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Abstract 

Pemphigus Vulgaris (PV) is an autoimmune disease in which antibodies mistakenly target 

the adhesion proteins Desmoglein 1 (DSG1) and/or Desmoglein 3 (DSG3) on skin cells, 

leading to the loss of cell-cell adhesion and causing blistering. While the molecular changes 

following antibody binding in PV remain poorly understood, we investigated these 

downstream effects by analyzing gene and protein responses in two experimental models: 

human primary epidermal keratinocytes (HPEKs) and human skin organ culture (HSOC). 

Samples were treated with either PX43, a human-derived antibody fragment targeting DSG1 

and DSG3, or AK23, a mouse-derived DSG3 antibody, alongside control treatments. In the 

HPEK model, PV antibody treatments did not trigger notable changes compared to controls 

at 5, 10, or 24 hours. However, in the HSOC model, only PX43 induced tissue splitting and 

significant changes in gene and protein expression, particularly in pathways linked to 

inflammation and immune signaling (e.g., TNFα, Interferon α/γ, IL2-STAT5, IL5-STAT3). 

Importantly, these molecular changes resembled those seen in wounded or inflamed skin, 

suggesting that physical damage from blister formation—not the antibody binding itself—is 

the primary driver of downstream cellular responses. This study reveals that tissue injury 

may be the main trigger for disease progression in PV, pointing toward new therapeutic 

targets that focus on modulating the wound response and inflammation, rather than the 

antibodies alone. 
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Zusammenfassung 
 
Pemphigus Vulgaris (PV) ist eine Autoimmunerkrankung, bei der Antikörper fälschlicherweise 

die Adhäsionsproteine Desmoglein 1 (DSG1) und/oder Desmoglein 3 (DSG3) auf Hautzellen 

angreifen, was zum Verlust der Zell-Zell-Adhäsion führt und Blasenbildung verursacht. 

Während die molekularen Veränderungen nach der Bindung von Antikörpern in der PV nach 

wie vor nur unzureichend verstanden werden, haben wir diese nachgeschalteten Effekte 

durch die Analyse von Gen- und Proteinreaktionen in zwei experimentellen Modellen 

untersucht: menschliche primäre epidermale Keratinozyten (HPEKs) und menschliche 

Hautorgane (HSOC). 

Die Proben wurden entweder mit PX43, einem vom Menschen stammenden 

Antikörperfragment, das auf DSG1 und DSG3 abzielt, oder mit AK23, einem von der Maus 

stammenden DSG3-Antikörper, sowie mit Kontrollbehandlungen behandelt. Im HPEK-Modell 

lösten die PV-Antikörperbehandlungen im Vergleich zu den Kontrollen nach 5, 10 oder 24 

Stunden keine nennenswerten Veränderungen aus. Im HSOC-Modell führte jedoch nur PX43 

zu einer Aufspaltung des Gewebes und zu signifikanten Veränderungen in der Gen- und 

Proteinexpression, insbesondere in Signalwegen, die mit Entzündungen und Immunsignalen 

verbunden sind (z. B. TNFα, Interferon α/γ, IL2-STAT5, IL5-STAT3). 

Wichtig ist, dass diese molekularen Veränderungen denen ähnelten, die bei verletzter oder 

entzündeter Haut zu beobachten sind, was darauf hindeutet, dass die physische Schädigung 

durch die Blasenbildung - und nicht die Antikörperbindung selbst - der primäre Auslöser für 

die nachgeschalteten zellulären Reaktionen ist. Diese Studie zeigt, dass die 

Gewebeschädigung der Hauptauslöser für das Fortschreiten der Erkrankung bei PV sein kann, 

was auf neue therapeutische Ziele hindeutet, die sich auf die Modulation der Wundreaktion 

und der Entzündung konzentrieren und nicht auf die Antikörper allein. 
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1. Introduction and Background 

1.1 Autoimmune Disease – A General Overview 

Autoimmune disease is a condition that results from an abnormal response of the adaptive 

immune system, which mounted against self-antigens, targets and attacks healthy, 

functioning parts of the body as if they were foreign organisms, thus causing tissue damage 

[1]. It can be organ-specific like Type I Diabetes which affects the pancreatic islets and 

systemic like Systemic Lupus Erythematosus which can cause inflammation in the skin, 

kidneys and brain [2,3]. Susceptibility to autoimmune disease is controlled by environmental 

and genetic factors [4]. More than 100 recognized autoimmune diseases have been identified, 

according to the Autoimmune Disease List from the Global Autoimmune Institute website [5].  

Various body parts can be affected [6]. 

Components of the Immune System 

The immune system is a complex network of biological processes that defend an organism 

against diseases. It identifies and reacts to various pathogens, including viruses, parasitic 

worms, cancer cells, and foreign objects like wood splinters, while differentiating them from 

the organism's own healthy tissues. In many species, the immune system is divided into two 

primary subsystems. The innate immune system offers a rapid, pre-programmed response to 

general threats, while the adaptive immune system develops a customized response by 

learning to recognize specific molecules from previous encounters. The innate immune 

system is the body's first line of defense against infections and harmful agents, providing a 

rapid and non-specific response. It is evolutionarily ancient and present in all multicellular 

organisms [7]. Unlike the adaptive immune system, it does not have memory and does not 

improve its response upon repeated exposure to the same pathogen. Both subsystems rely 

on various molecules and cells to carry out their roles [8]. 

The immune system defends its host from infections through increasingly specific layers of 

protection. Physical barriers act as the first defense, blocking pathogens like bacteria and 

viruses from entering the body. If these barriers are breached, the innate immune system 

provides an immediate but generalized response. This innate system is found in all animals 

[9]. In vertebrates, if the pathogen manages to evade the innate defense, a second layer of 
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protection, the adaptive immune system, is triggered by the innate response. During an 

infection, the adaptive immune system fine-tunes its response to better recognize the 

invading pathogen. Once the pathogen is eliminated, this enhanced response is stored as 

immunological memory, enabling the system to mount faster and stronger defences during 

future encounters with the same pathogen [10,11].  

Both innate and adaptive immunity rely on the immune system's ability to differentiate 

between self and non-self molecules. In immunology, self molecules refer to the components 

of an organism's body that the immune system recognizes as its own. In contrast, non-self 

molecules are identified as foreign. A specific category of non-self molecules is called 

antigens—named for their role in generating antibodies—which are defined as substances 

that bind to specific immune receptors and trigger an immune response. Table 1 below 

provides a summary of the two types of immune systems. 

Table 1: Components of the immune system 

Innate immune system Adaptive immune system 

Response is non-specific Pathogen and antigen specific response 

Exposure leads to immediate maximal response Lag time between exposure and maximal 
response 

Cell-mediated and humoral components Cell-mediated and humoral components 

No immunological memory Exposure leads to immunological memory 

Found in nearly all forms of life Found only in jawed vertebrates 

 

Adaptive Immune System 

The adaptive immune system first evolved in early vertebrates, enabling a more robust 

immune response and the development of immunological memory, where each pathogen is 

"remembered" by its unique antigen [12]. This system's response is antigen-specific, requiring 

the recognition of distinct "non-self" antigens through a process known as antigen 

presentation. Antigen specificity allows the immune system to create responses precisely 

targeted to specific pathogens or infected cells. The ability to generate these targeted 

responses is preserved by "memory cells" in the body. If the same pathogen infects the body 

again, these memory cells rapidly respond to eliminate it. 

The adaptive immune system consists of specialized white blood cells known as lymphocytes-

primarily B and T cells, derived from hematopoietic stem cells in the bone marrow [13]. B cells 
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are responsible for the humoral immune response, whereas T cells are involved in the cell-

mediated immune response. 

T cells can be further categorized into different types based on their functions. Cytotoxic T 

cells (CD8+) recognize antigens bound to Class I MHC molecules, while helper (CD4+) and 

regulatory T cells (CD4+, FoxP3+) identify antigens presented by Class II MHC molecules. This 

distinction in antigen presentation corresponds to the various roles of T cell types. 

Additionally, a third, less common type, γδ T cells, can recognize antigens independently of 

MHC binding [14]. 

During thymus development, double-positive T cells encounter self-antigens, and iodine plays 

a crucial role in thymus development and function [15]. In contrast, B cells possess antigen-

specific receptors in the form of antibodies on their surface. These antibodies can directly 

recognize native (unprocessed) antigens, which may include large molecules on pathogens or 

smaller haptens, such as penicillin, when attached to carrier molecules. 

Each lineage of B cells produces a unique antibody, representing the diverse range of 

antibodies the body can generate. When B or T cells encounter their specific antigens, they 

undergo rapid proliferation, creating numerous clones that target the same antigen. This 

phenomenon is known as clonal selection. 

Once activated, killer T cells seek out cells displaying the antigen and release cytotoxins, such 

as perforin, which form pores in the membranes of target cells, leading to apoptosis [16]. This 

process is vital for halting viral replication and is tightly regulated, often requiring strong 

activation signals, sometimes facilitated by helper T cells. Figure 1 below illustrates a 

schematic representation of the adaptive immune system, detailing its key components and 

interactions. 
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Figure 1: Summary of the adaptive immune response. The adaptive immune response begins when antigen-presenting cells, such 
as macrophages, display pathogen fragments to T lymphocytes, activating cytotoxic T cells to kill infected cells and stimulating B 
lymphocytes to produce specific antibodies. This coordinated response not only eliminates the pathogen but also generates memory 
cells that ensure a faster and more efficient response during future infections with the same pathogen. The figure is created by 
biorender.com. 

In the case of Pemphigus Vulgaris (PV), an organ-specific autoimmune skin disorder, the 

adaptive immune system generates autoantibodies against desmogleins—key proteins 

involved in cell-cell adhesion in the epidermis. This targeted immune response disrupts 

epidermal integrity and leads to characteristic blistering, making PV a prototypical example 

of antibody-mediated autoimmunity. 

1.2 Pemphigus Vulgaris: Pathophysiology and Clinical Significance 

Pemphigus Vulgaris is a rare, chronic blistering skin disorder and the most prevalent form of 

pemphigus. The term "pemphigus" is derived from the Greek word pemphix, which means 

"blister" [17]. This condition is classified as a type II hypersensitivity reaction, characterized 

by the production of antibodies against desmosomes, structures within the skin that help 

maintain adhesion between certain skin layers. As these desmosomes are targeted by the 

immune response, the layers of skin begin to separate, resulting in a clinical presentation that 

resembles blister formation (Figure 2). The blisters arise from acantholysis, which involves the 

Pathogen

T cell

Killer T cell Infected body cell destroyed

Macrophage 
(Phagocytosis)

Macrophage presents 
pathogen to T cell

Memory T cells can later induce 
secondary immune response upon 
renewed contact with the same pathogen

 proliferation

first specific antibodies 
against the antigen

Antigen-antibody complexes
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disruption of intercellular connections mediated by autoantibodies[18]. Without treatment, 

the disease progressively worsens over time, leading to larger and more widespread lesions 

across the body that functionally mimic the effects of a severe burn. 

Before the development of modern treatments, the mortality rate for pemphigus vulgaris was 

nearly 90%. However, with the introduction of corticosteroids as the primary treatment, the 

current mortality rate has decreased to approximately 5% to 15% [19]. Despite this 

improvement, pemphigus vulgaris was ranked as the fourth leading cause of death associated 

with skin disorders in 1998. Consequently, it remains classified as a potentially fatal condition. 

The disease predominantly impacts middle-aged and older adults, particularly those aged 

between 50 and 60 years. Historically, there has been a higher incidence in women [20]. 

 

 

Figure 2: Schematic view of skin layers and the blister in Pemphigus. (A) Human skin is composed of three primary layers: the 
epidermis, the dermis, and the hypodermis (subcutaneous layer), which is rich in adipose tissue. Each layer serves distinct structural 
and functional roles, with the epidermis providing a protective barrier, the dermis housing connective tissue, blood vessels, and 
sensory receptors, and the hypodermis acting as insulation and energy storage. Figure from Ramadon et al. (2022) [21] (B) 
Keratinocytes, the predominant cell type in the epidermis, are the primary targets in pemphigus vulgaris, where autoantibodies 
disrupt their adhesion, leading to characteristic blistering. Figure from Ramadon et al. (2022) [21] (C) Maternal autoantibodies from 
mothers with pemphigus can cross the placenta and lead to temporary blistering in newborns. Figure from Schmidt et al. (2019) 
[22] (D) Degradation of desmosomes (red stain) occurs in cultured keratinocytes after incubation with IgG from patients; separation 
occurs within the epidermis, primarily in the stratum spinosum. Figure from Schmidt et al. (2019) [22]. 

Blisters in Pemphigus Vulgaris 

Pemphigus Vulgaris primarily manifests as oral blisters, particularly affecting the buccal and 

palatine mucosa, though cutaneous blisters are also common. Other mucosal surfaces, 

A B

Normal IgG Pemphigus IgG Pemphigus skin staining

Stratum Spinosum

C D
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including the conjunctiva, nasal passages, esophagus, and genitals (penis, vulva, vagina, 

cervix), as well as the anus, may also be involved. Flaccid blisters typically appear on the skin, 

with the palms and soles often spared. These blisters frequently erode, leading to ulcerated 

lesions and erosions. A hallmark of the disease is a positive Nikolsky sign, where blistering is 

induced either on normal-appearing skin or at the periphery of an existing blister. In severe 

cases, significant pain during chewing can result in weight loss and malnutrition [23]. 

Desmoglein 3 (DSG3) and Desmoglein 1 (DSG1) 

Desmosomes are specialized cellular structures responsible for cell-to-cell adhesion. As a type 

of junctional complex, they appear as spot-like adhesions distributed randomly along the 

lateral sides of plasma membranes. Known for their strong adhesive properties, desmosomes 

are commonly found in tissues subjected to significant mechanical stress, such as cardiac 

muscle, bladder tissue, gastrointestinal mucosa, and epithelial layers [24]. 

Desmoglein 3 (DSG3) and desmoglein 1 (DSG1) are calcium-binding transmembrane 

glycoproteins, key components of desmosomes in vertebrate epithelial cells. Although both 

DSG1 and DSG3 belong to the same desmosomal cadherin family, they have distinct 

expression patterns and functional roles. DSG1 is primarily found in the superficial layers of 

the epidermis, contributing to skin barrier function and the strength of the outermost layers. 

In contrast, DSG3 is more abundantly expressed in the basal and lower suprabasal layers 

(Figure 3), where it helps maintain the integrity and cohesion of deeper cell layers [25]. Their 

differential expression is crucial for epithelial tissue stratification and proper function.  

 
Figure 3: The distribution of DSG1 and DSG3 in the skin and mucous membrane. In the skin, DSG3 is localized in the deeper basal 
and immediate suprabasal layers, while DSG1 is predominantly present in the more differentiated upper layers. Conversely, in the 
oral mucosa, both DSG1 and DSG3 are expressed across all layers. Figure 3 from Ishii et al. (2001) [25]. 
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Desmosomes are dynamic structures that adapt to environmental and mechanical stress, 

particularly in tissues like the skin and heart. Beyond their adhesive function, they regulate 

key processes such as proliferation, differentiation, inflammation, and barrier integrity. 

Desmosomal proteins interact with signaling pathways like EGFR, IGF1, and Hippo, both 

influencing and being regulated by these pathways. Their dysfunction is implicated in skin and 

heart diseases, highlighting their role as signaling hubs that modulate cellular processes, 

including wound healing and tissue regeneration [26]. 

The Unresolved Mechanisms Behind Pemphigus Vulgaris: A Continuing Debate 

The very early hypothesis proposes that the anti-DSG3 antibody-dependent steric hindrance 

interferes with intercellular adhesive functions of DSG3, leading directly to desmosomal 

dissociation [27], however Yasuo et al. reported that no inhibition of Ca2+-induced 

desmosome formation by PV-IgG binding to surface PV-antigens, suggesting that PV-IgG does 

not directly inhibit desmosome formation, even though the antibodies may cause steric 

hindrance between homophilic DGS3 interactions [28], thus this hypothesis is limited that 

steric blockade alone can not explain acantholysis.  

Another hypothesis is that the PV-IgG-induced intracellular signaling events could lead to 

desmosomal dissociation, PV-IgG induces phosphorylation of DSG3, leading to dissociation of 

DSG3 from plakoglobin in cultured keratinocytes [29]. Other reports also show that apoptosis 

signaling is involved in PV [30], and p38 MAPK signaling pathways [31]. However, this 

hypothesis is also limited that Energy-dependent signaling does not account for immediate 

intercellular splits seen at non-desmosomal regions, and protease inhibition fails to fully 

prevent acantholysis, suggesting signaling is necessary but not sufficient [32]. 

Later Yasuo et al. (2023) using a keratinocyte dissociation assay, demonstrated that PV-IgG 

depletes desmosomes of DSG3 by approximately 80% in cultured keratinocytes, resulting in 

a 40% reduction in adhesive strength. Based on these findings, they proposed that pemphigus 

represents a desmosome-remodeling disease, where autoantibodies targeting DSG3 induce 

its depletion through endocytosis [33,34]. This process, regulated by protein kinase C (PKC), 

compromises cell adhesion and leads to epidermal blistering (Figure 4). However, initiates 

endocytosis remains unclear whether it is direct antibody crosslinking or downstream 

signaling and in vivo evidence for this sequence is still lacking. 
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Figure 4: Proposed mechanisms for Dsg3 depletion in desmosomes. The binding of autoantibodies to the DSG3 leading to weakened 
adhesion and blistering in pemphigus vulgaris (PV), involves the binding of anti-Dsg3 antibodies (present in PV-IgG) to free Dsg3 
proteins on the cell surface. This triggers the internalization of Dsg3 into endosomes. Additionally, Dsg3 proteins within the core of 
desmosomes are excluded and may also undergo endocytosis. The resulting shortage of Dsg3 on the cell membrane causes the 
formation of Dsg3-depleted desmosomes, reducing their adhesion strength. These processes are likely regulated by multiple 
signaling pathways. Figure 4 from Kitajima Yasuo (2013) [33]. 

The Dysregulated Autoimmune Response Hypothesis, supported by multiple studies, suggests 

that immune system dysfunction—particularly involving T cells, B cells, and cytokine 

imbalances—plays a significant role in disease development. This perspective extends beyond 

the direct effects of autoantibodies or intracellular signaling pathways, highlighting the role 

of systemic immune dysregulation in pemphigus pathogenesis [35–38]. To be noted, cytokine 

blockade alone does not fully abrogate blistering, and complement-deficient models still 

develop acantholysis—implying immune factors modulate, but do not drive, the core 

adhesion loss [39]. 

Despite significant progress, the exact mechanisms underlying pemphigus vulgaris (PV) 

remain incompletely understood. Further studies are needed to untangle the multiple 

interrelated processes contributing to disease development. 
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Diagnosis of Pemphigus Vulgaris 

Due to its rarity, the diagnosis of pemphigus vulgaris is often challenging and can be delayed. 

Early symptoms may include erosions in the mouth or blisters on the skin, which can cause 

itching or pain. Theoretically, these blisters exhibit a positive Nikolsky's sign, where slight 

rubbing causes the skin to slough off, this sign is not always consistently reliable. The gold 

standard for diagnosis is a punch biopsy from the perilesional area, which is examined using 

direct immunofluorescence. This method typically reveals acantholysis, the loss of 

intercellular connections between keratinocytes. Acantholytic cells, which can also be 

observed using a Tzanck smear, are rounded, nucleated keratinocytes. Their formation is a 

result of antibody-mediated damage to the desmosomal protein desmoglein, disrupting cell 

adhesion. 

Treatment of Pemphigus Vulgaris 

Corticosteroids and other immunosuppressive drugs have traditionally been used to manage 

pemphigus symptoms. However, due to the significant and long-term side effects associated 

with steroid use, their duration and dosage should be minimized. Other treatments, such as 

intravenous immunoglobulin (IVIG), mycophenolate mofetil, methotrexate, azathioprine, and 

cyclophosphamide, have also been utilized with varying levels of effectiveness. 

Monoclonal antibodies, such as rituximab, have emerged as a well-established alternative to 

corticosteroids and are increasingly utilized as a first-line treatment for pemphigus. In the 

summer of 2018, the Food and Drug Administration (FDA) granted full approval for rituximab 

for this indication following a successful fast-track evaluation [40]. Multiple case series have 

demonstrated that many patients can achieve remission after just one cycle of rituximab, with 

earlier treatment—possibly even at the time of diagnosis—associated with greater success. 

Furthermore, combining rituximab with monthly intravenous immunoglobulin (IVIG) 

infusions has led to long-term remission, with no recurrence of disease observed in patients 

even 10 years after discontinuation of treatment. This finding is based on a small trial 

involving 11 patients, of whom 10 were followed to completion [41]. 

However, current treatments remain suboptimal: corticosteroids are frequently limited by 

severe adverse effects, and biologics such as rituximab show variable efficacy and incomplete 

durability of response. In this context, our study’s identification of novel molecular targets 
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may pave the way for more effective—and better tolerated—therapeutic strategies in clinical 

practice. 

1.3 Overview of Bulk RNA Sequencing, Single-Cell RNA 
Sequencing, and Proteomics: Techniques and Key Analytical 
Approaches 

Advancements in omics technologies have significantly enhanced our understanding of 

autoimmune diseases by enabling comprehensive analyses of molecular changes at various 

biological levels. These technologies allow researchers to investigate gene expression, protein 

composition, and post-translational modifications, shedding light on disease mechanisms and 

potential therapeutic targets. The following subsections introduce key omics approaches—

bulk RNA sequencing, shotgun proteomics, phosphoproteomics, and single-cell RNA 

sequencing—that are widely used in autoimmune disease research.  

1.3.1 Bulk RNA-seq 

RNA-seq is a next-generation sequencing method used to quantify RNA molecules in a 

biological sample, offering insights into gene expression (the transcriptome) [42,43]. It 

enables the detection of alternative splicing, post-transcriptional modifications, gene fusions, 

mutations/SNPs, and differential expression across conditions or over time [44]. RNA-Seq can 

detect various RNA types, including the total RNA, miRNA, and ribosomal RNA [45]. 

Before the advent of RNA-seq, gene expression analysis relied on microarrays. However, 

limitations like poor quantification and cross-hybridization artifacts [46].  

Advanced applications of RNA-seq include single-cell sequencing, 3' mRNA-seq, and real-time 

native RNA sequencing [47,48]. Additionally, emerging uses—such as detecting copy number 

variations, microbial contamination, and neoantigens—are facilitated by advancements in 

bioinformatics [49]. A summary of the RNA-seq is shown in Figure 5. 
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Figure 5: Summary of RNA-seq. In eukaryotic organisms, genes are transcribed and spliced to generate mature mRNA transcripts 
(depicted in red). The mRNA is then extracted, fragmented, and reverse-transcribed into stable double-stranded complementary 
DNA (ds-cDNA), represented in blue. This ds-cDNA undergoes high-throughput short-read sequencing. The resulting sequences are 
aligned to a reference genome, enabling the reconstruction of the transcribed regions. This analysis provides insights into gene 
expression localization, quantifies relative expression levels, and identifies alternative splice variants. Figure is extracted from Lowe 
et al. (2017) [50]. 

As illustrated in Figure 6, the workflow for bulk RNA-seq data analysis encompasses several 

critical steps: processing and quantification of raw sequencing reads to derive gene 

expression values for each sample, dimensionality reduction for exploratory study to assess 

sample clustering, identification of differentially expressed genes (DEGs) with associated log2 

fold-change and statistical significance metrics, including p-values and adjusted p-values. 

Functional annotation of enriched pathways is performed using databases such as HALLMARK, 

KEGG, GO, and Reactome, with HALLMARK selected for representative results due to its non-

redundancy and widespread use. Additionally, transcription factor (TF) activation is predicted 

to elucidate regulatory mechanisms governing gene expression. 
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Figure 6: Summary of bulk RNA-seq data analysis. The analysis of the bulk RNA-seq data mainly includes the steps of the raw reads 
process, dimension reduction, DEGs identification, pathways annotation, and prediction of transcription activities.  

Kallisto is an RNA-seq quantification tool that significantly accelerates processing times by up 

to two orders of magnitude while maintaining accuracy comparable to traditional methods 

[51]. This efficiency is achieved through a novel approach called pseudo alignment, which 

rapidly determines the set of transcripts compatible with each read without performing the 

base-level alignment. The detailed methodology is illustrated in Supplementary Figure 16 and 

explained in Supplementary Method 7.3.1.  
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Table 2 presents a representative excerpt from the abundance.tsv output file. The first 

column lists the transcript names, while the subsequent columns provide the transcript length, 

effective length, estimated read counts, and TPM (Transcripts Per Million) values. 

Table 2: Representative output of transcript abundance quantification by kallisto 

Target_id Length Eff_length Est_counts TPM 

Transcript 1 xxx xxx xxx xxx 

… xxx xxx xxx xxx 

Transcript N xxx xxx xxx xxx 

The transcript-level quantification results from Kallisto were subsequently imported and 

aggregated to gene-level expression values using the tximport package. This conversion 

process leverages transcript-to-gene mapping annotations to summarize transcript 

abundance estimates, such as TPM (Transcripts Per Million) or estimated counts, into 

corresponding gene-level metrics. The tximport tool ensures accurate aggregation by 

accounting for transcript length and effective length differences, providing gene-level 

expression values suitable for downstream differential expression analysis and other 

transcriptomics workflows. 

Principal Component Analysis 

Principal Component Analysis (PCA) is a fundamental linear dimensionality reduction 

technique widely used in data analysis and machine learning. It transforms data into a new 

coordinate system to identify directions, known as principal components, that capture the 

largest variations in the dataset. These principal components are orthogonal unit vectors 

forming an orthonormal basis, ensuring the transformed dimensions are linearly uncorrelated. 

