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Summary 

Exploring the molecular mechanisms of cell communication deepens our understanding of 

biology and lays the groundwork for precision medicine. Proteins, the central players in 

intercellular signaling, act as both signals and receptors, making mass spectrometry (MS)-

based proteomics a powerful tool for their study. Nonetheless, important aspects of cell 

communication remain understudied due to unresolved technical challenges. In this work, I 

employed state-of-the-art proteomics to investigate intercellular signaling in the immune 

system and cancer, and focused on developing new approaches to address questions that 

remain elusive with current methods. 

A primary goal of my thesis was to advance methods for analyzing intercellular 

communication within complex, heterocellular environments. Cell-selective protein labeling 

with non-canonical amino acids for bioorthogonal enrichment has emerged as a promising 

strategy to study cells in their native context. I developed workflows that substantially 

increased sensitivity and specificity by overcoming critical challenges in click chemistry 

enrichment and the MS analysis of cell-selective azidonorleucine labeling experiments. This 

more than doubled the proteomic coverage compared to previous studies and, for the first 

time, enabled deep, cell type-resolved investigations of extracellular signaling proteins in 

tissues. When applied to pancreatic ductal adenocarcinoma (PDAC) models, these methods 

offered novel insights into the intricate cross-talk between cancer cells, stromal cells in the 

tumor microenvironment, and host cells at distant sites. 

Beyond the profiling of intercellular signals, understanding protein-protein interactions at the 

cell surface that mediate signal reception and transduction is essential for deciphering 

intercellular signaling pathways and their regulatory mechanisms. Here, I developed a 

proximity labeling (PL)-based approach to capture ligand-receptor interactions and map the 

lateral environments of receptors on living cells. A novel strategy to modulate labeling radii 

significantly enhanced the spatial resolution and distinguished captured proteins based on 

their spatial relationships to the PL source, overcoming a long-standing challenge in the field.  

The findings and developments presented in this thesis fill previous technological gaps and 

offer novel capabilities for the in-depth characterization of cells, signaling proteins, and their 

interactions in their native environment. Application of these methods revealed novel insights 

into cell communication in pancreatic cancer and innate immunity. Collectively, these 

advancements lay a foundation for a better understanding of complex biological systems. 
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1. Introduction 

1.1 Proteomic analysis of intercellular signaling 

Communication between cells through the exchange of signaling cues is a fundamental 

process in biology. In multicellular organisms, intricate intercellular communication 

networks orchestrate complex tasks that surpass the capabilities of solitary cells. This 

cellular coordination is essential for guiding development, maintaining homeostasis, and 

responding to environmental changes. Moreover, given the central role of cell non-

autonomous processes in diseases, a progressively detailed molecular understanding of 

intercellular signaling also lays a foundation for innovation in therapeutic treatments and 

clinical diagnostics. A quintessential example is cancer.  

 

1.1.1 The significance of intercellular signaling in disease, 

exemplified by cancer 

While early molecular cancer research was centered on investigating cell-autonomous 

processes driving cellular transformation, there has been a growing emphasis on 

understanding the tumor microenvironment (TME) as our knowledge has advanced7,8. In 

addition to cancer cells, tumors comprise a diverse network of non-transformed stromal 

cells, like fibroblasts, endothelial cells, pericytes, adipocytes, neurons, and immune cells, 

embedded in a remodeled extracellular matrix (ECM)5,9 (Figure 1).  

Today, it is widely recognized that the tumor-associated stroma is integral to 

tumorigenesis and disease progression, significantly contributing to the hallmark 

capabilities of cancer7,8. Research has demonstrated that even the most fundamentally 

defining features of cancer cells, such as their capacity for sustained growth, emerge not 

solely from cancer cell-intrinsic mechanisms but also through heterocellular interactions 

with stromal cells within the TME10. Cancer-associated fibroblasts (CAFs), for example, 

can strongly contribute to sustained proliferative signaling as a major source of paracrine 

growth factors like fibroblast growth factors (FGF), hepatocyte growth factor (HGF), and 

epithelial growth factor (EGF)11. CAFs are crucial and often abundant components of the 

TME, exhibit remarkable heterogeneity and plasticity, and fulfil a wide array of functions12. 

Among their key roles, they are major producers of matrix components, playing a critical 
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part in the extensive remodeling of the ECM within the TME, they have significant 

Figure 1: Components of the tumor microenvironment. Tumors comprise heterogeneous 

populations of cancer cells and non-transformed resident or recruited stromal cells, which 

collectively shape the tumor microenvironment (TME), a dynamic ecosystem central to 

disease progression. Among others, key stromal components include fibroblasts, diverse 

cell types of the innate and adaptive immune system, and endothelial cells lining tumor-

associated blood vessels. Cells in the TME play dualistic roles, with both host-protective 

and tumor-supportive functions. The composition and functional states of these cells vary 

widely across cancers, individual tumors, and disease stages. Immersed in a complex 

network of aberrant intercellular signals - mediated, for example, by cell-cell contacts, 

paracrine messengers like growth factors, chemokines, and cytokines, and environmental 

factors like hypoxia – TME cells engage in reciprocal interactions that drive their dynamic 

co-evolution, profoundly impacting tumor progression, prognosis, and therapy response5. 

Figure adapted from5,6. 
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immunomodulatory capacity, and stimulate angiogenesis5,13. To support continuous 

growth, tumors devise angiogenic signaling pathways, such as vascular endothelial 

growth factor (VEGF) signaling14, and induce new blood vessels that supply oxygen and 

nutrients and remove waste products15. In many solid tumors, chronic and unbalanced 

pro-angiogenic signaling leads to the formation of chaotic vessel networks, uneven blood 

flow, vessel leakage, and an increased interstitial fluid pressure, promoting metastasis 

and hampering drug delivery16,17. 

In the microenvironment of virtually all tumors, there is dynamic crosstalk and interaction 

with immune cells. The immune system continuously monitors the body’s tissues and 

efficiently detects and eliminates most neoplastic cells, alerted by features like “danger” 

signals and tumor antigens18. Immunosurveillance thereby serves as a critical defense 

barrier against cancer. However, beyond protective function, the selective pressure 

applied by immune effector cells also shapes the evolutionary trajectory of tumors. It can 

eventually lead to the outgrowth of cancer cells with diminished immunogenicity that are 

fit for survival in immunocompetent hosts19,20. To evade immune destruction, cancer cells 

exploit various escape routes, ranging from cell-intrinsic mechanisms that reduce tumor 

antigen presentation to the active modulation of the host’s immune response via secretion 

of intercellular signals like cytokines21,22. Moreover, the TME fosters the recruitment and 

functional reprogramming of immune cells toward protumorigenic phenotypes. Tumor-

associated macrophages, for example, are among the most extensively studied immune 

cells in the TME23 and key regulators of tumor-associated chronic inflammation. 

Inflammation is considered an enabling hallmark of cancer, driving many other hallmark 

capabilities, including suppression of adaptive immune responses, sustained growth 

signaling, and promotion of angiogenesis, invasion, and metastasis7,24,25. 

Perhaps the most life-threatening aspect of cancer lies in its capacity for spreading 

beyond the primary tumor site to distant parts of the body. In a series of complex cell 

biological steps, cancer cells can acquire the ability to invade surrounding tissue, enter 

circulation through lymphatic or blood vessels, survive as circulating tumor cells, arrest at 

a distant secondary site, extravasate, and colonize new environments to establish 

metastases26,27. While interactions with stromal cells play critical roles throughout the 

process, intercellular communication is a crucial enabler of metastasis even before 

cancer cells disseminate. In 1889, Stephen Paget described metastatic organotropism 

and proposed that cancer does not spread randomly but selects congenial sites for 

secondary growth, a concept known as the “seed and soil” hypothesis28. Later research 
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discovered that tumors selectively induce remodeling of tissues at sites of future 

metastasis, establishing environments that support cancer cell survival and growth, 

termed pre-metastatic niches (PMNs)29,30.  

A deepening understanding of the interactions between cancer cells and their 

microenvironment has illuminated synergies and mechanisms of drug resistance, paving 

the way for novel therapeutic strategies. Targeting pro-tumorigenic alliances within the 

TME rather than cancer cells directly has yielded some of the most substantial 

advancements in cancer therapy to date. In 2013, Science selected cancer 

immunotherapy as the Breakthrough of the Year31, highlighting the substantial clinical 

impact of immune checkpoint inhibition (ICB), specifically therapies targeting the 

inhibitory receptors cytotoxic T-lymphocyte associated protein 4 (CTLA4) and 

programmed cell death protein 1 (PD-1) on T-cells, and promising advances in chimeric 

antigen receptor (CAR) T-cell therapy. This innovative approach was further recognized in 

2018, when James Allison and Tasuku Honjo were awarded the Nobel Prize in Physiology 

or Medicine for their pioneering work in discovering and characterizing CTLA-4 and PD-1 

pathways32-35. While marking a paradigm shift in oncology treatment, the clinical 

translation of strategies targeting the TME has also underlined significant knowledge 

gaps and posed numerous unresolved questions. ICB has proven extremely effective for 

specific cancers and patient populations; however, the majority of patients do not 

respond23. Mechanisms for treatment resistance are complex and incompletely 

understood, and accurate prediction of ICB efficacy is often difficult with current 

diagnostic means36,37.    

The successes and limitations of immunotherapy emphasize the value of a 

comprehensive understanding of cellular communication and interaction in cancer to 

address unmet clinical needs. In-depth studies that elucidate mechanisms linking cancer 

genotypes and phenotypes with the intercellular signals shaping the TME are fundamental 

for discovering new treatment targets, and biomarkers that can stratify patients to make 

current treatments more effective23,38. However, some questions in cancer 

communication networks remain hard to study due to technical limitations. For example, 

developing new approaches for the effective cell type-resolved characterization of 

extracellular signaling proteins in tissues will likely accelerate a deeper mechanistic 

understanding of cellular communication in the TME and illuminate processes like PMN 

formation, opening ways for targeted prevention of metastasis30. 
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1.1.2 The Landscape of Intercellular Signaling Proteins 

Investigations into the underlying molecular foundations of intercellular signaling have 

revealed diverse signal transmission modalities between cells, ranging from chemical 

messengers such as metabolites and nucleic acids to mechanical cues. However, 

proteins dominate the primary means of cellular communication, acting both as key 

messengers and as the principal agents for signal reception (Figure 2). To advance our 

comprehension of human physiology and disease, it is critical to explore the molecular 

mechanisms of protein-based intercellular communication networks in detail. 

 

Figure 2: Protein-mediated cell communication. Cell communication involves the 

exchange of signals, predominantly mediated by proteins through specific ligand-receptor 

interactions. (A) Ligands, like growth factors or cytokines, are secreted, diffuse through 

the extracellular environment, and bind to their respective receptors on the same cell 

(autocrine signaling) or neighboring cells (paracrine signaling). (B) Other forms of 

signaling, for example, rely on direct contact between membrane-bound proteins 

(juxtacrine signaling) or (C) transfer through extracellular vesicles. (D) Signaling is 

typically reciprocal, with cells dynamically responding and adapting to each other’s 

signals. Figure adapted from4. 
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1.1.2.1 Diverse pathways facilitate and modulate the transmission of 

protein-mediated intercellular signals 

Signal-transmitting cells typically initiate protein-based intercellular signaling by releasing 

diffusing signal proteins. At a given time and context, a single cell type expresses often 

hundreds of such messenger proteins with known intercellular signaling function39-41. 

Most of these proteins are marked by a signal sequence, trafficked through the 

endoplasmatic reticulum (ER), the Golgi apparatus, and across the plasma membrane via 

secretory vesicles or granules. The sorting signal sequence that marks proteins for this 

conventional secretion pathway has features that computational methods can predict. 

Combined evidence from multiple prediction tools suggests that approximately 10 - 15 % 

of human protein-coding genes encode secreted proteins39,42.  

Important subsets of intercellular signaling proteins, however, lack a conventional 

secretion signal sequence (often referred to as ‘leaderless’ secretory proteins) and exit 

cells via unconventional secretion pathways. For example, interleukin-1β, a cytokine and 

crucial modulator of immune responses, is expressed as a cytosolic inactive precursor 

protein. Upon caspase-1-controlled maturation by cleavage, the active cytokine can be 

released directly through plasma membrane pores formed by gasdermin D (GSDMD), a 

key mediator of pyroptosis43,44. Other pore formation-independent protein export routes 

have also been proposed45-47. 

