective viii), reinforcing that a
few cytokine transcripts ranging from 1 to 37, 1 to 12, and 1 to 27 transcripts/section
for IFNG, IL13, and IL17A, respectively, can induce profound inflammatory responses.
These findings refine our understanding of ncISD pathogenesis and provide the potential
for spatially resolved molecular profiling for enhanced therapeutic interventions.

In summary, this thesis establishes a molecular framework for endotyping, offering
insights into cytokine-driven immune responses and disease heterogeneity. By integrating
transcriptomics, statistical modelling, and ML-based methods, it advances patient
stratification, biomarker discovery, and our understanding of ncISDs, paving the way for
precision medicine in dermatology.
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Impact of research

The identification of molecularly distinct endotypes has significant implications for patient
stratification and treatment in ncISDs. Clinical diagnoses often fail to capture molecular
heterogeneity, limiting treatment precision. This thesis addresses this gap by developing a
transcriptomics-based strategy for endotype identification, advancing precision medicine
in dermatology. Stratifying patients into biologically meaningful subgroups enables
targeted therapies, reduces misdiagnoses, and improves treatment responses. Additionally,
the molecular composition of endotypes supports classifier development to distinguish
clinically similar diseases, such as eczema, cutaneous lymphoma, and parapsoriasis [EG99]
[Kik+93], as well as psoriasis and pityriasis rubra pilaris [EE18]. This approach also
facilitates drug repurposing, particularly for rare diseases sharing molecular features with
better-characterised conditions. Integrating molecular endotypes into ncISDs diagnostics
and theragnostics could transform disease classification, paving the way for personalised
treatment strategies.

The endotypes were identified using a strategy similar to previous studies, which clustered
patients from a dimensionality-reduced dataset [AA+19] [DiN+22] [Kra+23b] [KVR21].
To enhance clustering efficiency, I incorporated the HRG approach into my automated
HVG selection pipeline, outperforming established methods based on the mean-variance
relationship [WAT18] and standard deviation. The pipeline uses accuracy (optional) and
Davies-Bouldin Index (DBI) to ensure a data-driven selection of HVGs and automatically
determines the optimal number. This improves reproducibility, reduces bias, and enhances
the accuracy of downstream analyses. The pipeline is also broadly applicable to RNA-
sequencing (RNA-seq) studies and enables the identification of biologically meaningful
clusters.

The identification of psoriasis-like endotypes linked to specific drug targets can improve
therapy selection. The triad feature selection method, including GeneSTRIVE, demon-
strated the feasibility of selecting a minimal, biologically meaningful set of single genes for
classification, offering a robust approach for biomarker discovery. This pipeline overcomes
limitations of other methods, such as the "curse of dimensionality", noise, and risk of
overfitting [Pud+22] [HK99] [Szy+09] [SKZ10], improving classification robustness and
interpretability in high-dimensional transcriptomics datasets. The triad selection method
provides markers for molecular diagnostics and therapy selection, thereby contributing to
precision medicine.
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This research provides a foundation for the development of artificial intelligence (AI)-guided
therapy selection through endotype classification, instead of purely classifying diseases
[Gar+16] [Kam+10] [Tso+19] [Fis+23]. By utilising classifiers able to handle unseen
classes, dermatologists will be better equipped to make informed decisions, leading to
more effective therapies tailored to each patient’s molecular profile. In essence, the
classifiers are a step towards precision medicine in ncISDs.

Beyond patient classification on the bulk RNA-seq level, this thesis advances the molecular
characterisation of ncISDs by studying the spatially and single-cell resolved characteristics
of disease-promoting cells. The identification of cytokine-induced local, epidermal immune
response clusters could lead to the discovery of spatial biomarkers and development of
targeted treatment strategies. While clustering approaches classify patients based on
transcriptomics profiles, ST provides insight into the tissue-specific structure of these
molecular signatures. This complementary approach refines disease classification by
revealing spatial patterns of immune activation, thereby enhancing therapy selection and
precision medicine strategies.

The density-based clustering algorithm can be also applied in other disease contexts studied
using ST. For instance, it could be used to investigate various tissue structures, includ-
ing sebaceous glands [Sei+24], and tissue-specific disease processes such as granulomas
[Kra+23a]. Beyond dermatology this methodology holds promise for the field of oncology
[Aro+23] [Bra+24], broadening the translational impact of this algorithm beyond derma-
tology. These examples show the versatile usage of this method potentially informing
biomarker discovery.

Challenges and limitations

While this study provides valuable insights into the molecular endotypes of ncISDs,
several limitations have to be considered when interpreting the findings. These limitations
primarily concern dataset composition, methodological constraints in feature selection
and classification, sequencing resolution, and the robustness of linking endotypes to drug
response. Some challenges have been already discussed in detail in Chapters 3.4, 4.4, 5.4.
The following provides a summary of the most critical aspects and outline future directions.

A limitation of this thesis is the restricted diversity of datasets, which include only 21

or three of over 100 defined ncISDs [EE18], with a bias towards psoriasis, eczema, and
lichen planus. While biologically meaningful endotypes were identified (objective i), the
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disease composition may have influenced clustering, limiting endotype discovery and
alignment with existing disease ontology (objective ii). A comprehensive evaluation
of endotype-therapy-response associations would require inclusion of all endotypes,
potentially revealing opportunities for drug repurposing (objective iv). Expanding the
investigation of the inflammatory micro-environment beyond psoriasis, eczema, and lichen
planus using ST could have provided broader insights into immune cascade dynamics
across multiple diseases (objective viii). The under-representation of rarer diseases may
have affected generalisability, highlighting the need for future studies to incorporate a
wider spectrum of ncISDs (objective iii). Thus, integrating datasets from diverse sources
would enhance patient stratification and improve the robustness of these findings.