The primary objective of PCA is to sequentially identify these principal components such that 

the variance explained by each successive component decreases while maintaining 

orthogonality. PCA simplifies complex datasets by fitting a dimensional ellipsoid to the data, 

where each axis of the ellipsoid corresponds to a principal component. The axis lengths reflect 

variance: shorter axes represent directions of lower variance and lesser significance in 
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describing the data's structure. This transformation facilitates exploratory data analysis, 

particularly for visualizing patterns or clusters by projecting data onto the first few principal 

components. 

The proportion of variance explained by each principal component is determined by dividing 

its eigenvalue by the sum of all eigenvalues. This metric guides the selection of the most 

significant components. Visualizing data in two or three dimensions using the top principal 

components often reveals clusters or patterns that are challenging to discern in the original 

high-dimensional space.  

An example of PCA plot can be seen in Figure 7.  

 

Figure 7: An example PCA plot. The PCA plot visualizes the variance captured by the first two principal components (PC1 and PC2), 
with the percentage values indicating the proportion of total variance explained by each component. Samples are color-coded based 
on their respective groups, allowing for the identification of clustering patterns and providing an initial assessment of differences 
among groups. 

In RNA-seq data analysis, principal component analysis (PCA) is commonly used to visualize 

the variance in gene expression across samples. A PCA plot can reveal the degree of 

separation between treatment and control groups, providing an initial assessment of overall 

transcriptional differences. The step-by-step process for performing PCA in detailed in 

Supplementary Method 7.3.2.  
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Differentially Expressed Genes 

Identifying differentially expressed genes (DEGs) is fundamental in understanding the 

molecular mechanisms underlying biological processes and disease conditions. By comparing 

gene expression profiles across different conditions, treatments, or time points, researchers 

can uncover genes that are activated or suppressed in response to specific stimuli. Statistical 

methods are essential in this process, as they enable the quantification of gene expression 

levels and the identification of significant changes in expression, accounting for biological 

variation and technical noise. These analyses provide valuable insights into the functional 

roles of genes, facilitating the discovery of potential biomarkers and therapeutic targets. 

Differential gene expression analysis involves the application of statistical methods to identify 

changes in gene expression levels between experimental groups, using replicated samples for 

accurate estimation. As illustrated in Figure 8, the comparison between two groups (Group A 

and Group B) is based on the relative positioning of their mean expression values with respect 

to the global mean expression. When the means of Group A and Group B are close to the 

global mean, no significant difference in gene expression is observed. However, when the 

means of Group A and Group B exhibit substantial deviations from the global mean, a 

significant difference in gene expression between the two groups is likely to be present. 

 
 

Figure 8: Example for comparing expression levels between groups. The figure is extracted from the online tutorial by Sarah Bonnin 
(2020) [52]. 
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Gene expression data derived from RNA-seq experiments typically consist of count data, 

where the number of reads mapped to each gene reflects the gene's expression level. A key 

challenge in analyzing such data is accounting for both the mean expression and the variability 

(or overdispersion) often observed in RNA-seq data, where the variance exceeds the mean.  

Differentially expressed genes were quantified using a likelihood ratio test (LRT) implemented 

in DESeq2 [53]. This approach is based on a generalized linear model (GLM) with a negative 

binomial (NB) distribution, which is well-suited for modeling RNA-seq data due to its ability 

to account for overdispersion—where the variance exceeds the mean. By applying this 

statistical framework, we can more accurately detect genes with significant expression 

changes across conditions, providing insights into key biological mechanisms underlying the 

studied phenotype. GLM is detailed in the Supplementary Method 7.3.3. 

In DESeq2, a negative binomial model is applied to estimate gene-specific dispersion values, 

with shrinkage techniques employed to improve the estimation, particularly for low-

expression genes. These adjustments lead to more stable and accurate dispersion estimates 

across all genes. The primary goal is to identify differentially expressed genes (DEGs) by 

comparing models that include treatment effects to those that do not. This comparison uses 

likelihood ratio tests (LRT), where the null hypothesis assumes no treatment effect, and the 

alternative hypothesis suggests a treatment effect. The LRT then quantifies the significance 

of gene expression changes due to the treatment, enabling reliable identification of DEGs. 

The primary steps in DESeq2 are illustrated in Figure 9, adapted from online tutorial by Mistry 

et al. (2019) [54]. 
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Figure 9: Main steps in DESeq2.The differential gene expression analysis workflow begins with raw gene counts and includes 
normalization, unsupervised clustering, and modeling raw counts for each gene. Subsequent steps involve shrinking log2 fold 
changes and testing for differential expression. Key computational steps include estimating size factors, estimating gene-wise 
dispersions, fitting a curve to dispersion estimates, shrinking these estimates, and performing a generalized linear model (GLM) fit 
for each gene. The Figure is adapted from the online tutorial by Mistry et al. (2019) [54]. 
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Table 3 shows a representative output of the differentially expressed genes (DEGs) from 

DESeq2, which includes columns for Gene, BaseMean, Log2FoldChange, LfcSE, Stat, Pvalue, 

and Padj. 

• Gene: Names of genes. 

• BaseMean: The average expression level of a gene across all samples, indicating its 

baseline activity. Higher values suggest higher expression. 

• Log2FoldChange: The log-transformed ratio of gene expression between two 

conditions (e.g., treated vs. control). Positive values indicate upregulation, negative 

values downregulation, and 0 indicates no change. 

• LfcSE (Log2 Fold Change Standard Error): The standard error of the Log2FoldChange 

estimate, reflecting its reliability. Smaller values indicate more reliable estimates. 

• Stat (Statistic): A statistical measure (e.g., t-statistic) used to test whether the observed 

Log2FoldChange is significantly different from zero. Larger values suggest stronger 

evidence of differential expression. 

• Pvalue: The probability that the observed results occurred by chance under the null 

hypothesis (no differential expression). P-values below 0.05 indicate statistical 

significance. 

• Padj (Adjusted P-value): The p-value adjusted for multiple comparisons to reduce the 

risk of false positives. A Padj below 0.05 indicates statistical significance after 

correction. 

Table 3: Representative output of DEGs from DESeq2 

Gene BaseMean Log2FoldChange LfcSE Stat Pvalue Padj 
Gene 1 xxx xxx xxx xxx xxx xxx 

… xxx xxx xxx xxx xxx xxx 
Gene N xxx xxx xxx xxx xxx xxx 

 

The DEGs can be visualized using methods such as heatmaps or volcano plots, as 

demonstrated in Figure 10. 
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Figure 10: Example of heatmap and volcano plots for displaying differentially expressed genes. The left heatmap plot displays the 
top differentially expressed genes that meet a specified threshold, while the right volcano plot illustrates all genes, with significant 
ones highlighted in color. 

After identifying differentially expressed genes, it becomes more feasible to associate them 

with specific phenotypes and identify key biomarkers correlated with the disease. 

Pathway enrichment analysis 

Pathway enrichment analysis enables researchers to uncover mechanistic insights from gene 

lists derived from omics experiments including RNA-seq. This approach identifies biological 

pathways overrepresented in a gene list compared to what would be expected by chance.  

Large gene lists often necessitate extensive manual literature review, making their 

interpretation impractical. Pathway enrichment analysis is a commonly employed solution to 

this challenge, which condenses the extensive gene list into a more concise and interpretable 

set of biological pathways. 

Pathway enrichment analysis can be conducted using three main approaches, as illustrated 

in Figure 11:  

• Overrepresentation-based. This method requires a gene list of interest and tests 

whether any pathways are observed in this list more than expected by chance against 

a predefined background gene set [55]. 

• Functional scoring system (ranking)-based. Ranking-based methods consider 

functional information generated by different omics datasets, first ranks the total gene 
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set based on detected signals in omics studies, such as transcript abundance, then tests 

whether genes annotated to the same pathway tend to cluster together at the top (or 

bottom) of the ranked list [56].  

• Pathway topology-based methods. Topology-based methods sim to account for 

additional information that impacts pathway activity by integrating scores measuring 

gene positions within a pathway and gene-gene interactions into the enrichment tests 

[57]. 

 

Figure 11: Overview of three types of methods for pathway enrichment analysis. (A) Over-representation-based methods examine 
whether any pathways are observed in a gene list of interest more than expected by chance compared with a background set. (B) 
Ranking-based methods first rank the total gene set based on detected signals, such as change of gene expression, then test whether 
genes annotated to the same pathway tend to cluster together at the top (or bottom) of the ranked list. (C) Topology-based methods 
integrate scores measuring gene positions within a pathway and gene-gene interactions into the enrichment tests. DE represents 
differentially expressed genes. PWY represents a pathway. G1 to G7 represents gene 1 to gene 7. Figure is extracted from the Zhao 
et al. (2023) [58]. 

Ranking-based methods are widely utilized, as over-representation-based approaches have 

several limitations, including the assumption of gene independence and the need for an 

arbitrary cutoff to define differentially expressed gene sets. In contrast, topology-based 

methods rely on experimental evidence for pathway structures and gene-gene interactions, 

which remain largely unavailable for many organisms. 
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GAGE employs a rank-based approach to enrichment analysis and incorporates 

methodological enhancements that make it particularly suitable for datasets with 

heterogeneous sample sizes and complex experimental designs [59]. It is recognized for its 

high consistency, sensitivity, specificity, and strong biological interpretability. Therefore, in 

this study, GAGE is used to do the pathway enrichment analysis. GAGE algorithm is detailed 

in Supplementary Figure 17 and Supplemental Method 7.3.4. 

Pathway Reference Databases 

Several pathway reference databases have been utilized, including HALLMARK, which 

represents well-defined biological states and processes; Gene Ontology (GO), which provides 

comprehensive gene annotations; Kyoto Encyclopedia of Genes and Genomes (KEGG), which 

describes metabolic and signaling pathways; and Reactome, a curated database of biological 

pathways that enables a detailed and multifaceted analysis of biological functions and 

pathways [60–63]. HALLMARK was ultimately selected due to its non-redundancy and 

widespread use. 

Each HALLMARK gene set is a 'refined' collection derived from multiple 'founder' sets. It 

represents a specific biological state or process with coherent expression patterns. By 

summarizing key information from the original founder sets while minimizing variation and 

redundancy, the HALLMARK gene sets offer more precise and concise inputs for gene set 

enrichment analysis. The process of generating HALLMARK gene sets is illustrated in Figure 

12. 
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Figure 12: Process of generating HALLMARK gene sets.First, groups of similar gene sets are identified and clustered based on 
biological themes (Steps 1–2). Next, relevant datasets are selected for refinement (Step 3), and raw hallmark sets are defined (Step 
4). These sets undergo further refinement (Step 5) before undergoing independent validation to ensure robustness and biological 
relevance (Step 6). The figure is extracted from Liberzon et al. (2015) [60]. 

A summary of the HALLMARK gene sets is provided in Supplementary Table 1. Including the 

name, process category, description, number of founder sets and number of gene it contains. 
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An example for the display of the top enriched pathways for the RNA-seq results can be seen 

in Figure 13.  

 

Figure 13: Example bar plot displaying the top enriched pathways form RNA-seq analysis. Pathway enrichment analysis can identify 
the most differentially regulated pathways across conditions, based on specified p-values or adjusted p-values. 

Transcriptions Factors  

A transcription factor (TF), also known as a sequence-specific DNA-binding factor, is a protein 

that regulates the transcription of genetic information from DNA to messenger RNA by 

binding to specific DNA sequences [64].  

Transcription factors (TFs) regulate gene expression by activating or repressing specific genes, 

ensuring that they are expressed in the appropriate cells, at the correct times, and in the right 

quantities throughout both cellular and organismal life. TFs function in coordinated networks 

to govern fundamental cellular processes such as cell division, growth, and apoptosis, as well 

as more complex events such as cell migration and tissue organization during embryogenesis. 

Furthermore, TFs modulate gene expression in response to extracellular signals, including 
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hormones. The human genome encodes approximately 1,600 distinct transcription factors, 

many transcription factors exhibit tissue-specific expression [65]. 

Figure 14 provides an example of the domain architecture associated with transcription factor 

binding. Figure 15 provides a simplified representation of transcription factor (TF) activity and 

its regulation. 

 

Figure 14: An example of domain architecture associated with transcription factor binding. Lactose Repressor (LacI): The N-terminal 
DNA-binding domain (labeled) of the lac repressor interacts with its target DNA sequence (gold) in the major groove through a helix-
turn-helix motif. Binding of the effector molecule (green) in the regulatory domain (labeled) induces an allosteric response, 
facilitated by the linker region (labeled). The figure is extracted from the WIKIPEDIA that introduce the lac repressor [66]. 

 

Figure 15: Simplified view of transcription factor (TF) activity and its regulation. TFs can be activated by signaling cascades, then bind 
to the DNA, where they can regulate transcription, resulting in altered RNA and protein expression. Figure is extracted from 
Weidemüller et al. (2021) [67].  

The decoupleR package was utilized to infer transcription factor (TF) activities using log2 fold-

change (log2FC) values of differentially expressed genes as input, the inference was based on 
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prior knowledge of transcription factor-target interactions, generating activity scores that 

reflect the regulatory influence of transcription factors within the dataset [68]. Algorithm of 

decoupleR is detailed in Supplementary Figure 18 and Supplementary Method 7.3.5. 

CollecTRI is a comprehensive database that integrates a curated collection of transcription 

factors (TFs) and their transcriptional targets from 12 distinct resources [69]. This compilation 

provides a robust foundation for inferring TF activities, as demonstrated in Figure 16. 

 
Figure 16: Description of transcription factor (TF)–gene interactions in the CollecTRI-derived regulons. (A) Collecting transcription 
factor (TF)–gene links to construct regulons from CollecTRI. Depicting prior knowledge resources used to collect links, which were 
aggregated within CollecTRI. (B) Flow chart describing how the mode of regulation (MoR) was assigned to each TF–gene link. The 
MoR, indicating the direction of transcriptional regulation from the TF to its target gene, was determined for each TF–gene link, 
based on factors such as PubMed references (PMIDs) and the MoR of other genes in the regulon. The figure is extracted from the 
Dott et al. (2023) [69]. 

The top differentially expressed transcription factors can also be displayed in the bar plot as 

shown in Figure 17. 

 

Figure 17: Example bar plot displaying the differentially expressed transcription factors. The top differentially expressed 
transcription factors, including both upregulated and downregulated ones, along with their predicted activity scores, can be 
visualized in a bar plot. The figure was extracted from the decoupleR manual website by Pau Mompel (2024) [70].  

A

B
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1.3.2 Single-Cell RNA-seq (scRNA-seq) 

Single-cell RNA sequencing (scRNA-seq) enables the measurement of gene expression at the 

single-cell level, representing a transformative technology that significantly advances our 

understanding of biological processes [71]. It has been used to evaluate transcriptional 

variability within individual cells [72,73], across cell groups [74,75], and to identify novel cell 

types and states across tissues such as blood [76–78], spleen [79], brain [80–85], intestine 

[86,87], and pancreas [88]. Additionally, scRNA-seq enables the reconstruction of 

differentiation pathways through pseudotime trajectories, capturing cells at various stages of 

development [89–91]. This method also uncovers gene expression covariation within cells, 

using natural variations and engineered perturbations to elucidate molecular networks and 

mechanisms [92–94]. 

The single-cell RNA sequencing (scRNA-seq) process primarily involves sample input, 

encapsulation of single cells with barcoded beads in droplets, library construction, sequencing, 

and data analysis. Figure 18 presents an overview of the 10X Genomics Gel Bead-in-emulsion 

(GEM) technology, while details of GEM generation and barcoding are depicted in Figure 19. 

Figure 20 provides a GEM-X single-cell 3’ Gel Bead schematic diagram. All figures are sourced 

from the 10X Genomics website [95]. 

 

 

Figure 18: Schematic overview of the GEM-X technology workflow. A typical workflow begins with user-provided cells or nuclei, 
combined with GEM-X reagents and consumables to enable partitioning, cell lysis, and cellular barcoding. The resulting barcoded 
transcripts are subsequently amplified and converted into libraries compatible with Illumina or other short-read sequencing 
platforms. Following sequencing, data is processed with the Cell Ranger pipeline and visualized through the Loupe Browser or other 
tools. Figure is sourced from the 10X Genomics website by Natalya Ortolano (2024) [95]. 
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Figure 19: A schematic overview of GEM generation and barcoding with the GEM-X chip workflow. GEMs are created by mixing 
barcoded Gel Beads, a master mix with cells, and partitioning oil within a GEM-X 3' or 5' Chip. To achieve single-cell resolution, cells 
are introduced at a limiting dilution so that most (~90–99%) of the resulting GEMs are empty, while the rest predominantly contain 
a single cell. Figure is sourced from the 10X Genomics website by Natalya Ortolano (2024)  [95]. 

 
 
 

 
 

Figure 20: Schematic diagram of a GEM-X Single Cell 3’ gel bead. Every Gel Bead is coated with oligos containing an Illumina TruSeq 
Read 1 (read 1 sequencing primer, Read 1T), 16 nt 10x Barcode, 12 nt unique molecular identifier (UMI), and 30 nt poly(dT)VN. 
Figure is sourced from the 10X Genomics website by Natalya Ortolano (2024) [95]. 

Single-cell gene expression measurement is poised to transform our understanding of gene 

regulation and address longstanding questions in biology. When cells are grouped based on 

their expression profiles, they cluster according to cell type or developmental stage, enabling 

unbiased classification and 'reverse engineering' of cell types within any population or tissue, 

provided that enough cells are sequenced (Figure 21) [96–100]. With extensive, unbiased 
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sampling, such clustering can reveal all existing cell types, including previously unidentified 

ones. Moreover, clusters can yield robust, data-driven expression profiles characteristic of 

each cell type, without requiring prior knowledge of marker genes specific to a tissue or cell 

type. Consequently, single-cell RNA profiling represents the first method capable of 

establishing a quantitative, data-driven framework for classifying cell types. 

 
Figure 21: scRNA-seq analysis of tissues and cell types. Based on these expression profiles, cells are grouped into distinct clusters, 
generating "cell-type maps" that elucidate the cellular composition of each tissue. In healthy tissues, this clustering reflects the 
intrinsic diversity of cell types. In contrast, clustering in pathological tissues may reveal additional groups, including disease-
associated cells with altered gene expression profiles. Several analytical approaches made possible by these cell-type maps: (1) 
Within-cell-type analysis, which enables the investigation of transcriptional variability, regulatory network inference, allelic 
expression patterns, and transcriptional scaling laws; (2) Between-cell-type analysis, which facilitates the identification of 
biomarkers and examination of transcriptional and post-transcriptional differences across cell types; and (3) Between-tissue 
analysis, which allows for comparisons of matched cell types between healthy and diseased tissues to detect changes in cell 
composition and transcriptional alterations linked to disease. Overall, this workflow offers a comprehensive framework for exploring 
cellular diversity and gene regulation in both healthy and pathological states. Figure 12 is extracted from the paper by Rickard 
Sandberg (2014) [100]. 
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Single-Cell Gene Quantification by Cellranger, Cell Clustering and Differential Gene 
Expression Analysis with Seurat 

Cell Ranger is employed for gene quantification in single-cell gene expression datasets [101]. 

The detail is illustrated in Supplementary Figure 19 and Supplementary Method 7.3.6. 

A streamlined workflow for single-cell RNA sequencing (scRNA-seq) data analysis using Seurat 

is presented in Figure 22, with each step detailed in Supplementary Method 7.3.7. 

 

Figure 22: Overview of key steps in Seurat for scRNA-seq data analysis. The analysis begins with raw data preprocessing, including 
filtering, normalization, and feature selection. Following scaling, dimensionality reduction is performed using principal component 
analysis (PCA), and the optimal number of dimensions is determined. Cells are then clustered, followed by non-linear dimensionality 
reduction using UMAP for visualization. Differentially expressed features are identified, and cell types are assigned to clusters based 
on marker gene expression. 

Figure 23 presents a UMAP visualization of the Seurat analysis results, serving as a foundation 

for downstream differential expression analysis and other advanced computational analyses. 

 
Figure 23: Representative UMAP visualization of the Seurat analysis results. Each cluster represent a distinct cell group. The figure 
is extracted the Seurat website by Butler et al. (2023) [102].  
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Cell Type prediction by SingleR 

SingleR was employed to predict cell types using its default parameters [103]. It is an easy-to-

use tool designed for the automated annotation of single-cell RNA sequencing (scRNA-seq) 

data by predicting cell types. It operates by correlating single-cell gene expression profiles 

with reference bulk transcriptomic datasets derived from pure cell populations. The detailed 

algorithm can be seen in Supplementary Figure 20 and Supplementary Method 7.3.8.  

An example output is provided in Figure 24, where normalized scores indicate the confidence 

of cell type predictions. The colour scale ranges from yellow to red, with higher values 

representing greater confidence in the assigned cell type. 

 

Figure 24: sentative output of cell type predictions generated by SingleR.The left panel depicts the original cell types, which include 
bone marrow-derived dendritic cells (BMDCs) and fibroblasts. The right panel presents the cell type predictions generated by 
SingleR, identifying the major cell populations as fibroblasts, stromal cells, dendritic cells (DCs), macrophages, and monocytes. The 
figure is extracted from Aran et al. (2019) [103].  

Differential abundant analysis by DA-seq  

Additionally, DA-seq [104] was employed identify variations in the relative abundance of cell 

populations across experimental conditions. This tool serves as an additional validation 

method to assess whether there are significant differences between the control and 

treatment groups. Steps of DA-seq is detailed in Supplementary Method 7.3.9. 
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1.3.3 Shotgun Proteomics 

Shotgun proteomics is a commonly used bottom-up approach for protein identification in 

complex samples, which integrates high-performance liquid chromatography (HPLC) with 

mass spectrometry (MS) [105–110]. The proteins in the sample are enzymatically digested 

into peptides, which are separated via liquid chromatography and then identified using 

tandem mass spectrometry (MS/MS). This method derives its name from "shotgun" DNA 

sequencing, reflecting the broad, random selection of peptides for analysis. Shotgun 

proteomics is widely used to analyze large protein datasets, giving insights into protein 

expression, post-translational modifications, and protein interactions. 

The workflow typically involves four key steps: 

1. Protein extraction and digestion: Proteins are extracted from the biological sample and 

digested into peptides using proteolytic enzymes such as trypsin. 

2. Peptide separation: Peptides are separated using liquid chromatography to simplify the 

mixture before analysis. 

3. Tandem mass spectrometry: Peptides are ionized, fragmented, and analyzed using 

MS/MS to obtain spectra that help identify the peptides. 

4. Data analysis: Peptide spectra are matched to known protein databases to infer protein 

identities and quantify their relative abundances. 

Shotgun proteomics offers several advantages that make it a powerful tool for large-scale 

protein identification. One of its key strengths is its high throughput, allowing researchers to 

analyze thousands of proteins in a single experiment. Additionally, it provides unbiased and 

comprehensive coverage, enabling the identification of proteins across a wide dynamic range 

of abundances. This method is particularly useful for discovering novel proteins, 

characterizing protein isoforms, and studying post-translational modifications (PTMs). 

Furthermore, advancements in mass spectrometry technology have significantly improved 

sensitivity and accuracy, enhancing the reliability of protein identification and quantification. 

However, shotgun proteomics also has inherent limitations. One major challenge is 

incomplete proteome coverage, as the detection of low-abundance proteins may be limited 

due to sample complexity and ion suppression effects. The reliance on enzymatic digestion 
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introduces peptide bias, meaning that certain proteins may be underrepresented based on 

their digestion efficiency. Additionally, the data analysis process is computationally intensive, 

requiring sophisticated algorithms and extensive database searches to accurately identify 

proteins. Lastly, reproducibility can be a concern, as variations in sample preparation, 

chromatography conditions, and instrument performance may impact results across different 

experiments. 

A schematic overview of the shotgun proteomics workflow is illustrated in Figure 25. 

 

 

 

 

 

 

Figure 25: Schematic of a shotgun proteomics experiment. Key steps: (1) extraction of proteins from tear samples, (2) enzymatic 
digestion to cleave proteins into peptides, (3) separation of peptides using liquid chromatography, (4) analysis of peptide ions via 
tandem mass spectrometry to produce MS and MS/MS spectra, and (5) comparison of these spectra with predicted spectra derived 
from peptide sequences in a protein database for identification. Figure 30 is adapted from the Nättinen et al. (2022) [111] and drawn 
by biorender.com. 

The intensity values were first log2-transformed to meet the normality assumption required 

by limma [112]. This transformation stabilizes variance and enhances the interpretability of 

fold changes across the dataset. Limma was then applied to identify differentially abundant 

proteins across the specified comparisons, as it is well-suited for detecting subtle expression 

differences in proteomics data when data are approximately normally distributed, which is 

often achieved through log transformation. The algorithm of Limma is detailed in 

Supplementary Figure 21 and Supplementary Method 7.3.10. 
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1.3.4 Phosphoproteomics 

Phosphoproteomics, a specialized area of proteomics, focuses on identifying, cataloging, and 

analyzing proteins that undergo phosphorylation, a common post-translational modification. 

Phosphorylation is a reversible switch that influences numerous protein attributes, including 

their activity, cellular location, interactions within protein complexes, and degradation, all of 

which are central to cell signaling pathways. This modification is so prevalent that an 

estimated 30–65% of all proteins may be phosphorylated, with some undergoing multiple 

phosphorylation events [113]. Statistical analyses from extensive datasets predict 

approximately 230,000 phosphorylation sites in humans, 156,000 in mice, and 40,000 in yeast 

[114]. 