Another important immune regulator, tumor necrosis factor alpha (TNF-α), is initially 

expressed as an integral transmembrane protein and subsequently cleaved by the 

membrane-bound protease TNF-α-converting enzyme (TACE) to release the extracellular 

domain as soluble TNF-α48-50. Both the soluble cytokine and membrane-bound forms have 

biological activity. The latter engages with receptors on adjacent cells, exemplifying cell-

contact-dependent communication through juxtacrine signaling. Besides releasing active 

signaling proteins from membrane-bound precursors, cell-surface protein ectodomain 

cleavage (often referred to as “shedding”) can also neutralize signaling proteins by 

releasing decoy receptors51,52. 

When released, even proteins with unrelated intracellular functions can become signals in 

the intercellular space. For example, high-mobility group box 1 (HMGB1) is primarily a 

nuclear protein engaged in various DNA-associated processes. Yet, upon active secretion 

by immune cells or passive release from dying cells, it assumes the role of an alarmin and 

exerts potent immunomodulatory effects by interacting with pattern recognition receptors 
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(PRRs)53,54.   

 

1.1.2.2 The identity, quantity, and organization of signal receptor 

proteins at the cell surface are critical determinants of cellular 

responses 

With some notable exceptions, such as proteins transmitted between cells via 

extracellular vesicles or gap junctions, intercellular signaling proteins cannot penetrate the 

plasma membrane. Instead, they are recognized by transmembrane receptors of signal-

receiving cells through specific interaction with surface-exposed ligand-binding domains. 

Most transmembrane receptors can be broadly categorized into three groups based on 

their distinct mechanisms for relaying signals into the intracellular space: 

Ion channel-linked receptors (also known as ligand-gated ion channels) mediate ligand 

binding-controlled changes in membrane ion permeability, converting chemical signals 

into electrical ones, an essential mechanism for rapid neuronal signal transmission55. 

Ligand engagement with enzyme-linked receptors regulates the intrinsic catalytic activity 

of intracellular receptor domains or receptor-associated enzymes. For example, most 

growth factors are recognized by receptor tyrosine kinases, which typically oligomerize 

upon ligand binding, autophosphorylate, and initiate signal propagation by recruitment and 

activation of intracellular enzymes and adaptor proteins with Src homology-2 (SH2) and 

phosphotyrosine-binding (PTB) domains56-58. Many cytokine receptors are tyrosine-

kinase-associated receptors and signal through members of the Janus kinase (JAK) 

family59,60. With over 800 encoding genes, G-protein-coupled receptors (GPCRs) exhibit 

extensive genetic diversity and form the largest family of human cell surface receptors61,62. 

They respond to a wide range of signals, including hormones, neurotransmitters, and 

chemokines, and mediate key sensory functions like vision and smell63. Likewise, the 

intracellular signal-transduction pathways triggered by GPCRs are highly diverse, including 

canonical GPCR signaling via heterotrimeric G proteins, and G protein-independent 

mechanisms, for example, via PDZ scaffolds, non-PDZ scaffolds and arrestins61. 

The nature, quantity, and spatial organization of receptors displayed at the cell surface are 

key determinants of the capacity of a cell to respond to a specific intercellular signaling 

protein. Ligand-receptor interactions are usually not strictly exclusive - a single ligand can 

often bind to multiple receptors, and various ligands can modulate a receptor’s activity. 

For example, three human epidermal growth factor receptors are activated by a group of 
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ligands encoded by at least 13 different genes58,64. Additionally, most receptors do not 

operate as simple binary switches but instead demonstrate a range of varied response 

patterns influenced by multiple context factors. Specific ligands can have different 

efficacies ranging from full and partial agonism (increase of signaling activity above basal 

level), to neutral antagonism (no direct effect on activity, but blocks other ligands), to 

inverse agonism (reduction of signaling activity below basal level of unliganded 

receptor)63. Moreover, different ligands engaging the same receptor can trigger 

qualitatively distinct signaling responses, referred to as biased agonism or functional 

selectivity. Most extensively studied for GPCRs, ligands can stabilize unique 

conformational states of receptors, affecting signal transduction, for example, by favoring 

particular effector systems over others61,65. Besides biased agonism, differential 

expression and localization of co-receptors, signal transducers, and other interactors 

introduce a system bias, significantly contributing to the variability of cellular responses 

to the same signal65. 

Large signaling protein clusters like the immunological synapse, a critical gateway for 

adaptive immunity formed between a T cell and an antigen-presenting cell, underscore the 

complexity of molecular interactions used by cells to communicate. The detailed 

characterization of context-dependent expression, spatial organization, and interactions 

of signaling proteins refines our understanding of intercellular signaling mechanisms and 

builds the foundation for databases and models that infer communication networks in 

complex heterocellular systems66-68. Hence, high-throughput protein analysis techniques 

are invaluable for advancing the field. 

 

1.1.3 MS-based proteomics provides discovery tools for studying 

intercellular signaling from molecular interactions to systems biology 

The collective of all proteins expressed by humans, referred to as the human proteome, is 

a vast and intricate compilation of biomolecules with a large diversity of structures, 

chemical properties, and biochemical functions. The decoding of the human genome has 

revealed around 20,000 protein-coding genes69. However, transcripts are commonly 

modified by mechanisms like RNA editing, trans-splicing of mRNA molecules, and, 

affecting more than 93 % of all human genes70,71, alternative splicing of exons and introns, 

greatly expanding the plurality of gene products. Transcript variants produce different 

protein isoforms (proteins translated from distinct mRNA sequences derived from a single 

gene72-74). Despite sharing the same genetic origin, isoforms can have divergent and even 
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opposing roles in cellular physiology75, exemplified by canonical proangiogenic VEGF-A 

isoforms that activate VEGFR-2, and alternative splice variants that bind the same receptor 

as partial agonists and do not induce angiogenesis76. Protein diversity again drastically 

increases by modification after translation, yielding distinct proteoforms (all different 

molecular forms of a protein from a single gene, including splice isoforms and post 

translational modifications (PTMs)74), often with critical functional consequences. 

Therefore, the number of all different proteins in the human proteome varies depending 

on definition and ranges from around 20,000 representative proteins for each protein-

coding gene, more than 70,000 protein splice variants, to hundreds of thousands of 

proteoforms with PTMs taken into account77. This, however, is still not counting the vast 

numbers of protein variants produced, for example, by somatic recombination in adaptive 

immune cells77, or proteins arising from mutation. 

The complexity of proteomes poses a significant analytical challenge for technologies 

that provide a comprehensive view of proteins in biological processes. Today’s leading 

technology for large-scale analyses of complex protein mixtures relies on mass 

spectrometry (MS), as detailed in Chapter 1.2. Modern mass spectrometers can quantify 

thousands of proteins within just a few minutes of analysis time78, providing deep insights 

into cellular phenotypes. Additionally, the resolution of specific subproteomes can be 

further enhanced by combining MS-based proteomics with biochemical enrichment 

techniques. PTM-specific enrichment, for example, allows for detailed analyses of 

intracellular signal transduction dynamics79,80, and sheds light on the mechanisms of 

action of chemical compounds in drug discovery81-84.  

Advances in MS-based proteomics have opened unparalleled opportunities for exploring 

cellular communication networks. Specialized workflows enable the dissection of 

intercellular signaling across multiple layers with great precision and depth (Figure 3), as 

reviewed in Article 1. For example, secretomics methods facilitate the comprehensive 

profiling of extracellular proteins, elucidating cell secretion patterns and their dynamic 

changes in response to stimuli40, and allowing the inference of communication channels 

between different cell types68. The largely selection bias-free detection enables the 

discovery of signaling proteins in unexpected contexts or even ascribe function to proteins 

with previously unknown roles in intercellular communication85. Moreover, secretomics 

detection is independent of protein exit routes, effectively capturing conventionally and 

unconventionally secreted proteins, as well as shed receptors (see, for example, Article 5). 
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Additionally, the capacity of MS-based methods to distinguish proteoforms illuminates the 

roles of PTMs in modulating the signaling activity of proteins like chemokines86. 

Similar to secreted proteins, specialized MS-based proteomics methods facilitate detailed 

studies of proteins exposed on the cell surface membrane, collectively referred to as the 

surfaceome. Like secreted proteins, the expression and trafficking of plasma membrane 

proteins are often intricately regulated at the post-transcriptional level. This leads to a 

Figure 3: MS-based proteomics methods elucidate mechanisms of intercellular signaling. 

Proteomics provides a powerful framework for dissecting molecular mechanisms of cell 

communication signaling. Specialized workflows allow focusing the analytical bandwidth 

on protein groups of interest. For example, secretomics methods offer comprehensive 

insights into released signaling proteins, while surfaceomics methods facilitate the 

detailed characterization of membrane-bound ligands and receptor proteins, together 

forming a crucial foundation for inferring context-dependent intercellular communication 

channels. Other workflows can specifically capture interactions between signaling 

proteins and thereby deepen our understanding of molecular signaling mechanisms. Cell-

selective proteomics techniques allow the study of reciprocal responses of directly 

interacting cells within heterocellular model systems like co-cultures or tissues. Figure 

adapted from4. 
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lower-than-average correlation between mRNA and protein abundances, making 

transcriptomics approaches less reliable for predicting their presence40,87-89. Techniques 

like cell surface capture (CSC) proteomics that provide direct protein level quantification 

with spatial specificity are therefore essential to accurately understand the physiological 

composition of the cell surface90. CSC has been used to systematically map proteins on 

the surface of many different cell types88, creating invaluable resources for the inference 

of cell communication and the selection of cell type and state-specific markers. This 

information is also crucial for developing novel therapeutic approaches, particularly in the 

development of cell type-selectively targeted antibody drug conjugates (ADCs)91. 

Moreover, combining CSC surfaceomics with cross-linking mass spectrometry has 

revealed disease-specific surface protein conformers, such as an acute myeloid leukemia 

(AML)-selective integrin β2 conformation, that may serve as highly specific targets for 

chimeric antigen receptor (CAR) T cell immunotherapy92,93. 

However, some aspects of intercellular signaling remain elusive with current methods. For 

instance, challenges persist in the cell-selective profiling of cell communication, 

particularly of secreted proteins, directly within complex tissue environments. 

 

1.1.4 Cell-selective proteomic analysis of intercellular signals in 

tissues 

While MS-based proteomics can quantify thousands of proteins within a single biological 

sample, it cannot inherently discern their cell type origins in convoluted mixtures like 

tissue lysates. To link proteomic data to specific cellular contexts in complex 

heterocellular environments, MS-based proteomics is typically paired with cell sorting 

techniques. However, metabolic and chemical labeling methods are emerging as highly 

complementary approaches, especially for studying intercellular communication 

mechanisms. 

 

1.1.4.1 Cell-selective proteomics by cell isolation and sorting 

techniques 

The most commonly employed strategy for cell type-resolved analyses of tissues involves 

extracting individual cells through mechanical dissociation and digestion of ECM 

components with collagenases and other proteases. After filtration to remove cell clusters 
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and debris, the cells are washed and stained with labeled antibodies directed against 

specific surface markers. The labeled antibodies facilitate the sorting of isolated cells 

using techniques such as fluorescence-activated cell sorting (FACS) or magnetic-

activated cell sorting (MACS). This well-established approach is accessible to many 

laboratories, and customized marker panels provide high flexibility, often enabling a 

precise distinction of cell types. After sorting, cells can be directly analyzed or cultured 

and manipulated further in vitro, for example, in stimulation experiments. As a 

fundamental component of countless studies across key fields of biomedical research 

and a cornerstone of single-cell techniques, FACS is a critical enabler in deepening our 

understanding of biological processes. 

Nonetheless, classical cell sorting has limitations that make some experiments 

challenging and leave crucial layers of information inaccessible. For example, depending 

on the tissue and cell type of interest, extracting intact cells can be difficult and may 

necessitate harsh treatment. Exposure to stress factors and environmental changes 

during the extraction and sorting process can alter cell states and significantly reduce cell 

viability, diminishing yields and potentially limiting downstream applications. Notably, less 

resilient cell types or subpopulations may be disproportionally depleted, biasing the 

observed tissue cell type composition and phenotypes94. Furthermore, cell sorting 

removes extracellular proteins and spatial context information, which are highly valuable 

for understanding cellular interactions and communication structures in tissues.  