While effective, the automated feature selection pipeline and clustering approach have
methodological limitations. The predominance of psoriasis and eczema samples may have
biased feature selection, potentially overlooking markers in under-represented ncISDs
(objective i). Additionally, the classification models were optimised for psoriasis-like
endotypes but not designed for unseen patient categories, limiting generalisability
(objective v). To reduce misclassification risks, alternative strategies such as anomaly
detection [Yan+24] or hierarchical classification [Sel+21] should be explored. These
methods could enhance adaptability, better capture ncISD heterogeneity, and improve
clinically applicable predictive models.

Establishing a robust link between endotypes and drug response (objective iv) remains
a challenge, primarily due to the limited sample size in the used cohorts. While initial
findings indicate potential associations, the statistical power of these results is constrained,
and differences in experimental design, choice of read alignment tool [REE19], and the
missing data imputation approach in the validation cohort may have introduced variabil-
ity. Addressing these issues will be crucial for enhancing the reliability of drug response
predictions. Thus, future work should prioritise the standardisation of the whole data
process chain and the inclusion of larger cohorts to validate these associations.

ST has provided valuable insights into immune cell distributions in psoriasis, eczema,
and lichen planus, yet it is limited by its resolution. The mini-bulk resolution of
ST captures transcriptomes from multiple cells [Gen] [Stå+16], potentially confound-
ing cell-type-specific expression patterns and restricting precise characterisation of
disease-driving immune cells (objective vi) and their micro-environment (objective vii).
Despite computational deconvolution using Tangram [Bia+21], the impact radius of
disease-driving cells (objective viii) remains constrained by spot size, spatial arrangement,
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and the lack of a 3D perspective. Higher-resolution ST technologies, including single-cell
and 3D methods, could enhance spatial characterisation and provide deeper insights into
immune cell interactions in the skin.

The density-based clustering algorithm used to identify immune response clusters is
constraint by the presence of multiple cell types within transcript-positive spots. These
may confound the correlation between cytokines and their corresponding responder
signature genes as well as obscure individual immune cell contributions (objective vii). As
the algorithm operates in two dimensions, limiting its capacity to capture the complexity
of the tissue micro-environment. A 3D framework could provide a more accurate represen-
tation of inflammatory networks and disease progression. Moreover, the current clustering
method adds entire rings of nearest-neighbour transcript-positive spots, which may not al-
ways align with the irregular shapes of inflammatory regions in biological tissues. Refining
the algorithm to selectively include neighbouring spots would improve spatial cluster-
ing accuracy and enhance the identification of biologically relevant inflammatory networks.

While these limitations present challenges, this thesis contributes towards the realisation
of precision medicine in ncISDs. Further research is required to refine the endotypes, en-
hance the generalisability of classification models, and improve the spatial characterisation
of the immune response. Expanding datasets to include a broader spectrum of ncISDs,
optimising feature selection methodologies and classifiers, as well as integrating higher-
resolution transcriptomics technologies will enable developing more precise diagnostic and
therapeutic strategies in dermatology.

Future opportunities

The identification of endotypes has significant implications for diagnosis, patient stratifica-
tion, and therapy selection. This thesis presents an automatised HVG selection framework,
enabling the clustering of patients into previously unrecognised molecular subgroups and
revealing limitations in clinical classifications. These endotypes could refine diagnostic
frameworks, enhance patient stratification in clinical trials, and inform therapy selection
[Ozd+18]. Furthermore, the ability to distinguish molecularly distinct patient groups
has direct implications for drug repurposing, particularly for rare diseases with molec-
ular similarities to better characterised conditions. Collectively, these findings advance
the understanding of ncISDs and contribute to a biologically informed classification system.
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The complexity and heterogeneity of ncISDs highlight the necessity of molecular diag-
nostics. Endotype-based patient stratification has the potential to transform ncISDs
management, shifting from descriptive diagnostics to molecular-driven precision medicine.
As transcriptomics profiling becomes more accessible and cost-effective, molecularly
defined endotypes could become integral to routine diagnostics, improving treatment
selection while minimising adverse effects.

Future research could refine endotype classifications by integrating single-cell
RNA-sequencing (scRNA-seq) data or multi-omics approaches, as suggest for asthma
[RDW22] [SN17] and Parkinson’s disease [Mih+24]. Expanding ncISDs endotype defini-
tions to include data from other diseases may further identify cross-disease endotypes. For
example, integrating cancer and ncISDs datasets could reveal shared molecular pathways,
given the role of chronic inflammation in tumorigenesis [Cią+21]. This integrative
approach may reveal common biological mechanisms and biomarkers, enabling drug
repurposing and refining patient stratification. Thus, considering both shared and distinct
molecular characteristics alongside clinical phenotypes, treatment strategies could be
optimised to enhance therapeutic outcomes.

Endotype classification will further drive the realisation of precision medicine in ncISDs
and inform therapy selection. By leveraging ML models trained on endotype-specific
gene expression signatures, this research has shown the possibility of predicting patient
subgroups that are more likely to respond to specific biologic treatments, such as IL - 23,
IL - 17, and TNF -α inhibitors. After addressing the limitations of these classifiers, they
could be integrated in clinical settings to assist in patient stratification and treatment
selection. Predicting therapy response based on molecular profiles may improve treatment
efficacy, reduce adverse effects, and lower healthcare costs [Mal+20] [Özm+19]. As these
models are further refined and validated, their incorporation into the diagnostic process
could enhance clinician confidence in patient centred treatment strategies.