Earlier methods to isolate phosphorylated proteins relied on radioactive labeling with 32P-

labeled ATP, followed by SDS-PAGE or thin-layer chromatography. These approaches, 

however, were limited by the inability to produce sufficient protein quantities for thorough 

phosphorylation analysis. Modern enrichment techniques include affinity purification with 

phosphospecific antibodies, immobilized metal affinity chromatography (IMAC), strong cation 

exchange (SCX) chromatography, and titanium dioxide chromatography. Among these, anti-

phosphotyrosine antibodies are particularly effective, though antibodies targeting 

phosphoserine or phosphothreonine are less commonly used. IMAC leverages the phosphate 

group’s affinity for metal ions on the resin, while SCX distinguishes phosphorylated peptides 

based on their negative charge. Titanium dioxide chromatography, a more recent method, 

offers faster preparation. Many phosphoproteomic studies now combine these methods to 

maximize sample purity. 

 

1.4 Knowledge Gaps and Rationale for This Study 

Although numerous studies investigating the effects of autoantibodies on keratinocytes have 

been applied on immortalized HaCaT cell lines [115–117] and non-neoplastic lines, such as 

skin-derived N/TRET cell lines [118] and oral mucosa-derived cell lines [119]. Studies typically 

focus either on the normal in vitro differentiation of human primary keratinocyte cells [120] 

or on the structural analysis of desmoglein in keratinocytes from pemphigus vulgaris patients 
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using atomic force microscopy [121]. However, current research approaches lack longitudinal 

studies on keratinocyte responses and fail to fully capture the dynamic transcriptomic and 

proteomic changes—particularly in primary human keratinocytes or ex vivo skin organ 

cultures—following exposure to the pathogenic monoclonal antibodies PX43 and AK23 over 

an extended time course up to 24 hours. 

Because primary keratinocyte and skin organ models more faithfully recapitulate in vivo 

tissue architecture and signaling, a longitudinal multi-omics approach will fill a critical gap: it 

will reveal the dynamic molecular events that underlie the rapid onset, spatial specificity, and 

potential reversibility of PV acantholysis. By mapping changes in gene expression and protein 

abundance in these physiologically relevant systems, our study could uncover novel 

mechanistic nodes and therapeutic targets that simpler in vitro models cannot expose. 

1.5 Objectives of this Study 

This study aimed to investigate the molecular effects of pemphigus vulgaris autoantibodies 

on human primary keratinocyte cultures and human skin organ cultures. Cells were 

stimulated for up to 24 hours with PX43 scFv and control hIgG, as well as AK23 and its control 

mIgG. To comprehensively characterize the transcriptional and proteomic changes induced 

by these autoantibodies, RNA sequencing was performed to identify differentially expressed 

genes, enriched pathways, and key transcription factors in response to PX43 compared to 

hIgG and AK23 compared to mIgG. Additionally, proteomic analysis was conducted to 

examine differentially expressed proteins and associated signaling pathways, providing 

further insights into the molecular mechanisms underlying pemphigus vulgaris pathogenesis.  
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2. Overview of Experimental Design and Data Sets 
To investigate the molecular impact of pemphigus vulgaris autoantibodies, this study utilized 

multi-omics datasets derived from both human primary keratinocyte cultures and human skin 

organ cultures. This section outlines the sources of biological material, the experimental 

design used for sample preparation, and the quality control measures applied to the 

transcriptomic and proteomic datasets to ensure robust and reliable analyses. 

2.1  Experimental Design 

The experimental design consisted of two main components. The first involved human 

primary epidermal keratinocyte (HPEK) cultures, from which bulk RNA sequencing, 

proteomic, and single-cell RNA sequencing (scRNA-seq) data were generated. The second 

component focused on human skin organ cultures (HSOC), for which bulk RNA-seq and 

proteomic data were obtained. 

In designing our time-course, we selected 5h, 10h and 24h post-antibody exposure to capture 

the key phases of PV acantholysis—from immediate signaling events through to later 

transcriptional and proteomic remodeling. Prior work has shown that PV-IgG induces rapid 

kinase activation (e.g. p38 MAPK, ERK) and early desmosome perturbation within 1–5h of 

treatment, making 5h an optimal point to assay these acute signaling changes [122]. At 

around 10h, several studies report the emergence of immediate-early gene expression 

programs and initial protein depletion of extra-desmosomal DSG3, marking the transition 

from signaling to structural remodeling [39]. Finally, 24h encompasses the full spectrum of 

downstream transcriptional adaptation and proteome reorganization, including endocytic 

clearance of cadherins and engagement of stress-response pathways, thus providing a 

comprehensive view of both the initiation and consolidation phases of antibody-driven 

keratinocyte detachment [122]. 

Figure 26 provides an overview of the workflow for Human Primary Epidermal Keratinocyte 

(HPEK) studies, while Figure 27 outlines the workflow applied in Human Skin Organ Culture 

(HSOC) experiments. 
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Figure 26: Workflow overview for human primary epidermal keratinocyte (HPEK) studies. Healthy human primary epidermal 
keratinocyte (HPEK) cells were cultured to 95% confluency, after which the culture medium was switched to a high calcium 
concentration for 6 hours. Following this treatment, antibodies, including PX43 scFv, complete human immunoglobulin G (hIgG), 
AK23, and mouse immunoglobulin G (mIgG), were introduced to the HPEK cells, and the cultures were maintained for subsequent 
time points. Bulk RNA sequencing (RNA-seq) was conducted on samples A, B, and C at 5, 10, and 24 hours (Biological n = 3 for each 
time point). In contrast, samples X, Y, and Z underwent RNA-seq at 5, 10, 24h (n = 3 for each time point), along with shotgun 
proteomics and phosphoproteomics analyses at 1, 5, and 10 hours (Biological n = 3 for each time point). Single-cell RNA sequencing 
(scRNA-seq) was performed for sample Y at 10 and 24 hours (Biological n = 1). 

 

Figure 27: Workflow overview for human skin organ culture (HSOC) studies. Antibodies, including PX43 scFv and complete human 
IgG, as well as AK23 and mouse IgG, were injected into the epidermal layer of the skin and cultured for 5 hours, 10h hours and 24 
hours. Bulk RNA sequencing was performed at 5 hours, 10 hours, and 24 hours post-injection to assess gene expression changes. 
Shotgun proteomics was conducted at two time points: at 0 hours before antibody treatment and at 24 hours following treatment 
with PX43 and human IgG. 

Dr. William Hariton from Professor Eliane Müller's laboratory at the University of Bern 

prepared the human primary epidermal keratinocyte (HPEK) and Veronika Hartmann from 

Professor Jennifer Hundt's laboratory at the University of Lübeck prepared the human skin 

organ culture (HSOC). 

All sequencing, including bulk RNA-seq, scRNA-seq, proteomics, and phosphoproteomics, was 

carried out by the sequencing facility at the University of Bern. 
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2.2  Overview of Omics Datasets Used in This Study 

For the HPEK samples, bulk RNA-seq data were generated at 5h, 10h, and 24h following 

treatment. Shotgun proteomics and phosphoproteomics data were collected at 1, 5, and 10 

hours. Each time point included treatments with PX43, its control hIgG, AK23, and its control 

mIgG, with three biological replicates per condition. In addition, single-cell RNA-seq (scRNA-

seq) was performed for AK23 and mIgG treatments at 10 and 24 hours, each represented by 

a single biological sample. 

For the HSOC samples, bulk RNA-seq data were generated at 5h, 10h, and 24h following 

treatment with PX43, hIgG, AK23, and mIgG, with six biological replicates per condition. 

Shotgun proteomics was performed at the 24-hour time point for PX43 and hIgG treatments, 

as well as for an untreated baseline control at 0 hours, each with five biological replicates. 

The transcriptomic data for the HPEK and HSOC samples have been deposited in the GEO 

database under the accession ID GSE285010. 

I conducted the omics data analysis under the supervision of Professor Hauke Busch and Dr. 

Axel Künstner, with valuable input and suggestions from other members of Professor Hauke 

Busch’s, Professor Jennifer Hundt’s, and Professor Ralf Ludwig’s lab at the University of 

Lübeck and Professor Eliane Müller’s lab at the University of Bern.  
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3. Computational Methods and Bioinformatics Analysis 
To gain a comprehensive understanding of the molecular mechanisms underlying the 

biological system under study, we employed an integrative multi-omics data analysis 

approach. This included bulk RNA sequencing (RNA-seq), shotgun proteomics, 

phosphoproteomics, and single-cell RNA-seq (scRNA-seq). Standard and custom 

bioinformatics pipelines were used for quality control, normalization, quantification, 

statistical analysis, and functional interpretation of each dataset. 

The following subsections detail the specific computational steps and analytical methods 

applied to each data type. 

3.1 Bulk RNA-seq Analysis 

3.1.1 Quantification of Gene Expression  

Raw sequencing reads in FASTQ format [123] were mapped to the human reference 

transcriptome (GRCh38) using kallisto (v0.45.0) [51], as previously introduced. The first step 

involved constructing an index of the entire human transcriptome using the kallisto index 

command, with the reference transcriptome in FASTA format [124], obtained from Ensembl 

(release 105): https://ftp.ensembl.org/pub/release-105/fasta/homo_sapiens/cdna/. 

Following index generation, the kallisto quant command was used to pseudoalign raw reads 

from each sample to the indexed Ensembl human cDNA sequences (version 105), resulting in 

transcript-level quantification. For each sample, quantification outputs included three files: 

abundance.tsv, abundance.h5, and run_info.json. These files were generated on a high-

performance computing cluster and are available for downstream analyses.  

3.1.2 Principal Component Analysis 

The top 10% of most variable genes were used to get the PCA (Principal Component Analysis) 

plot by the PCAtools (v2.14.0) [125], default parameters were used  to perform on length-

scaled TPM values derived from gene expression data processed by tximport (v1.30.0) [126].  
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The pca function in the PCAtools package selects the top 10% most variable genes to compute 

principal components. The biplot function is then used to generate a PCA plot, illustrating the 

relationships between samples based on the first two principal components (PC1 and PC2). 

3.1.3 Identification of differentially Expressed Genes 

Differentially expressed genes were quantified using a likelihood ratio test (LRT) implemented 

in DESeq2 (v1.42.1) [53], as previously introduced. A full model incorporating all experimental 

variables was compared to a reduced model excluding the treatment effect, to identify genes 

exhibiting significant expression changes in response to treatment. 

The heatmap was generated for the significant differentially expressed genes using the 

pheatmap (v1.0.12) R package [127] with gene expression values transformed using the 

regularized logarithm (rlog) transformation. Volcano plots for the significant differentially 

expressed genes were generated by the tool EnhancedVolcano (v1.20.0) [128], highlighting 

genes based on log2 fold change and adjusted p-value thresholds.  

3.1.4 Pathway Enrichment Analysis 

Pathway enrichment analysis was performed using the GAGE (Generally Applicable Gene-set 

Enrichment) method, implemented via the R package gage (v2.52.2) [59] as previously 

introduced, with all analyses conducted using the tool’s default parameters.  

Differentially expressed genes (DEGs) identified by DESeq2, along with their corresponding 

log₂ fold change values, were used as input for pathway enrichment analysis. The Hallmark 

gene set collection from the MSigDB database served as the reference for annotation. 

Enrichment analysis was performed using the gage function from the GAGE package, which 

computed enrichment scores, p-values, q-values, and other relevant statistical metrics for 

each comparison. 

 

3.1.5 Transcription Factor Activity Prediction 

The decoupleR (v2.8.0) package was utilized to infer transcription factor (TF) activities using 

log2 fold-change (log2FC) values of differentially expressed genes as input, the inference was 

based on prior knowledge of transcription factor-target interactions, generating activity 
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scores that reflect the regulatory influence of transcription factors within the dataset [68], as 

previously introduced. 

The decoupleR package by reported the top 25 transcription factors (TFs) by default based on 

the highest absolute predicted activity scores, filtered to include only those with adjusted p-

values less than 0.05. 

3.2 scRNA-seq Data Analysis 

The raw sequencing data obtained from the University of Bern's sequencing facility, was 

quantified using the count function in Cell Ranger (v7.0.1) [101] as previously introduced. The 

human reference genome GRCh38 (refdata-gex-GRCh38-2020-A), downloaded from the 10x 

Genomics website, was utilized for alignment and quantification.  

The primary single-cell analysis was conducted using the Seurat package (v4.3.0) [129] as 

previously introduced, leveraging gene expression quantification results generated by Cell 

Ranger. Cells with fewer than 200 detected genes or with over 25% of reads mapping to 

mitochondrial genes were excluded during quality control filtering. Normalization was 

performed using the global-scaling method LogNormalize, which normalizes gene expression 

for each cell by the total expression, multiplies by a scaling factor (10,000 by default), and log-

transforms the result. The FindVariableFeatures function was used to identify the top 2,000 

most variable genes. Data scaling was carried out using the ScaleData function, followed by 

dimensionality reduction using principal component analysis (PCA) via the RunPCA function. 

Clustering was performed using the FindClusters function with a resolution parameter of 0.7 

to obtain well-resolved clusters. Differential gene expression analysis between clusters was 

conducted using the default non-parametric Wilcoxon rank sum test implemented in the 

FindMarkers function. 

Cell type annotation was conducted using SingleR, which leverages the gene expression 

matrix of individual cells to assign cell identities based on reference transcriptomic datasets. 

Using default parameters, use the filtered and normalized expression matrix from Seurat, 

SingleR provided unbiased predictions of cell types present in the input data. This analysis 

enabled a comprehensive assessment of the cellular composition of the sequenced samples, 

with particular emphasis on confirming the predominance of keratinocytes and evaluating 
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potential contamination by non-target cell types. Thus support the accuracy and relevance of 

the dataset for downstream analyses focused on keratinocyte biology. 

Additionally, differential abundance analysis (DA-seq) (v1.0.0) [104] was performed using 

default settings to identify variations in the relative abundance of cell populations of mIgG 

24h sample and the AK23 24h sample using the filtered and normalized expression matrix 

together with the sample information. This analysis provided an extra layer of validation for 

the clustering and differential expression results, further corroborating the findings derived 

from these approaches. 

3.3 Shotgun Proteomics Data Analysis 

The analysis of shotgun proteomics data begins with protein intensity values preprocessed 

and quantified by the University of Bern's sequencing facility.  

Raw protein intensity values were first log2-transformed to stabilize variance across the 

dynamic range of measurements. To identify differentially abundant proteins across 

experimental conditions, employed the limma package (v3.58.1) in R [112] as previously 

introduced. A linear modeling framework was constructed, where the experimental condition 

(i.e., treatment group and timepoint) was included as a factor (group), and sample batch 

effects were accounted for (batch). An additive model with interaction terms (group + batch 

+ group:batch) was used to capture potential batch-specific variation across conditions. 

Fitting of the linear model was performed using the lmFit function with the default parameter. 

Variance moderation was applied via empirical Bayes shrinkage using the eBayes function. 

Specific comparisons of interest were encoded using a contrast matrix, including both 

treatment-vs-control comparisons (e.g., AK23_1h vs mIgG_1h, PX43_5h vs hIgG_5h) and 

temporal comparisons within each treatment group (e.g., AK23_10h vs AK23_1h, mIgG_10h 

vs mIgG_5h). Contrasts were evaluated using contrasts.fit, followed by empirical Bayes 

moderation with eBayes. 

 

Statistical significance was assessed using moderated t-statistics, and p-values were adjusted 

for multiple testing using the Benjamini-Hochberg (BH) procedure. Differentially abundant 

proteins were identified using an adjusted p-value threshold of < 0.05 and the log2FC above 
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1 or below -1. The topTable function was used to extract ranked lists of proteins for each 

contrast of interest. 

Principal Component Analysis (PCA) plots and heatmaps were generated using the PCAtools 

(v2.14.0) and pheatmap (v1.0.12) packages, respectively, as in prior bulk RNA-seq analyses. 

3.4 Phosphoproteomics Data Analysis 

The analysis of phosphoproteomics data begins with protein intensity values pre-processed 

and quantified by the sequencing facility at the University of Bern. Downstream analysis is 

similar to the shotgun proteomics. 
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4. Results: Molecular Insights from the Human Primary 
Epidermal Keratinocyte (HPEK) and Human Skin Organ 
Culture (HSOC) Models 

Human primary epidermal keratinocyte (HPEK) cells provide a physiologically relevant model 

to study epidermal biology and cellular responses to external stimuli, making them valuable 

for investigating skin-related processes at the molecular level.  

Human primary epidermal keratinocyte (HPEK) cells and human skin organ culture (HSOC) 

both serve as physiologically relevant models for studying epidermal biology and cellular 

responses to external stimuli. These systems are particularly valuable for investigating skin-

related processes at the molecular level due to their close approximation to in vivo human 

skin conditions. 

For the HPEK model, two experimental cohorts were established to explore transcriptomic 

and proteomic dynamics following stimulation. 

• Cohort 1 included samples A, B, and C, each comprising pooled keratinocytes from 

three healthy male donors’ foreskins, with three biological replicates per sample. 

• Cohort 2 consisted of samples X, Y, and Z, each derived from a single healthy male 

donor, also with three biological replicates, to minimize potential variability from 

donor pooling. 

HPEK cells were cultured to 95% confluency and then exposed to high calcium 

conditions to stabilize cell-cell adhesion and synchronize differentiation. Six hours later, 

cells were stimulated with PX43 scFv, hIgG, AK23, or mIgG. Samples were harvested at 

5h, 10h, and 24h post-stimulation for bulk RNA-sequencing. 

• For scRNA-seq, only AK23- and mIgG-treated samples at 10 and 24 hours (without 

biological replicates) were processed. 

• For shotgun and phosphoproteomics, samples X, Y, and Z (with three biological 

replicates each) were collected at 1h, 5h, and 10h post-stimulation. 

For the HSOC (human skin organ culture) model, normal human skin samples were obtained 

from patients within 24 hours post-surgery, with informed consent provided for research use. 

Five independent biological replicates (i.e., skin samples from five different donors) were 
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subjected to stimulation with PX43 scFv, hIgG, AK23, or mIgG antibodies. Following 24 hours 

of incubation, each skin sample was bisected using a sterile scalpel. One half was processed 

for histological analysis via haematoxylin-eosin (H&E) staining, while the other half was 

further subdivided, with a portion used for RNA sequencing. 

For proteomic analysis, untreated HSOC samples collected at 0 hours served as negative 

controls, and samples stimulated with PX43 scFv and hIgG for 24 hours (five biological 

replicates each) were processed for protein extraction and subsequent mass spectrometry–

based proteomics. 

4.1 Overall Data Quality 

High-quality input data is fundamental to ensuring reliable analytical outcomes and valid 

biological interpretations. As the well-known adage in data analysis states, “garbage in, 

garbage out.” Consequently, the first critical step in the sequencing data analysis pipeline 

involves a thorough assessment of raw data quality to determine whether it meets the 

required standards. Based on this evaluation, low-quality reads may need to be filtered out, 

or, in cases of insufficient quality, certain samples may require resequencing. 

To assess overall data quality, FastQC was employed to analyze multiple quality metrics, 

including sequencing depth (read counts), duplication levels, GC content, and base quality 

scores (e.g., Q30) [130]. These metrics provide a comprehensive overview of the integrity and 

reliability of the raw data. To facilitate comparison and visualization across all samples, the 

results from FastQC were aggregated using MultiQC [131]. 

Figure 28 presents the read count results, while Figure 29 illustrates the mean quality scores 

across reads for samples X, Y, and Z. Samples A, B, and C are referenced in Appendix A, 

Supplemental Figure 1-2. 
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Figure 28: Total read counts from bulk RNA-seq for HPEK samples X, Y, and Z. The quality control results aggregated by MultiQC 
from FastQC outputs indicate that all samples achieved sequencing depths exceeding 50 million reads, with the majority surpassing 
60 million reads. These read counts meet or exceed the recommended thresholds for bulk RNA-seq experiments as outlined by 
ENCODE guidelines [132], suggesting sufficient sequencing depth for downstream analyses. 

 

Figure 29: Mean base quality scores across reads from bulk RNA-seq of HPEK samples X, Y, and Z. All samples exhibited mean quality 
scores above 33.8, as reported by FastQC and summarized by MultiQC. This corresponds to a base call accuracy exceeding 99.9%, 
indicating that the raw sequencing reads are of exceptionally high quality. 
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The total read counts for all samples exceed 50 million, with the majority surpassing 60 million 

reads, aligning with the ENCODE consortium's recommended standards for high-quality RNA-

seq data [132]. Additionally, the mean base quality scores across reads are all above 33.8, 

corresponding to a base call accuracy of over 99.9%. Collectively, these metrics indicate that 

the raw sequencing data are of high quality. 

Following the assessment of samples X, Y, and Z, which demonstrated high sequencing depth 

and quality, the HSOC raw sequencing reads were similarly evaluated to ensure their 

suitability for downstream analyses. As shown in Figure 30, the HSOC samples also exhibit 

robust read counts consistent with high-quality RNA-seq data. Complementing this, Figure 31 

presents the distribution of mean base quality scores across reads, further confirming that 

the HSOC bulk RNA-seq data meet the necessary quality thresholds for reliable analysis. 

 

Figure 30: Total read counts from bulk RNA-seq for HSOC samples. The quality control results aggregated by MultiQC from FastQC 
outputs indicate that all samples achieved sequencing depths exceeding 56 million reads, with the majority surpassing 60 million 
reads. These read counts meet or exceed the recommended thresholds for bulk RNA-seq experiments as outlined by ENCODE 
guidelines [132], suggesting sufficient sequencing depth for downstream analyses. 
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Figure 31: Mean base quality scores across reads from bulk RNA-seq of HSOC samples. All samples exhibited mean quality scores 
above 32.3, as reported by FastQC and summarized by MultiQC. This corresponds to a base call accuracy exceeding 99.9%, indicating 
that the raw sequencing reads are of exceptionally high quality. 

For the HPEK scRNA-seq dataset, raw sequencing reads were also evaluated and confirmed 

to be of high quality, ensuring their reliability for downstream single-cell analyses. 

Once the high quality of the sequencing reads was confirmed, it is confident to processed with 

the downstream analyses. 

4.2 HPEK Bulk RNA-seq 

4.2.1 Donor Effects Observed in HPEK Bulk RNA-seq 

To evaluate the effects of AAbs on human primary keratinocyte cells across different 

treatments (PX43, hIgG, AK23, and mIgG) and time points (5 h, 10 h, and 24 h), a Principal 

Component Analysis (PCA) plot will first be utilized to assess the overall clustering patterns of 

the samples. This initial exploratory analysis will provide an overview of the similarities and 

differences among the sample groups. 
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Figure 32 shows the PCA plots for samples X, Y, and Z from Experiment 2, at each time point, 

sample clustering is primarily driven by the first principal component (PC1), accounting for 

39–51% of the total variance, depending on the time point. The second principal component 

(PC2) explains a smaller proportion of variance (19-31%).  

 

Figure 32: Principal Component Analysis (PCA) plots comparing samples X, Y, and Z from experiment 2. The up three plots show 
comparisons between AK23 and its control (mIgG), while bottom three plots display comparisons between PX43 and its control 
(hIgG). Separation between samples occurs mainly along the first principal component (PC1), accounting for 39-51% of the total 
variance, while variation along the second dimension is minimal. 

The treated samples remain relatively close to their respective controls in the PCA plot, 

suggesting that the overall transcriptional changes induced by treatment are modest. A strong 

donor-specific effect is evident across the dataset. When samples from different time points 

(5 h, 10 h, and 24 h) for AK23 and mIgG, or PX43 and hIgG, are analyzed together, a clear 

temporal clustering is observed, with samples from the same time point grouping more 

closely. This consistent clustering confirms that time point exerts a substantial effect on the 

transcriptional profiles. Overall, these patterns suggest that donor and time effects play a 

more prominent role in sample clustering than the specific effects of autoantibody 

treatments on human primary keratinocyte cells. 
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Consistent clustering patterns are observed in the PCA plots of samples A, B, and C 

(Supplemental Figure 3), as well as in the combined analysis of all samples (A, B, C, X, Y, and 

Z) shown in Supplemental Figure 4. 

Thus, these observations indicate that, under the experimental conditions, antibody 

treatments elicit only modest transcriptional alterations. 

4.2.2 Minimal Transcriptomic Response in HPEK 

Following the initial exploratory analysis using PCA to assess overall data structure, the next 

step involves identifying differentially expressed genes (DEGs). This analysis will provide 

detailed insights into the molecular differences between treatment and control antibody 

conditions (PX43 vs. hIgG and AK23 vs. mIgG). 

Differentially expressed genes (DEGs) were identified using DESeq2, as described in the 

Methods section. Genes meeting the criteria of an adjusted p-value (padj) < 0.05 and an 

absolute log₂ fold change (|log₂FC|) > 1 were considered significantly differentially expressed. 

The threshold of padj < 0.05 was applied to control the false discovery rate, while the log₂ fold 

change cutoff was used to capture genes exhibiting biologically meaningful expression 

changes. These widely accepted criteria provide a balance between statistical stringency and 

effect size. The resulting DEGs are visualized in volcano plots. 
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Minimal Differentially Expressed Genes in HPEK Samples X, Y, and Z 

Figure 33 presents the DEGs for samples X, Y, and Z, under the same comparative conditions 

and time points. Results for samples A, B, and C, as well as the combined samples A, B, C, X, 

Y, and Z, are presented in Supplemental Figures 5 and 6. 