Exciting new opportunities have emerged from the significant advancements in high-

sensitivity MS-based proteomics95,96 and its recent integration with high-resolution 

microscopy, machine learning-guided cell classification, and automated cell isolation by 

laser microdissection, collectively known as deep visual proteomics (DVP)97. DVP gives 

access to the vast resources of formalin-fixed and paraffin-embedded patient samples 

stored in biobanks and links cell- or subcell-selective proteomic data with their 

corresponding spatial context in intact tissue, providing a powerful platform for studying 

complex, highly heterogeneous cell systems like tumors down to the single cell-shape 

level98. 
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1.1.4.2 Cell-selective proteomics by metabolic or chemical protein 

labeling 

Metabolic and chemical protein labeling methods offer new approaches to cell-selective 

proteomics. Compared to traditional cell sorting techniques, they provide unique 

advantages for studying intercellular communication, such as resolving rapid cell 

signaling processes at the PTM level, and comprehensively profiling protein secretion 

dynamics. 

In a pioneering study, Jorgensen et al. used stable isotope labeling by amino acids in cell 

culture (SILAC)99 to pre-label HEK293 cells engineered to express either the ephrin 

receptor EphB2 or its corresponding surface-bound ligand ephrin-B1, before allowing them 

to interact for ten minutes in co-culture100. SILAC labeling facilitated combined lysis, 

phospho-site enrichment, and analysis without the need for prior cell separation, 

effectively preserving cell states while avoiding temporal lag and sorting-related artifacts. 

Mass differences arising from SILAC enabled the deconvolution of cell type-specific 

protein abundances via mass spectrometry, revealing asymmetric reciprocal signaling 

events in both cell types upon contact. Moreover, cell responses to unidirectional 

stimulation, for example, through cytoplasmatic truncation of ephrin ligand or receptor, or 

stimulation with soluble ligand variants, showed significant differences to co-cultures with 

bi-directional signaling. This elegantly demonstrated non-cell-autonomous portions of 

intracellular signaling responses to intercellular communication signals, which are not 

accurately captured in simplified models but resolved by cell-selective labeling-based 

analyses of directly interacting cells. 

A major limitation of SILAC in co-culture systems is the rapid dilution of labeled proteins 

when differentially labeled cells are mixed and cultured without a continuous supply of 

heavy amino acids. Cell type-specific labeling using amino acid precursors (CTAP) 

addresses this challenge by engineering cells to produce biosynthetic enzymes for L-

lysine, an essential amino acid in vertebrae101. By introducing genes for lysine racemase 

(lyr) or diaminopimelate decarboxylase (DDC), transgenic cells can convert the precursors 

D-lysine or 2,6-diaminopimelic acid (DAP) into L-lysine. This allows for continuous growth 

and selective labeling of two cell types in lysine-deficient media supplemented with 

isotopically labeled precursors, effectively maintaining label fidelity over extended 

periods102. Tape et al. used CTAP to elucidate the propagation of oncogene-driven signals 
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across heterocellular systems, shedding light on reciprocal signaling processes between 

cancer cells and surrounding stromal cells103.  

Notably, cell-selective labeling extends to secreted proteins, making them traceable to 

their cellular origins even when dispersed over significant distances. The capability to 

delineate cell type contributions to extracellular proteins within heterocellular 

environments overcomes a fundamental constraint inherent to cell sorting and most 

biomolecular analysis methods, and can greatly enhance our understanding of 

intercellular signaling processes. Gauthier et al. demonstrated a proof-of-concept and 

successfully used CTAP to resolve cell type origins of proteins detected in supernatants 

from two different cell types in co-culture101. However, like unlabeled secretomics 

experiments, CTAP requires the collection of secreted proteins in serum-free media to 

avoid dynamic range issues. The presence of highly abundant serum proteins can obscure 

low-abundance proteins during MS analysis, thereby hindering the deep characterization 

of cell secretomes. In addition to labeling competition from natural amino acids, a high 

abundance of proteins expressed by non-labeled cells may also hinder the effectiveness 

of CTAP in vivo, particularly if the cells of interest constitute a relatively small fraction of 

the tissue composition. 

Emerging technologies based on metabolic labeling of proteins through the residue-

specific incorporation of non-canonical amino acids (ncAAs) with functional groups 

suitable for bioorthogonal chemical enrichment elegantly address dynamic range 

challenges. Bioorthogonal non-canonical amino acid tagging (BONCAT), for example, 

uses L-azidohomoalanine (Aha), an azide group-containing L-methionine (Met) analog 

recognized by the endogenous protein synthesis machinery and incorporated into proteins 

as a methionine substitute104. Proteins with Met-Aha substitutions can be effectively 

enriched through click chemistry-based affinity purification methods, which drastically 

enhances the detection limits of labeled proteins within predominantly unlabeled 

backgrounds. Originally designed to differentiate newly synthesized proteins from 

preexisting ones and study proteome-wide synthesis dynamics104, BONCAT has proven 

highly valuable for secretomics analyses. The specific enrichment of Aha-labeled proteins 

facilitates comprehensive analyses of cell-secreted proteins in serum-containing culture 

media, avoiding serum-starvation, which can rapidly affect cell phenotypes105. Moreover, 

engineered aminoacyl-tRNA synthetases (aaRS) expand the repertoire of incorporable 

ncAAs beyond those recognized by endogenous enzymes, thereby enabling cell-selective 

labeling. While various pairs of modified aaRS and ncAAs have been successfully 
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developed and tested for cell-selective proteomics experiments, such as L-azidotyrosine 

and L-azidophenylalanine with their corresponding aaRSs106, the most widely adopted 

methods are based on the incorporation of L-azidonorleucine (Anl) by a modified 

methionyl-tRNA synthetase107 (Figure 4).  

Compared to Aha, Anl has a two-carbon longer side chain, allowing it to be taken up by 

cells but not activated by the endogenous methionyl-tRNA synthetase (MetRS). However, 

Figure 4: MetRS*-based cell-selective proteomics. The non-canonical amino acid 

azidonorleucine (Anl) is taken up by cells when supplied but is not utilized by the 

endogenous translation machinery. However, it can be activated by an engineered 

methionyl-tRNA synthetase (MetRS*). In MetRS*-expressing cells, Anl is incorporate into 

nascent proteins as a methionine substitute. Anl-labeled proteins can then be selectively 

enriched through click chemistry workflows, for example, using immobilized alkynes. The 

enriched proteins are subsequently analyzed by quantitative MS-based proteomics to gain 

cell-selective insights into protein expression (see chapter 1.2). Figure adapted from1-3. 
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engineered murine methionyl-tRNA synthetase (MetRS*), which contains an L274G point 

mutation that enlarges the amino acid binding pocket, charges Anl to tRNAMet108. As a 

result, the expression of MetRS* enables cell-selective labeling in the presence of Anl 

through Met-Anl substitutions. Successful cell-selective labeling via MetRS* has been 

demonstrated in various cell types and tissues of model organisms without significant 

toxicity, including the brains of fruit flies and mice109,110. This suggests broad applicability 

for both in vitro and in vivo studies. 

The advantages of cell-selective labeling and enrichment of labeled proteins have 

primarily been utilized in neurobiology to profile cells like neurons, which are notoriously 

difficult to extract from tissue and sort1,111. However, the proteome coverage achieved in 

previously published MetRS*-based proteomics experiments falls short of that obtained 

in standard proteomics studies using comparable instrumentation1,108,110,112-114. 

Furthermore, the high potential of MetRS*-based labeling for investigating cellular 

communication in complex heterocellular systems through cell type-resolved analyses of 

extracellular proteins has yet to be explored. Despite its benefits, its comparably low 

labeling efficiency is a critical challenge that has likely hindered the broader and more 

effective adoption of MetRS*-based cell-selective proteomics. It has been demonstrated 

that MetRS*-mediated Anl incorporation is significantly slower than the non-cell-selective 

Aha incorporation by the endogenous MetRS115, and that MetRS* still activates Met around 

four-fold faster than Anl108. Consequently, Anl labeling is typically substoichiometric and 

strongly dependent on MetRS* expression levels, local Anl concentration, and Met 

competition, with substitution rates of only a few percent even under very favorable 

conditions2. To boost labeling rates, in vitro experiments are typically conducted in Met-

free media, and in some cases, mice have been fed chow with low Met content1,110. 

Previous work has been primarily focused on establishing the method in model systems 

and optimizing labeling rates, which is important for the success of MetRS*-based 

experiments. However, there haven’t been focused efforts to systematically evaluate and 

optimize the downstream sample preparation workflow, which is critical for Anl-protein 

extraction, recovery, and enrichment specificity, and may strongly improve the 

performance and scope of MetRS*-based methods. 

Beyond metabolic protein labeling, chemical labeling techniques like proximity labeling 

(PL) have come into focus within cell-selective proteomics. PL methods are based on the 

spatially restricted activation of affinity probes around specific proteins or structures of 

interest and have emerged as powerful methods for profiling sub-cellular compartments 
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and protein interactomes, as described in more detail in Chapter 1.1.5.1. However, recent 

studies have adapted PL using promiscuous biotin ligases such as BioID or TurboID for 

broad, cell-selective protein labeling and analyses116-119. Although successfully 

implemented in both cell culture and animal models, the protein coverage that met quality 

control standards for high-confidence cell specificity was relatively low116-119. 

Nonetheless, these initial results highlight promising avenues for further method 

development to refine PL workflows, enabling comprehensive proteomic profiling of cell 

types within complex tissues. Notably, several groups recently provided proof-of-concept 

for PL-based in vivo cell-selective secretomics analysis, revealing, for example, an 

increased abundance of hepatocyte-derived betaine-homocysteine S-methyltransferase 

(BHMT) in blood plasma of mice on a high fructose, high sucrose diet120-123.  

 

1.1.5 Proteomics analysis of intercellular signaling protein 

interactions 

After decoding the human genome69,124, the comprehensive mapping of human protein-

protein interactions (PPIs), commonly referred to as the human interactome, has risen as 

a key objective in biological research. Early efforts systematically characterized pathway-

specific interactomes125 and evolved to proteome-wide investigations126-128. Large-scale 

studies leverage technical advances in high throughput PPI detection technologies, like 

yeast two-hybrid (Y2H)129,130 and affinity purification-mass spectrometry (AP-MS)131-134, 

and provide experimental evidence for tens to hundreds of thousands of PPIs. The 

continuous increase of cumulative knowledge on eukaryotic interactomes is cataloged 

and curated in databases such as HPRD134, BioGRID135, and MIntAct135.  

Nonetheless, after more than two decades of research, our understanding of global, 

proteome-scale PPI networks is still fragmented136. Truly comprehensive PPI mapping 

remains elusive for several reasons, including technical and logistical challenges due to 

the vast number of proteins and proteoforms in the human proteome, biochemical 

properties of specific protein classes, transient interactions, and context-dependence of 

protein expression and interactions134,137. 

PPIs involving extracellular proteins and transmembrane signaling receptors are among 

the most underrepresented interaction types in typical high throughput screens137-139. 

Their extracellular localization, comparably low abundance, the amphipathic nature of 

transmembrane proteins, requirements for proper ectodomain folding, the context-
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specificity of signaling interactions, and often weak affinity of monovalent binding events 

that need clustering for increased binding avidity collectively impede effective 

characterization by conventional PPI detection methods140. However, the central role of 

extracellular signaling protein interactions in biomedical research motivates great efforts 

to overcome these challenges with specialized techniques. 

Single-pass receptor ectodomains can maintain ligand-binding function when 

recombinantly expressed in soluble form140,141. Therefore, biochemical high throughput 

screens with receptor ectodomain libraries are used to systematically probe pairwise 

interactions with extracellular proteins. Avidity-based extracellular interaction screens 

(AVEXIS)142 detect even transient interactions and have led to significant discoveries such 

as neuropilin-2 as a long-sought human cytomegalovirus receptor in epithelial and 

endothelial cells143, and basigin as a receptor for PfRh5, a ligand expressed by 

Plasmodium falciparum with essential function in erythrocyte invasion and pathogenesis 

of malaria144. Similar methods identified interleukin-34 as a previously undescribed 

extracellular signaling protein and new ligand for colony-stimulating factor 1 receptor145. 