The development of advanced ML models and the integration of diverse data sources hold
great potential for advancing precision medicine in ncISDs. The increasing availability of
RNA-seq data provides opportunities to adapt foundation models, such as CancerGPT
[Li+24], to predict drug synergy and response in ncISDs. Integrating data sources,
such as miRNA profiles [WD+18] [Zib+10], proteomics [Yan+23] [Man+21], scRNA-seq
data [Wu+24], and time-course studies [Joh+20] [Mih+24], may enable the discovery
of biomarkers and support drug repurposing [IS23]. This integration could enable the
creation of digital twins for monitoring disease progression and treatment response
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[VRK22]. However, clinical implementation requires data privacy measures and the
standardisation of data acquisition, processing, and analysis protocols [Bla+18] [SKK20]
[Man+21]. Once these challenges are addressed, these models could greatly benefit clinical
practice. In summary, as data collection grows, the development of ML models and the
identification of biomarkers will drive precision medicine in ncISDs.

ST and scRNA-seq can enhance endotype characterisation by providing insights into
immune micro-environments and cytokine-induced immune response clusters. While
bulk RNA-seq has identified molecular subtypes, it cannot capture cell-cell interactions
or layer-specific immune activities in the skin. scRNA-seq addresses this limitation by
providing cell type composition, either by transferring endotype labels from bulk RNA-seq
or using deconvolution methods like MuSiC [Wan+19] and BayesPrism [Chu+22]. It
also reveals intercellular communication [STM15] [Dim+22]. Additionally, ST refines
endotype classification by offering insights into spatial immune environments, cytokine
distributions, and tissue niches [FST23]. Combining scRNA-seq and ST may reveal
previously undetectable disease subtypes, IRPs, and inflammatory mechanisms. In the
short term, cross-referencing endotype signatures with single-cell and spatial immune
interactions could identify biomarkers linked to therapy response, while classifiers based on
bulk, scRNA-seq, and ST data may improve endotype prediction. These techniques could
refine endotype definitions, highlighting specific cytokine clusters or interactions that
distinguish therapy responders from non-responders, thus advancing patient stratification.

In the long term, integrating ST data into clinical workflows could transform dermato-
logical diagnostics by enabling spatially informed therapy selection. As ST technologies
advance, combining single-cell ST with multi-omics approaches like proteomics [Yan+23]
[Man+21] and metabolomics [Gow+08] will offer a comprehensive molecular landscape
of ncISDs, facilitating the discovery of therapeutic targets also for more rare subtypes.
ST-based profiling, combined with advanced deep learning models, could enable longitu-
dinal monitoring of immune dynamics [Zha+22b] [VRK22], allowing for timely treatment
adjustments. Identifying spatial biomarkers could lead to spatial target-based drugs,
enhancing diagnostics, therapy selection, and patient outcomes [Zha+22b]. Additionally,
ST may help identify biomarker locations in the upper skin layers, potentially reducing
the need for deep skin biopsies and enabling the use of less invasive sampling techniques
such as tape strips or microbiopsies [Fis+23]. In the future, ST may bridge the gap
between skin-layer resolved molecular profiling and actionable clinical insights, advancing
precision medicine in dermatology.
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Exploring the immune hotspots identified by my density-based clustering algorithm pro-
vides insights into cellular interactions and offers the potential for discovering biomarkers.
The clustering algorithm could be also used to identify spatially resolved immune clusters
of endotypes in the skin and inform about their distribution. Investigating tissue struc-
tures such as sebaceous glands, which contribute to inflammation in ncISDs [Sei+24], will
further enhance disease understanding. Additionally, ST could be also used to investigate
inflammatory environments, such as granulomas. In cancer, ST has identified tumour core
and edge profiles, aiding in survival prediction and therapy response in oral squamous cell
carcinoma and high-grade serous ovarian carcinoma [Aro+23] [Den+24]. Studies on 3D
molecular alterations in pancreatic cancer [Bra+24] show the potential for early detection,
which could also apply to recurrent ncISDs. In summary, ST provides valuable insights
into the cellular composition and inflammatory micro-environment in ncISDs, advancing
disease understanding and treatment strategies.
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Chapter 7

Conclusion

Precision medicine remains an unmet need in the field of non-communicable chronic
inflammatory skin diseases (ncISDs), as the established disease ontology does not fully
capture their heterogeneity and complexity. To address this gap, I introduced approaches
for patient stratification and artificial intelligence (AI)-guided therapy selection, while
also exploring the inflammatory micro-environment of disease-promoting immune cells.

This thesis proposed a hypothesis-free, data-driven framework for patient stratification,
identifying 13 endotypes. Additionally, I identified a minimal set of less than 20 robust
molecular markers capable of distinguishing between psoriasis-like endotypes, which I hy-
pothesised are linked to therapy response. Complementing these findings, the exploration
of the spatial transcriptomics (ST) landscape provided insights into localised immune
responses cascades, maintained by low numbers of cytokine transcripts. These findings
contribute to advancing precision medicine in ncISDs, offering potential diagnostic and
therapeutic applications.

The identified endotypes hold clinical potential, particularly in explaining therapy response
variability, although further validation through larger, more diverse cohorts is necessary.
These endotypes also deepen our understanding of rare disease subtypes and provide a
foundation for molecular diagnostics. The application of single-cell and spatially resolved
data will allow for a more comprehensive characterisation of these endotypes, revealing
their cellular heterogeneity, intercellular communication, and the localised inflammatory
mechanisms driving disease.

These findings enhance our understanding of ncISD heterogeneity, representing a step to-
wards precision medicine. Further research will be essential to confirm the robustness of
endotypes in diverse patient populations and to refine AI-guided therapy strategies. The
integration of multi-omics, advanced AI models, and biomarkers will drive the development
of targeted therapies and improve ncISD management through molecular diagnostics, facil-
itating the realisation of precision medicine in ncISDs. These advancements will enhance
patient care by enabling more personalised, effective treatment strategies.
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Appendix A

Further statistical tests

A.1 Parametric tests

The parametric test are used, when the data fulfils the criteria of normality and being
numerical [Sid57].