 
Figure 33: Volcano plots of differentially expressed genes in samples X, Y, and Z comparing PV antibodies with control antibodies. 
Each subplot displays the log2 fold-change (log2FC) on the x-axis and the negative log10 of the adjusted p-value (-log10 P) on the y-
axis, with upregulated (Up) and downregulated (Down) genes indicated. Significant genes are labeled in each plot. AK23 vs. mIgG at 
24h (Up: FOSB, BAMBI, GDF15, SLC28A3, Down: LBHD1, CPB2-AS1); PX43 vs. hIgG at 5h (Up: ARL11, CYP1A1, CYP1B1, Down: CMPK2), 
24h (Up: SMIM11, KLF15, PSMC1P1, Down: MTARC1, NKD1, PCMTD1-DT, GABRB3, MEF2C, MAP2K6). Overall, only a few DEGs were 
identified. 

For samples X, Y and Z, AK23 treatment compared to mIgG identified one upregulated gene 

MAGED4B at 10h, four upregulated genes of SLC28A3, FOSB, GDF15 and BAMBI, three 

downregulated genes of LBHD1, CPB2-AS1, and FABP3 at 24h. PX43 treatment compared to 

hIgG identified three upregulated genes of ARL11, CYP1A1, CYP1B1, one downregulated gene 

CMPK2 at 5h, three upregulated genes of KLF15, SMIM11, PSMC1P1, six downregulated genes 

of MTARC1, NKD1, PCMTD1-DT, GABRB3, MEF2C, MAP2K6 at 24h.  

• MAGED4B (MAGE Family Member D4B) correlates with cell migration and growth 

[133]. 

• SLC28A3 (Solute Carrier Family 28 Member 3) is a member of the human solute carrier 

family transporters and may contribute to drug-induced skin disorders [134]. 
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• FOSB (FosB Proto-Oncogene) can be both beneficial and harmful in injured mouse skin 

depending on the specific context and the dimerization partners involved [135]. 

• GDF15 (Growth Differentiation Factor 15) emerges as a novel regulator of 

mitochondrial homeostasis, mitigating cellular senescence and attenuating age-

related phenotypic changes in a 3D human skin mode [136]. 

• BAMBI (BMP And Activin Membrane Bound Inhibitor) encodes a transmembrane 

glycoprotein related to the type I receptors of the transforming growth factor-beta 

family and significantly increases its expression in both chronic and acute wounds 

[137]. 

• LBHD1 (LBH Domain Containing 1) has been shown to promote the migratory and 

invasive potential of bladder cancer cells while exerting minimal influence on cellular 

proliferation [138]. 

• CPB2-AS1 (CPB2 antisense RNA 1), when upregulated, seems to contribute to impaired 

wound healing in diabetic conditions [139]. 

• FABP3 (Fatty Acid Binding Protein 3) is involved in the transport of long-chain fatty 

acids to various cellular compartments, such as mitochondria for β-oxidation, the 

endoplasmic reticulum for esterification, or the nucleus for lipid signaling [140]. 

• ARL11 (ADP Ribosylation Factor Like GTPase 11) has been shown to regulate the 

activation of macrophages and inflammatory cytokines in a mouse atherosclerosis 

model [141]. 

• CYP1A1 (Cytochrome P450 family 1 subfamily A member 1) and CYP1B1 (Cytochrome 

P450 family 1 subfamily B member 1) belong to the cytochrome P450 enzymes, 

involved in the metabolism of various endogenous substrates, including fatty acids, 

steroid hormones, vitamins and have increased enzymatic activity in the inflammatory 

skin [142–146]. 

• CMPK2 (Cytidine/uridine Monophosphate Kinase 2) is a mitochondrial nucleotide 

monophosphate kinase needed for salvage dNTP synthesis that mediates 

immunomodulatory and antiviral activities through IFN-dependent and IFN-

independent pathways [147–151]. 
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• KLF15 (KLF Transcription Factor 15) regulates diverse biological processes that include 

proliferation, differentiation, growth, development, survival and responses to external 

stress, also upregulated in the topical glucocorticoid clobetasol propionate (CBP) 

treated healthy humans [152,153]. 

• SMIM11 (Small Integral Membrane Protein 11) encodes proteins that are localized in 

the cytoplasm and mitochondria, as well as focal adhesion points between the cells 

[154]. 

• PSMC1P1 (Proteasome 26S subunit, ATPase 1 Pseudogene 1) has been shown to 

regulate human photoreceptor development and maturation [155]. 

• MTARC1 (Mitochondrial Amidoxime Reducing Component 1) downregulation in 

hepatocytes protects against metabolic dysfunction associated with steatohepatitis in 

multiple murine models [156]. 

• NKD1 (NKD inhibitor of WNT signaling pathway 1) functions as a passive antagonist of 

Wnt signaling and affects the homeostasis of stem cells [157]. 

• PCMTD1-DT (PCMTD1 Divergent Transcript) is a divergent transcript of the PCMTD1 

gene expressed at lower levels in the lesion skin [158]. 

• GABRB3 (Gamma-Aminobutyric Acid type A Receptor Subunit beta3) encodes a ligand-

gated ion channel family member and affects the cell-cell junctions between 

keratinocytes [159]. 

• MEF2C (Myocyte Enhancer Factor 2C) is a substrate of ERK5, and activation of ERK5 

has been associated with accelerated wound healing [160]. 

• MAP2K6 (Mitogen-Activated Protein Kinase Kinase 6) is a mitogen-activated protein 

(MAP) kinase member, which is required for human keratinocyte migration on dermal 

collagen [161]. 
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Table 5 summarizes the significantly differentially expressed genes (DEGs) identified in AK23-

treated samples compared to the mIgG control, while Table 6 presents the corresponding 

DEGs for PX43-treated samples compared to hIgG. Notably, no individual gene exhibited 

consistent upregulation or downregulation across all three time points, highlighting the 

temporal specificity of gene expression changes in response to treatment. 

Table 4: Significantly differentially expressed genes in AK23-treated samples compared to mIgG control at 5 
h, 10 h, and 24 h 

 
5h 10h 24h 

MAGED4B -1.09 2.53 -0.24 
1 0.001 0.94 

SLC28A3 -0.03 0.26 1.31 
1 1 9.00E-08 

FOSB -0.05 0.22 1.14 
1 1 0.003 

GDF15 0.51 0.21 1.03 
1 1 2.24E-06 

BAMBI 0.08 -0.24 1.11 
1 1 0.003 

LBHD1 -0.11 -0.23 -1.22 
1 1 5.27E-19 

CPB2-AS1 0.84 -0.18 -1.64 
1 1 0.00013 

FABP3 -0.05 0.25 -1 
1 1 0.045 

* Values represent log2FC (top) and padj (bottom). Bold indicates significance: padj < 0.05 and |log2FC| > 1. 

Table 5: Significantly differentially expressed genes in PX43-treated samples compared to hIgG control at 5 h, 
10 h, and 24 h 

 
5h 10h 24h 

ARL11 1.8 -1.09 0.75 
0.0051 NA 0.76 

CYP1A1 1.93 0.97 0.38 
5.23E-08 NA 0.23 

CYP1B1 2.09 0.97 0.14 
2.48E-09 NA 0.98 

CMPK2 -1.01 -0.17 0.12 
1.70E-04 NA NA 

KLF15 -0.02 -0.33 1.06 
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1.00E+00 NA 0.00012 
SMIM11 0.36 -1.15 1.74 

1.00E+00 NA 1.21E-07 
PSMC1P1 -0.07 -0.2 1.13 

1.00E+00 NA 0.049 
MTARC1 -0.045 0.15 -1.18 

1.00E+00 NA 0.012 
NKD1 -0.047 -0.94 -0.054 

1.00E+00 NA 0.0059 
PCMTD1-DT -0.29 0.27 -1.14 

1.00E+00 NA 0.033 
GABRB3 0.57 -0.23 -1.43 

1.00E+00 NA 0.0018 
MEF2C 0.14 -1.13 -2.17 

1.00E+00 NA 2.44E-05 
MAP2K6 -0.69 -0.61 -1.13 

1.00E+00 NA 0.094 

* Values represent log2FC (top) and padj (bottom). Bold indicates significance: padj < 0.05 and |log2FC| > 1. 

Taken together, no consistent or robust gene expression changes were observed in response 

to AK23 or PX43 treatment in samples X, Y, and Z. While a limited number of significantly 

differentially expressed genes were detected, the statistical power remains insufficient to 

draw definitive conclusions. Further experimental validation is necessary to assess the 

biological relevance of these preliminary findings. 

Similarity of Gene Expression Profiles in Samples X, Y, and Z via Correlation Analysis of TPM 
Values 

To enable a more precise comparison of gene expression levels between treatment and 

control antibodies in samples X, Y, and Z (each consisting of keratinocytes from a single 

healthy donor), transcripts per million (TPM) values were generated for all samples. These 

values were log2-transformed to stabilize variance and enhance cross-sample comparability. 

Spearman correlation analyses were subsequently conducted to evaluate the relationships 

between PX43 and hIgG, AK23 and mIgG, at 5h, 10h, 24h, and 48h post-treatment. 

Furthermore, the calculated correlations between AK23 and mIgG, as well as PX43 and hIgG, 

at 5 h, 10 h, and 24 h, revealed consistently strong positive relationships (r = 0.94–1.00, p < 

0.001) between treatment and control conditions. These findings suggest that the effects of 
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the treatment antibodies are not easily distinguishable from those of the control antibodies 

at the transcriptomic level.  

Consequently, the differentially expressed genes (DEGs) identified in these analyses may 

primarily reflect noise rather than true biological differences, which also could explain the low 

number of significant DEGs observed. 

4.2.3 Lack of Consistently Regulated Pathways and Transcription Factors in 
HPEK  

Beyond examining differentially expressed genes (DEGs), it is highly informative to perform 

pathway-level analysis, as genes typically function within coordinated modules. This approach 

not only facilitates a more comprehensive understanding of the underlying biological 

mechanisms but also enhances the interpretability of the results by highlighting key biological 

processes that differ between treatment and control conditions. 

Significantly enriched pathways were identified using the GAGE R package in conjunction with 

the Hallmark gene set collection, as described in the Introduction and Methods sections. 

Pathways with a q-value < 0.05 are visualized either in dot plots for the PX43 versus hIgG and 

AK23 versus mIgG comparisons, or collectively in a heatmap encompassing all sample 

conditions. 

In samples X, Y, and Z, the top significantly enriched pathways are presented in Figure 34, 

encompassing all conditions: PX43, hIgG, AK23, and mIgG at 5, 10, and 24 hours. For individual 

comparisons, significant pathway enrichment was observed only in the comparison of PX43 

versus hIgG at 5 and 24 hours (Supplemental Figures 7 and 8), as well as in the comparison of 

AK23 versus mIgG at 24 hours (Supplemental Figure 9).  
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Figure 34: Top significantly enriched pathways in HPEK samples X, Y, and Z based on pathway analysis. Using the HALLMARK pathway 
reference database, the top significantly enriched pathways were identified across all comparisons, revealing clear time-dependent 
effects. Specifically, pathways such as TNFα signaling, myogenesis, KRAS signaling, cholesterol homeostasis, Hedgehog signaling, 
and apical surface processes were upregulated at 24 hours but downregulated at 5 and 10 hours. In contrast, MYC targets, E2F 
targets, and G2M checkpoint pathways were upregulated at 5 and 10 hours and downregulated at 24 hours. Moreover, the similarity 
in pathway enrichment profiles between AK23 and mIgG, as well as between PX43 and hIgG, suggests that the observed pathway 
changes are likely driven more by spatial or temporal factors rather than antibody-specific effects. 

As shown in Figure 34, the similarity in pathway enrichment profiles between AK23 and mIgG, 

as well as between PX43 and hIgG, along with the clustering of pathways by time point across 

samples, suggests that the observed pathway changes are primarily driven by spatial or 

temporal factors rather than antibody-specific effects. 

Similar patterns of top significantly enriched pathways were observed in individual samples 

A, B, and C, as well as in the combined analysis of samples A, B, C, X, Y, and Z. 

In summary, no consistently regulated signaling pathways were identified in HPEKs across the 

examined time points, indicating a lack of sustained or uniform pathway activation in 

response to the treatments. Furthermore, the clustering of pathways by time point across 

samples suggests that the observed effects are not antibody specific. 

In addition, transcription factor activities were inferred from the bulk RNA-seq data to identify 

potential hub regulators. This analysis provides a valuable approach for uncovering key 

regulatory elements involved in the disease process. 
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Top transcription factors and their predicted activity scores were identified using decoupleR. 

Across individual sample sets (A, B, and C or X, Y, and Z), as well as in the aggregated analysis 

of all samples (A–C and X–Z), no transcription factor exhibited consistent upregulation or 

downregulation across all three time points (5 h, 10 h, and 24 h). This lack of consistency is 

not unexpected, as the inference of transcription factor activity is derived from gene 

expression profiles for each comparison, and no uniform gene expression pattern was 

observed across these time points or sample groups. 

To sum up, multiple analyses of the bulk RNA-seq data—including differential gene expression, 

pathway enrichment, and transcription factor activity—indicate that the observed changes 

are primarily driven by temporal dynamics rather than specific antibody responses. HPEKs 

may be relatively resilient to the applied treatment or stimuli, at least within the timeframe 

examined. This could reflect a tightly regulated homeostatic mechanism in keratinocytes that 

dampens transcriptional shifts in response to transient external cues, or a delayed response 

profile that may not manifest until later timepoints. Alternatively, it raises the possibility that 

the treatment exerts more subtle effects on post-transcriptional regulation, which would not 

be captured in bulk RNA-seq. These findings underscore the importance of considering both 

cell-type specific responsiveness and the kinetics of gene expression when interpreting multi-

condition transcriptomic data. 

4.3 HPEK scRNA-seq 
The bulk RNA-seq data did not reveal antibody-specific effects, showing minimal differences 

between PX43 and hIgG, as well as AK23 and mIgG. Since bulk RNA-seq captures the average 

gene expression across a heterogeneous cell population, it is possible that transcriptional 

responses occurring in only a subset of cells are being masked or diluted. This raises the 

possibility that the subtle changes observed may reflect a heterogeneous response among 

human primary keratinocytes. To investigate this further, our collaborators at the University 

of Bern performed single-cell RNA sequencing (scRNA-seq) on AK23- and mIgG-treated 

samples at 10h and 24h post-treatment, aiming to resolve cell-specific responses and test this 

hypothesis. 

Single-cell RNA sequencing (scRNA-seq) analysis of HPEK cells treated with AK23 or mIgG for 

24 hours revealed multiple distinct cellular subpopulations, providing insights into treatment-
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associated alterations in cell states, particularly those specifically induced by AK23 in 

comparison to the mIgG control. 

4.3.1 Identification of 12 Subcellar Clusters in AK23 and mIgG 24h Samples in 
HPEK 

Sample Y was subjected to single-cell RNA-seq following treatment with AK23 and mIgG at 

10-hour and 24-hour time points. The target cell count distribution is presented in Figure 35. 

Due to the excessively high mean reads per cell observed in the mIgG 10h sample (>1 million), 

downstream analyses were focused on the mIgG 24h and AK23 24h samples. 

In Figure 36, the Uniform Manifold Approximation and Projection (UMAP) visualization 

displays 12 distinct cell clusters identified using Seurat for both samples of mIgG 24h and AK23 

24h. Clustering was performed with default parameters, except for the resolution, which was 

set to 0.7 in the FindClusters function. This resolution was selected after testing multiple 

values, as it provided optimal separation of the cell groups. 

 
 
Figure 35: Target number of captures of cells for AK23 and mIgG at 10h and 24h. According to the 10x Genomics guidelines, the 
mean reads per cell typically ranges around 10,000. However, the mIgG 10h sample exhibits an excessively high mean reads per cell 
(>1 million), suggesting potential quality issues with this sample. 
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Figure 36: Uniform manifold approximation and projection (UMAP) visualization of 12 distinct cell clusters identified by Seurat. Both 
mIgG and AK23 samples yielded 12 distinct cell clusters, identified using Seurat. The clustering resolution was set to 0.7 in the 
FindClusters function, selected after testing multiple values to achieve optimal separation of cell groups. 

4.3.2 AK23 Induces a Limited Transcriptomics Response Relative to mIgG 
Across Cell Clusters in HPEK 

For the significantly differentially expressed genes (DEGs) in each cluster (AK23 vs. mIgG), 

applying a threshold of padj < 0.05 and |log2FC| > 1 identified only two significant DEGs of 

PHLDB2 and FRMD6 in Cluster 7. When the threshold was adjusted to padj < 0.05 without a 

log2FC cutoff, Cluster 3 additionally exhibited two significant DEGs of KRTDAP and SPRR2E. 

Overall, these findings suggest minimal transcriptional differences between the mIgG 24h and 

AK23 24h samples, limited to a small number of clusters. 
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Figure 37 presents a heatmap of each cell cluster's top 5 marker genes, highlighting distinct 

expression patterns that define each cluster. Table 7 provides a list of the top 5 marker genes 

for each cluster along with their associated functions, as identified using the STRING database. 

Additionally, GAGE analysis was performed to infer enriched pathways based on the 

differentially expressed genes in each cluster (AK23 vs. mIgG), with significant pathways 

identified at q < 0.05. Among the 12 cell clusters, only clusters 2, 5, and 8 showed significantly 

enriched pathways, all of which included the upregulated pathway TNFA Signaling via NFKB, 

indicating a heterogeneous response among the cell clusters, as shown in Figure 38-40.  

 
 
Figure 37: Heatmap of the top 5 markers for each cell cluster. Heatmap showing the top five differentially expressed marker genes 
for each of the 12 identified cell clusters in HPEK cells following 24-hour treatment with AK23 or mIgG. Each column represents a 
single cell, grouped by cluster identity (1–12), and each row corresponds to one of the top marker genes for the respective cluster. 
Gene expression values are scaled and color-coded from low (purple) to high (yellow), highlighting distinct transcriptional profiles 
among clusters. This heatmap illustrates the heterogeneity of cellular responses and reveals cluster-specific gene expression 
patterns potentially associated with AK23-induced effects. 
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Table 6: Top 5 marker genes from each cell cluster and related function annotated by Stringdb 

Cluster Gene Stringdb annotation 
1 DST  

 
Microtubule end 

1 CAMSAP2 
1 AC097518.2 
1 PCDH7 
1 COL8A1 
2 CKS1B  

 
RHO GTPases Activate Formins 

2 TUBA1B 
2 MIR924HG 
2 DIAPH3 
2 CENPP 
3 SPRR1B  

 
Keratinization 

3 SPRR2D 
3 KRT16 
3 LYPD3 
3 S100A8 
4 CKS1B  

 
NA 

4 H1FX 
4 PLAUR 
4 EMP1 
4 TUBA1B 
5 PHLDB2  

 
Microtubule cytoskeleton regulation 

5 GSK3B 
5 ARHGAP10 
5 MYO1E 
5 CLDN1 
6 MGST1  

 
Chronic inflammatory response 

6 SAT1 
6 S100A8 
6 S100A9 
6 CXCL14 
7 TMSB4X  

 
Chronic inflammatory response 

7 LRRC75A 
7 S100A9 
7 C1orf56 
7 S100A8 
8 APOE  

 
Chronic inflammatory response 

8 FTL 
8 SAA1 
8 S100A9 
8 S100A8 
9 TOP2A  

 
Cell division 

9 UBE2S 
9 KPNA2 
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9 ANLN 
9 TUBA1C 

10 PTTG1  
 

Cell division 
10 UBE2S 
10 CDKN3 
10 TUBA1B 
10 CKS2 
11 F3  

Positive regulation of 
transmembrane receptor protein 

serine/threonine kinase 

11 THBS1 
11 INHBA 
11 CCN1 
11 ADAMTS6 
12 MT-ND1  

 
Oxidative phosphorylation 

12 MT-ND2 
12 MALAT1 
12 LAMB3 
12 MAP2 

 
 
 

 
 

Figure 38: Significantly enriched pathways of Cluster2 AK23 vs. mIgG 24h. Differentially expressed genes were analyzed using GAGE 
to identify enriched pathways, with a significance threshold of q < 0.05. 

 
 

EPITHELIAL MESENCHYMAL TRANSITION

COAGULATION

TNFA SIGNALING VIA NFKB

APOPTOSIS

HYPOXIA

INFLAMMATORY RESPONSE

0 1 2 3 4
Enrichment Score

qvalue

0.01
0.02
0.03

Cluster2 enrich AK23 vs. mIgG 24h



 

 63 

 
 

Figure 39: Significantly enriched pathways of Cluster5 AK23 vs. mIgG 24h. Differentially expressed genes were analyzed using GAGE 
to identify enriched pathways, with a significance threshold of q < 0.05. 

 
 

Figure 40: Significantly enriched pathways of Cluster8 AK23 vs. mIgG 24h. Differentially expressed genes were analyzed using GAGE 
to identify enriched pathways, with a significance threshold of q < 0.05. 

4.3.3 SingleR Confirms Majority of Sequenced Cells Are Keratinocyte Cells in 
HPEK 

Additionally, Figure 41 illustrates the cell type predictions generated by SingleR, with the 

majority of cells identified as epithelial cells. This observation aligns with expectations, as 

keratinocytes are a subtype of epithelial cells. 
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Figure 41: Cell type predictions performed using SingleR. Most cell types are predicted to be epithelial cells, with yellow indicating 
the highest probability of the corresponding cell type classification. 

4.3.4 DA-seq Confirms Subtle Transcriptomics Differences Between AK23 
and mIgG 24h Samples in HPEK 

Differential abundant analysis shows the minor difference of the cells of mIgG and AK23, only 

a small portion of cells (3.23%) were identified to be more abundant in the mIgG 24h sample, 

as shown in Figure 42. While DA-seq identifies regions of significant differences in cell 

abundance between conditions rather than comparing the total cell counts, this can initially 

appear contradictory to the UMAP visualization, where the AK23 24h sample shows a larger 

number of cells in cluster 7 compared to mIgG 24h sample. This discrepancy arises because 

DA-seq focuses on local neighborhood-based differences in abundance, which may not 

directly align with global cluster-level patterns observed in UMAP. 
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Figure 42: Differentially abundant cell subpopulations by DA-seq. DA-seq analysis identified a specific cell subpopulation that was 
3.23% more abundant in the mIgG 24-hour sample relative to the AK23 24-hour sample. 

Overall, the scRNA-seq analysis revealed differences in only a few cell clusters in the AK23 24h 

sample compared to the mIgG 24h sample. This finding may explain the limited number of 

significant differences observed in the bulk RNA-seq analysis, as the response is likely 

restricted to a few subpopulations of keratinocyte cells.  

The scRNA-seq results further support the findings from bulk RNA-seq, confirming that 

antibody-induced transcriptomic changes are relatively modest. This consistency across 

platforms suggests that the observed effects are not artifacts of sequencing modality but 

rather reflect a genuine biological phenomenon. In particular, the subtle shifts in gene 

expression at the single-cell level may point to heterogeneous or transient responses among 

individual cells, rather than a coordinated, robust transcriptional program. Such patterns 

could indicate that the antibodies primarily modulate signaling or cellular behaviour through 

mechanisms other than large-scale transcriptional reprogramming—such as epigenetic 

remodeling, protein-level regulation, or post-transcriptional control. However, to draw more 

definitive conclusions, additional biological replicates will be necessary to improve the 

robustness and reproducibility of the single-cell data, and to better resolve these nuanced 

cellular dynamics. 
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4.4 HPEK Shotgun Proteomics  

Although no antibody-specific responses were detected at the transcriptomic level, it remains 

possible that consistent responses may be present at the protein level. This discrepancy could 

be attributed to post-transcriptional regulation, alternative splicing, and other processes 

influencing the translation of RNA into protein. 

4.4.1 Donor Effects Observed of Proteins in HPEK 

The initial step in analyzing proteomic data involves an exploratory assessment of sample 

similarity using Principal Component Analysis (PCA). PCA plots for the shotgun proteomics 

data are presented in Figure 43.  

 

Figure 43: Principal component analysis (PCA) plots for X, Y and Z shotgun proteomics. Samples at 1h, 5h and 10h, including AK23 
vs. mIgG and PX43 vs. hIgG. AK23 vs. mIgG and PX43 vs. hIgG have separation mainly at the first principal component (PC1), still, 
samples at the same time points tend to cluster closer.  

Based on the results, although there is a separation between AK23 vs. mIgG and PX43 vs. hIgG 

along both Principal Component 1 (PC1) and Principal Component 2 (PC2), samples from the 

same donor tend to cluster more closely together, irrespective of the treatment antibody. It 

has also been observed that samples from the same time point tend to cluster together, 
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further supporting the notion that temporal factors exert a stronger influence on sample 

clustering than antibody-induced variations. 

4.4.2 No Significant Protein Alterations in HPEK 

Differentially Abundant Proteins (DAPs) were identified using the limma (Linear Models for 

Microarray Data) package, as described in the Introduction and Methods sections. This 

approach employs linear modeling combined with empirical Bayes moderation to improve 

statistical power, particularly in datasets with relatively small sample sizes. Log₂-transformed 

protein intensity values, generated by the sequencing facility at the University of Bern, were 

used as input. Linear models were fitted to the data for each protein across the experimental 

groups. However, no statistically significant DAPs were detected in the comparisons of AK23 

vs. mIgG and PX43 vs. hIgG, suggesting that antibody treatment did not result in substantial 

changes in protein abundance under the conditions tested.  

This outcome is consistent with the observation of only minor differences at the 

transcriptome level, suggesting that the proteomic changes may be subtle or below the 

detection threshold of the current experimental approach. These findings highlight the 

potential alignment between transcriptomic and proteomic profiles, where limited 

transcriptional variation translates to minimal changes in protein abundance.  

4.5 HPEK Phosphoproteomics 

Although no differentially abundant proteins were identified in the comparisons of PX43 vs. 

hIgG and AK23 vs. mIgG, there is still the potential for consistent changes at the level of 

protein phosphorylation. To explore this, phosphoproteomic analysis was performed and 

analyzed using a methodology analogous to that applied to the shotgun proteomics data, 

utilizing the limma package for statistical modeling. 