Other approaches utilize genetic screening methods such as CRISPR/Cas9 

technology146,147 to explore ligand-receptor interactions. Cell-based genome-scale studies 

of “loss of binding” phenotypes can identify receptors of ligands-of-interest and provide 

additional information on essential proteins in pathways necessary for functional receptor 

presentation at the cell surface148,149. 

While such screening methods offer significant insights, the scale required is often 

impractical and cost-prohibitive for research groups with more confined research 

questions. Moreover, unresolved conceptual limitations underscore the need for 

continued innovation in technical approaches. Intact cell-based capture techniques, 

combined with MS-based proteomics, have emerged as particularly versatile and effective 

tools for analyzing protein-protein interactions at the cell surface. For example, Bernd 

Wollscheid and colleagues pioneered chemoproteomic methods dedicated to the 

deorphanization of extracellular ligands without known receptors: The ligand-based 

receptor capture (LRC) methods, TRICEPS150,151 and HATRIC152, utilize trifunctional 

compounds designed to covalently modify a ligand-of-interest. The modified ligand then 

guides a glycan-dependent capture reaction between the capture compound and ligand-

corresponding target receptors on living cells. Upon cell lysis, cross-linked ligands and 

receptors are specifically enriched and analyzed by mass spectrometry. The in situ 

capture of receptors within their native cellular environment effectively mitigates many of 
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the technical challenges inherent to the analysis of extracellular PPIs. Notably, the 

covalent cross-linking of interaction partners also enables LRC methods to capture even 

low-affinity binding events. TRICEPS and HATRIC successfully identified novel cell surface 

ligand-receptor interactions, such as tyrosine-protein kinase Mer (MERTK) as a contributor 

to endothelial HDL binding153, and VISTA as an acidic pH-selective ligand for PSGL-1154. 

Limitations of TRICEPS and HATRIC include their dependence on modified sugar residues, 

which must be accessible within a certain range and orientation on target proteins. Sugar 

oxidation can also alter the interaction properties of some targets, potentially affecting 

the results.  

Moreover, recent studies have demonstrated significant potential for systematically 

exploring PPIs at the cell surface using proximity labeling (PL) proteomics techniques.  

 

1.1.5.1 Proximity labeling proteomics 

The common concept of PL methods involves tethering a catalytic moiety to proteins of 

interest, which, upon activation, convert inert probe molecules into highly reactive ones, 

typically open-shell species or electrophiles. The activated probe molecules then diffuse 

around the emitting catalyst and covalently bind to nearby biomolecules, creating a 

chemical tag for selective enrichment. Tagged and enriched proteins can be identified and 

quantified using MS. Developed to explore the spatial organization and interactions of 

proteins in their native cellular contexts, PL proteomics offers unique advantages and 

experimental capabilities that were previously hard to achieve. Pioneering methods are 

based on biotin ligases and peroxidases (Figure 5), and remain the most prevalent in the 

field.  

Roux and colleagues introduced the PL strategy BioID in 2012, employing a promiscuous 

mutant of BirA (BirA*), a biotin ligase from Escherichia coli155. While the wild-type BirA 

enzyme catalyzes the formation of highly reactive biotinoyl-5’-AMP (bioAMP) from ATP 

and biotin, followed by the stringent sequence-selective biotinylation of specific substrate 

proteins, BirA* exhibits a significantly reduced affinity for bioAMP. This leads to the 

release of bioAMP from the active site and spontaneous reaction with primary amines, 

such as lysines of nearby proteins. Due to the low reaction rates of BirA* in standard cell 

culture biotin concentrations155, the BioID method allows time-controlled PL through biotin 

supplementation. Further enzyme development yielded important enhancements. For 

example, the directed evolution of TurboID156 markedly increased its catalytic efficiency, 
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reducing BioID-typical labeling times from 16 hours and more157 to as brief as 10 minutes. 

MiniTurbo is a more compact variant, decreasing the enzyme’s size from 35 kDa to 28 

kDa, which may reduce potential fusion artifacts that can affect function and protein 

trafficking156. While most BioID and related PL-based studies were focused on intracellular 

experiments, recent publications demonstrate the applicability to the cell surface158-162. 

 

Figure 5: Proximity labeling proteomics. To capture proteins in close spatial proximity, a 

protein of interest is fused to a catalyst capable of activating reactive probe molecules 

with an enrichment handle, typically biotin. Activated probes covalently tag proteins within 

the effective labeling radius, determined by their half-life in the given environment. Tagged 

proteins are then selectively enriched, analyzed by MS-based proteomics (see chapter 

1.2), and quantitatively compared to controls.   

One year after the public release of BioID, Alice Ting and colleagues demonstrated 

effective PL proteomics using engineered ascorbate peroxidase (APEX), a 28 kDa 

peroxidase previously employed as a genetically encoded reporter for electron 

microscopy163,164. In the presence of H2O2, APEX oxidizes biotin-phenol derivates to 

phenoxyl radicals, which covalently bond with electron-rich amino acids like tyrosine, 
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tryptophan, histidine, and cysteine in proximate proteins165. Similar to BioID’s 

advancements, subsequent directed evolution further improved APEX, leading to the 

development of APEX2 with significantly enhanced reaction kinetics, thermal stability, and 

H2O2 resistance166. While cytotoxicity of H2O2 limits peroxidase-based PL applications in 

vivo, the fast kinetics facilitate efficient labeling within very short time frames, often 

around one minute and less. High sensitivity and superior temporal resolution compared 

to BioID-type methods have made APEX particularly valuable for analyzing rapid signal 

transduction events that were previously challenging to study. For example, APEX has 

played an important role in exploring dynamic GPCR interactomes following receptor 

activation, including studies on the δ- and μ-opioid receptors164,167, angiotensin II type 1 

receptor, and β2 adrenoceptor168. 

Like APEX, horseradish peroxidase (HRP) is an effective catalyst for PL, but it is unsuitable 

for use in the cytosol and reducing environments due to its calcium dependence and 

essential disulfide-bridges163. However, HRP is a valuable tool in the secretory pathway 

and extracellular space, offering even higher activity than APEX2. Techniques like enzyme-

mediated activation of radical sources (EMARS)169, selective proteomic proximity labeling 

using tyramine (SPPLAT)170, and biotinylation by antibody recognition (BAR)171 are based 

on PL through antibody-HRP conjugates. Guided against cell surface structures of interest, 

such approaches have been successfully employed to characterize functionally integrated 

membrane protein assemblies around cell surface receptors such as the B cell receptor170, 

as well as protein composition in plasma membrane microdomains like the axon initial 

segment172, which are intractable for conventional biochemical separation techniques. 

Moreover, newly developed membrane-impermeable biotin phenol substrates effectively 

suppress background labeling from intracellular protein pools, thereby improving surface-

specific PL using membrane protein-HRP-fusion constructs173. This has enabled cell type-

selective and time-resolved surfaceome analyses in intact tissues, revealing, for example, 

LRP1 as a key regulator of neural circuit assembly in Drosophila174, and a critical role of 

Armh4 in Purkinje cell dendrite morphogenesis in mice175.  

The spatial range and resolution of PL methods are dependent on the half-life of the 

emitted reactive species176,177. In living cells, effective labeling radii of biotin ligase- and 

peroxidase-based PL have been estimated to be in the tens of nanometers range163,178. 

However, as probe half-lives are influenced by environmental factors, such as quencher 

concentrations and macromolecular crowding179,180, and other factors like tether lengths 

play a role, estimates should not be generalized throughout biological compartments and 



 

22 

 

contexts. At the cell surface, with fewer radical quenchers, experimentally determined 

HRP labeling radii have been observed to exceed 200 nanometers177,181. Notably, HRP-

based PL is sufficiently precise to capture proteins within spatially defined yet physically 

open cellular domains such as synaptic clefts with high specificity173. Yet, differentiating 

proteins that are co-clustering and functionally interacting from a potentially large number 

of co-localized but not directly related proteins within the same cellular compartment can 

be a significant challenge. Tailored control designs, applied on a case-by-case basis, aid 

in deconvolving PL data, facilitating successful discovery and validation of previously 

unknown interactors of signaling receptors164,167. Nonetheless, there is a significant need 

for technical solutions that control the range of PL methods to simplify data interpretation, 

and provide means to confidently identify interactor candidates. 

Recent advancements in photocatalyst-based PL methods have substantially improved 

the spatial resolution for cell surface applications. LUX-MS, for example, uses small-

molecule singlet oxygen generators (SOG) for light-controlled oxidation of proximal 

proteins182. Under typical labeling conditions, singlet oxygen species produced by LUX-MS 

have brief half-lives in the microsecond range183, tuneable with deuterated buffers. Photo-

oxidized amino acids formed by PL, primarily 2-oxo-histidine, are biotinylated with biotin 

hydrazide probes. The advantages of the tighter labeling radius are highlighted by a direct 

comparison of LUX-MS and HRP PL in an anti-CD20-guided experiment on human B-cells. 

While both methods successfully captured the direct target receptor and known lateral 

receptor interactors, LUX-MS resulted in fewer significantly co-enriched proteins182. 

Moreover, the small catalyst size of LUX-MS (< 1 kDa) ensures broad ligand compatibility, 

opening new applications that are intractable with larger tags due to steric hindrance. For 

example, LUX-MS enabled the target identification of the small molecule drug CG1, 

whereas HRP conjugation interfered with target engagement182. 

Even more precise cell surface labeling was achieved with MicroMap (μMap). The μMap 

workflow leverages the nanosecond lifespans of carbenes in water, which react rapidly 

with biomolecules by insertion into C-H bonds184. Protein-of-interest-coupled iridium-

catalysts are excited by blue light and activate diazirine probes via Dexter energy transfer, 

generating carbenes within 0.1 nm of the catalyst. Rapid quenching by water confines 

carbene diffusion to an estimated maximum of 4 nm185, making the μMap labeling radius 

so small that it is primarily dictated by the tether-length177. Applied to antibody-guided PL 

at the living cell surface, μMap facilitates highly selective labeling and enrichment of direct 

targets (PNAS and Science paper). Since interaction networks of interest may span larger 
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distances than effectively captured by μMap, the authors evaluated additional probe types 

and developed new variants of μMap with intermediate labeling radii177, bridging the gap 

to peroxidase PL. 

 

1.2 Quantitative MS-based proteomics 

Mass spectrometry (MS) is today’s leading analytical method for systematically analyzing 

complex protein mixtures. Key scientific achievements, including genome sequence 

databases69,186,187, soft ionization methods for biological macromolecules188-190, and 

software for automated spectra interpretation191-193, have enabled MS-based methods for 

high throughput quantification of proteins without prior target selection, allowing 

discovery-driven proteome-wide analyses of biological samples.  

Proteins can be measured directly by MS (top-down proteomics), which allows for the 

precise identification and quantification of proteoforms with their specific combinations 

of pre- and post-translational modifications. However, the analysis of intact proteins 

poses significant technical challenges, such as in chromatographic separation, ionisation, 

and the interpretation of the typically very complex mass spectra194. Despite technical 

advances that enhance the scalability of top-down proteomics195, its comparably low 

throughput, proteome coverage, and sensitivity have predominantly limited its 

applications to purified proteins or low complexity mixtures. 

In bottom-up or “shotgun” proteomics, protein level information is inferred from MS 

analyses of cleavage products after digestion with specific proteases rather than 

measuring intact proteins directly. Although this approach introduces ambiguities at the 

peptide level, hampering the clear distinction of specific proteoforms, the significant 

technical advantages of analyzing peptides and the resulting gains in sensitivity, 

throughput, and coverage strongly outweigh this loss of information for many research 

questions. Bottom-up proteomics has evolved over decades of continuous development 

and has established itself as the gold standard for the comprehensive analysis of complex 

biological samples. A typical workflow is summarized in Figure 6 and described in more 

detail in the following chapters. 
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Figure 6: Bottom-up proteomics. In bottom-up proteomics experiments, proteins are 

extracted from samples, denatured, and digested by specific proteases. Selective 

enrichment at the protein or peptide level facilitates focused analyses of specific sub-

proteomes. Peptide samples are cleaned and then separated by online-liquid 

chromatography, before being electrosprayed into a mass spectrometer. Peptide ions are 

analyzed in multiple stages to collect spectra that facilitate their identification via 

database matching algorithms, their quantification, and ultimately the inference of protein 

abundances in the original sample. Differences between sample groups are assessed 

using bioinformatic methods. Figure adapted from196. 
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1.2.1 Sample preparation for bottom-up “shotgun” LC-MS/MS 

analyses 

Typical sources for samples in biomedical research range from purified proteins over 

simple cell monolayers cultured in vitro to fresh model organism tissues, body fluids, and 

formalin-fixed paraffin-embedded (FFPE) biopsies of patients. In principle, any type of 

sample can be analyzed by MS-based proteomics as long as proteins can be extracted, 

and samples can be cleaned from MS-incompatible chemicals. Basic workflows for global 

proteomics analyses require only a few principal steps.  