The one-sample Student’s t-test requires the data to be continuous and normality dis-
tributed. It tests whether mean µ of the sample, drawn from the population, is significantly
different from the population mean µ0 [Ueb]. The null hypotheses H0 can be tested, using
the t-distribution. Hence, the t-test is defined by [Stu08]

t =
√
n · µ− µ0

σ
, (A.1)

where n is the number of samples in a population and σ is the standard deviation of the
population. It should be noted that the t-test follows t-distribution with n− 1 degrees of
freedom.

The one-way analysis of variance (ANOVA) test analyses the variance differences between
groups and can handle interactions between observations [Ayl25]. In order to apply the
two-sample, one-way ANOVA test, the data must be continuous, normally distributed,
have equal variance across groups, and consist of independent samples. The name one-way
originates from the input which is a single, independent variable X = x1, . . . ,xn containing
at least two population groups (k ≥ 2) and a dependent variable y. It examines the effect
of X on y and whether the means of the population groups differ, with the hypothesis:

H0 : µ1 = µ2 = . . . = µk

H1 : Not all sample means are equal .

The test statistic is defined by

f =

∑k
j=1

(nj(µj−µ)2

k−1

)
∑n

i=1

∑k
j=1

( (xi−µj)2

n−k

) . (A.2)

For two groups, both the t-test and one-way ANOVA can be used [Ayl25].
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A.2. NON-PARAMETRIC TESTS: HANDLING TIES IN RANKS

In case that two populations have unequal variance, the one-way ANOVA test cannot be
applied. Instead, the Welch’s t-test can be leveraged using the hypothesis

H0 : µ1 = µ2

H1 : µ1 ̸= µ2 .

The Welch’s t-test is defined by [Wel47]

tw =
µ1 − µ2√
σ2
x1

− σ2
x2

, (A.3)

where σxi is the standard deviation of sample i ∈ [1, 2].

A.2 Non-parametric tests: Handling ties in ranks

For tied observations, the following formula of the Kruskal-Wallis test should be used
[Sid57]

H =

12
N(N+1)

∑k
j=1

R2
j

nj
− 3(N + 1)

1−
∑

t3−t
N3−N

, (A.4)

where t is the number of tied observations in a tied group of scores.
It is assumed that the sampling distribution can be approximated as χ2 with df = k − 1

for large samples sizes (nj).

The Mann-Whitney U test assumes that the observations in the pooled set of both samples
underlay a continuous distribution [Sid57]. In tied observations this assumption is violated.
Ties can be handled by assigned the mean of the rank which they would have been assigned
to in case of no ties. For tied observations the formula of the z-value is [Sid57]

z =
U − n1n2

2√(
n1n2

N(N−1)

)(
N3−N

12 −
∑ t3−t

12

) , (A.5)

where N is the total samples size n1 + n2 and t is the number of observations tied for a
given rank.
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Appendix B

Further machine learning algorithms
and metrics

B.1 Proof of relation between R2 and rp

Theorem 1 (Equivalence of R2 and rp). Let x be an independent and y a dependent
variable. Their relationship is described by a simple linear regression model

yj = β0 + β1xj + ϵj with j ∈ [1, . . . , n] ,

where n is the samples size. The model parameters β0 and β1 can be estimated by minimis-
ing the error ϵ (eq. 2.15) which is similar to solving the ordinary least square equation. It
aims for minimising the residual sum of squares (RSS) which is defined as

RSS =

n∑
j=1

(
yj − ŷj

)2

=

n∑
j=1

(
yj − (β̂0 + β1xj)

)2 (B.1)

Then the coefficient of determination R2 equals the squared Pearson’s correlation coefficient
(PCC) r2xy between x and y:

R2 = r2xy . (B.2)

Proof. The minimum of RSS is defined as the zero of the derivate function w.r.t β0 which
is 0 = 2

(∑n
j=1 β1xj − yj + β0

)
. Thus, the coefficient β0 can be calculated by

β0 = y − β1x , (B.3)

where the means are defined as y = 1
n

∑n
j=1 yj and x = 1

n

∑n
j=1 xj . In order to de-

termine the β1 coefficient the zero of the derivate of RSS w.r.t. β1 is solved which is
0 = 2

(∑n
j=1 β1x

2
j − xjyj + β0xj

)
. This can be resolved after β1 by

β1 =

∑n
j=1 xjyj −

1
nyj

∑n
j=1 xj∑n

j=1 x
2
j −

1
nxj

∑n
j=1 xj

=

∑n
j=1

(
xj − x

)(
yj − y

)∑n
j=1

(
xj − x

)2
(B.4)
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B.2. LINEAR REGRESSION MODELS

Recalling the correlation coefficient formula (eq. 2.5), which is defined by the covariance
and the standard deviation of x and y. It can be rewritten to

rxy =

∑n
j=1

(
xj − x

)(
yj − y

)√∑n
j=1

(
xj − x

)2√∑n
j=1

(
yj − y

)2 . (B.5)

Rewriting eq. B.4 the relation to rp becomes visible

β1 =

( ∑n
j=1

(
xj − x

)(
yj − y

)√∑n
j=1

(
xj − x

)2√∑n
j=1

(
yj − y

)2
)

·

(√∑n
j=1

(
yj − y

)2√∑n
j=1

(
xj − x

)2
)

= rp ·

√∑n
j=1

(
yj − y

)2√∑n
j=1

(
xj − x

)2
= rxy ·

σy
σx

(B.6)

The solutions for the coefficients, eq. B.3 and eq. B.6, can be inserted into eq. 2.16 which
rewrites to:

R2 =

∑n
j=1

(
y − β̂1x+ β̂1xj − y

)2∑n
j=1

(
yj − y

)2
= β̂1

2
1

n−1

∑n
j=1

(
xj − x

)2
1

n−1

∑n
j=1

(
yj − y

)2
=
(
rp ·

σy
σx

)2 · 1
n−1

∑n
j=1

(
xj − x

)2
1

n−1

∑n
j=1

(
yj − y

)2
= r2xy

(B.7)

Thus, the coefficient of determination is equal to the squared PCC between x and y.