4.5.1 Donor Effects Observed of Phosphoproteins in HPEK 

Principal Component Analysis (PCA) plots for the initial exploration of the phosphoproteomics 

data are presented in Figure 44. A distinct separation between the AK23 and mIgG groups, as 

well as between the PX43 and hIgG groups, is primarily observed along Principal Component 
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1 (PC1). This component accounts for a substantial proportion of the total variance, ranging 

from 65% to 90% across the different time points, suggesting that differential treatment 

effects are the primary source of variation in the data. The high variance explained by PC1 

highlights a significant divergence in the global proteomic and phosphoproteomic profiles 

between the treatment groups. However, it is also noteworthy that samples from the same 

donor tend to cluster closely together, indicating a degree of individual variability within each 

treatment condition. 

 

Figure 44: Principal component analysis (PCA) plots for X, Y and Z phosphoproteomics samples at 1h, 5h and 10h, including AK23 vs. 
mIgG and PX43 vs. hIgG. Separation between AK23 and mIgG, as well as PX43 and hIgG, is mainly observed along Principal 
Component 1 (PC1). 

4.5.2 No Significant Phosphoproteins Alterations in HPEK 

Upon further analysis of the Differentially Abundant Phosphorylated Proteins (DAPPs) using 

the limma method, analogous to the approach employed in shotgun proteomics data analysis, 

no DAPPs were identified in the comparisons between AK23 vs. mIgG and PX43 vs. hIgG. 

Although a more distinct separation was observed along Principal Component 1 (PC1) in the 

PCA plots, these specific comparisons did not reveal significant differences in phosphorylation 

mIgG_1h_1

mIgG_1h_2

mIgG_1h_3

AK23_1h_1
AK23_1h_2

AK23_1h_3
−20

−10

0

10

−50 −25 0 25 50
PC1, 89.23% variation

PC
2,

 5
.3

7%
 v

ar
ia

tio
n

mIgG_5h_1

mIgG_5h_2

mIgG_5h_3

AK23_5h_1

AK23_5h_2

AK23_5h_3

−20

−10

0

10

20

30

−50 −25 0 25
PC1, 69.45% variation

PC
2,

 2
0.

27
%

 v
ar

ia
tio

n

mIgG_10h_1

mIgG_10h_2

mIgG_10h_3

AK23_10h_1

AK23_10h_2

AK23_10h_3−10

0

10

20

−30 0 30 60
PC1, 84.86% variation

PC
2,

 9
.6

8%
 v

ar
ia

tio
n

Stimulus
AK23
mIgG

hIgG_1h_1
hIgG_1h_2

hIgG_1h_3

PX43_1h_1

PX43_1h_2

PX43_1h_3

−10

0

10

20

−20 0 20 40 60
PC1, 79.25% variation

PC
2,

 1
0.

24
%

 v
ar

ia
tio

n

hIgG_5h_1

hIgG_5h_2

hIgG_5h_3

PX43_5h_1

PX43_5h_2

PX43_5h_3

−10

0

10

20

30

−20 0 20 40
PC1, 65.47% variation

PC
2,

 1
8.

53
%

 v
ar

ia
tio

n

hIgG_10h_1

hIgG_10h_2

hIgG_10h_3

PX43_10h_1

PX43_10h_2
PX43_10h_3

−20

−10

0

10

20

−25 0 25 50
PC1, 76.88% variation

PC
2,

 1
2.

67
%

 v
ar

ia
tio

n

Stimulus
hIgG
PX43

10h5h1h



 

 69 

levels. This suggests that the treatments, under the conditions examined, may not induce 

substantial or detectable changes in global phosphorylation patterns. 

This result aligns with the minimal differences observed at the transcriptomic level, these 

findings underscore the potential correlation between transcriptomic and phosphoproteomic 

profiles, where limited transcriptional variation leads to minimal alterations in protein 

phosphorylation. 

These results align with the minimal differences observed at the transcriptomic level and are 

further supported by both phosphoproteomic and shotgun proteomics analyses. Across all 

three modalities, the data consistently reveal modest changes in response to treatment, 

suggesting a tightly regulated system in which limited transcriptional variation leads to 

correspondingly subtle shifts in protein abundance and phosphorylation. This concordance 

between the transcriptome and proteome highlights a potential mechanistic link, where weak 

or transient upstream signals may not be sufficient to trigger broad transcriptional or post-

translational responses. Instead, the cells may maintain a poised state, with only minimal 

activation across molecular layers—reflecting a conservative response that prioritizes stability 

and homeostasis over dramatic molecular reprogramming. Such findings emphasize the 

importance of multi-omics integration in capturing the full scope of cellular behaviour. 

4.6 HSOC Bulk RNA-seq  

The human skin organ culture (HSOC) model closely recapitulates the in vivo architecture and 

cellular complexity of human skin, making it a valuable ex vivo system for studying disease 

mechanisms. In this study, we utilized bulk RNA sequencing (RNA-seq) to assess 

transcriptomic changes in the HSOC model following treatment with PX43, hIgG, AK23, and 

mIgG at 5, 10, and 24 hours, as described in the experimental design section. This approach 

aimed to determine whether these treatments induce consistent transcriptional 

perturbations over time. 

4.6.1 Donor Effects Observed in HSOC  

As part of the initial exploratory analysis using principal component analysis (PCA), the most 

pronounced differentiation between AK23 and mIgG was observed along the first principal 
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component (PC1), which accounted for 27% to 56% of the total variance. In contrast, the 

separation between PX43 and hIgG was more distinct along PC1, which explained 22% to 28% 

of the variance, as shown in Figure 45. Within individual donors, AK23 and mIgG tended to 

cluster closely, with a slightly more defined clustering observed for PX43 and hIgG samples. 

 

 

Figure 45: Principal component analysis (PCA) for human skin organ culture samples at 5h, 10h and 24h. The first three plots illustrate 
the comparisons between AK23 and mIgG, while the last three plots pertain to PX43 versus hIgG. Letters G, H, I, J, K, and L represent 
biological replicates for the respective samples (AK23, mIgG, PX43, and hIgG).  

4.6.2 PX43-Specific Differential Gene Expression Correlates with Split 
Formation Absence in AK23 

The significantly differentially expressed genes (DEGs) are shown in the Figure 46, volcano 

plots were generated to identify significant differentially expressed genes (DEGs) under the 

defined thresholds of padj < 0.05 and |log2 fold change| > 1 comparing AK23 with mIgG and 

PX43 with hIgG across three time points: 5, 10, and 24 hours. Given the substantial number 

of DEGs identified in the PX43 versus hIgG comparison, only the top DEGs are labeled in the 

volcano plot to minimize overlap of gene names and enhance the clarity of the display. 
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Figure 46: Volcano plots for significant differentially expressed genes (DEGs) in human skin organ culture (HOSC) of AK23 vs. mIgG 
and PX43 vs. hIgG at time points 5h, 10h and 24h. The first three plots represent the comparison between AK23 and mIgG, revealing 
a limited number of significant differentially expressed genes (DEGs). In contrast, the last three plots correspond to the comparison 
between PX43 and hIgG, identifying over 200 DEGs at each time point (5h, 10h, and 24h). 

Few significant differentially expressed genes (DEGs) were identified in comparing AK23 to 

mIgG at 5h, 10h, and 24h. In contrast, many significant DEGs were observed in comparing 

PX43 to hIgG at the same time points. This pattern aligns closely with the split formation data 

depicted in Figure 47, generated by Veronika Hartmann from Professor Jennifer Hundt’s lab. 

Specifically, no split formation was observed in AK23 compared to mIgG at 5h, 10h, and 24h, 

corresponding to the minimal number of significant DEGs. In PX43-treated human skin, split 

formation increased over time, from 5h to 24h, consistent with a progressive increase in the 

number of significant DEGs identified in the PX43 versus hIgG comparison. 
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Figure 47: Split formation in human skin following scFv PX43 and AK23 treatment. Hematoxylin and eosin (H&E) staining of human 
skin revealed no evidence of split formation in samples treated with AK23, which targets DSG3. In contrast, split formation was 
observed to increase over time in samples treated with PX43, which targets both DSG3 and DSG1. VFs (visual fields). The HE staining 
and bar plots are generated by Veronika Hartmann from Professor Jennifer Hundt’s lab.  

Transcriptomic Responses Associated With Split Formation Show A Positive Correlation 
With Keratinocyte Detachment And Acute Skin Wounding 

 

Besides, the transcriptome perturbation induced by PX43, compared to hIgG in HSOC, exhibits 

a moderate positive correlation with keratinocyte cell detachment, as reported in the publicly 

available data from Crispin et al. (2012) [162]. As shown in Figure 48, the correlation 

coefficient increased over time, from 0.31 at 5 hours to 0.45 at 10 hours, and further to 0.53 

at 24 hours. This progressive increase in correlation suggests that PX43 treatment may 

contribute to the disruption of keratinocyte cell adhesion, potentially indicating a time-

dependent effect on keratinocyte responses.  

 
 
 
 
 
 



 

 73 

 
 

Figure 48: PX43 transcriptome response linked to cell detachment. Correlation analysis between the PX43 vs. hIgG transcriptomic 
data in HSOC at 5h, 10h, and 24h and the keratinocyte cell detachment RNA-seq data from Crispin et al. (2012) [162] revealed a 
moderate positive correlation. 

Furthermore, a study by Nuutila et al. (2012) [163] on skin wound healing revealed a 

moderate positive correlation of 0.34 between differentially expressed genes (DEGs) at day 3 

post-wounding and the transcriptomic changes induced by PX43 compared to hIgG at 24 

hours in the HSOC model, as shown in Figure 49. In their study, biopsies were taken at acute 

wounding (immediately after removal of the split-thickness skin graft), day 3, and day 7, with 

gene expression profiles compared against intact skin as a normal control. The authors 

identified matrix metalloproteinase 1 (MMP1) and keratin 2 (KRT2) as the most significantly 

altered genes on day 3 relative to intact skin. Based on these findings, incorporating additional 

time points, both earlier (e.g., 15 minutes, 0.5 hours, 1 hour) and later (e.g., 72 hours), in our 

model may provide deeper insights and a more comprehensive understanding of PV antibody 

effects in the HPEK and HSOC models. 
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Figure 49: PX43 transcriptome response linked to skin wound. Correlation analysis between the PX43 vs. hIgG transcriptomic data 
in HSOC at 24h and the skin wound healing RNA-seq data from Nuutila et al. (2012) [163] revealed a moderate positive correlation. 

Minimal Transcriptomic Changes Induced by AK23 in HSOC 

For AK23 compared to mIgG at 5h in the human skin organ culture (HSOC) model, there are 3 

significantly upregulated genes (PEDS1-UBE2V1, KLK6, ERICH6-AS1) and 5 significant 

downregulated genes (CCL4, GABRB3, OASL, IFIT1, RSAD2). AK23 compared to mIgG at 10h, 

there are 2 significant upregulated genes (CAND2, IGHV3-33), AK23 compared to mIgG at 24h 

has 2 significant upregulated genes (WDR17, ZIC2) and 16 significant downregulated genes 

(BDKRB1, BIVM-ERCC5, CCL3, CFB, COL22A1, CSF3, CXCL2, CXCL3, CXCL8, G0S2, IRF1, ISG15, 

NINJ1, OASL, SAA2, TMEM265). 

• PEDS1-UBE2V1 (PEDS1-UBE2V1 Readthrough) regulates cell autophagy [164]. 

• KLK6 (Kallikrein Related Peptidase 6) plays an important role in the proliferation of 

keratinocyte cells [165]. 

• ERICH6-AS1 (ERICH6 antisense RNA 1) is located near the ERICH6 gene and has 

been reported to be related to necroptosis [166]. 

• CCL4 (C-C motif chemokine Ligand 4) plays an important role in the immune 

response [167]. 
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• GABRB3 (Gamma-Aminobutyric Acid Type A Receptor Subunit Beta3) upregulated 

in HaCaT keratinocytes treated with lipopolysaccharide (LPS) and cyclosporine A 

(CSA) [168]. 

• OASL (2'-5'-Oligoadenylate Synthetase Like) contributes to epidermal keratinocyte 

proliferation [169]. 

• IFIT1 (Interferon induced protein with Tetratricopeptide repeats 1) is an important 

gene in the innate immune system [170]. 

• RSAD2 (Radical S-adenosyl methionine domain containing 2) is an antiviral gene 

overexpressed in the lesional psoriatic skin [171]. 

• CAND2 (Cullin Associated and Neddylation Dissociated 2) plays critical roles in 

protein degradation via ubiquitination pathways [172]. 

• IGHV3-33 (Immunoglobulin Heavy Variable 3-33) has been reported to be 

correlated with the adaptive immune response [173]. 

• WDR17 (WD repeat domain 17) regulates cell proliferation, cell cycle progression 

and apoptosis [174]. 

• ZIC2 (Zic Family Member 2) expression was higher in most cancer tissues than in 

adjacent normal tissue [175]. 

• BDKRB1 (Bradykinin Receptor B1) is beneficial for the wound healing [176]. 

• BIVM-ERCC5 (BIVM-ERCC5 readthrough) is a DNA repair endonuclease that plays a 

crucial role in nucleotide excision repair (NER) [177]. 

• CCL3 (C-C motif chemokine Ligand 3) promotes cutaneous wound healing by 

recruiting mouse macrophages [178].  

• CFB (Complement Factor B) plays a crucial role in the immune response by 

participating in the activation of the complement system [179]. 

• COL22A1 (Collagen type XXII Alpha 1 chain) is an important member of the 

extracellular matrix [180]. 

• CSF3 (Colony Stimulating Factor 3) belongs to the chemokines that can be induced 

by IL-17A [181]. 
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• CXCL2 (C-X-C motif chemokine Ligand 2) acts as a chemokine that mediates the 

recruitment and activation of neutrophils during inflammatory responses [182]. 

• CXCL3 (C-X-C motif chemokine Ligand 3) acts as a chemokine that attracts immune 

cells to sites of inflammation [183]. 

• CXCL8 (C-X-C motif chemokine Ligand 8) acts as a chemokine and recruits 

neutrophils to sites of injury [184].  

• G0S2 (G0/G1 switch 2) encodes the protein that plays an important role in 

proliferation and apoptosis [185]. 

• IRF1 (Interferon Regulatory Factor 1) plays a significant role in halting cell 

proliferation and contributes to the regulation of immune responses [186]. 

• ISG15 (ISG15 ubiquitin like modifier) promotes keratinocyte proliferation in 

psoriasis by regulating the HIF-1α signaling pathway and influencing cell cycle 

progression [187]. 

• NINJ1 (Ninjurin 1) encodes a membrane protein that mediates plasma membrane 

rupture during specific types of cell death, such as pyroptosis and plays a role in 

inflammation, vascular development, and cellular adhesion [188]. 

• SAA2 (Serum Amyloid A2) is an acute-phase gene with a transcriptional advantage 

over SAA1 under cytokine stimulation, contributing prominently to inflammation, 

but lacks glucocorticoid responsiveness due to an inactive glucocorticoid response 

element [189]. 

• TMEM265 (Transmembrane Protein 265) is a gene associated with tumor-

infiltrating immune cells in nasopharyngeal carcinoma, playing a role in the 

immune response and influencing patient prognosis [190]. 

The top genes identified in this list are closely linked to critical biological processes, 

particularly in immune response regulation, cell proliferation, and tissue repair. Many of these 

genes, such as CCL4, RSAD2, and CXCL8, are involved in mediating immune cell recruitment, 

inflammation, and antiviral defense. Others, like G0S2, WDR17, and ZIC2, are implicated in 

regulating cell cycle progression, apoptosis, and cancer-related processes. Additionally, genes 
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like CFB, ISG15, and SAA2 play key roles in inflammatory responses, tissue regeneration, and 

immune modulation.  

Given the limited number of differentially expressed genes in the AK23 versus mIgG 

comparison and the absence of consistent transcriptomic alterations across time points, 

these findings suggest that AK23 elicits a modest and potentially context-dependent 

transcriptional response in the HSOC model. Further validation will be necessary to confirm 

the biological relevance of these observations. 

Robust Transcriptomic Alterations Induced by PX43 in HSOC 

Numerous significant differentially expressed genes (DEGs) were identified when comparing 

Px43 to hIgG across all three time points (5h, 10h, and 24h). To highlight key findings, the top 

5 upregulated and top 5 downregulated genes at each time point will be presented. Top 5 

upregulated genes (ACOD1, CCL3L3, IFIT2, CCL4L2, IFNB1) and top 5 downregulated genes 

(ADORA3, FCGR1A, ARHGEF38, FZD2, ADGRG3) at 5h, top 5 upregulated genes (CXCL11, 

CXCL10, CCL3L3, CCL4L2, CCL4) and top 5 downregulated genes (ADORA3, PPDPFL, APOB, 

CHAD, CCDC187) at 10h and top 5 upregulated genes (CXCL10, CXCL11, RSAD2, CCL3L3, IFIT3) 

and top 5 downregulated genes (CHAD, CFAP73, VSIG4, TMIGD3, DSP-AS1) at 24h. Notably, 

among the top five upregulated genes, CCL3L3 was consistently upregulated at 5, 10, and 24 

hours post-treatment in PX43-treated HSOC samples. Given its established role in immune 

cell recruitment and the modulation of inflammatory responses, CCL3L3 may contribute to 

the immune-related mechanisms associated with PX43 treatment, particularly in samples that 

exhibit split formation, as independently validated. 

 
• ACOD1 (Aconitate Decarboxylase 1) encodes a key enzyme in itaconate 

biosynthesis that modulates immune responses, oxidative stress, and antiviral 

defense through metabolic reprogramming [191].  

• CCL3L3 (C-C motif Chemokine Ligand 3 Like 3) is involved in immune signaling, 

contributing to the recruitment of immune cells and the modulation of 

inflammatory responses [192]. 
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• IFIT2 (Interferon Induced Protein with Tetratricopeptide Repeats 2) is an 

interferon-stimulated gene that plays a critical role in antiviral defense by inhibiting 

viral replication and modulating immune responses to viral infections [193]. 

• CCL4L2 (C-C Motif Chemokine Ligand 4 Like 2) is a chemokine involved in 

modulating immune cell recruitment and inflammation, with its expression 

associated with milder forms of psoriasis [194]. 

• IFNB1 (Interferon Beta 1) encodes interferon-beta, a type I interferon that plays a 

key role in the immune response by activating signaling pathways that modulate 

inflammation and immune cell function, particularly in response to viral infections 

and other stimuli [195]. 

• ADORA3 (Adenosine A3 Receptor) encodes the adenosine A3 receptor, which 

mediates various cellular responses, including modulation of inflammation, 

immune cell activation, and regulation of signaling pathways such as those 

involved in cancer progression [196]. 

• FCGR1A (Fc Gamma Receptor Ia) is a receptor on immune cells that plays a crucial 

role in recognizing and responding to immune complexes, contributing to the 

body's defense mechanisms [197]. 

• ARHGEF38 (Rho Guanine Nucleotide Exchange Factor 38) plays a key role in 

regulating cell signaling pathways involved in cell migration, adhesion, and 

cytoskeletal dynamics [198]. 

• FZD2 (Frizzled Class Receptor 2) regulates the proliferation and apoptosis of 

keratinocytes [199]. 

• ADGRG3 (Adhesion G Protein-Coupled Receptor G3) plays a critical role in 

modulating immune responses, keratinocyte proliferation, and differentiation 

[200]. 

• CXCL11 (C-X-C Motif Chemokine Ligand 11) encodes a chemokine that binds to the 

CXCR3 receptor, playing a crucial role in immune responses by recruiting activated 

T cells, particularly type 1 T cells, to sites of inflammation, and contributing to the 

amplification of inflammatory processes in various dermatoses [201]. 
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• CXCL10 (C-X-C Motif Chemokine Ligand 10) encodes a chemokine that binds to the 

CXCR3 receptor, playing a pivotal role in immune regulation by recruiting type 1 T 

helper cells to sites of inflammation [202]. 

• CCL3L3 (C-C Motif Chemokine Ligand 3 Like 3) encodes a chemokine involved in 

immune signaling, playing a significant role in recruiting and activating immune 

cells, particularly during viral co-infections [203]. 

• CCL4 (C-C motif chemokine ligand 4) has a strong expression during the 

inflammatory phase of mouse wound healing [204]. 

• PPDPFL (Pancreatic Progenitor Cell Differentiation and Proliferation Factor Like) 

encodes a protein potentially involved in modulating immune responses and tissue 

remodeling, with lower expression linked to stronger glucocorticoid 

responsiveness in conditions like chronic rhinosinusitis with nasal polyps [205]. 

• APOB (Apolipoprotein B) encodes apolipoprotein B, a key component of low-

density lipoproteins (LDL) that is critical for lipid transport and metabolism, and its 

expression in keratinocytes is linked to epidermal differentiation and lipid 

homeostasis in the skin [206]. 

• CHAD (Chondroadherin) encodes a leucine-rich repeat protein that plays a key role 

in cartilage by binding collagen type II, influencing collagen fibril organization, and 

mediating cell-matrix interactions critical for chondrocyte signaling and 

extracellular matrix integrity [207]. 

• CCDC187 (Coiled-Coil Domain Containing 187) encoding proteins that are involved 

in intercellular transmembrane signal transduction and genetic signal transcription 

[208]. 

• RSAD2 (Radical S-adenosyl methionine Domain containing 2) encodes viperin, an 

interferon-stimulated protein that plays a critical role in antiviral defense by 

disrupting viral replication, modulating immune signaling, and influencing lipid 

metabolism [209]. 
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• IFIT3 (Interferon Induced Protein with Tetratricopeptide Repeats 3) encodes an 

interferon-induced protein that plays a key role in antiviral defense, immune 

regulation, and inflammation, with elevated expression in psoriatic lesions [210]. 

• CFAP73 (Cilia and Flagella Associated Protein 73) encodes a cilia-associated protein 

critical for the structural integrity and motility of motile cilia, and its dysfunction 

affects cilia assembly, microtubule architecture, and cilia-independent cellular 

processes [211]. 

• VSIG4 (V-set and Immunoglobulin domain containing 4) encodes a transmembrane 

receptor that plays a crucial role in immune homeostasis by regulating macrophage 

phagocytosis and suppressing complement activation and T-cell responses [212]. 

• TMIGD3 (Transmembrane and Immunoglobulin Domain containing 3) encodes a 

protein that suppresses osteosarcoma (OS) cell proliferation, tumor formation, and 

metastasis by inhibiting NF-κB activity [213]. 

• DSP-AS1 (DSP Antisense RNA 1) is a long non-coding RNA (lncRNA) that modulates 

the expression of the DSP gene, which encodes desmoplakin, a protein integral to 

desmosomes that is essential for maintaining cell-cell adhesion in both cardiac and 

epithelial tissues [214]. 

The top genes identified are closely associated with critical cellular processes, immune 

responses, and inflammatory pathways. Many of these genes, such as CCL3L3, IFIT2, and 

RSAD2, are involved in modulating immune cell recruitment, antiviral defense, and immune 

regulation. Others, like DSP-AS1 and TMIGD3, play significant roles in maintaining cell-cell 

adhesion, tissue remodeling, and regulating disease progression. Additionally, genes like 

APOB and CHAD are linked to metabolic processes and extracellular matrix integrity, 

highlighting the diverse biological functions that contribute to disease pathogenesis, 

particularly in inflammatory and immune-mediated conditions. 
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4.6.3 Split Formation Correlates with Divergent Inflammatory and Apoptotic 
Pathway Regulation: Sustained Upregulation in PX43, Downregulation 
in AK23 

Pathway enrichment analysis facilitates the interpretation of bulk RNA-seq results from the 

HSOC model by providing insights beyond individual gene-level changes, as genes typically 

function in coordinated modules or biological pathways. 

The significantly enriched pathways in the human skin organ culture (HSOC) were identified 

using the gage package, with a threshold of q < 0.05, based on the analysis of differentially 

expressed genes and their corresponding log2 fold changes, and are presented in the dot plot 

or heatmap that include all the time points. 

Compared to mIgG, AK23 treatment does not result in consistent enrichment or suppression 

of specific pathways across time points in the HSOC model. As illustrated in Figure 50, the top 

differentially enriched pathways appear to be primarily associated with temporal changes 

rather than stimulus-specific effects. Within each time point, both AK23 and mIgG biological 

replicates display similar pathway enrichment profiles, suggesting that AK23 does not elicit a 

distinct or robust transcriptomic signature at the pathway level in this context. 

 

Figure 50: Pathway enrichment profiles of HSOC samples treated with AK23 and mIgG across time points. Heatmap showing the 
enrichment scores of hallmark pathways in HSOC samples treated with AK23 or mIgG at 5, 10, and 24 hours. Each column represents 
an individual biological replicate, grouped by treatment and time. The rows correspond to selected hallmark gene sets from MSigDB. 
While distinct temporal patterns are observed in pathway activity, no consistent stimulus-specific pathway changes are evident. 
AK23- and mIgG-treated samples display comparable enrichment profiles within each time point, suggesting a limited transcriptional 
impact of AK23 at the pathway level. 
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κB and interferon alpha/gamma responses, across all three time points (5h, 10h, and 24h), as 

shown in Figure 51, individual comparison for 5h, 10h and 24h can be find in the supplemental 

Figures 10-12.  