Cell and tissue samples are homogenized and lysed in buffers typically containing 

detergents and/ or chaotropic agents like urea or guanidine salts, facilitating efficient 

protein extraction and denaturation. Homogenization is often aided by mechanical cell 

disruption procedures like grinding in bead-mills or sonication, which also shears genomic 

DNA and thereby reduces the viscosity of concentrated samples. Reducing agents like 

DTT or TCEP and alkylation agents like chlor- or iodoacetamide are used to break disulfide 

bridges and irreversibly block cysteine side chains. For shotgun proteomics analyses, 

proteins are then digested with sequence-specific proteases.  

Several important advantages have made trypsin digestion the gold standard: Trypsin has 

high enzymatic activity, remains stable in various buffer conditions with high tolerances 

for denaturing reagents, and cleaves proteins after the basic amino acids arginine and 

lysine with extremely high specificity197. Tryptic peptides have an average length of 8.4 

amino acids (in silico digestion of the yeast proteome198) and at least two positive charges 

in acidic solution (at the N-terminus and the c-terminal amino acid side chain), which 

facilitates effective fragmentation by collision-induced dissociation (CID) (see below) and 

generally yields well interpretable MS2 spectra with high mass y-ion series197,199,200. Lys-C, 

a second endopeptidase that mediates sequence-specific cleavage after lysine, is often 

used in conjunction with trypsin. It can cleave sequence motives that suppress trypsin 

activity, such as lysins followed by a proline, and decrease the overall rate of missed 

cleavages, improving protein quantification accuracy and coverage201. Alternative 

proteases can provide complementary information and increase the sequence coverage 

of proteins of interest. 

After digestion, peptide samples undergo solid phase extraction to remove salts and other 

components that could suppress peptide ionization and interfere with the MS analysis. 

Alternative clean-up protocols, such as solid-phase-enhanced sample-preparation (SP3), 
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can further enhance chemical compatibility and offer elegant solutions for automating 

liquid handling202. 

Depending on the start material or research question, details of this principal workflow 

can vary significantly. For example, tissue proteomics experiments often benefit from 

harsh mechanical and chemical treatment to ensure thorough homogenization, efficient 

protein extraction, and comprehensive proteome coverage203,204. In contrast, affinity 

purification MS (AP-MS) protein-protein interaction studies usually rely on mild lysis 

conditions with low detergent and salt concentrations to preserve protein folding and 

interactions as much as possible205. AP-MS also requires workflow extensions, typically a 

bead-based pulldown of a bait protein in complex with potential interactors. Overall, MS-

based proteomics is an incredibly versatile platform that can be combined with various 

complementary biochemical techniques to elucidate specific aspects of biology in great 

detail. Workflows for specific enrichment of often low abundant post-translationally 

modified peptides such as phosphopeptides or ubiquitinylated peptides greatly expand 

their coverage, allowing, for example, in-depth investigation of intracellular signaling. 

Likewise, sophisticated biochemical techniques make it possible to track protein 

subcellular localisation206, find targets of drugs and drug candidates40, or dissect 

intercellular signaling by MS-based proteomics, as discussed in previous chapters and 

Article 1. 

 

1.2.2 Online liquid Chromatography 

In typical MS-based proteomics experiments, peptide mixtures are separated by liquid 

chromatography (LC) systems that are directly coupled to the mass spectrometer before 

they are ionized and analyzed. Chromatographic separation reduces the complexity of 

analytes entering the mass spectrometer at a given time, greatly enhancing the number of 

peptides that can be identified and quantified in a single sample. 

Currently, the most common setups use nano-high performance liquid chromatography 

(HPLC) systems with very narrow columns (inner diameters often in the sub-100 μm 

range) and low flow rates of a few hundred nl/min, which grants significantly improved 

sensitivity and ionization efficiency compared to standard HPLC207. Peptides are 

separated by reverse phase chromatography at low pH with a hydrophobic stationary 

phase, typically silica particles coated with long aliphatic C18 chains, and gradually 
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increasing hydrophobicity in the mobile phase, typically aqueous buffers with a volatile 

acid like formic acid and increasing acetonitrile concentrations. 

To further enhance the proteomic analysis depth, samples can be pre-fractionated offline 

using an orthogonal chromatographic technique. This allows for quantifying an even 

larger number of peptides but requires more input material, increases MS analysis time, 

and complicates protein quantification208,209. 

 

1.2.3 Electrospray ionization tandem mass spectrometry (ESI-

MS/MS) 

MS instruments measure the abundance and mass-to-charge ratios of ions. Therefore, a 

prerequisite for MS analysis is the ionization and transfer of intact analytes into the 

gaseous state, a significant challenge for larger, non-volatile biomolecules like proteins or 

peptides. In the 1980s, matrix-assisted laser desorption ionization (MALDI)190, the closely 

related soft laser desorption189, and electrospray ionization (ESI)188 overcame the 

technical hurdles for soft ionization of large biomolecules. For their development, Koichi 

Tanaka and John Fenn were awarded shares of the 2002 Nobel Prize in Chemistry. MALDI 

ionizes and transfers analytes from solid into the gas phase by laser pulses after being 

embedded in a crystalline matrix of low molecular weight molecules with high absorption 

in range of the laser ’s wavelength210. ESI, in turn, ionizes analytes directly from solution 

and produces ions continuously. This allows for direct coupling to LC systems, providing 

a crucial technological foundation for modern MS-based proteomics.  

Until today, ESI persists as by far the most used ionization technique in proteomic 

research. A high voltage (kilovolts) potential is applied between the MS inlet and the 

analyte solution within a spray needle, often the pulled tip of the fused silica 

chromatographic column211. The high electric field induces the formation of a Taylor cone 

at the tip of the needle212, and leads to the emission of finely dispersed and highly charged 

droplets. Evaporation of solvent shrinks droplets and eventually yields desolvated analyte 

ions213.  
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Figure 7: Scheme of a Thermo Scientific Orbitrap Exploris 480 mass spectrometer. The 

primary instrument used in this thesis was a Thermo Scientific Orbitrap Exploris 480 

quadrupole-orbitrap hybrid mass spectrometer. Analytes are ionized by ESI and enter the 

instrument through the orifice of a heated ion transfer tube along a decreasing pressure 

gradient. Ions are focused and transmitted by ion optics, including a bent flatapole that 

diverges the ions from neutral particles and remaining solvent droplets, and guides them 

to a linear quadrupole mass filter. RF and DC voltages applied to the quadrupole rods 

determine transmitted m/z ranges and are adjusted for each scan. Ions are slowed down 

in the gas-filled C-Trap from where they are passed into the orbitrap mass analyzer or the 

ion-routing multipole for fragmentation by Higher Energy Collisional Dissociation (HCD). 

Figure adapted from214. 

Upon entering the orifice of the mass spectrometer, ions are guided by electric fields 

across a sequence of principal instrument components (Figure 7). In addition to an ion 

source, mass spectrometers comprise at least one mass analyzer and detector. For 

proteomic experiments, hybrid mass spectrometers with two or more m/z separation 

components of different types, and instruments with very high mass accuracy and 

resolution termed high resolution accurate mass (HRAM) systems, are preferred.  

Typically, a quadrupole is used as a first-stage mass analyzer. Quadrupoles consist of four 

parallel and equally spaced rods, with opposing rods electrically connected. By applying a 

combination of direct current (DC) and radio frequency (RF) voltages to the rods, a 

quadrupole can be tuned to transmit all incoming ions or selectively allow ions within a 

specific m/z range to pass through215. The currently most popular instruments for 
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proteomics experiments use quadrupoles in conjunction with either Time-of-flight (TOF) 

or Orbitrap216 mass analyzers. TOF analyzers accelerate ions through an electric field into 

a field-free flight tube towards a detector and distinguish ions by their velocities, which 

are influenced by their m/z. Orbitrap analyzers capture ions between an outer barrel-like 

electrode and an inner spindle-shaped electrode. Trapped ions orbit around the inner 

electrode, and the image current induced by their movement is deconvoluted by Fourier 

Transformation and used to derive their m/z. Progress in MS technology continues to 

drive innovation in proteomics research. This is exemplified by new mass analyzers such 

as the asymmetric track lossless (Astral) analyzer, pushing the boundaries of mass 

spectrometry, including significant improvements in scan speed and sensitivity78,96. 

 

 

Figure 8: Fragment ion classification in peptide mass spectra. The Roepstorff-Fohlmann-

Biemann nomenclature is a widely adopted system for describing backbone 

fragmentation in MS/MS analyses of peptides. Ions are classified based on the location 

of the break and the portion of the peptide (N- or C-Terminus) retained in the fragment. 

Collision-induced dissociation methods commonly used in proteomics experiments 

predominantly produce fragments with breaks of the peptide bond, yielding b- (retaining 

the N-terminus) and y-ions (retaining the C-terminus). Fragment ions are sequentially 

numbered from to the respective terminus. Figure adapted from217.  

In complex proteome digests, peptide masses alone are often insufficient to conclusively 

identify specific peptides. For more detailed sequence insights, peptides are fragmented 

within the mass spectrometer218-220. The predominant fragmentation techniques, collision-

induced dissociation (CID) and higher-energy collisional dissociation (HCD) expose 
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selected precursor ions to collisions with a neutral gas like nitrogen or helium. These 

collisions lead to the conversion of kinetic energy to internal energy that can induce 

breakage of covalent bonds221. Fragmentation patterns of peptides depend on the chosen 

method, with CID and HCD primary yielding highly predictable b and y ion series (Figure 8), 

which arise from the cleavage of the amide backbone. The generated fragment ions are 

subsequently analyzed in a follow-up mass spectrometry scan, typically referred to as 

MS/MS or MS2 scan.  

 

1.2.4 Data acquisition modes and computational proteomics 

Modern mass spectrometers acquire high resolution and accurate mass data for peptide 

precursors and their fragments at rates of hundreds of scans per second78,95,96. As MS 

hardware continues to advance, scan modes evolve concurrently, with different 

approaches to optimizing the usage of measuring time for confident peptide 

identifications and accurate quantification. 

Targeted acquisition methods, such as selected reaction monitoring (SRM) or parallel 

reaction monitoring (PRM), facilitate highly specific, sensitive, and robust detection of 

predetermined sets of peptides222. Advanced approaches, for example, use real-time 

calibration of masses and retention times to target thousands of peptides per run223,224, or 

spike-in triggered acquisition combined with sample multiplexing225. However, exploring 

the proteome as comprehensively as possible is a fundamental goal in proteomics 

research. Bottom-up MS-based proteomics enables discovery methods without the need 

for analyte preselection, aiming to quantify the widest possible range of peptides present 

within a sample. The predominant acquisition modes in discovery proteomics are data-

dependent acquisition (DDA) and data-independent acquisition (DIA). 

In DDA mode, the MS instrument cycles through sequential MS/MS scans, narrowly 

isolating specific precursor ions detected in initial MS1 survey scans that span the entire 

m/z range of interest. Given that the number of different peptides in typical biological 

proteome samples greatly exceeds the number of scans a mass spectrometer can 

practically acquire, only a selection of peptides can be analyzed by DDA. Survey scan data 

is processed in real-time to select precursor ions for fragmentation, using criteria 

designed to maximize the yield of informative MS/MS scans. For example, selection 

algorithms typically prioritize precursors with the highest abundance (commonly termed 
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“topN”), and specific charge states, while excluding precursors that have been analyzed in 

previous scans (“dynamic exclusion”)226. 