B.2 Linear regression models

Lasso regression, or Least Absolute Shrinkage and Selection Operator [TH09], is a linear
regression model that applies shrinkage methods to reduce the contribution of less impor-
tant features. In comparison to other feature selection methods, which focus on subsets
of observations, shrinkage methods are less sensitive to noise [TH09]. Both approaches
improve model interpretability and are considered embedded feature selection techniques.
Lasso regression minimises the RSS while penalising it with the L1 lasso penalty. Let
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APPENDIX B. FURTHER MACHINE LEARNING ALGORITHMS AND METRICS

X ∈ Rn×f be a data matrix and y ∈ Rn×1. Then, the coefficients β can be determined by

β̂lasso = argmin
β

{
1

2

N∑
i=1

(
yi − β0 −

n∑
j=1

xijβj

)2

+ λ

n∑
j=1

|βj |
}

,

where λ ≥ 0 is the cost factor, controlling the amount of shrinkage, with larger values
resulting in greater shrinkage. The term

∑n
j=1 |βj | is the L1 lasso penalty, also known as

L1-regularisation [TH09].

Ridge regression, analogous to Lasso regression, minimises a penalised RSS. The coefficients
β are defined by [TH09]

β̂ridge = argmin
β

{ N∑
i=1

(
yi − β0 −

n∑
j=1

xijβj

)2

+ λ

n∑
j=1

β2
j

}
, (B.8)

where β2
j is the quadratic penalisation term, and λ ≥ 0 controls shrinkage, with lager

values resulting in greater shrinkage and reducing the contribution of features towards
zero. This penalty is also known as L2-regularisation and is referred to as weight decay α

in neural networks (NNs) [TH09].

The principal components (PCs) regression leverages principal component analysis (PCA)
to create uncorrelated linear approximations of the data matrix X (Section 2.4.1), reducing
its dimensionality from Xn×f to X̂n×q, where X ≈ X̂. This ensures independence of
features by using PCs and reduces overfitting.
Similar to Lasso regression, it regularises the model by using only q subsets of PCs. The
number of PCs is determined as described in Section 2.4.1. PCs regression is a linear model
for predicting output variables yn×1 using PCs as predictors, as described by [TH09]

ŷq = ȳ1+

q∑
k=1

θ̂kX̂k , (B.9)

where ŷq is the predicted label using q PCs, ȳ1 is the mean of the response variable, and
θ̂ contains the estimates of the coefficients of PCs. The eq. B.9 can be rewritten to

ŷi = θ0 +

f∑
j=1

( q∑
k=1

θ̂kϕjk

)
xij =

f∑
j=1

β̂jxij ,

which is similar to the linear regression model (eq. 2.14). A limitation of PCs regression is
that its prediction accuracy may be lower than other methods, as it uses an approximation
rather than the full data.
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B.3. MODEL EVALUATION METRICS

B.3 Model evaluation metrics

Accuracy is the commonly used metric to assess the performance of a binary classifier by

accuracy =
TP + TN

TP + FP + TN + FN
, (B.10)

Accuracy is used when the classes are equally represented in the dataset, otherwise the
weighted accuracy or another metric should be leveraged to assess a models performance
[Tha20].

Precision makes a statement about how many of the positively labelled samples are actually
TP by

precision =
TP

TP + FP
. (B.11)

It should be used if one wants to be certain about the prediction of positive events [Tha20].

Recall or sensitivity makes statements about how reliably the model predicts the positive
class

recall =
TP

TP + FN
(B.12)

Recall should be used when the aim is to predict as many positive events as possible
[Tha20].

Depending on the goal, particularly when aiming to classify rare events (TP), precision and
recall should be used for model performance evaluation. For example, when determining
if a patient should be treated with a drug, an incorrect decision (FP) could have severe
consequences. In such cases, prioritising precision is crucial to ensure fewer cases of FP.
However, this might lead to many actual responders being classified as FN. In essence,
the balance between precision and recall should align with the specific objectives and
conditions of the task [Tha20].

F1-score combines recall and precision

F1-score = 2 · precision · recall
precision + recall

=
2 · TP

2 · TP + FP + FN
. (B.13)

The F1-score should be used if the focus is to keep recall and precision high [Tha20].

Specificity is considered as the opposite of recall and is the ratio of TN to all samples
belonging to the negative class [Tha20]

specificity =
TN

TN + FP
. (B.14)
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APPENDIX B. FURTHER MACHINE LEARNING ALGORITHMS AND METRICS

The Receiver Operating Characteristics (ROC) curve displays the probability of separating
the positive and negative classes [Mur22]. It plots the true positive rate (TPR) against
the false positive rate (FPR) across decision thresholds θi ∈ [0, 1]. Ideal performance is
represented by a point at TPR = 1 and FPR = 0, indicating a perfect classifier [Mur22].
A random classifier has equal TPR and FPR across thresholds. The ROC curve can also
be used to evaluate and optimise machine learning (ML) models through the area under
the curve (AUC), where values closer to 1 suggest better performance, and an AUC of 0.5
indicates random guessing [Mur22].
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Appendix C