 
Figure 51: Pathway enrichment profiles of HSOC samples treated with PX43 and hIgG across time points. Heatmap displaying 
enrichment scores for selected hallmark pathways in HSOC samples treated with PX43 or hIgG at 5, 10, and 24 hours. Columns 
represent individual biological replicates, grouped by treatment and time, while rows correspond to hallmark gene sets from 
MSigDB. Compared to hIgG controls, PX43-treated samples show stronger and more consistent upregulation of immune- and 
inflammation-related pathways, including IL6/JAK/STAT3 signaling, TNFα signaling via NF-κB, and interferon responses, particularly 
at later time points. These results suggest that PX43 elicits a robust immune-modulatory transcriptomic response in the HSOC model. 

Besides, pathway analysis of apoptosis in the HSOC bulk RNA-seq data revealed a significant 

enrichment of apoptotic pathway in the PX43-treated group compared to hIgG control at all 

time points (5 h, 10 h, and 24 h), with a q-value < 0.05. In contrast, the AK23-treated group 

showed no significant enrichment at 5 h and exhibited a decrease in apoptotic pathway at 10 

h and 24 h relative to mIgG control, as shown in Table 9. 

Table 7: Enrichment of the apoptosis pathway in HSOC bulk RNA-seq data 
 

5h 10h 24h 
PX43 vs. hIgG 3.64 3.35 4.31 

0.001 0.003 0.00006 
AK23 vs. mIgG 0.89 -1.6 -3.34 

0.52 0.35 0.002 

* Values represent Enrichment Score (top) and padj (bottom). Bold indicates significance: padj < 0.05. 

These findings confirm that PX43 treatment, which induces split formation, is also associated 

with the activation of apoptosis. In contrast, AK23 treatment, which does not lead to split 

hIgG
_5h_1

hIgG
_5h_2

hIgG
_5h_3

hIgG
_5h_4

hIgG
_5h_5

hIgG
_5h_6

PX43_5h_1
PX43_5h_2
PX43_5h_3
PX43_5h_4
PX43_5h_5
PX43_5h_6
hIgG

_10h_1
hIgG

_10h_2
hIgG

_10h_3
hIgG

_10h_4
hIgG

_10h_5
hIgG

_10h_6
PX43_10h_1
PX43_10h_2
PX43_10h_3
PX43_10h_4
PX43_10h_5
PX43_10h_6
hIgG

_24h_1
hIgG

_24h_2
hIgG

_24h_3
hIgG

_24h_4
hIgG

_24h_5
hIgG

_24h_6
PX43_24h_1
PX43_24h_2
PX43_24h_3
PX43_24h_4
PX43_24h_5
PX43_24h_6

IL6_JAK_STAT3_SIGNALING
INFLAMMATORY_RESPONSE
TNFA_SIGNALING_VIA_NFKB
INTERFERON_ALPHA_RESPONSE
INTERFERON_GAMMA_RESPONSE
FATTY_ACID_METABOLISM
GLYCOLYSIS
CHOLESTEROL_HOMEOSTASIS
MYC_TARGETS_V2
G2M_CHECKPOINT

Stimulus
Batch
Time
Group Group

PX43_5h
PX43_10h
PX43_24h
hIgG_5h
hIgG_10h
hIgG_24h

Time
5h
10h
24h

Batch
G
H
I
J
K
L

Stimulus
PX43
hIgG

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8



 

 83 

formation, shows no significant evidence of apoptotic activity. This suggests a potential 

correlation between the occurrence of split formation and the induction of apoptosis in the 

HSOC system. 

4.6.4 PX43-Specific Upregulation of Inflammatory Transcription Factors, 
AK23 Exhibits No Consistent Regulation 

Given the large number of significantly differentially expressed genes in PX43 relative to hIgG 

within the HSOC, it would be valuable to identify the top enriched transcription factors, as 

this may reveal novel key regulators underlying the observed transcriptional changes. 

Transcription factors with significantly altered activity were inferred using the decoupleR 

framework. Top-ranking TFs were selected and visualized based on a q value threshold of < 

0.05. 

In the comparison between AK23 and hIgG, as illustrated in the supplemental Figures 13-15, 

no transcription factors (TFs) were commonly upregulated across all three time points (5h, 

10h, and 24h). Similarly, no TFs were consistently downregulated across these time points. 

In comparing PX43 and hIgG (Figures 52-54), the transcription factors IRF3, NFKB, NFKB1, and 

REL were commonly upregulated across all three time points (5h, 10h, and 24h). These 

upregulated TFs align with the pathway enrichment analysis results, identifying the TNFa 

signaling via the NFkB pathway as commonly upregulated. 
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Figure 52: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 5h for PX43 vs. hIgG. Top 
transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 

 

Figure 53: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 10h for PX43 vs. hIgG. Top 
transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 

−10

0

10

20

PPA
RG
ZFP64

PIN1
MEIS1

NR4A
3

NR3C
1
HSF4

ING4

SETBP1
ETV3

ZMYND8

GATA
5
IRF2

IRF3
JU

N
NKRF

IRF9
STA

T1
IRF7

IRF1
STA

T2
NFKB

NFKB1
RELA

REL

sc
or

e

score

−10

0

10

20

PX43 vs. hIgG 5h HSOC

−10

0

10

20

ZFP64

ZNF14
3

MEIS1
PIN1

ERG

PPA
RG

SETBP1

ZMYND8
ING4

NR1H
4

NR3C
1
GLI3

CEBPD
JU

N
IRF2

IRF3
STA

T2
IRF9

IRF7
STA

T1
NFKB

IRF1
REL

RELA

NFKB1

sc
or

e

score

−10

0

10

20

PX43 vs. hIgG 10h HSOC



 

 85 

 
Figure 54: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 24h for PX43 vs. hIgG. Top 
transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 

4.7 HSOC Shotgun Proteomics 

4.7.1 HSOC Shogun Proteomics Samples Showed Distinct PC1-Driven 
Separation in PCA Plot 

An initial exploratory analysis of the shotgun proteomics data from the human skin organ 

culture (HSOC) model was performed using principal component analysis (PCA), as shown in 

Figure 55. 

The PCA plot illustrates the clear separation of samples by treatment groups (PX43, hIgG) and 

their distinction from the control group (T0). This separation highlights the differential protein 

expression patterns attributable to the treatments in comparison to the control (T0). 
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Figure 55: Shotgun proteomics analysis of HSOC model: PX43 vs. hIgG at 24h with T0 as control. Samples cluster distinctly by 
treatment group, with PX43 (purple), hIgG (green), and untreated T0 controls (tan) forming separate ellipses. The first two principal 
components explain 22.89% and 19.64% of the variance, respectively. The separation between PX43 and hIgG treatment groups is 
primarily driven by variation along the first principal component (PC1). 

 

4.7.2 Proteomics Data Correlate Well with Bulk RNA-seq in HSOC 

The significantly differentially abundant proteins (DAPs) identified in the human skin organ 

culture (HSOC) model using shotgun proteomics are summarized in Table 8, based on the 

thresholds of adjusted p-value (padj < 0.05) and absolute log2 fold change (|log2FC| > 1). At 

24h, 4 proteins were significantly upregulated in PX43 compared to hIgG. In PX43 compared 

to the control (T0), 22 proteins were upregulated and 3 were downregulated. Similarly, in 

hIgG compared to the control (T0), 12 proteins were upregulated and 1 was downregulated. 
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Table 8: Significant differentially abundant proteins in HSOC shotgun proteomics 

Comparison Upregulated Downregulated 

PX43 vs. hIgG S100A9, S100A8, ADAMTS4, SERPINB4 None 

PX43 vs. T0 S100A9, S100A8, SERPINB4, SOD2, NAMPT, KRT6A, 
STEAP4, KRT16, KRT75, JUNB, SLC2A1, CDH3, CENPF, 
IGFBP3, ADAMTS4, CYP51A1, SERPINB1, SPRR2E, CHI3L2, 
HMGCS1, PTX3, KRT6C 

LGMN, SERPINF2, 
IL37 

hIgG vs. T0 S100A9, S100A8, KRT6A, KRT75, KRT16, CENPF, TIMP1, 
JUNB, SERPINB4, STEAP4, PTX3, KRT6C 

LGMN 

 

Figure 56 presents a volcano plot illustrating the differential abundant proteins between PX43 

and hIgG at 24h. 

• S100A9 (S100 calcium binding protein A9) regulates psoriatic skin and joint disease 

by modulating inflammatory pathways and neutrophil infiltration [215]. 

• S100A8 (S100 calcium binding protein A8) modulates inflammatory responses in 

atopic dermatitis and reduces skin barrier protein expression [216]. 

• ADAMTS4 (ADAM Metallopeptidase with Thrombospondin Type 1 Motif 4) belongs 

to extracellular proteases that mediate cellular interactions and cell signaling via 

the modulation of adhesion and the cleavage of cell surface protein ectodomains 

and extracellular matrix molecules [217]. 

• SERPINB4 (Serpin Family B Member 4) promotes keratinocyte inflammation in 

psoriasis by activating the p38 MAPK signaling pathway [218]. 
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Figure 56: Volcano plot of shotgun proteomics in HSOC: PX43 vs. hIgG at 24h. Differentially abundant proteins (DAPs) identified 
between PX43 and hIgG in HSOC, using significance thresholds of adjusted p-value (padj) < 0.05 and |log2 fold-change| > 1, are 
visualized in the volcano plot. It is important to note that the number of detected proteins is currently fewer than 4,000, which is 
substantially lower than the ~20,000 protein-coding genes in the human genome [219]. 

Although a substantial number of differentially expressed genes (DEGs) are observed in the 
comparison of PX43 versus hIgG at 24 hours in the HSOC model, relatively few proteins exhibit 
significant differential abundance under the stringent threshold of adjusted p < 0.05 and 
|log₂FC| > 1. This discrepancy is not unexpected and can be attributed to various biological 
and technical factors. When the threshold is relaxed to adjusted p < 0.05 and |log₂FC| > 0.58, 
15 proteins meet the criteria for significant differential abundance. It is also important to 
consider that the total number of proteins detected in the current dataset is fewer than 4,000, 
in contrast to the approximately 20,000 protein-coding genes in the human genome [219]. 

 Not so many significantly differentially abundant proteins may be explained by the fact that 

gene expression at the RNA level does not always directly correspond to protein levels due to 

various regulatory mechanisms, such as mRNA stability, translational efficiency, and protein 

degradation. Proteins have varying half-lives, and their steady-state levels may not 
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immediately reflect recent transcriptional changes captured by RNA-seq. While PX43 and 

hIgG may induce rapid transcriptional responses, protein-level changes might take longer to 

manifest or stabilize, especially if the measurement time point does not capture the dynamic 

processes of protein turnover. Additionally, the timing of the measurements may have missed 

critical windows where protein-level changes are more pronounced. 

To assess the relationship between shotgun proteomics and bulk RNA-seq data in HSOC, a 

correlation analysis was performed on the log2 fold-change (log2FC) values of differentially 

abundant proteins (DAPs) and their corresponding log2FC values in the bulk RNA-seq dataset. 

This approach specifically focused on proteins that were also detected in the bulk RNA-seq 

data. The correlation between the abundance of 3743 differentially abundant proteins (PX43 

vs. hIgG 24h) and their corresponding transcription levels in HSOC revealed a positive 

correlation of 0.36 (Figure 57). This value aligns with previously reported correlations (∼0.4) 

from human skin bulk RNA-seq and proteomic datasets [220]. The observed moderate 

correlation suggests a reasonable degree of consistency between protein and mRNA 

abundance in the HSOC model, supporting the validity of the proteomic data. 

 
Figure 57: Significantly enriched pathways in HSOC shotgun proteomics data: PX43 vs. hIgG at 24h. Correlation analysis between the 
log2 fold-change (log2FC) values of 3,743 differentially abundant proteins (DAPs) and their corresponding log2FC values from bulk 
RNA-seq data in HSOC revealed a moderate positive correlation (r = 0.36). This level of correlation is consistent with previously 
reported values for human skin proteomics and transcriptomics, supporting the reliability and consistency of the proteomics data 
in relation to the RNA-seq results. 
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Enrichment analysis utilized the log₂ fold change values of all 3,743 differentially abundant 

proteins identified in the comparison between PX43 and hIgG treated samples at the 24 hour 

time point revealed a significant enrichment of upregulated pathways, notably TNFα 

signaling, interferon gamma response, and oxidative phosphorylation, suggesting that PX43 

treatment may activate key inflammatory and metabolic pathways as shown in Figure 58. 

 
 

Figure 58: Significantly enriched pathways in HSOC shotgun proteomics data: PX43 vs. hIgG at 24h. Differentially expressed genes 
were analyzed using GAGE to identify enriched pathways, with a significance threshold of q < 0.05. 

In summary, the proteomics data show strong concordance with the bulk RNA-seq results in 

HSOC, supporting the observation that changes at both the transcriptomic and proteomic 

levels are consistent with the phenotypic manifestation of split formation. Upon PX43 

treatment of human skin organ culture, split formation is observed, which is reflected at both 

the transcriptome and proteome levels. 
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5. Assessment of the Impact of Endotoxin Contamination 

5.1 Endotoxin: The Origin and Impact 

Lipopolysaccharide (LPS), now commonly referred to as endotoxin is a collective term for 

structural components of the outer membrane of Gram-negative bacteria, such as Escherichia 

coli and Salmonella [221,222]. These molecules share a common architectural framework. 

Lipopolysaccharides (LPS) are large, complex molecules composed of three distinct regions: 

an outer core polysaccharide known as the O-antigen, an inner core oligosaccharide, and Lipid 

A; the primary component responsible for toxicity. In modern terminology, 'endotoxin' is 

often used interchangeably with LPS. However, some endotoxins—originally defined as toxins 

retained within bacterial cells and released upon cell lysis—are not related to LPS. An example 

is the delta endotoxin proteins produced by Bacillus thuringiensis [223]. 

Figure 59 provides a comprehensive depiction of endotoxin structures. 

 
Figure 59: A schematic representation of the structure of endotoxins. The three structural components of lipopolysaccharide (LPS): 
the variable O-antigen, the core oligosaccharide, and the highly conserved Lipid A.  Lipid A is embedded in the outer membrane of 
Gram-negative bacteria and is the primary mediator of endotoxic activity, while the O-antigen contributes to serotype diversity. The 
picture is extracted from online blogs by AB Biosciences (2020) [224]. 

LPS binds to lipopolysaccharide-binding protein (LBP) via its lipid A component and, in 

conjunction with other proteins, facilitates the transport of foreign substances to sites of 

metabolism and degradation, such as monocytes and macrophages. Lung macrophages and 

blood monocytes express the cell surface protein CD14, which serves as a receptor for the 

LBP-LPS complex. Additionally, with the involvement of CD14 and the accessory protein MD2, 

the LBP-LPS binding signal is transmitted to toll-like receptor 4 (TLR4) [225,226]. Following 
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endotoxin internalization, a complex signal transduction cascade is initiated. A schematic 

representation of the cellular endotoxin signaling pathway is provided in Figure 60. 

 
 

Figure 60: A schematic view on the cellular endotoxin signal transduction pathway. LPS-binding protein (LBP), present in plasma, 
binds to LPS (1). This LBP-LPS complex subsequently interacts with the cell surface receptor CD14 (2). The aggregation of the LBP-
LPS-CD14 complex with MD2 and the transmembrane toll-like receptor 4 (TLR4) (3) initiates intracellular signal transduction (4, 5). 
This cascade ultimately leads to the activation of the transcription factor NF-κB (6), which drives the transcription and translation of 
various genes, including those encoding proinflammatory mediators such as IL-1β (7, 8). The figure is extracted from the paper 
Liebers et al. (2008) [227]. 

Endotoxin identification also plays a role in the pharmaceutical and medical industry for 

product quality and safety. Parenteral and injectable drugs, biologicals (e.g., insulin) and 

medical implants must be sterile. The sterilisation process can however release endotoxins in 

case Gram-negative bacteria are present and killed. Endotoxins are heat stable and persist 

even after bacterial death. Their inactivation is neither possible with boiling nor with 

autoclaving.  

The Limulus Amebocyte Lysate (LAL) assay is the standard method for detecting endotoxins, 

relying on blood from the horseshoe crab (Limulus polyphemus) [228]. Even trace amounts 

of LPS can trigger coagulation of the Limulus lysate due to a highly sensitive enzymatic 

amplification cascade. However, concerns over the declining horseshoe crab population and 

potential assay interferences have driven efforts to develop alternative detection methods. 

Among the most promising alternatives are ELISA (Enzyme Linked Immunosorbent Assay) 
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based assays utilizing a recombinant form of Factor C (rFC), a key protein in the LAL assay 

[229]. 

The rFC is capable of detecting endotoxin in a solid phase [230]. ELISA-based assay (Figure 61), 

lipid A (the bioactive pathogenic moiety of endotoxin) immobilized on microtitre plate 

captures rFC, which binds anti-rFC antibody to interact with a secondary antibody conjugated 

with horseradish peroxidase. The captured secondary antibody then hydrolyses a 

chromogenic substrate [ABTS: 2,2ʹ-azino-di-(3-ethylbenzthiazoline sulfonate)] yielding a 

coloured product, which corresponds to the presence of endotoxin. 

 
 

Figure 61: ELISA-based detection of lipid A immobilized on a microtitre plate. Increasing intensity of colour development (at OD405 
nm) of the enzymatically hydrolysed product is seen from 0.01 to 200 ng lipid A. The figure is extracted from the online google 
patents US6645724B1 by Ding et al. (2003) [230]. 

  
Due to the potential adverse effects of endotoxins, the U.S. Food and Drug Administration 

(FDA) has established stringent limits on endotoxin levels in medical devices and therapeutic 

drug products. For medical devices, endotoxin limits are determined based on the device's 

contact with the body. Specifically, using the recommended extraction volumes, the 

allowable endotoxin level is 0.5 EU/mL or 20 EU/device for products that directly or indirectly 

contact the cardiovascular and lymphatic systems. For devices that come into contact with 

cerebrospinal fluid (CSF), the limit is 0.06 EU/mL or 2.15 EU/device. 
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For therapeutic drug products, the FDA recommends that manufacturers conduct endotoxin 

screening at a dilution level just above the threshold that neutralizes interference. For 

instance, if a product has a maximum valid dilution (MVD) of 1:100 and demonstrates 

inhibition at 1:10, but not at 1:20, it is advisable to begin screening at 1:30. If endotoxins are 

detected at this level, a full quantification should be performed to accurately determine the 

endotoxin concentration. 

5.2 Endotoxin Detected in the Antibodies Except hIgG 

At later time points, our collaborators from the University of Bern evaluated the antibodies 

using the standard Limulus Amebocyte Lysate (LAL) assay. The results indicated that only hIgG 

was free from endotoxin, while the other antibodies, including mIgG, AK23, and scFv PX43, 

exhibited varying levels of endotoxin contamination. 

Table 9: Endotoxin levels in the antibodies tested by amebocyte lysate assay 

 

5.3 Approaches for Identifying Endotoxin Related Genes 

To identify endotoxin-related genes, employed an approximate approach by selecting 

differentially expressed genes (DEGs) with an p-value < 0.05 using DESeq2. This analysis 

compared PX43 to hIgG at 5 hours, 10 hours, and 24 hours using X, Y, Z samples, which each 

only including one pure donor to avoid confounding factors. A unified list of DEGs was 

generated, considering that PX43 exhibits high endotoxin levels, whereas hIgG is endotoxin-

free.  

Date (DD/MM/YYYY) Product Batch #
Limit

(EU/mg)
Result

(EU/mg)
27/07/2023 PX43 [8mg/mL] 7 0.16 (for 20g mouse)0.06 (for 1g of skin) >0.625
27/09/2023 PX43 [8mg/mL] 7 0.16 >156

23/10/2023 PX43 [8mg/mL] 7 0.16
>1562.5
<15625

24/10/2023 PX43 [8mg/mL] 7 0.16 <3125
27/07/2023 hIgG, IVIg B791838 0.16 (for 20g mouse)0.06 (for 1g of skin) <0.02

27/07/2023 2G4[1.05mg/mL] 10/2022 0.4 (for 20g mouse)
>4.16
<41.6

27/09/2023 2G4[0.95mg/mL] 11/2022 0.4 <4
21/06/2023 mIgG [1mg/mL in PBS,NaCOOH 3mM] 220303-156 0.4 (for 20g mouse) >31.25

23/10/2023 mIgG 220303-156 0.4
>395.56
<3955.6

24/10/2023 mIgG 220303-156 0.4 <1978
17/05/2023 AK23[3.4mg/mL] XVI 0.4 (for 20g mouse) <31.25

21/06/2023 AK23 0%FBS I 0.4 (for 20g mouse)
> 3.125
<31.25

03/05/2023 ddH2O 3052023 0.125 <0.06EU/mL
27/09/2023 ddH2O 27092023 0.125 <0.06EU/mL
23/10/2023 ddH2O 23102023 0.125 <0.06EU/mL
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Differential expression analysis using DESeq2 identified 716, 1,209, and 1,212 differentially 

expressed genes (DEGs) for PX43 compared to hIgG at 5 hours, 10 hours, and 24 hours, 

respectively, under a significance threshold of p-value < 0.05. In total, 2726 unique DEGs were 

detected across all time points, as illustrated in the Venn diagram (Figure 62). Notably, 30 

genes were consistently differentially expressed at all three time points (5h, 10h, and 24h), 

while pathway enrichment analysis of these 30 genes using the STRING database did not 

reveal any significantly enriched pathways. This may suggest the absence of a consistent 

perturbation induced by the endotoxin. 

 
Figure 62: Identification of endotoxin-related genes using an approximate method. Differentially expressed genes (DEGs) were 
identified by comparing the high-endotoxin PX43 condition to the endotoxin-free hIgG condition at 5h, 10h, and 24h (p-value < 
0.05). Endotoxin-related genes were then determined based on this differential expression analysis.  

5.4 The Omission of Endotoxin-Related Genes Does Not 
Qualitatively Alter the Findings 

To evaluate the impact of endotoxins, the 2726 endotoxin-related genes identified using the 

approximate method were excluded from the differential expression analysis of PX43 

compared to hIgG at 5h, 10h, and 24h in samples X, Y, and Z. Following the removal of these 

genes, differentially expressed genes (DEGs) were reassessed, and the top enriched pathways 

were analyzed. 

 458  903 

 984 

 75  123 

 30 

 153 

PX43 vs. hIgG 5h
(716)

PX43 vs. hIgG10h
(1209)

 PX43 vs. hIgG 24h
(1212)
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After removing the 2,726 endotoxin-related genes, no significantly differentially expressed 

genes (DEGs) were identified for PX43 compared to hIgG in samples X, Y, and Z at 5h, 10h, 

and 24h under the criteria of adjusted p-value < 0.05 and |log₂FC| > 1. This result is consistent 

with the findings prior to endotoxin gene removal, where fewer than 10 significant DEGs were 

observed across the same conditions. 

Spearman correlation analysis of log2-transformed TPM values for PX43 and hIgG in samples 

X, Y, and Z at 5h, 10h, and 24h—both before and after removal of 2,726 endotoxin-related 

genes—revealed consistently high positive correlations (r = 0.95–1.00, p < 0.001). These 

results suggest that endotoxin-related genes have minimal impact on the overall 

transcriptomic profiles in these datasets. 

Additionally, pathway enrichment analysis identified significantly enriched pathways for PX43 

compared to hIgG at 5h, whereas no significant pathways were detected at 10h and 24h. 

Moreover, the pathway enrichment results at 5h remained consistent after the removal of 

endotoxin-related genes, with both analyses indicating a reduction in inflammation-related 

pathways, as shown in Figure 63. 
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Figure 63: Enriched pathways of PX43 vs. hIgG at 5h after removing endotoxin related genes. Differentially expressed genes were 
analyzed using GAGE to identify enriched pathways, with a significance threshold of q < 0.05. 

The strong positive correlation observed between the log2-transformed TPM values of PX43 

and hIgG at 5h, 10h, and 24h across the X, Y, and Z samples, along with the consistent results 

for the enriched pathways before and after the exclusion of endotoxin-related genes, 

suggests that endotoxin does not qualitatively impact the findings. 
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6. Discussion 

6.1 Summary 

The present study advances our understanding of pemphigus vulgaris (PV) by dissecting the 

localized molecular and structural consequences of pathogenic antibodies using 

physiologically relevant models. As introduced in Section 1.2, two prevailing hypotheses 

dominate the field: one posits that PV is primarily driven by desmosome remodeling [34], 

while the other suggests a broader immune dysregulation mediated by autoantibody 

signaling [35]. Our findings provide support for the former, highlighting the primacy of 

adhesion disruption over widespread transcriptional or inflammatory shifts. 

In the human primary epidermal keratinocyte (HPEK) model, we observed only minimal 

differences between the disease-related antibodies (scFv PX43 and AK23) and the control 

antibodies (hIgG and mIgG) at the RNA and protein levels across the tested time points (5h, 

10h and 24h). These findings suggest that, at the global transcriptomic and proteomic levels, 

the response to the disease antibodies is subtle. Further analysis through single-cell RNA 

sequencing (scRNA-Seq) revealed that only a small subset of keratinocyte subpopulations 

exhibited detectable changes, further validated the findings in the bulk RNA-seq data.  

In the HSOC model, treatment with PX43 induced a progressive and significant increase in 

epidermal splitting over time (5 h to 24 h), which was accompanied by a parallel rise in the 

number of differentially expressed genes (DEGs), consistently exceeding 150 at each time 

point. In contrast, AK23 treatment did not result in skin split formation or significant 

transcriptional changes, with fewer than 10 DEGs detected. This clear divergence in molecular 

and phenotypic outcomes underscores fundamental differences in the pathogenic potential 

of these antibodies. These findings suggest that PV pathogenesis is influenced not merely by 

the presence of autoantibodies, but also by factors such as epitope specificity, binding affinity, 

and the resulting conformational effects on desmosomal protein complexes. 