In contrast, DIA methods use predefined scan patterns, independent of the spectra being 

acquired. Instead of isolating individual precursor ions for MS/MS scans, all ions within 

wider m/z windows are collectively fragmented and analyzed. Moreover, the MS/MS 

windows are positioned to cover the whole m/z range of interest in each scanning cycle, 

collecting fragment scan data for all precursor ions within these boundaries. A primary 

challenge of DIA methods is the deconvolution of the complex spectra arising from co-

fragmenting multiple precursors. Experimental parameters such as the width and 

placement of precursor isolation windows are tuned to optimize the balance between 

cycle time and spectral complexity for optimal peptide identification and quantification, 

and DIA acquisition schemes remain a highly active area of development227. While initially 

trailing the proteome coverage achieved by DDA228, DIA with modern HRAM instruments 

and advanced analysis software now supersedes typical label-free DDA experiments in 

many key areas, including deeper analytical coverage, greater data completeness, and 

more accurate and precise quantification193,229,230. Furthermore, advances in MS 

instrumentation, enabling fast scans at high resolution, mass accuracy, and sensitivity, 

facilitate effective DIA experiments with extremely narrow isolation windows across a 

wide m/z range, blurring the lines between DIA and DDA78. 

In MS-based proteomics, raw data is computationally processed to perform automated 

feature detection, peptide identification, quantification, and data rollup for protein 

inference. These core functionalities often incorporate additional features such as 

nonlinear recalibration of masses and retention times, abundance normalization across 

runs, identification of pre-defined peptide modifications, and calculating their site-specific 

localization probabilities231. The most common approach for identifying peptides from 

DDA data involves a spectrum-centric search, comparing measured precursor 

fragmentation spectra against target fragmentation spectra databases231,232. Such 

databases typically contain all known or anticipated protein sequences expressed by the 

organism under study. These are then digested and fragmented in silico to mimic the 

expected cleavage patterns of enzyme(s) and peptide dissociation techniques used 

during the sample preparation and MS analysis. Search engines compute peptide 

spectrum match (PSM) scores for all theoretical and experimental precursor 

fragmentation spectra combinations. The highest-scoring PSMs for experimental 

fragment spectra are then filtered to control the false discovery rate (FDR) of peptide 
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identifications, often using a target-decoy method to define thresholds233. Many 

proteomics software solutions implement machine learning algorithms for various 

workflow functions to improve performance, including PSM scoring and FDR 

estimation193,234,235. Various strategies for deconvoluting DIA fragmentation spectra have 

been introduced, including algorithms that reconstruct DDA-like pseudo-spectra236, 

making them compatible with established DDA search engines. However, the most 

effective current methods employ target spectral library-based peptide-centric 

approaches to extract quantitative data from DIA spectra. Spectral libraries can be 

acquired empirically, for example, through auxiliary DDA experiments, or predicted in 

silico193,237-239. 

Similar to methods for data acquisition, there are several classes of proteomics 

quantification strategies, each offering distinct advantages depending on the research 

questions and aims. Approaches can be broadly classified in label-free and label-based 

methods and vary in sample throughput, accuracy and precision of quantification, and 

effects on spectral complexity, among other factors. Label-free methods quantify 

peptides based on the intensities of MS1 precursors, MS2 fragments, or both. Different 

samples are measured sequentially, and relative peptide and protein abundances are 

compared across runs. In contrast, label-based quantification strategies require labeling 

with stable isotopes at the protein or peptide level during sample preparation, and allow 

multiplexed MS analysis of pooled samples. Non-isobaric labeling, such as stable isotope 

labeling by amino acids in cell culture (SILAC)99 or dimethyl labeling240, produces distinct 

precursor mass shifts that allow quantification of label ratios at MS1 level. Isobaric-

labeling methods like tandem mass tags (TMT)241 or EASI-tag242 result in precursors that 

have identical m/z values at the MS1 level, but yield differentiating ions upon 

fragmentation in MS2 spectra, which are used for quantification. 

Many peptides generated in bottom-up proteomics workflows are not unique but shared 

among multiple proteins. This establishes many-to-many relationships and introduces 

ambiguities in mapping peptides back to their protein sources. While there are different 

approaches to dealing with this protein inference problem, common procedures use 

parsimonious models based on the principle of Occam’s razor243, aiming to identify the 

minimal set of proteins that can account for all observed peptides231. Proteins that are not 

distinguishable by the identified peptides are combined into protein groups. To limit errors 

of protein inference, different methods are used to estimate and control the FDR at the 

protein level231,244. Protein group abundances are compared across sample groups using 
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bioinformatical methods to reveal quantitative differences and evaluate statistical 

significance, offering comprehensive insights into biological processes232,245,246.  
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2. Aims of the thesis 

Technological progress has substantially enhanced the tools available for investigating 

the molecular mechanisms of cell communication. MS-based proteomics, in particular, 

offers an exceptional platform for dissecting intercellular signaling by comprehensively 

identifying proteoforms, quantifying their dynamic expression and secretion, capturing 

their molecular interactions, and profiling phenotypic changes in response (as reviewed in 

Article 1). Despite these advances, limitations remain, often restricting cell 

communication research to simplified models that cannot accurately capture important 

layers of biological complexity and leave fundamental questions unanswered. The 

overarching goal of my thesis was to deepen our understanding of context-dependent 

intercellular signaling dynamics and to devise new technical solutions that extend our 

capabilities in areas where current state-of-the-art methods fall short. Specifically, my 

work addressed three major aims: 

Methionyl-tRNA synthetase (MetRS)-based azidonorleucine (Anl) labeling holds 

significant promise for cell-selective proteomics applications due to its broad applicability 

in live tissue. However, its sensitivity and proteome coverage have lagged behind 

conventional proteomics approaches, severely limiting its potential for discovery and 

broader utility beyond proof-of-concept studies. A central aim of my thesis was to identify 

and overcome key challenges of this approach to enable comprehensive cell-selective 

proteomics in complex biological model systems. Through extensive method 

development, I increased labeled protein recovery, enrichment specificity, and proteome 

coverage, substantially expanding the capabilities and scope of this method. Leveraging 

these gains in sensitivity, I then sought to adapt the workflows for secretomics analyses 

in heterocellular environments like co-cultures and tissues to facilitate in-depth study of 

reciprocal intercellular signaling networks (Articles 2 and 3). 

I used these newly developed cell-selective proteomic workflows along with established 

state-of-the-art secretomics methods to investigate cell communication in cancer and the 

immune system, aiming to enhance our understanding of disease processes and support 

the development of therapy and diagnostics. Collaborating closely with the Saur group at 

the Center for Translational Cancer Research (TranslaTUM) in Munich, my research 

focused on characterizing intercellular signaling in pancreatic ductal adenocarcinoma, 

one of today’s leading causes of cancer-related deaths. Comparative analyses revealed 

critical differences between the classical epithelial and the highly aggressive 
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mesenchymal PDAC subtypes, contributing to their urgently needed molecular 

characterization and providing important insights for novel targeted therapy approaches 

(Articles 2 and 4). Additionally, I contributed to a group-internal project exploring signaling 

protein release mechanisms in pyroptosis, a form of programmed cell death with key roles 

in inflammation (Article 5). 

Even for otherwise well-described signaling proteins, interactions with cell surface 

receptors, co-receptors, and other regulators of signal transduction are often 

underexplored because they are difficult to study with conventional methods. Proximity 

labeling (PL) has emerged as a powerful approach for capturing even transient protein 

interactions under near-native conditions. However, PL interactomics experiments are 

prone to high false positive rates through co-enrichment of unrelated proteins localized in 

the same subcellular compartment, necessitating extensive follow-up experiments to 

validate large numbers of interactor candidates. I aimed to develop PL-based workflows 

to systematically evaluate extracellular signaling protein interactions at the cell surface 

and map proteins in the lateral receptor environment. A novel PL analysis strategy, 

employing scavengers to modulate the labeling radius, enabled the effective 

differentiation of known interactors and high-confidence candidates from the background, 

addressing a key challenge in the field (Article 6). 
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3. Publications and manuscripts 

Article 1: Dissecting intercellular signaling with mass spectrometry-

based proteomics 

Curr. Opin. Cell Biol. 63, 20–30 (2020). 

Jonathan J. Swietlik1#, Ankit Sinha1,2#, Felix Meissner1 

1 Experimental Systems Immunology Laboratory, Max-Planck Institute of Biochemistry, Martinsried, Germany 

2 Institute of Translational Cancer Research and Experimental Cancer Therapy, Klinikum Rechts der Isar, TU 

München, Munich, Germany 

# These authors contributed equally to the work. 

 

Modern MS instrumentation, proteomics methods, and software enable the unsupervised 

detection of thousands of proteins in a single sample within minutes of analysis time. 

Additionally, the ability of MS to distinguish between proteoforms offers unique insights 

into molecular mechanisms that regulate protein function. Specialized workflows 

capitalize on this broad and distinctive analytical scope to dissect intercellular signaling 

mechanisms and have established MS-based proteomics as a fundamental tool for 

studying cellular communication. 

In this review article, we highlight recent advancements in MS-based proteomics methods 

that elucidate different layers of intercellular signaling. Our focus is techniques that 

comprehensively characterize cell-released signaling proteins, signaling proteins and 

receptors at the cell surface, protein-protein interactions at the cell surface, and methods 

that resolve cell type-specific signals in heterocellular environments. For each application, 

we describe leading approaches, highlight their benefits and challenges, and guide the 

reader through the current landscape of this dynamic field. Methods like proximity 

labeling, featured as emerging techniques for profiling intercellular signals, have since 

gained significant impact and popularity. The techniques described here were focal points 

and crucial enablers for my work in this thesis. 

 

Contribution:  

Together, Ankit Sinha, Felix Meissner, and I reviewed the current literature and 

collaboratively authored the manuscript. 



 

37 

 



 

38 

 



 

39 

 

  



 

40 

 

  



 

41 

 

  



 

42 

 

  



 

43 

 

  



 

44 

 



 

45 

 

  



 

46 

 

  



 

47 

 

  



 

48 

 

 

Article 2: Cell-selective proteomics segregates pancreatic cancer 

subtypes by extracellular proteins in tumors and circulation 

Nat Commun 14, 2642 (2023) 

Jonathan J. Swietlik1#, Stefanie Bärthel2,3,4#, Chiara Falcomatà2,3,4#, Diana Fink5, Ankit 

Sinha6, Jingyuan Cheng1, Stefan Ebner5, Peter Landgraf7, Daniela C. Dieterich7,8, Henrik 

Daub9, Dieter Saur2,3,4, Felix Meissner1,5 

1 Experimental Systems Immunology, Max Planck Institute of Biochemistry, Martinsried, Germany 

2 Division of Translational Cancer Research, German Cancer Research Center and German Cancer 

Consortium, Heidelberg, Germany 

3 Chair of Translational Cancer Research and Institute of Experimental Cancer Therapy, University Hospital 

Rechts der Isar, School of Medicine, Technical University of Munich, Munich, Germany 

4 Center for Translational Cancer Research (TranslaTUM), School of Medicine, Technical University of 

Munich, Munich, Germany 

5 Institute of Innate Immunity, Department of Systems Immunology and Proteomics, Medical Faculty, 

University of Bonn, Bonn, Germany 

6 Department of Proteomics and Signal Transduction, Max Planck Institute of Biochemistry, Martinsried, 

Germany 

7 Institute for Pharmacology and Toxicology, Otto-von-Guericke-University Magdeburg, Magdeburg, Germany 

8 Center for Behavioral Brain Sciences, Magdeburg, Germany 

9 NEOsphere Biotechnologies GmbH, Martinsried, Germany 

# These authors contributed equally to the work. 

 

Non-canonical amino acid labeling techniques hold significant promise for the detailed 

and accurate analysis of cell states and interactions in heterocellular environments like 

tissues. Specifically, incorporating azidonorleucine (Anl) via a modified methionyl tRNA-

synthetase (MetRS*) demonstrates remarkable specificity and broad compatibility with 

animal models, with minimal side effects under typical labeling regimens. Anl-labeled 

proteins synthesized by MetRS*-expressing cells can be enriched from complex 

backgrounds through bioorthogonal azide-alkyne cycloaddition, commonly referred to as 

“click chemistry”. Chemical protein separation for cell-selective analyses offers unique 

advantages over conventional cell sorting techniques: By allowing samples to be snap-

frozen and lysed in bulk, this approach avoids sorting-related artifacts and better 

preserves sensitive cell types. Proteins synthesized during labeling pulses can be 
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distinguished from pre-existing ones. Crucially, non-canonical amino acid labeling also 

allows extracellular proteins to be traced back to their cellular origin. However, previous 

studies that combined Anl-labeling and enrichment with MS-based proteomics have 

yielded low proteome coverage, limiting the approach to simple experimental designs and 

restricting the information gained primarily to highly abundant proteins.  