Supplementary figures and tables

C.1 Molecular classifiers of specific groups of endotypes
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Figure C.1: Second best molecular classifiers for E12/E13 vs. E8/E11 and E12
vs. E13. a, d) Feature importance showing if the feature is either predictive for (a)
E12/E13 (left, < 0) or E8/E11 (right, > 0) and (d) E12 (left, < 0) or E13 (right, > 0). b,
e) Histogram showing the prediction probability of class 1 of (b) classifier E12/E13 (class
0) vs. E8/E11 (class 1) and of (e) classifier E12 (class 0) vs. E13 (class 1). The decision
boundary is set to 0.5. c, f) Confusion matrix summarising the performance of the (c)
E12/E13 vs. E8/E11 and (f) E12 vs. E13 classifier. Higher values in the diagonal are
desired.
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C.1. MOLECULAR CLASSIFIERS OF SPECIFIC GROUPS OF ENDOTYPES
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Figure C.2: Evaluation of the association of the second best classifiers for
E12/E13 vs. E8/E11 and E12 vs. E13 with the treatment response. a, b,
d-g) Boxplots showing the predicted labels of classifier E12/E13 vs. E8/E11 and the
corresponding ∆PGA scores of each patient separated by the drug targets (b, d, f) IL-23
and (b, e, g) IL-17. c, h) Boxplots showing the predicted label of classifier E12 vs. E13
and the ∆PGA scores of each patient for drug target TNF-α. (a-c) show results of the
train set, (d, e) of the test set, and (f-g) of the independent test cohort. Statistical testing
is performed using the Mann-Whitney-U test.
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Statistic Drug Target Class Label Dataset

Training Test Kiel Cohort

Median

IL - 23 E12/E13 0.78 0.65 0.67
E8/E11 0.50 0.50 0.75

IL - 17 E12/E13 0.49 0.67 0.71
E8/E11 0.75 - 0.50

TNF -α E12 0.25 - -
E13 0.60 - 0.00

Mean

IL - 23 E12/E13 0.78 0.65 0.61
E8/E11 0.50 0.50 0.75

IL - 17 E12/E13 0.44 0.56 0.75
E8/E11 0.67 - 0.50

TNF -α E12 0.15 - -
E13 0.62 - 0.00

Min

IL - 23 E12/E13 0.75 0.50 0.33
E8/E11 0.25 0.50 0.50

IL - 17 E12/E13 0.00 0.00 0.67
E8/E11 0.20 - 0.50

TNF -α E12 0.00 - -
E13 0.52 - -0.33

Max

IL - 23 E12/E13 0.80 0.80 1.00
E8/E11 0.75 0.50 1.00

IL - 17 E12/E13 0.80 1.00 1.00
E8/E11 0.91 - 0.50

TNF -α E12 0.27 - -
E13 0.75 - 0.33

Q1

IL - 23 E12/E13 0.75 0.58 0.46
E8/E11 0.38 0.50 0.63

IL - 17 E12/E13 0.18 0.33 0.67
E8/E11 0.75 - 0.50

TNF -α E12 0.00 - -
E13 0.56 - -0.17

Q3

IL - 23 E12/E13 0.80 0.73 0.69
E8/E11 0.63 0.50 0.88

IL - 17 E12/E13 0.71 0.83 0.75
E8/E11 0.75 - 0.50

TNF -α E12 0.25 - -
E13 0.68 - 0.17

Table C.1: Boxplot information of training, test, and Kiel cohort datasets for IL - 23,
IL - 17, and TNF -α drug targets for the second best classifiers.
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Figure C.3: 2D representation of best E12/E13 vs. E8/E11 classifier features
highlighting unseen classes. a-i) Uniform Manifold Approximation and Projection
(UMAP) embedding of 19 classifier genes showing the contour lines of each unseen class
in comparison to the training and test set samples. The outermost contour line represents
the threshold value of 0.3, i.e. 30% of the probability mass lies outside of this contour line.
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Figure C.4: 2D representation of best E12 vs. E13 classifier features highlight-
ing unseen classes. a-k) UMAP embedding of 15 classifier genes showing the contour
lines of each unseen class in comparison to the training and test set samples. The outer-
most contour line represents the threshold value of 0.3, i.e. 30% of the probability mass
lies outside of this contour line.
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C.2. SPATIAL TRANSCRIPTOMICS LANDSCAPE OF SKIN LESIONS

C.2 Spatial transcriptomics landscape of skin lesions
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APPENDIX C. SUPPLEMENTARY FIGURES AND TABLES

Figure C.5: Experimental and data driven definition of responder signatures of
each hallmark cytokine. a) In vitro experiment with stimulated (for 16 h) and unstim-
ulated primary human keratinocytes (KCs). differential gene expression (DGE) analysis
is performed on generated gene expression data between stimulated and control group for
each disease hallmark cytokine. significantly differentially expressed genes (DEGs) are
identified by requiring a p - adjusted (padj) value less than 0.05 and a log2 Fold Change
(log2FC) above 1.5 for IL17A and IFNG or a log2FC greater than 1 for IL13. Intersection
between KC and spatial transcriptomics (ST) derived DEGs is built for each cytokine to
define sets of specific responder genes for IL17A (b), IFNG (c), and IL13 (d). e-g) En-
richment analysis of responder signatures in the identified upregulated DEGs (padj values
< 0.05, log2FC > 1) from the cytokine transcript-positive against negative spots DGE
analysis. The black stripes mark the position of the responder signatures in the DEG list
sorted by the signed padj value. h) Average expression of hallmark cytokines and their cor-
responding responder signature genes across all samples and specimens in lesional (L) skin
samples (n=58). The two-sided Mann-Whitney-U test is performed. Boxplot information
(responders, cytokines): median (1e - 01, 0), mean (1.48, 5.49e - 03), min (0, 0), max (1.3,
0), Q1(0, 0), Q3 (46e - 01, 0), and whiskers (0, 4.6e - 01). Figure adapted from [Sch+22].
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Disease Patient slide number non-lesional (nl) 
lesional (l)