 

HSOC proteomic analysis at the 24-hour time point revealed only four proteins with 

significantly altered abundance between PX43 and control (hIgG), under a stringent 

significance threshold (adjusted p < 0.05 and |log₂FC| > 1). This relatively low number of 
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differentially abundant proteins is not unexpected and may reflect both biological complexity 

and technical limitations. Upon applying a more relaxed threshold (adjusted p < 0.05 and 

|log₂FC| > 0.58), the number of significantly altered proteins increased to 15, highlighting the 

sensitivity of statistical outcomes to threshold selection. 

It is also important to note that HSOC proteomic dataset included fewer than 4,000 reliably 

quantified proteins, compared to the approximately 20,000 protein-coding genes in the 

human genome, which may limit comprehensive proteome coverage. Nonetheless, a 

moderate positive correlation (r = 0.36) was observed between the abundance of the 3,743 

quantified proteins and their corresponding transcript levels in the HSOC model following 

PX43 treatment at 24 h. This correlation is consistent with previously reported transcriptome-

proteome concordance in human skin (r ~0.4) [220] , supporting the robustness and biological 

relevance of the HSOC results. 

Collectively, the results suggest that the disease antibodies associated with Pemphigus 

Vulgaris (PV), specifically PX43 and AK23, do not induce a widespread, long-lasting 

transcriptomic or proteomic response at the cellular level in either the human epidermal 

keratinocyte (HEPK) or human skin organ culture (HSOC) models. These findings provide 

strong evidence supporting the hypothesis that PV primarily functions as a disease of 

desmosome remodeling [34] rather than a broad systemic alteration of keratinocyte gene 

expression or protein synthesis. The data indicate that the PV antibodies bind specifically to 

desmosomal components, such as DSG3 and DSG1, thereby disrupting desmosomal integrity 

and disturbing cellular homeostasis. This disruption leads to the separation of keratinocytes, 

the formation of skin splits, and the subsequent initiation of inflammatory processes. These 

findings highlight the pivotal role of desmosome dysfunction in the pathogenesis of PV and 

underscore the localized nature of the disease's impact on epidermal cell adhesion and skin 

integrity. 

Future studies should aim to capture early and spatially restricted signaling events, such as 

calcium flux, kinase activation, or desmosome internalization, which may precede 

transcriptional or proteomic responses. Understanding these early events may offer novel 

therapeutic windows focused on preserving desmosomal integrity or interrupting the 

conformational cascade initiated by specific pathogenic antibodies. 
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6.2 Open Questions 

6.2.1 What Is the Optimal Number of Biological Replicates? 

Biological replicates use different biological samples of the condition to measure the 

biological variation between samples. For differential expression analysis, the more biological 

replicates, the better the estimates of biological variation and the more precise our estimates 

of the mean expression levels. This leads to more accurate modeling of our data and 

identification of more differentially expressed genes. Liu et al. (2014)[231] reported that 

biological replicates are of greater importance than sequencing depth, which is the total 

number of reads sequenced per sample. The figure 64 shows the relationship between 

sequencing depth and number of replicates on the number of differentially expressed genes 

identified. 

 
Figure 64: Effect of read depth and replicates on differential gene expression detection. Increase in biological replication significantly 
increases the number of DE genes identified. Numbers of sequencing reads have a diminishing return after 10 M reads. Line 
thickness indicates depth of replication, with 2 replicates the darkest and 7 replicates the lightest. The lines are smoothed averages 
for each replication level, with the shaded regions corresponding to the 95% confidence intervals. The figure is extracted from the 
paper by Liu et al. (2014) [231].  

Other researchers also recommend using at least six biological replicates in the RNA-seq 

experiments and rising to at least 12 when it is important to identify the significantly 

differentially expressed genes for all fold changes [232]. Their results show the fraction of all 

genes edgeR calls as significantly differentially expressed gene increases as a function of nr 

(number of replicates) and impact of sampling effects on this fraction shrinks as nr increase 

(Figure 65 A). The true positive rate (TPR) performance changes as a function of both replicate 
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number and fold-change threshold (Figure 65 B,C). However, edgeR (exact) successfully 

controls its false discovery rate (FDR) for all combinations of both nr and T and the primary 

effect of increasing the number of replicates or imposing a fold-change threshold is to 

increase the sensitivity of the tool, converting false negatives to true positives (Figure 65 D). 

 
Figure 65: Enhanced performance in differential expression analysis with increased biological replicates. Statistical properties of 
edgeR (exact) as a function of |log2(𝐹𝐶)| threshold, T, and the number of replicates, nr. Individual data points are not shown for 
clarity; however, the points comprising the lines are each an average over 100 bootstrap iterations, with the shaded regions showing 
the 1 SD limits. (A) The fraction of all (7126) genes called as SDE as a function of the number of replicates (boxplots show the median, 
quartiles and 95% limits across replicate selections within a bootstrap run). (B) Mean true positive rate (TPR) as a function of nr for 
four thresholds T∈{0,0.3,1,2} (solid curves, the mean false positive rate [FPR] for T = 0 is shown as the dashed blue curve, for 
comparison). Data calculated for every Δnr = 1. (C) Mean TPR as a function of T for nr∈{3,6,10,20,30} (solid curves, again the mean 
FPR for nr = 3 is shown as the dashed blue curve, for comparison). Data calculated every ΔT = 0.1. (D) The number of genes called 
as true/false positive/negative (TP, FP, TN, and FN) as a function of nr. The FPR remains extremely low with increasing nr 
demonstrating that edgeR is excellent at controlling its false discovery rate. Data calculated for every Δnr = 1. The figure is extracted 
from the paper Schurch et al. (2016) [232]. 

In the HSOC model, bulk RNA-seq was performed with six biological replicates, providing 

sufficient robustness for the identification of significantly differentially expressed genes. 

Nevertheless, increasing the number of biological replicates is generally recommended when 

feasible, as it enhances statistical power and confidence in the results. 
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6.2.2 What are the major changes of Keratinocyte cells on Pemphigus 
Vulgaris Susceptibility?  

Keratinocytes, as the terminally differentiated cells of the epidermis, maintain a natural 

balance between proliferation and programmed cell death. Over the course of approximately 

two weeks, they undergo a well-orchestrated differentiation process known as cornification 

[233]. During this time, keratinocytes in the suprabasal layers sequentially express 

characteristic differentiation markers as they migrate toward the stratum corneum, 

ultimately contributing to the formation and maintenance of the skin barrier. 

Exposure to ultraviolet (UV) radiation [234] or cytotoxic agents [235]can induce apoptosis in 

keratinocytes. Moreover, apoptosis has been implicated in the pathogenesis of pemphigus, 

suggesting its involvement in disease-related epidermal damage [236].  

Figure 66 illustrates the key features of keratinocyte cornification and apoptosis. 

 

Figure 66: Morphological and biochemical changes during keratinocyte cornification and apoptosis. (1) The basal layer of the 
epidermis consists of undifferentiated, mitotically active keratinocytes attached to the basement membrane. (2) As keratinocytes 
migrate into the spinous layer, they detach from the basal lamina and begin terminal differentiation, marked by cell flattening, 
expression of keratins 1 and 10, and coordinated cytoskeletal reorganization across the epithelial sheet. Cell surface projections 
terminate in desmosomes, promoting intercellular adhesion. (3) In the granular layer, keratohyalin granules become evident; keratin 
filaments are crosslinked, DNA is degraded, organelles are dismantled, and the plasma membrane is replaced by a cornified envelope 
with ceramide deposition from lamellar bodies. (4) The outermost cornified layer comprises enucleated, dead keratinocytes 
(corneocytes), forming the skin's protective barrier. (5) Unlike apoptotic cells, corneocytes are not removed by phagocytic 
Langerhans cells but are instead shed into the environment through desquamation. (6) In apoptosis, activation of the caspase 
cascade triggers membrane blebbing and initiates controlled cellular dismantling. (7) Chromatin and cytoplasm condense, 
internucleosomal DNA fragmentation occurs, the cytoskeleton is disassembled, and the plasma membrane invaginates to form 
apoptotic bodies while maintaining membrane integrity to prevent cytoplasmic leakage. Mitochondrial damage also leads to the 
release of pro-apoptotic factors such as cytochrome c into the cytosol. (8) Finally, apoptotic bodies are recognized, engulfed, and 
degraded by phagocytes via lysosomal digestion. Figure is extract from paper by Lippens et al. (2005) [237]. 
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Understanding the fate of keratinocytes in the context of Pemphigus Vulgaris (PV) is a key 

question, particularly within the 3D human skin organ culture (HSOC) model, which closely 

mimics the in vivo environment. Determining whether keratinocytes primarily undergo 

detachment, apoptosis, or differentiation under pathogenic conditions can provide critical 

insights into disease progression and therapeutic targeting. 

Transcriptomic response to PX43 associate with split formation has a positive correlation with 

keratinocyte cell detachment and acute skin wounding, as shown in the above section 4.6.2. 

Additionally, the transcriptomic response to PX43 has been shown to negatively correlate 

with keratinocyte differentiation, as reported by Hartmann et al. (2025) [238], this recently 

published online biorxiv is our collaborate research summary for this PV project, myself also 

as a co-first author, led by Professors Hauke Busch, Jennifer Hundt, Eliane Müller and 

Christoph Hammers. These findings further support the notion that, in Pemphigus Vulgaris, 

keratinocytes predominantly undergo apoptosis and cellular detachment rather than 

progressing through normal differentiation pathways. 

It would also be valuable to use large-scale single-cell RNA sequencing (scRNA-seq) to further 

investigate keratinocyte cell trajectories under PV conditions. While bulk transcriptomic 

analyses provide insight into overall pathway activation, they cannot resolve the 

heterogeneity of individual cell states within the epidermis. By applying scRNA-seq to HSOC 

models treated with PV IgG or PX43, researchers could map the dynamic transitions of 

keratinocytes—from healthy states toward detachment, apoptosis, or alternative stress 

responses. Trajectory inference and pseudotime analysis could help clarify whether certain 

keratinocyte populations are more resistant to split formation or capable of initiating repair 

programs, offering new angles for therapeutic targeting and precision intervention. 

6.2.3 Can Inhibitors That Reduce Split Formation Alter Transcriptome 
Perturbations Qualitatively? 

Recent PV research increasingly focuses on inhibitors that stabilize desmosomes by targeting 

signaling pathways involved in acantholysis, as these mechanisms go beyond direct 

desmoglein inhibition and have shown relevance in both in vitro and in vivo models as 

summarized by Schmitt et al. (2021) [39]. 
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In a 3D human skin organ culture model, Burmester et al. screened a panel of kinase inhibitors 

and identified five candidates targeting MEK1, TrkA, PI3Kα, p38 MAPK, and VEGFR2, that were 

able to attenuate, though not completely prevent, PV-induced split formation as shown in 

Figure 67 [239]. Notably, inhibitors were pre-incubated for 2 hours prior to the addition of PV 

IgG. These findings support the concept that upstream signaling cascades can modulate 

desmosomal stability. 

 

Figure 67: MEK1, TrkA, PI3Kα, p38 MAPK, and VEGFR2 inhibitors reduce PV IgG-induced blistering in the HSOC model. (a) The anti-
Dsg1/3 scFv was injected into human skin samples, in the absence or presence of the indicated inhibitors. Data are shown as 
individual values, with medians ± SD from 8–19 sections per group from three organ cultures. *P<0.05, significantly different from 
anti-Dsg1/3 scFv alone; Kruskal–Wallis H test followed by Dunn's post hoc test. (b) Representative H&E-stained images from the 
experiments are shown in panel (a). For better contrast, white correction was applied using GIMP (www.gimp.org). Scale bars 
correspond to 100 μm. The figure is extracted from the paper by Burmester et al. (2020) [239]. 

Comparison of the 24-hour transcriptomic response to PX43 with RNA-seq data from 

inhibitor-pretreated HSOC samples subsequently exposed to PV IgG revealed a shared 

activation of key upstream pathways—including TGFa/NF-κB, TGF-β, and JAK-STAT—across 

all conditions, regardless of inhibition. This suggests these pathways may be critical 

bottlenecks. Targeting these with specific inhibitors such as NF-κB inhibitors (e.g., BAY 11-

7082), TGF-β receptor blockers (e.g., SB431542), or JAK inhibitors (e.g., Tofacitinib) could be 
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prioritized in follow-up experiments to test whether these late-stage signaling nodes play a 

decisive role in split formation or epithelial repair. 

 In contrast, pathways such as EGFR, MAPK, and PI3K, which were upregulated following PX43 

stimulation, were selectively suppressed by Vandetanib (a VEGFR2, EGFR, and RET inhibitor) 

and Selumetinib (a MEK1 inhibitor), as illustrated in Figure 68. 

 

Figure 68: Inhibitors of PV-Related kinases modulate PX43-Induced pathways. Inhibitors targeting MEK1 (Selumetinib), TrkA 
(GW441756), PI3Kα (A66), p38 MAPK (BIRB 796), and VEGFR2 (Vandetanib) modulate key signaling pathways also activated by PX43 
at 24 hours.(A) Schematic illustration of the MAPK signaling cascade and the specific upstream targets of the tested inhibitors.(B) 
Heatmap showing pathway enrichment scores from transcriptomic analysis comparing PX43 stimulation with inhibitor-pretreated 
HSOC samples following PV IgG exposure. Common activation of TGFa/NF-κB, TGFβ, and JAK-STAT signaling was observed across all 
conditions, while pathways such as EGFR, MAPK, and PI3K were upregulated by PX43 but suppressed by Vandetanib and Selumetinib 
treatment. The Figure is extracted from Hartmann et al. (2025) [238] online biorxiv as previously introduced. 

Thus, while the inhibitors modulated upstream signaling pathways and reduced split 

formation, pathways related to cell detachment and wound response remained predominant. 

The inhibitors did not substantially alter the overall cellular response, suggesting that the 

transcriptomic profile is primarily dictated by the presence or absence of intraepidermal splits. 

Future studies could also pursue other directions, such as 1) Does-Response and Time studies: 

Since the inhibitors were only pre-incubated for 2 hours before PV IgG addition, it remains 

unclear whether longer pre-treatment or post-treatment regimens might enhance efficacy. 

Controlled time-course studies with varied pre- and post-incubation intervals could help 

determine optimal therapeutic windows. 2) Combination Therapy Studies: Given that no 

single inhibitor fully prevented blistering, combining agents that target distinct but 

convergent pathways—such as pairing a MEK1 inhibitor (Selumetinib) with a VEGFR2/EGFR 

inhibitor (Vandetanib)—could provide synergistic effects. These combinations should be 
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tested in HSOC models with quantitative scoring of split severity and transcriptomic profiling 

to assess additive or compensatory pathway activation. 3) Delayed Intervention Studies: Most 

current protocols apply inhibitors prior to PV IgG exposure, which models a prophylactic 

setting. However, patients typically receive treatment after lesion formation begins. To better 

reflect this clinical reality, future experiments should investigate whether the same inhibitors 

can attenuate or reverse acantholysis when administered after PV IgG exposure—e.g., 2, 4, 

or even 6 hours post-treatment. This would help determine the potential for these agents as 

therapeutic, rather than purely preventive, interventions. 

6.2.4 What Therapeutic Inspirations Can Be Drawn from Our Models for 
Pemphigus Vulgaris? 

In general, our model of HPEK and HSOC mostly relied on keratinocyte cells as the sole 

material for sequencing, which may not fully capture the complexity of the PV disease process 

in vivo. Interactions with other skin cell types, such as immune cells, fibroblasts, and 

endothelial cells, may contribute to the overall disease pathology and were not considered in 

this model. 

Fang et al. (2020) [240] provided a comprehensive review of the role of T cells in the 

immunopathogenesis of Pemphigus Vulgaris (PV). As illustrated in Figure 69, distinct T cell 

subsets, which are key regulators of autoimmunity, exhibit various dysregulations that 

contribute to disease progression and skin inflammation. T helper (Th)1 cells mediate pro-

inflammatory immune responses primarily through interferon-gamma (IFN-γ), while Th2-

derived cytokines, such as interleukin-4 (IL-4), promote B cell proliferation, antibody 

production, and immunoglobulin class switching. Th17 cells drive inflammatory responses 

and exacerbate tissue damage in the skin, whereas regulatory T cells (Tregs) play a critical role 

in suppressing autoreactive CD4⁺ T cell activation and maintaining immune homeostasis. 

Additionally, T follicular helper (Tfh) cells engage in crosstalk with B cells, thereby facilitating 

autoantibody production, a hallmark of PV pathogenesis. 
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Figure 69: T cells in the pathogenesis of pemphigus vulgaris. PV is characterized by immune complex deposits that usually consist of 
IgG bound to desmosomal transmembrane proteins of keratinocytes. Autoantibodies binding to autoantigens can directly 
compromise desmosomal function and cause acantholysis. In the skin, Langerhans cells act as antigen presenting cells, take up and 
present Dsg peptides to CD4+ T cells and induce their activation. In the circulation, the ratios and functions of T cell subsets are both 
abnormal. Th1 cells promote immune response and Th2 cells regulate pathogenic Dsg-specific IgG antibody production. Th17 cells 
secrete IL-17, which promote an inflammatory response, while Treg cells inhibit Dsg3-autoreactive T cell proliferation and antibody 
production. Tfh cells, which crosstalk with B cells, facilitate autoantibody production. The Figure is extracted from the paper by Fang 
et al. (2020) [240]. 

Egami et al. (2023) [241] reported that autoreactive B cells play a pivotal role in pemphigus, 

with the number of DSG-specific B cells correlating with serum autoantibody titers. Their 

findings indicate that patients with anti-DSG3 IgG exhibit a higher frequency of DSG-specific 

B cells compared to healthy controls, as illustrated in Figure 70. 
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Figure 70: Detection of DSG-specific B cells in patients with pemphigus. (a) Scheme of detection. Memory B cells were categorized 
into CD19+IgD−CD27+ cells. After incubating with recombinant DSG proteins, DSG-specific B cells (E-tag+His-tag+) were detected in 
each patient population (7AAD−CD19+IgD−CD27+E-tag+His-tag+). (b) Proportion of DSG-specific memory B cells 
(CD19+IgD−CD27+DSG+ cells) in total memory B cells (CD19+IgD−CD27+ cells) in each patient population. plot: mean ± SD. (c) Scatter 
diagram of the proportion of DSG-specific memory B cells and the patient's serum DSG-specific autoantibody titer. 7AAD, 7-
aminoactinomycin D; CLEIA, chemiluminescence enzyme immunoassay; DSG, desmoglein; E-tag, epitope tag; FSC, forward scatter; 
HC, healthy control; His-tag, histidine tag; mcPV, mucocutaneous pemphigus vulgaris; mPV, mucous pemphigus vulgaris; PF, 
pemphigus foliaceus; SSC, side scatter. The Figure is extracted from the paper by Egami et al. (2023) [241]. 

Fetter et al. (2020) [242] summarized that skin has the potential to act as a niche for localized 

antibody production, and tertiary lymphoid structure (TLS) may act as a site of restimulation 

of memory lymphocytes or priming of precursors that boost differentiation and expansion of 

effector cells and maintain self-reactive inflammatory responses, and may arise in the skin in 

response to chronic inflammation in cutaneous autoimmune disease (CAD) as shown in the 

Figure 71.  

Drugs that inhibit the initiation of tertiary lymphoid structures (TLS) include compounds 

targeting the lymphotoxin-β pathway, as well as pro-inflammatory cytokines such as IL-17 and 

IL-22, which have been identified as critical mediators of TLS development in animal models 

[243,244]. 
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Figure 71: Schematic illustration of a potential tertiary lymphoid structure (TLS) in skin autoimmunity. TLS represent accumulations 
of lymphoid and stromal cells arising at ectopic sites as a reflection of chronic inflammation. As depicted, they may consist of B- and 
T-cell clusters and a network of stromal cells, follicular dendritic cells (DC) and macrophages as well as vascular structures such as 
high endothelial venules (HEV) and lymphatic vessels, possibly forming GC-like structures. TLS may create a microenvironment that 
enables localized autoantigen-directed immune responses such as T cell activation, which might also be driven by B cells with 
antigen-presenting features. Proinflammatory cytokines are subsequently released from activated T cells and autoantibody 
production by PCs as well as immune complex formation are initiated. TLS formation has been described in pemphigus and lupus 
erythematosus panniculitis, yet data concerning the appearance and specific role of TLS in autoimmune skin diseases are limited. 
The Figure is extracted from the paper by Fetter et al. (2020) [242].  

Pemphigus vulgaris pathogenesis involves multiple interconnected processes, including 

desmosome binding by autoantibodies, autoantibody-mediated endocytosis, impaired 

desmosome regeneration, disruption of cellular homeostasis, immune cell activation, 

weakened keratinocyte adhesion, and inflammation. Given the complexity of these 

mechanisms, a therapeutic approach targeting multiple pathways may be more effective. For 

instance, Strandmoe et al. (2024) [245] reported a case in which plasma cell-targeted therapy, 

consisting of four cycles of bortezomib (1.3 mg/m²), dexamethasone (40 mg), and 

cyclophosphamide (500 mg/m²) administered every three weeks, led to a rapid clinical 

response and near-complete remission, as evidenced by a reduction in the Pemphigus Disease 

Area Index (PDAI) score from 73 to 3. Therefore, further investigation into additional 

therapeutic targets and combination strategies is warranted to optimize treatment outcomes. 
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6.3 Outlook 

Building on the current findings, future studies should aim to address the limitations identified 

in this study to further elucidate the molecular mechanisms underlying Pemphigus Vulgaris 

(PV). Expanding the sample size is a key step to enhance the statistical power and 

generalizability of the results, as larger cohorts are more likely to account for individual 

variability and improve reproducibility. Furthermore, the inclusion of additional time points, 

particularly at earlier or later stages of disease progression, would provide a more 

comprehensive understanding of the temporal dynamics involved in PV pathophysiology. 

A more diverse experimental model could also yield further insights into PV by incorporating 

interactions between keratinocytes and other cell types within the skin, such as immune cells, 

fibroblasts, and endothelial cells. This would offer a more holistic view of the disease process, 

as PV is likely driven by complex cellular interactions that extend beyond keratinocyte 

dysfunction alone. 

Moreover, investigating a broader range of disease-related antibodies would be valuable, as 

PV patients present with diverse autoantibodies targeting various epitopes. Including multiple 

antibodies in future studies would allow for the examination of antibody-specific effects and 

their contribution to the pathogenesis of different forms of PV. 

Finally, while RNA-seq and shotgun proteomics are powerful tools, they have inherent 

limitations in capturing the full scope of molecular changes. Future studies could complement 

these approaches with additional techniques such as single-cell proteomics, mass 

spectrometry-based phosphoproteomics, and spatial transcriptomics to gain a more 

comprehensive view of protein expression, post-translational modifications, and their 

dynamic changes across different regions of the skin. 

Pemphigus vulgaris pathogenesis is multifaceted, highlighting the need for further 

exploration of therapeutic targets and combination approaches to enhance treatment 

efficacy. 

 
By addressing these limitations, future research will not only deepen our understanding of PV 

but also facilitate the development of targeted therapeutic strategies that address the root 

causes of this devastating autoimmune skin disorder.  
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7. Appendix  

7.1 Supplementary Figures 

This section presents the supplementary figures referenced in the main chapters. 

 
 
Supplemental Figure 1: Total read counts from bulk RNA-seq for HPEK samples A, B, and C. The quality control results aggregated 
by MultiQC from FastQC outputs indicate that all samples achieved sequencing depths exceeding 50 million reads, with the majority 
surpassing 60 million reads. These read counts meet or exceed the recommended thresholds for bulk RNA-seq experiments as 
outlined by ENCODE guidelines [132], suggesting sufficient sequencing depth for downstream analyses. 

 
Supplemental Figure 2: Mean base quality scores across reads from bulk RNA-seq of HPEK samples A, B, and C. All samples exhibited 
mean quality scores above 33.8, as reported by FastQC and summarized by MultiQC. This corresponds to a base call accuracy 
exceeding 99.9%, indicating that the raw sequencing reads are of exceptionally high quality. 
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Supplemental Figure 3: Principal Component Analysis (PCA) plots comparing samples A, B, and C from experiment 1 in HPEK. The 
upper three plots show comparisons between AK23 and its control (mIgG), while the lower three plots display comparisons between 
PX43 and its control (hIgG). Although PC1 reflects the main transcriptional response to AK23 or PX43 stimulation, treated samples 
remain in close proximity to controls, suggesting only moderate global expression changes. 

 

Supplemental Figure 4: Principal Component Analysis (PCA) plots comparing samples A, B, C, X, Y, and Z from experiment 1 and 
experiment 2 in HPEK. The upper three plots show comparisons between AK23 and its control (mIgG), while the lower three plots 
display comparisons between PX43 and its control (hIgG). Separation between samples occurs mainly along the first principal 
component (PC1), accounting for 25-48% of the total variance. 
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Supplemental Figure 5: Volcano plots of differentially expressed genes in samples A, B, and C comparing PV antibodies with control 
antibodies in HPEK. Each subplot displays the log2 fold-change (log2FC) on the x-axis and the negative log10 of the adjusted p-value 
(-log10 P) on the y-axis, with upregulated (Up) and downregulated (Down) genes indicated. Significant genes are labeled in each 
plot. AK23 vs. mIgG at 10h (Up: HMCN1, Down: ALG14); PX43 vs. hIgG at 5h (Up: UNC13D), 10h (Up: CFAP44, SINHCAFP3, Down: 
IGFBP5), 24h (Up: DNM1, ELF3, Down: AGR2, NPIPB6). Overall, only a few DEGs were identified.  