We were eager to adapt this technology to gain the first cell-selective in vivo secretomics 

insights in mouse models. Yet, despite significant affords, we initially failed to obtain 

convincing data, even from large numbers of cells cultured and labeled under favorable 

conditions in vitro. Consequently, we set out to thoroughly evaluate key workflow steps 

and identified critical enhancements, particularly around the click reaction, that 

significantly increased Anl-protein recovery and enrichment specificity. This enabled the 

development of robust methods for the in-depth characterization of cell-selective proteins, 

more than doubling the proteomic coverage of previous studies. For the first time, it also 

facilitated comprehensive, cell-selective analysis of secreted intercellular signaling 

proteins in the extracellular space in vivo. 

Encouraged by the new opportunities this technology provides, we started a tight 

collaboration with the Saur group at the translaTUM in Munich to explore how interactions 

between cancer cells and stromal cells shape pancreatic ductal adenocarcinoma (PDAC) 

phenotypes. Historically, studies of PDAC have largely overlooked the vast heterogeneity 

of this complex disease, limited by the lack of technologies that allow cell-selective 

analyses, and model systems that accurately reflect distinct PDAC subtypes. Recently, the 

Saur group has revealed a critical role of mutant KRAS allelic imbalance in driving the 

mesenchymal PDAC subtype247, characterized by a unique stromal composition248, 

particularly high lethality, and resistance to current forms of therapies, highlighting a 

significant unmet clinical need.  

Here, we used azidonorleucine labeling-based cell-selective proteomics to compare 

intercellular crosstalk between models of classical epithelial and highly aggressive 

mesenchymal PDAC. We identified differences in cancer cell-released immunomodulatory 

signaling proteins and linked these to distinct tumor immune cell infiltration patterns. 

Moreover, we offer novel insights into the extracellular matrix (ECM) in PDAC tumors, 

which has long been recognized as a crucial factor for tumor progression and therapy 

response. While early studies have shown the dualistic roles of ECM components, recent 

research demonstrated that matrix proteins explicitly derived from cancer cells, as 

opposed to those from stromal cells, are associated with poor prognosis and may 
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represent promising targets for drug development249-251. Our approach offers the first 

comprehensive characterization of cancer cell- and PDAC subtype-specific tumor ECM 

proteomes in fully immunocompetent mice. We discovered distinct expression patterns 

of matrix and matrix-associated proteins across PDAC subtypes. This includes strongly 

elevated secretion of EMT-associated proteins like fibrillar collagens and lysyl oxidases 

by the mesenchymal subtype, which have been linked to the promotion of metastasis and 

pre-metastatic niche formation. Notably, we captured over 1600 cancer cell-derived 

proteins in the serum of tumor-bearing mice, underlining the technology’s potential for 

studying cell communication across large distances, as well as for identifying disease 

biomarkers and novel therapeutic targets. 

 

Contribution: 

I designed and conducted experiments, with the exception of mouse breeding, cell 

implantations and mouse treatment, FACS analyses, and the initial characterization of 

PDAC cell lines. I analysed and visualised data for all figures except Figure 4a. Felix 

Meissner and I co-wrote the manuscript, with contributions from Dieter Saur, Stefanie 

Bärthel, and Chiara Falcomatà. 
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Article 3: MetRS*-based deep cell-selective tissue proteomics and 

secretomics in vivo 

Methods in Cell Biology 202, in press 

Jonathan J. Swietlik1, Felix Meissner2 

1 Experimental Systems Immunology, Max Planck Institute of Biochemistry, Martinsried, Germany 

2 Institute of Innate Immunity, Department of Systems Immunology and Proteomics, Medical Faculty, 

University of Bonn, Bonn, Germany 

 

Developing a highly efficient click chemistry enrichment proteomics workflow was 

essential in enabling our successful cell-selective analysis of pancreatic ductal 

adenocarcinoma mouse models (see Article 2). This method’s high yields and specificity 

allowed for unprecedented depth in MetRS*-based tissue analyses and introduced a new 

standard for the sensitive detection of cell type-specific secretomes in vivo. Encouraged 

by these results, we expanded the application of this technique to a broader range of 

contexts, launching diverse collaborative projects across various fields of biology, aiming 

to address questions that were previously difficult to explore due to the limitations of 

conventional cell isolation methods. 

To make our protocols easily accessible to the broader scientific community, we accepted 

an invitation to contribute a comprehensive description of our workflow to an issue of 

Methods in Cell Biology. In this book chapter, we provide a detailed protocol for sample 

preparation, discuss best practices for experimental design, control strategies, and data 

analysis, and share advice for troubleshooting. 

 

Contribution 

I developed the workflows and guidelines detailed in this publication. Felix Meissner and I 

co-wrote the manuscript. 
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Article 4: Selective multi-kinase inhibition sensitises mesenchymal 

pancreatic cancer to immune checkpoint blockade by remodelling the 

tumor microenvironment 

Nat Cancer 3, 318-336 (2022) 

Chiara Falcomatà1,2,3,17, Stefanie Bärthel1,2,3,17, Sebastian A. Widholz3,4,5, Christian 

Schneeweis5,6, Juan José Montero3,4,5, Albulena Toska7, Jonas Mir7, Thorsten 

Kaltenbacher3,4,5, Jeannine Heetmeyer1,2,3, Jonathan J. Swietlik8, Jing-Yuan Cheng8, Bianca 

Teodorescu1,2,3, Oliver Reichert1,2,3, Constantin Schmitt1,2,3, Kathrin Grabichler1,2,3, Andrea 

Coluccio1,2,3,6, Fabio Boniolo1,2,3, Christian Veltkamp1,2,3, Magdalena Zukowska1,2,3, Angelica 

Arenas Vargas1,2,3, Woo Hyun Paik1,2,3, Moritz Jesinghaus1,2,3,9,10, Katja Steiger9, Roman 

Maresch3,4,5, Rupert Öllinger3,4,5, Tim Ammon3,5,11, Olga Baranov3,4,5, Maria S. Robles12, Julia 

Rechenberger13, Bernhard Kuster5,13, Felix Meissner8,14, Maximilian Reichert5,6,15, Michael 

Flossdorf7, Roland Rad3,4,5,6, Marc Schmidt-Supprian3,5,11, Günter Schneider5,6,16 & Dieter 

Saur1,2,3,6 

1 Division of Translational Cancer Research, German Cancer Research Center and German Cancer 

Consortium, Heidelberg, Germany 

2 Chair of Translational Cancer Research and Institute of Experimental Cancer Therapy, Klinikum rechts der 

Isar, School of Medicine, Technische Universität München, Munich, Germany 

3 Center for Translational Cancer Research (TranslaTUM), School of Medicine, Technical University of 

Munich, Munich, Germany 

4 Institute of Molecular Oncology and Functional Genomics, School of Medicine, Technische Universität 

München, Munich, Germany 

5 German Cancer Consortium, Heidelberg, Germany 

6 Department of Internal Medicine II, Klinikum rechts der Isar, Technische Universität München, Munich, 

Germany 

7 Institute for Medical Microbiology, Immunology and Hygiene, Technische Universität München, Munich, 

Germany 

8 Experimental Systems Immunology Laboratory, Max Planck Institute of Biochemistry, Martinsried, 

Germany 

9 Institute of Pathology, Technische Universität München, Munich, Germany 

10 Institute of Pathology, University Hospital Marburg, Marburg, Germany 

11 Institute of Experimental Hematology, School of Medicine, Technical University of Munich, Munich, 

Germany 

12 Institute of Medical Psychology, Faculty of Medicine, LMU Munich, Munich, Germany 

13 Chair of Proteomics and Bioanalytics, Technical University of Munich, Freising, Germany 

14 Institute of Innate Immunity, Department of Systems Immunology and Proteomics, Medical Faculty, 

University of Bonn, Bonn, Germany 

15 Center for Protein Assemblies, Technische Universität München, Garching, Germany 
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16 University Medical Center Göttingen, Department of General, Visceral and Pediatric Surgery, Göttingen, 

Germany 

# These authors contributed equally to the work. 

 

Although pancreatic ductal adenocarcinoma (PDAC) has a low incidence of around 13 per 

100.000 people per year, it is currently the third leading cancer-related cause of death in 

the United States and is projected to become the second within the next decade252-254. In 

contrast to many other cancers, cure rates have only marginally improved over the last 

decades, and the 5-year survival rate has remained below 10 %. PDAC often grows 

aggressively, metastasizes early, and is strongly resistant to chemo- and radiotherapy255. 

Moreover, the typically dense, desmoplastic stroma, often rich in myeloid cells and with 

low effector T cell infiltration, along with a comparably low mutational burden, contribute 

to a highly immunosuppressive tumor microenvironment (TME) and poor response to 

immunotherapy256. An increased gene dose of mutant KRAS has recently been identified 

as an important driver of mesenchymal PDAC, the most aggressive and resistant subtype 

of PDAC. 

While trametinib-mediated MEK inhibition alone did not succeed in unstratified clinical 

trials for the treatment of PDAC, here, a systematic co-treatment screen of 418 drugs 

demonstrated striking synergy with nintedanib, an FDA-approved inhibitor of nonreceptor 

tyrosine kinases and receptor tyrosine kinases. The drug combination showed selective 

efficacy for mesenchymal PDAC cells, translating to strongly prolonged survival in mouse 

models. Further investigation of drug treatment-induced effects uncovered systematic 

remodeling of the TME, with strongly increased cytotoxic T cell infiltration. In tumors, T 

cell infiltration rather than tumor cell intrinsic effects alone was a major driver of efficacy. 

Moreover, co-treatment with trametinib and nintedanib sensitized mesenchymal tumors 

for checkpoint inhibition, leading to further increasing survival with additional PD-L1 

inhibition. To investigate mechanisms of TME remodeling, we explored treatment effects 

on intercellular communication. Secretomics analyses of PDAC lines showed significant 

changes in releasing immunomodulatory signals in response to treatment. Among those, 

critical chemokines linked to tumor-infiltrating lymphocyte recruitment and associated 

with a favorable prognosis, such as CXCL16, were selectively induced in mesenchymal but 

not classical PDAC cells. Collectively, the findings from this study suggest a promising 

path for urgently needed advancements in PDAC therapy. 
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Contribution: 

This highly collaborative study was led by the Saur group at the translaTUM in Munich. I 

contributed by developing an optimized serum-free secretomics workflow to improve 

cytokine coverage in PDAC supernatants and performed secretomics sample preparation, 

MS acquisition, and secretomics data analyses. Together with Jingyuan Cheng, I 

conducted integrative analyses of RNAseq and secretomics data to infer cell 

communication channels between cancer cells and tumor stromal cell types. Specifically, 

I contributed to Figure 8d, Supplementary Figures 10 a-b, and proteomics method 

sections. 
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Article 5: Proteomics reveals distinct mechanisms regulating the 

release of cytokines and alarmins during pyroptosis 

Cell Rep. 34, 108826 (2021) 

Kshiti Phulphagar1,2, Lars I. Kühn2, Stefan Ebner2, Annika Frauenstein2, Jonathan J. 

Swietlik2, Jan Rieckmann2, Felix Meissner1,2 

1 Experimental Systems Immunology Laboratory, Max Planck Institute of Biochemistry, Martinsried, Germany 

2 Institute of Innate Immunity, Department of Systems Immunology and Proteomics, Medical Faculty, 

University of Bonn, Bonn, Germany 

Pyroptosis is a type of programmed lytic cell death with key roles in immune responses to 

infection and injury257. In contrast to apoptosis, pyroptosis leads to the abundant release 

of pro-inflammatory signals, alerting the immune system to potential threats. Efficient 

induction of pyroptosis is mediated by the assembly of inflammasomes, large protein 

signaling complexes composed of pattern recognition receptors, the adaptor protein 

apoptosis-associated speck-like protein containing a caspase recruitment domain (ASC), 

and caspase-1, which triggers critical downstream events including proteolytic maturation 

of key cytokines and the pore-forming protein gasdermin D257. 