Number of 
spots/section

Total UMI 
count/section

Median UMI 
count/spot/section

Number IFNg+ 
spots/section

Median IFNg UMI 
count/IFNg+ spot

Number IL13+ 
spots/section

Median IL-13 UMI 
count/IL-13+ spot

Number IL17+ 
spots/section

Median IL-17 UMI 
count/IL-17+ spot

2-V19S23-004-V1_2 nl 587 3332849 920 0 0 0 0 0 0
2-V19S23-004-V2_2 nl 464 3758790 1239 0 0 0 0 0 0
2-V19S23-004-V3_2 l 527 7298036 1305 0 0 2 1 0 0
2-V19S23-004-V4_2 l 524 11691137 4506,5 0 0 0 0 0 0
5-V19S18-093-V1_5 nl 525 1050295 98 0 0 0 0 0 0
5-V19S18-093-V2_5 nl 768 1865251 151 0 0 0 0 0 0
5-V19S18-093-V3_5 l 442 2299813 803 0 0 0 0 0 0
5-V19S18-093-V4_5 l 469 1861982 477 0 0 0 0 0 0
8-V19T12-006-V1_8 nl 698 4526990 382,5 0 0 3 1 0 0
8-V19T12-006-V2_8 nl 765 1120717 325 0 0 0 0 0 0
8-V19T12-006-V3_8 l 697 2062754 2113 1 1 1 1 0 0
8-V19T12-006-V4_8 l 706 8743365 2524 1 1 3 1 0 0

11-V19T12-012-V1_11 nl 305 1443493 2063 2 1 0 0 0 0
11-V19T12-012-V2_11 nl 545 2146796 861 0 0 1 1 0 0
11-V19T12-012-V3_11 l 713 3519737 494 0 0 1 1 0 0
11-V19T12-012-V4_11 l 923 3765271 619 0 0 0 0 0 0
15-V19S18-092-V1_15 l 1350 4945612 45 2 1 2 1 0 0
15-V19S18-092-V2_15 l 1504 5490636 84 1 1 1 2 0 0
SN-V11J13-122_A_20 l 181 2018930 2115 1 1 1 1 0 0
SN-V11J13-122_B_20 l 727 4756457 1803 1 1 3 1 0 0
SN-V11J13-122_A_34 l 248 15579630 40857,5 1 1 10 1 0 0
SN-V11J13-122_B_34 l 358 16844100 25051,5 2 1 11 1 0 0
SN-V11J13-122_C_35 l 995 8778245 1346 1 1 2 1 1 1
SN-V11J13-122_D_35 l 986 9860581 1278 4 1 6 1 0 0
SN-V11J13-122_C_36 l 102 632857 235 0 0 0 0 0 0
SN-V11J13-122_D_36 l 47 694052 325 0 0 0 0 0 0
3-V19S23-005-V1_3 nl 546 1148998 746,5 0 0 0 0 0 0
3-V19S23-005-V2_3 nl 549 1032311 667 1 1 0 0 0 0
3-V19S23-005-V3_3 l 450 7837183 2097 1 1 2 1 0 0
3-V19S23-005-V4_3 l 825 14444608 4877 16 1 4 1 0 0
6-V19T12-047-V1_6 nl 666 1232549 189,5 0 0 0 0 0 0
6-V19T12-047-V2_6 nl 706 784663 240 0 0 0 0 0 0
6-V19T12-047-V3_6 l 1000 15217246 1137 37 1 7 1 2 1
6-V19T12-047-V4_6 l 985 14144635 1965 31 1 6 1 0 0
9-V19T12-015-V1_9 nl 508 3532882 2077,5 0 0 0 0 0 0
9-V19T12-015-V2_9 nl 566 3094003 1740,5 0 0 0 0 0 0
9-V19T12-015-V3_9 l 814 9496593 2378,5 15 1 1 1 0 0
9-V19T12-015-V4_9 l 913 9264034 2570 19 1 2 1 0 0

12-V19T12-021-V1_12 nl 625 1438737 696 0 0 0 0 0 0
12-V19T12-021-V2_12 nl 651 1729572 679 0 0 0 0 0 0
12-V19T12-021-V3_12 l 695 5987919 1159 8 1 1 1 0 0
12-V19T12-021-V4_12 l 1040 8870277 1496,5 30 1 12 1 0 0
14-V19T12-024-V1_14 nl 598 738422 38,5 0 0 0 0 0 0
14-V19T12-024-V2_14 nl 744 422422 59 0 0 0 0 0 0
14-V19T12-024-V3_14 l 1122 13046660 223,5 6 1 0 0 3 2
14-V19T12-024-V4_14 l 1117 8378001 127 2 1 0 0 0 0
SN-V11J13-122_A_25 l 307 8348512 20988 1 1 0 0 0 0
SN-V11J13-122_B_25 l 1428 19259028 6320 20 1 1 1 0 0
SN-V11J13-120_A_26 l 1222 577953 206,5 1 1 0 0 0 0
SN-V11J13-120_B_26 l 1169 1162702 302 0 0 1 1 0 0
SN-V11J13-120_C_27 l 727 542865 187 0 0 0 0 0 0
SN-V11J13-120_D_27 l 810 881062 410 0 0 0 0 0 0
SN-V11J13-119_C_28 l 971 2082618 659 4 1 0 0 0 0
SN-V11J13-119_D_28 l 1064 14142627 5820,5 4 1 1 1 1 1
SN-V11J13-120_A_30 l 729 604015 596 9 1 6 1 0 0
SN-V11J13-120_B_30 l 898 1372578 780 3 1 2 1 0 0
SN-V11J13-120_C_37 l 627 423276 411 1 1 0 0 0 0
SN-V11J13-120_D_37 l 584 481369 465 2 1 1 1 0 0