 

Supplemental Figure 6: Volcano plots of differentially expressed genes in samples A, B, C, X, Y, and Z comparing PV antibodies with 
control antibodies in HPEK. Each subplot displays the log2 fold-change (log2FC) on the x-axis and the negative log10 of the adjusted 
p-value (-log10 P) on the y-axis, with upregulated (Up) and downregulated (Down) genes indicated. Significant genes are labeled in 
each plot. AK23 vs. mIgG at 5h (Up: NEGR1), 24h (Down: FABP7); PX43 vs. hIgG at 5h (Up: CYP1A1), 24h (Up: SNORD3D, Down: 
MPV17L) Overall, only a few DEGs were identified.  
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Supplemental Figure 7: Comparative pathway analysis of PX43 and hIgG treatments at 5 hours in samples X, Y, and Z. Downregulation 
of these pathways suggests a reduction in inflammatory response, compromised energy metabolism, and decreased epithelial-
mesenchymal transition activity. 

 
 
Supplemental Figure 8: Comparative pathway analysis of PX43 and hIgG treatments at 24 hours in samples X, Y, and Z. Upregulation 
of the TNFA pathway suggests an increase in inflammatory response. 

 

 
Supplemental Figure 9: Comparative pathway analysis of AK23 and mIgG treatments at 24 hours in samples X, Y, and Z. Upregulation 
of the TNFα pathway suggests an increase in inflammatory response, enhanced DNA damage response and apoptosis, elevated 
protein folding stress management, heightened protein export, and reinforced cell cycle control. 
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Supplemental Figure 10: Significantly enriched pathways of PX43 vs. hIgG 5h in human skin organ culture (HSOC) model. Pathways 
are from the HALLMRK collections, identified by the gage package, and the significance threshold is q < 0.05. 
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Supplemental Figure 11: Significantly enriched pathways of PX43 vs. hIgG 10h in human skin organ culture (HSOC) model. Pathways 
are from the HALLMRK collections, identified by the gage package, and the significance threshold is q < 0.05. 
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Supplemental Figure 12: Significantly enriched pathways of PX43 vs. hIgG 24h in human skin organ culture (HSOC) model. Pathways 
are from the HALLMRK collections, identified by the gage package, and the significance threshold is q < 0.05. 
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Supplemental Figure 13: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 5h for AK23 
vs. mIgG. Top transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 

 

Supplemental Figure 14: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 10h for AK23 
vs. mIgG. Top transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 
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Supplemental Figure 15: Key differentially expressed transcription factors (TFs) in human skin organ culture (HSOC) at 24h for AK23 
vs. mIgG. Top transcription factors were inferred using decoupleR (q-value < 0.05), based on differentially expressed genes and their 
corresponding log2 fold-change values. Predicted transcription factor activity scores are color-coded, with purple indicating negative 
activity scores and red indicating positive activity scores. 

7.2 Supplementary Tables 

This section presents the supplementary tables referenced in the main chapters. 

Supplementary Table 1: Summary of the HALLMARK gene sets 

HALLMARK NAME PROCESS 
CATEGORY 

DESCRIPTION NUMBER OF 
FOUNDER 
SETS 

NUMBER 
OF GENES 

APICAL_JUNCTION cellular 
component 

Apical junction 
complex 
consisting of 
adherens and 
tight junctions 

37 200 

APICAL_SURFACE cellular 
component 

Membrane 
proteins in the 
apical domain 

12 44 

PEROXISOME cellular 
component 

Peroxisomes 28 107 

ADIPOGENESIS development Adipocyte 
development 

36 200 

ANGIOGENESIS development Blood vessel 
formation 

14 36 

EPITHELIAL_MESENCHYMAL_TRANSITION development Epithelial 
mesenchymal 
transition 

107 200 

MYOGENESIS development Muscle 
differentiation 

64 200 
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SPERMATOGENESIS development Sperm 
development and 
male fertility 

24 135 

PANCREAS_BETA_CELL development Genes specific to 
pancreatic beta 
cells 

24 40 

DNA_REPAIR DNA damage DNA repair 44 150 
UV_RESPONSE_DOWN DNA damage UV response: 

down-regulated 
genes 

17 144 

UV_RESPONSE_UP DNA damage UV response: up-
regulated genes 

16 158 

ALLOGRAFT_REJECTION immune Allograft rejection 190 200 
COAGULATION immune Coagulation 

cascade 
71 138 

COMPLEMENT immune Complement 
cascade 

71 200 

INTERFERON_ALPHA_RESPONSE immune Interferon alpha 
response 

82 97 

INTERFERON_GAMMA_RESPONSE immune Interferon gamma 
response 

82 200 

IL6_JAK_STAT3_SIGNALING immune IL6 STAT3 
signaling during 
acute phase 
response 

24 87 

INFLAMMATORY_RESPONSE immune Inflammation 120 200 
BILE_ACID_METABOLISM metabolic Biosynthesis of 

bile acids 
28 112 

CHOLESTEROL_HOMEOSTASIS metabolic Cholesterol 
homeostasis 

28 74 

FATTY_ACID_METABOLISM metabolic Fatty acid 
metabolism 

53 158 

GLYCOLYSIS metabolic Glycolysis and 
gluconeogenesis 

87 200 

HEME_METABOLISM metabolic Heme 
metabolism 

36 200 

OXIDATIVE_PHOSPHORYLATION metabolic Oxidative 
phosphorylation 
and citric acid 
cycle 

93 200 

XENOBIOTIC_METABOLISM metabolic Metabolism of 
xenobiotics 

124 200 

APOPTOSIS pathway Programmed cell 
death; caspase 
pathway 

80 161 

HYPOXIA pathway Response to 
hypoxia; HIF1A 
targets 

87 200 

PROTEIN_SECRETION pathway Protein secretion 74 96 
UNFOLDED_PROTEIN_RESPONSE pathway Unfolded protein 

response; ER 
stress 

22 113 

REACTIVE_OXYGEN_SPECIES_PATHWAY pathway Reactive oxygen 
species (ROS) 
pathway 

13 49 

E2F_TARGETS proliferation E2F targets 420 200 
G2M_CHECKPOINT proliferation Cell cycle G2/M 

checkpoint 
420 200 

MYC_TARGETS_V1 proliferation MYC targets 
variant 1 

404 200 

MYC_TARGETS_V2 proliferation MYC targets 
variant 2 

6 58 

P53_PATHWAY proliferation p53 pathway 85 200 
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MITOTIC_SPINDLE proliferation Mitotic spindle 
assembly 

108 200 

ANDROGEN_RESPONSE signaling Androgen 
response 

8 117 

ESTROGEN_RESPONSE_EARLY signaling Early estrogen 
response 

61 200 

ESTROGEN_RESPONSE_LATE signaling Late estrogen 
response 

61 200 

IL2_JAK_STAT5_SIGNALING signaling IL2 STAT5 
signaling 

13 200 

KRAS_SIGNALING_UP signaling KRAS signaling, 
up-regulated 
genes 

14 200 

KRAS_SIGNALING_DOWN signaling KRAS signaling, 
down-regulated 
genes 

16 200 

MTORC1_SIGNALING signaling mTORC1 
signaling 

487 200 

NOTCH_SIGNALING signaling Notch signaling 49 32 
PI3K_AKT_MTOR_SIGNALING signaling PI3K signaling via 

AKT to mTORC1 
591 105 

HEDGEHOG_SIGNALING signaling Hedgehog 
signaling 

79 36 

TGF_BETA_SIGNALING signaling TGF beta 
signaling 

29 54 

TNFA_SIGNALING_VIA_NFKB signaling TNFA signaling via 
NFkB 

132 200 

WNT_BETA_CATENIN_SIGNALING signaling Cannonical beta 
catenin pathway 

49 42 

 

7.3 Supplementary Methods 

This section presents the supplementary methods referenced in the main chapters. 

7.3.1 Supplementary Method 1: Transcript Quantification using Kallisto 

An overview of Kallisto methodology is presented in Supplementary Figure 16, extracted from 

paper by Bray et al. (2016) [51]. 
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Supplemental Figure 16: Overview of kallisto pseudoalignment algorithm. The input consists of a reference transcriptome and reads 
from an RNA-seq experiment. (A) An example of a read (in black) and three overlapping transcripts with exonic regions as shown. 
(B) An index is constructed by creating the transcriptome de Bruijn Graph (T-DBG) where nodes (v1, v2, v3, ... ) are k-mers, each 
transcript corresponds to a coloured path as shown and the path cover of the transcriptome induces a k-compatibility class for each 
k-mer. (C) Conceptually, the k-mers of a read are hashed (black nodes) to find the k-compatibility class of a read. (D) Skipping (black 
dashed lines) uses the information stored in the T-DBG to skip k-mers that are redundant because they have the same k-compatibility 
class. (E) The k-compatibility class of the read is determined by taking the intersection of the k-compatibility classes of its constituent 
k-mers. The figure is extracted from the paper of kallisto  by Bray et al. (2016) [51]. 

Kallisto operates in three main stages: index construction, pseudoalignment, and 

quantification. During index construction, kallisto builds a coloured de Bruijn graph [246] from 

the transcriptome, grouping k-mers into contigs with identical colourings and storing a hash 

table for a fast lookup of k-mer positions. Pseudoalignment maps sequencing reads to 

transcripts by identifying shared k-mers without requiring full alignment, leveraging the de 

Bruijn graph structure to minimize computational overhead. Quantification uses an efficient 

EM algorithm to estimate transcript abundances based on equivalence class counts, 

outputting results in transcripts per million (TPM) units [247]. Kallisto also includes optional 

steps for bias correction, which adjusts transcript effective lengths based on sequence-

specific biases, and bootstrapping, which provides uncertainty estimates by resampling 

equivalence class counts to compute expression variability. Including bias correction and 

bootstrapping enhances the accuracy and reliability of kallisto's quantification. 

The analysis workflow utilizing Kallisto follows the guidelines outlined in the official Kallisto 

manual. The process begins with constructing a human transcriptome index, which serves as 

the reference for subsequent quantification. For the quantification step, paired-end FASTQ 

files corresponding to each sample are provided as input. 

A

B

C

D

E
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During the quantification process, Kallisto generates three output files for each sample: 

abundance.h5, abundance.tsv and run_info.json. The abundance.h5 file is a binary format 

containing detailed quantification data, while the abundance.tsv file provides tab-delimited 

results, including transcript-level abundances in transcripts per million (TPM). The 

run_info.json file captures metadata about the quantification process, including the Kallisto 

version and the command-line parameters used. 

7.3.2 Supplementary Method 2: Principal Component Analysis (PCA)  

The following outlines the step-by-step process for performing PCA: 

1) Data Preprocessing: Centering the Data 

• Compute the mean for each variable in the dataset. 

• Subtract the mean from each observed value of the corresponding variable. This 

step centers the data around zero, ensuring that PCA focuses on variance rather 

than absolute values. 

2) Covariance Matrix Computation 

• Calculate the covariance matrix of the centered data. The covariance matrix 

captures the relationships between variables and their joint variances, providing 

the foundation for identifying directions of maximum variance. 

3) Eigenvalues and Eigenvectors Calculation 

• Compute the eigenvalues and corresponding eigenvectors of the covariance matrix. 

The eigenvalues quantify the variance explained by their associated eigenvectors, 

while eigenvectors define the directions of maximum variance (principal 

components). 

4) Normalization of Eigenvectors 

• Normalize each eigenvector to unit length. These normalized eigenvectors 

represent the axes of the fitted ellipsoid and form a new orthonormal basis for the 

dataset. 

5) Principal Components Selection 
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• Rank the eigenvectors by their associated eigenvalues in descending order. The 

eigenvector with the largest eigenvalue corresponds to the first principal 

component, explaining the maximum variance. 

• Select the top principal components that capture the desired proportion of the 

total variance in the data. 

6) Data Transformation 

• Project the centered data onto the selected principal components by calculating 

the dot product of the data with the eigenvectors. This results in a transformed 

dataset with reduced dimensions. 

7.3.3 Supplementary Method 3: Generalized Linear Model (GLM) in RNA-Seq 
Data Analysis 

The generalized linear model (GLM) provides a flexible framework for modeling count-based 

data. In the case of RNA-seq, GLMs are commonly used with the negative binomial (NB) 

distribution to model the count data. The negative binomial distribution is ideal because it 

can model overdispersion, which occurs when the gene expression variance is larger than the 

mean, a common feature in RNA-seq data. 

In the GLM framework, the log of the expected count for gene i in condition j, 𝐸#𝑌$%% is 

modelled as a linear function of covariates (e.g., experimental conditions or treatments): 

log)E#Y&'%, = 𝑥%(β$  
where: 

				𝑙𝑜𝑔 generates the logarithm symbol. 

    𝐸#𝑌$%% is the count of reads for gene i in sample j. 

    𝑥%  is the vector of covariates (such as treatment or time). 

β$  represents the regression coefficients for gene i. 

T generates the transpose symbol for 𝑥%(. 

In RNA-seq analysis, the GLM is often extended by incorporating the negative binomial 

distribution for the variance structure, as this distribution accounts for both the mean and 

variance of the counts. The likelihood function for the negative binomial model is: 
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where: 

    𝑌$%  is the observed count for gene i in sample j. 

    µ$%  is the expected count (mean) for gene i in sample j. 

ϕ is the dispersion parameter, capturing overdispersion. 

Γ is the gamma function, a continuous extension of the factorial function, for an integer n, 

Γ(𝑛) = (𝑛 − 1)!. 

The first part, 
+,)!"-*.

+,)!"-/.+(*)
, serves as a normalization factor to ensure that the probabilities 

sum to 1. The second part, C 2!"
2!"-*

D
)!"

, represents the probability of observing 𝑌$%  successes 

(counts) given the expected count and dispersion. The third part, C *
2!"-*

D
*

, accounts for the 

probability of the remaining counts, reflecting the distribution's shape influenced by the 

dispersion parameter. 

7.3.4 Supplementary Method 4: Gene Set Enrichment Analysis (GAGE) for 
Pathway Enrichment Analysis 

GAGE employs a rank-based approach to enrichment analysis and incorporates 

methodological enhancements that make it particularly suitable for datasets with 

heterogeneous sample sizes and complex experimental designs [59]. Differentially expressed 

genes (DEGs) identified using DESeq2, along with their corresponding log₂ fold change values, 

were used as input for the pathway enrichment analysis by GAGE. The Hallmark gene set 

collection from the MSigDB database was used as the reference for pathway annotation. For 

each pathway, enrichment scores, p-values, q-values, and additional statistical metrics were 

calculated to determine significant pathway-level changes. 

A schematic overview of the GAGE algorithm, including its underlying methodology and key 

computational features, is presented in Supplemental Figure 17. 
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Supplemental Figure 17: A schematic overview of the gage algorithm.Three major steps are applied in gage. Three major steps are 
applied in gage. (A) Step 1: input preparation. Separate gene sets into two categories: experimental sets and canonical pathways, 
for differential treatment in significant test. (B) Step 2: gene set differential expression tests based on one-on-one comparison 
between samples from the two experimental conditions. For each experiment-control pair, calculate differential expression in log-
based fold change for all genes. Test whether specific gene sets are significantly differentially expressed relative to the background 
whole set using two-sample t-test. (C) Step 3: summarization. For each gene set, derive a global p-value based on a meta-test on 
the negative log sum of p-values from all one-on-one comparisons. More details of GAGE are given in the Methods. Variables m, s 
and n are the mean fold change, standard deviation and number of genes in a gene set, M, S and N are those for the whole set. 
Figure is extracted from the original paper for Luo et al. (2009) [59]. 
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7.3.5 Supplementary Method 5: Univariate Linear Model (ULM) for 
Transcription Factor Activity Prediction Using decoupleR 

The univariate linear model (ULM) method is employed in decoupleR [68] to infer 

transcription factor (TF) enrichment scores for each sample in the dataset and each TF within 

the TF-gene interaction network. This approach fits a linear model that predicts observed 

gene expression based solely on the TF’s interaction weights with its target genes. Once the 

model is fitted, the t-value of the slope serves as the enrichment score. A positive t-value 

indicates TF activation, while a negative t-value suggests TF inactivity. A schematic 

representation of this method is provided in Supplementary Figure 18. 

 

 
Supplemental Figure 18: Inferring transcription factor activity using the univariate linear model (ULM). Gene expression values are 
modeled as a function of TF interaction weights, with the t-value of the regression slope serving as the enrichment score. A positive 
t-value indicates TF activation, while a negative t-value suggests inactivation. The figure was extracted from the decoupleR manual 
website by Pau Mompel (2024) [70].  
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7.3.6 Supplementary Method 6: Single-Cell RNA-seq Data Quantification 
Using Cell Ranger 

The primary steps involved in raw sequencing reads processing by Cell Ranger [101] are 

summarized in Supplementary Figure 19. 

 

 

Supplemental Figure 19: Key steps in reads processing by Cell Ranger. The main steps in read processing by Cell Ranger include 
aligning raw reads to the reference genome, filtering out low-quality reads, correcting unique molecular identifiers (UMIs), and 
assigning reads to individual cells based on UMI barcodes. The figure is extracted from the 10x genomics website by Jackman et al. 
(2023) [248].  
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7.3.7 Supplementary Method 7: Single-Cell RNA-seq Data Analysis Using 
Seurat 

Seurat is used for downstream analyses, filtered barcode, feature, and matrix files generated 

by Cell Ranger were imported into Seurat. Downstream analysis including quality control 

(default parameters for the number of unique genes detected in each cell, total number of 

molecules detected within a cell and percentage of reads that map to the mitochondrial 

genome), normalization (LogNormalize), feature selection (VST, variance stabilizing 

transformation method), dimensionality reduction by UMAP (Uniform Manifold 

Approximation and Projection), clustering, differential gene expression analysis (Wilcoxon 

Rank Sum test) and visualization [129].  

The key steps included in Seurat are as follows: 

• Quality Control (QC) and Filtering. The number of unique genes detected in each 

cell, the total number of molecules detected within a cell, and the percentage of 

reads mapping to the mitochondrial genome are three important parameters for 

the initial QC steps to filter out low-quality cells, empty droplets, and dying cells 

that often exhibit extensive mitochondrial contamination. This can be effectively 

visualized using the VlnPlot function in Seurat,  where the threshold can be set 

based on the values in the plot.  

• Normalizing the data. By default, the global-scaling normalization method 

'LogNormalize' normalizes feature expression for each cell by dividing by the total 

transcript count, multiplying by a scaling factor (10,000 by default), and applying a 

log transformation. Normalization can be performed using the NormalizeData 

function in Seurat. 

• Identification of highly variable features (feature selection). A subset of features 

exhibiting high cell-to-cell variation within the dataset is then identified, 

characterized by high expression in some cells and low expression in others. 

Focusing on these highly variable genes in downstream analysis has been shown 

to enhance the detection of biological signals in single-cell datasets. Feature 

selection is performed using the FindVariableFeatures function in Seurat. 
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• Scaling the data. This is a standard pre-processing step before dimensional 

reduction techniques like PCA. This step gives equal weight in downstream 

analyses so that highly expressed genes do not dominate. Scaling the data is 

performed using the ScaleData function in Seurat.  

• Linear dimensional reduction. The previously identified variable features serve as 

input for principal component analysis (PCA). For the leading principal components, 

Seurat generates a list of genes with the highest positive and negative loadings, 

representing gene modules that exhibit correlation or anti-correlation across single 

cells in the dataset. Linear dimensionality reduction is conducted using the RunPCA 

function in Seurat. 

• Determine the dimensionality of the data. To mitigate the impact of technical noise 

in single-cell RNA sequencing (scRNA-seq) data, Seurat clusters cells based on their 

principal component (PC) scores, where each PC serves as a 'metafeature' that 

integrates information from a correlated set of features. The leading principal 

components thus provide a robust compression of the dataset. A commonly used 

heuristic approach for selecting the optimal number of PCs is the 'Elbow Plot,' 

which ranks PCs based on the percentage of variance explained. The inflection 

point, where the curve begins to plateau, indicates the number of principal 

components that capture the majority of the biological signal.  

• Cluster the cells. Seurat employs a graph-based clustering approach by 

constructing a K-nearest neighbor (KNN) graph, where edges connect cells with 

similar feature expression patterns. The graph is first built using Euclidean 

distances in PCA space and refined by adjusting edge weights based on shared local 

neighborhoods (Jaccard similarity) via the FindNeighbors function, using the top 10 

principal components. Clustering is then performed using modularity optimization 

techniques, such as the Louvain algorithm (default), to partition the graph into 

highly interconnected communities. The FindClusters function implements this 

process, with the resolution parameter controlling clustering granularity, where 

higher values yield more clusters. 
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• Non-linear dimensional reduction. This step aims to identify the underlying 

structure within the dataset, enabling the spatial organization of similar cells in a 

low-dimensional representation. Cells assigned to the same graph-based clusters 

should exhibit co-localization within these dimensionality reduction plots. Uniform 

Manifold Approximation and Projection (UMAP) is one such algorithm that 

facilitates this process, and it can be implemented using the RunUMAP function in 

Seurat. 

• Finding differentially expressed features. By default, this method identifies both 

positive and negative markers for a given cluster in comparison to all other cells. 

The FindAllMarkers function automates this process across all clusters; however, it 

also allows for differential expression testing between specific groups of clusters 

or against the entire dataset. 

• Assigning cell type to clusters. This step requires canonical markers to accurately 

associate unbiased clustering results with known cell types. In Seurat, well-

established reference markers are available for certain tissues, such as peripheral 

blood mononuclear cells (PBMCs) and liver cells. However, there is currently no 

universally accepted gold standard for skin cell markers, necessitating caution 

when utilizing markers from external sources. 
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7.3.8 Supplementary Method 8: Single-Cell RNA-seq Data Cell Type Prediction 
Using SingleR 

Supplementary Figure 20 shows a schematic representation of the SingleR [103] workflow. 

 

 

Supplemental Figure 20: Schematic of SingleR for cell type annotation. The primary steps of the SingleR workflow include initially 
identifying variable genes that distinguish cell types within the reference dataset. Next, each single-cell transcriptome is correlated 
with individual samples from the reference set. This is followed by an iterative fine-tuning process that refines the reference set by 
retaining only the top-matching cell types, thereby improving annotation accuracy. The figure is extracted from Aran et al. (2019) 
[103].  

7.3.9 Supplementary Method 9: Differentially Abundant Cell Groups 
Identification Using DA-seq 

Identifying differentially abundant (DA) subpopulations between biological states, like 

healthy versus diseased, is challenging in single-cell RNA sequencing (scRNA-seq). Traditional 

methods rely on clustering cells, but this often misses DA subpopulations that don’t align with 

clear clusters. DA-seq is a multiscale approach that calculates a local DA measure for each cell 

based on its k nearest neighbours across various k values [104]. This allows DA-seq to identify 

contiguous DA subpopulations in transcriptomic space without being restricted to clusters. 

The DA-seq algorithm consists of several steps: 

• Compute a score vector for each cell based on the relative prevalence of cells from 

both biological states in the cell's neighborhood. This measure is calculated for 

neighborhoods of varying sizes, providing a multiscale view of differential 

abundance for each cell. 
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• Combine the score vectors into a single DA measure by training a multivariate 

logistic regression classifier. This classifier predicts each cell’s biological state (state 

1 or state 2) based on its score vector. The resulting prediction probability is 

transformed into a DA measure, quantifying how much a cell's neighborhood is 

dominated by cells from one biological state. 

• Group cells with similar DA measures into localized regions, based on their gene 

expression profiles. These regions represent subpopulations with significant 

differences in abundance between the two biological states. Each DA 

subpopulation is assigned a DA score, along with a P-value to assess reproducibility 

if sufficient biological replicates are available. 

• Identify genes that distinguish each DA subpopulation from the rest of the cells or 

its immediate neighborhood. This step highlights the genetic features underlying 

the observed differential abundance in each subpopulation. 

7.3.10  Supplementary Method 10: Differentially Abundant Proteins 
Identification Using Limma 

Limma (Linear Models for Microarray Analysis) is a widely utilized statistical framework for 

analyzing high-throughput expression data, including microarrays, RNA sequencing (RNA-seq), 

and proteomics datasets [112]. It employs linear modeling to identify differentially expressed 

genes or proteins across experimental conditions, offering a robust approach for statistical 

inference. A key feature of Limma is its empirical Bayes (eBayes) moderation, which shrinks 

variance estimates toward a pooled estimate, enhancing statistical power—particularly in 

studies with limited sample sizes. The algorithm first applies a linear model to each feature 

(gene or protein) to estimate expression differences between conditions, followed by eBayes 

moderation to improve the reliability of standard error estimates. Additionally, Limma 

incorporates multiple testing correction methods, such as the Benjamini-Hochberg false 

discovery rate (FDR), to control for false positives. For proteomics data, log2 transformation 

of intensity values is required to approximate normality. The flexibility, computational 

efficiency, and statistical rigor of Limma make it a powerful tool for differential expression 

analysis in both transcriptomics and proteomics.  
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A schematic representation of the Limma analysis workflow is provided in Supplementary 

Figure 21. 

 

Supplemental Figure 21: Schematic of the major components that are central to any limma analysis. For each gene g, we have a 
vector of gene expression values (bg) and a design matrix X that relates these values to some coefficients of interest (g). The limma 
package includes statistical methods that (i) facilitate information borrowing using empirical Bayes methods to obtain posterior 
variance estimators (sg2∗ ), (ii) incorporate observation weights (wgj where j refers to sample) to allow for variations in data quality, 
(iii) allow variance modelling to accommodate technical or biological heterogeneity that may be present and (iv) pre-processing 
methods such as variance stabilization to reduce noise. These methods all help improve inference at both the gene and gene set 
level in small experiments. The figure is extracted from Ritchie et al. (2015) [112].  
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