The release of signaling proteins by macrophages during pyroptosis is a complex, 

multifaceted process involving conventional, unconventional, and cell lysis. Despite its 

importance, the underlying dynamics and mechanisms remain poorly understood. Using 

state-of-the-art MS-based secretomics combined with genetic, pharmacological, and 

biochemical methods, we comprehensively quantify released proteins, including cytokines 

and alarmins, and systematically deconvolute their cellular exit routes. 

 

Contribution: 

I contributed to conceptualizing secretomics analysis strategies and performed 

secretomics experiments. In particular, I contributed to Figures 3 and S4.  
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Article 6: A Scalable Approach to Capturing Ligand-Receptor 

Interactions and Mapping Cell Surface Protein Assemblies via 

Proximity Labeling with Radius Modulation 

In preparation 

Jonathan J. Swietlik1, Benedikt O Gansen1,2, Felix Kühner1, Alexander Henrici1, Jonathan J. 

Scheler2, Felix Meissner1,2 

1 Experimental Systems Immunology, Max Planck Institute of Biochemistry, Martinsried, Germany 

2 Institute of Innate Immunity, Department of Systems Immunology and Proteomics, Medical Faculty, 

University of Bonn, Bonn, Germany  

Identifying interactions of intercellular signaling proteins with cell surface proteins is 

fundamental to understanding their mechanistic functions and roles in biology. However, 

the unique localization and biophysical properties of integral membrane proteins pose 

technical challenges that often make these interactions difficult to study with established 

protein-protein interaction (PPI) screening methods137-139. Consequently, there is a need 

for specialized methods that facilitate robust and effective analysis of PPIs at the cell 

surface.  

We and others have identified proximity labeling (PL) as a highly attractive approach for 

capturing extracellular ligand-receptor interactions in situ, as well as mapping the 

topologic arrangement of receptors, co-receptors, and other membrane proteins involved 

in modifying signal reception and transduction. However, the reliable distinction of 

proteins systematically associated with a protein of interest from co-captured proteins 

localized in the same compartment is an unresolved challenge in the field, often requiring 

sophisticated control strategies that need to be optimized on a case-by-case basis. This 

is aggravated by the comparably long half-life of reactive probes generated in widely used 

peroxidase PL reactions, resulting in larger labeling radii than previously anticipated, 

especially in less molecular crowded environments like the cell surface177. Research 

aimed at addressing these challenges has been focused on alternative PL chemistries 

producing extremely short-lived labeling probes to increase the spatial resolution182,184. 

Here, we find that horse-radish peroxidase (HRP) PL can be very effectively modulated by 

the addition of scavenger molecules, achieving results comparable to those produced by 

recently developed high resolution cell surface PL techniques like μMap184 and LUX-MS182. 

Moreover, by applying scavenger-mediated PL modulation, we explore enrichment profiles 

of proteins across varying labeling radii. Compared to single radius PL, we demonstrate 
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that such enrichment profiles can significantly increase the accuracy of identifying 

proteins directly interacting with a protein of interest, while offering additional insights on 

the spatial relationships of less tightly associated proteins in the proximity, and clearly 

rejecting background, thereby addressing one of the key challenges of PL proteomics. 

Applying this approach to EGF-guided PL on HeLa cells successfully captured its primary 

receptor EGFR, along with its well-described co-receptor ERBB2. LRP1, a membrane 

receptor with recently found functional connections to EGFR signaling, is identified as a 

candidate EGFR interactor. 

We have developed a comprehensive suite of experimental protocols to streamline 

sample processing for this method. We detail a chemical ligand-modification protocol that 

circumvents the need for genetic fusion to a peroxidase. A plate reader-based companion 

assay facilitates screening for target cell types and rapid protocol optimization, if required. 

Partial automation and sample processing in multi-well plate format mediates high 

throughput and precise control of time-sensitive reaction steps. 

 

Contribution: 

I designed and conducted experiments and supervised experimental work by Felix Kühner 

and Alexander Henrici. I analyzed and visualized data for all figures. Felix Meissner and I 

co-wrote the manuscript. 
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4. Discussion 

Exploring the molecular mechanisms of intercellular communication is essential for 

advancing our understanding of biology and developing targeted therapies for disease. 

Proteins are key players in intercellular communication, functioning as signals and signal 

receptors, making mass spectrometry-based proteomics methods excellent tools for their 

investigation. Yet, important aspects of intercellular signaling remain understudied due to 

unresolved technical challenges. In my thesis, I applied state-of-the-art proteomics 

methods to investigate intercellular communication in the immune system and cancer, 

and focused on developing new approaches to address existing technological gaps and 

limitations.  

Building on one of the earliest comprehensive studies of activation-state-dependent 

immune cell secretomes40, our group has extensively researched cellular protein secretion 

across various biological contexts. Despite their importance, many key classes of 

communication signals, such as chemokines, are often among the least abundant cell-

released proteins, making them challenging to detect. Article 4 demonstrates the 

strengths of our latest serum-free secretome profiling workflow. While relying on isolated 

cells cultured in vitro, this approach typically offers the lowest detection limits and deepest 

insights into released signaling proteins of all MS-based secretomics methods. An in-

depth analysis of cancer cell-secreted immunomodulatory proteins enabled a detailed 

assessment of treatment-induced changes in communication pathways between cancer 

and immune cells, successfully identifying key factors driving therapy-induced remodeling 

of the tumor microenvironment. Analyzing signaling protein expression and secretion 

directly, rather than inferring from transcript levels, accounts for the numerous layers of 

post-transcriptional and post-translational regulation, thereby providing accurate 

quantitative insights into cell communication40. Beyond that, proteomics methods offer 

unique opportunities for discovering proteins with unexpected roles in intercellular 

signaling or cell-release pathways that are hard to predict258. The latter is highlighted in 

Article 5, where serum-free secretomics combined with biochemical and genetic tools has 

systematically deconvoluted protein release dynamics and exit routes in the highly 

complex process of pyroptosis, a form of programmed cell death with crucial immune 

signaling functions. The straightforward workflow, low input material requirements, 

scalability, and deep signaling protein coverage establish serum-free secretomics as the 

current gold standard for global analyses of cellular protein release. However, given the 
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highly dynamic adaptions of cell secretomes to environmental factors and the critical role 

of reciprocal communication with neighboring cells, secretomics approaches that capture 

protein secretion in its native context are highly desirable. 

 

Outlined in Articles 2 and 3, we introduced new workflows aimed at capturing cell-selective 

protein secretion as close to native contexts as possible to address the limitations of 

conventional serum-free secretomics. After extensive method development that 

significantly enhanced specific yields and protein coverage, we successfully employed 

MetRS*-based azidonorleucine (Anl) protein labeling for detailed cell-selective analyses of 

intercellular signaling proteins in heterocellular model systems of various complexity. 

While currently requiring at least 10fold higher input material and more intricate sample 

preparation than typical serum-free experiments, MetRS*-based in vitro secretomics 

offers detailed cell type-resolved insights into reciprocal intercellular signaling between 

co-cultured cells. The ability to specifically enrich labeled proteins sets this method apart 

from alternative techniques, such as cell-selective labeling with amino acid precursors 

(CTAP), supporting full serum compatibility in vitro and ensuring effectiveness within 

tissue environments in vivo. We showed that MetRS*-based whole tissue analysis 

captures proteins in the extracellular space in addition to cell-intrinsic proteins, 

significantly increasing the coverage of important signaling proteins compared to cell 

sorting-based analyses. Applied to mouse models of pancreatic ductal adenocarcinoma 

(PDAC), we contributed to the urgently needed characterization of major molecular 

subtypes, uncovering immunomodulatory signals that shaped the distinct 

microenvironments of mesenchymal and classical PDAC tumors. Moreover, a 

comprehensive analysis of extracellular matrix (ECM) proteins produced by cancer cells 

revealed striking subtype-specific differences, including proteins recently identified as 

promising drug targets249-251. Notably, Anl-labeling also allowed enrichment and 

quantification of more than 1600 cancer cell-derived proteins from the blood of tumor-

bearing mice, capturing 64 CellPhoneDB-annotated66 messengers for intercellular 

communication, and clearly differentiating between cancer subtypes. This exemplifies 

how the technology opens new avenues for exploring processes that involve long-distance 

cell communication, such as pre-metastatic niche formation, and suggests high value for 

biomarker discovery. 

Until recently, no cell-selective secretomics method effective in vivo was available, but 

newly developed proximity labeling-based approaches now provide an alternative to our 
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MetRS*-based method. Proof-of-concept studies granted valuable insights, for example, 

into diet-dependent changes to hepatocyte secretomes in living mice120. So far, however, 

signaling protein coverage has been very limited, and toxicity, immunogenicity, and other 

potential side effects remain to be evaluated. While MetRS*-based cell-selective 

proteomics and secretomics methods compare favorably to other approaches, ongoing 

developments will help make them more widely applicable and accessible. Recent 

advances in the automation of click chemistry workflows259 have laid the groundwork for 

streamlining sample preparation and increasing throughput, facilitating larger scale 

studies. Moreover, technical breakthroughs in ultra-high sensitivity MS instruments78,95,96 

significantly decrease input material requirements, enabling the effective application of 

MetRS*-based cell-selective proteomics and secretomics to small cell populations. 

Growing data on comprehensive cell secretomes across diverse biological contexts 

advance our understanding of intercellular communication while also revealing gaps in 

our knowledge of signaling pathways. Cell secretomes harbor secreted proteins with 

unknown functions or mechanisms of action, dynamically modified proteoforms with 

unclear functional roles, and proteins lacking conventional secretion signals that may 

moonlight as intercellular signals through unconventional secretion pathways. Yet, the 

lack of a clear roadmap for efficiently evaluating new signaling protein candidates has left 

this ‘dark matter’ of secretomes underexplored. Article 6 introduces a scalable proximity 

labeling (PL)-based technology platform for the identification of candidate target cells and 

their corresponding surface receptor proteins, key steps in uncovering their potential roles 

in intercellular communication. Recently, PL has emerged as a particularly powerful 

approach for both the systematic profiling of cell surface protein interactions in situ173 and 

elucidating the spatial arrangement of the surfaceome260 - an important, yet often 

neglected aspect of signal reception and transmission. Newly developed specialized PL 

approaches minimize steric hindrance using small catalysts and offer high spatial 

resolution through the activation of short-lived labeling probes182,184. However, a critical 

challenge remained: PL experiments often fail to reliably differentiate between 

functionally associated proteins and those that are simply co-localized within the same 

cellular compartment, necessitating elaborate control strategies and extensive follow-up 

experiments to validate the often large number of identified candidates. A key feature of 

our novel PL approach directly addresses this challenge. By quantifying captured proteins 

across experiments with incrementally varied PL radii, modulated with scavenger 

additives, we generated characteristic enrichment profiles that closely correlated with 

their spatial relationships to the PL source. Using the example of EGF, its cognate receptor, 
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and associated proteins expressed on the HeLa cell surface, we demonstrated how this 

method significantly simplifies the reliable detection of surface protein-protein 

interactions and offers valuable insights for mapping proteins systematically clustered in 

membrane microdomains. Furthermore, leveraging the high temporal resolution of 

peroxidase PL, we anticipate that this approach will facilitate the monitoring of protein 

rearrangements in signaling complexes, providing a deeper understanding of protein 

dynamics at the cell surface in response to stimulation. Although protocols cannot be 

directly applied to cell-intrinsic applications, the principles of analyzing enrichment 

profiles across incrementally varied PL radii may be transferrable when using membrane-

permeable radical scavengers or other means of radius modulation. Likewise, the 

approach is not limited to peroxidase-based labeling and could potentially be applied to 

alternative PL techniques like uMap184 and MS-Lux182. Therefore, broader adoption of 

these concepts should be evaluated in future studies and may provide significant 

advantages in the field of PL. 

In conclusion, this thesis presents advancements that bridge previous technological gaps 

in the study of intercellular communication, establishing new benchmarks for analyzing 

cell-selective secretomes and signaling protein interactions in their native environment. 

Applications of these approaches revealed novel insights into innate immune cell 

signaling and contributed to the molecular characterization of pancreatic ductal 

adenocarcinoma subtypes. Collectively, the findings of this work will accelerate future 

research into the molecular mechanisms of cellular interactions. 
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