V19523-003-V1_1 nl 818 719053 243 0 0 0 0 0 0
V19523-003-V2_1 nl 777 304605 41 0 0 0 0 0 0
V19523-003-V3_1 l 909 7325920 242 20 1 0 0 16 1
V19523-003-V4_1 l 752 8024328 1574,5 15 1 0 0 27 1

10-V19T12-025-V1_10 nl 617 446231 192 0 0 0 0 0 0
10-V19T12-025-V2_10 nl 585 679701 151 0 0 0 0 0 0
10-V19T12-025-V3_10 l 1021 5873368 552 4 1 0 0 4 1
10-V19T12-025-V4_10 l 1014 4245034 539 3 1 0 0 8 1
13-V19T12-048-V1_13 nl 790 2225142 452,5 0 0 0 0 0 0
13-V19T12-048-V2_13 nl 791 1563868 287 0 0 0 0 0 0
13-V19T12-048-V3_13 l 1144 4970420 297,5 2 1 2 1 7 1
13-V19T12-048-V4_13 l 1414 6686569 502 2 1 0 0 3 1
SN-V10N16-107_A_19 l 1079 15269051 1983 0 0 0 0 5 1
SN-V10N16-107_B_19 l 997 15906332 3798 4 1 0 0 2 1
SN-V10N16-107_A_22 l 885 13980294 3050 15 1 0 0 15 1
SN-V10N16-107_B_22 l 909 13551685 2874 11 1 0 0 12 1
SN-V10N16-107_C_29 l 691 2311770 889 2 1 0 0 3 1
SN-V10N16-107_D_29 l 736 1600795 956,5 2 1 1 1 2 1,5
SN-V11J13-119_A_31 l 1276 23903564 3004,5 6 1 0 0 7 1
SN-V11J13-119_B_31 l 696 15673596 4435 3 1 0 0 4 1
SN-V11J13-119_A_32 l 703 10738392 2694 4 2,5 1 1 7 1
SN-V11J13-119_B_32 l 557 14396251 6936 8 1 4 1 5 2
SN-V11J13-119_C_33 l 1072 8954290 2530 15 1 0 0 12 1
SN-V11J13-119_D_33 l 923 26657774 6991 28 1 1 1 8 1
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Figure C.6: Summary of general and cytokine expression in ST dataset. Table adapted
from Schäbitz & Hillig et al. (2022) [Sch+22].
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Acronyms

AI artificial intelligence

AMI Adjusted Mutual Informa-
tion

AMP antimicrobial peptide

ANOVA analysis of variance

APC antigen presenting cell

AUC area under the curve

BH Benjamini and Hochberg

cDNA complementary DNA

cdr cellular detection rate

CI confidence interval

CPM count - per - million

CV cross-validation

DBI Davies-Bouldin Index

DC Dendritic cell

DEG significantly differentially
expressed gene

DGE differential gene expression

DLQI Dermatology Life Quality
Index

ECM extracellular matrix

ES enrichment score

FACS fluorescence activated cell
sorting

FDR false discovery rate

FFPE formalin-fixed
paraffin-embedded

FFT fresh-frozen tissue

FLG filaggrin

FN false negative

FP false positive

FPR false positive rate

GLM generalised linear model

GRC Genome Reference Consor-
tium

GSEA gene set enrichment analysis

H&E hematoxylin and eosin

HKG housekeeping gene

HRG highly relevant gene

HVG highly variable gene

IHC immuno histochemistry

ILC innate lymphoid cell

IRP immune response pattern

ISH in situ hybridisation

KC keratinocyte

KNN K-nearest neighbour
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ACRONYMS

L lesional

LC Langerhans cell

LCE Late cornified envelope

LE lymphatic endothelium

log2FC log2 Fold Change

logCPM log2 counts-per-million

LRT likelihood ratio test

Mac macrophage

MAR Missing at random

MCAR Missing completely at ran-
dom

MI mutual information

MICI maximal information com-
pression index

ML machine learning

MLP Multi-layer Perceptron

MNAR Missing not at random

mRNA messenger RNA

MT mitochondrial

NB negative binomial

ncISD non-communicable chronic
inflammatory skin disease

NES normalised enrichment score

NGS next generation sequencing

NHST null hypothesis statistical
tests

NK natural killer cell

NL non-lesional

NN neural network

ORA over representation analysis

padj p - adjusted

PASI Psoriasis Area and Severity
Index

PCA principal component analy-
sis

PCC Pearson’s correlation coeffi-
cient

PCR polymerase chain reaction

PCs principal components

PGA Physician Global Assess-
ment

PR precision-recall

PtGA Patient Global Assessment

QC Quality control

RFSCV recursive feature selection
with cross-validation

RNA-seq RNA-sequencing

ROC Receiver Operating Charac-
teristics

RRA Robust Rank Aggregation

RSS residual sum of squares
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ACRONYMS

scANVI single - cell ANnotation us-
ing Variational Inference

SCC Spearman’s correlation coef-
ficient

SCORAD SCORing of Atopic Der-
matitis

scRNA-seq single-cell RNA-sequencing

scVI single-cell variational infer-
ence

SFS sequential feature selection

SMOTE Synthetic Minority Over-
sampling Technique

ST spatial transcriptomics

SVD singular value decomposi-
tion

SVM Support Vector Machine

TRM - cell resident memory T - cell

Tc cell cytotoxic T - cell

Th T-helper

TMM trimmed mean of M-values

TN true negative

TP true positive

TPM transcript per million

TPR true positive rate

Treg T regulatory cell

UD undefined

UMAP Uniform Manifold Approxi-
mation and Projection

UMI unique molecular identifier

VAE variational Autoencoder

VE vascular endothelium

VIF variance inflation factor
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