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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, |
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. | 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, | 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 advanced’#. 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)*® (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 cancer’®. 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 TME. 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}'. CAFsare crucial and often abundant components of the
TME, exhibit remarkable heterogeneity and plasticity, and fulfil a wide array of functions *2.

Among their key roles, they are major producers of matrix components, playing a critical
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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 p TME cells engage in reciprocal interactions that drive their dynamic
co-evolution, profoundly impacting tumor progression, prognosis, and therapy response®.

Figure adapted from>®,

part in the extensive remodeling of the ECM within the TME, they have significant



immunomodulatory capacity, and stimulate angiogenesis®!3. To support continuous
growth, tumors devise angiogenic signaling pathways, such as vascular endothelial
growth factor (VEGF)signaling!4, and induce new blood vessels that supply oxygen and
nutrients and remove waste products?®. 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 delivery*®17.

In the microenvironment of virtually all tumors, there is dynamic crosstalk and interaction
with immune cells. The immune system continuously monitors the ¢ p e Zidsdes and
efficiently detects and eliminates most neoplastic cells, alerted by features like dze b o h f s LJ
signals and tumor antigens®®. 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 hosts!®%, To evadeimmune destruction, cancer cells
exploit various escape routes, ranging from cell-intrinsic mechanisms that reduce tumor
antigen presentation to the active modulation of thei p t imiune response via secretion
of intercellular signals like cytokines??2. 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 TME®?® 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 metastasis 7?45,

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
metastases 2?7, 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 dzt f dnét p jhypdthesis?®. Later research



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)290,

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 Year®, highlighting the substantial clinical
impact of immune checkpoint inhibition (ICB), specifically therapies targeting the
inhibitory receptors cytotoxic T-ymphocyte 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 CTLA4 and PD-1
pathways®2%°, 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
respond?®. Mechanisms for treatment resistance are complex and incompletely
understood, and accurate prediction of ICB efficacy is often difficult with current

diagnostic means®67,

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 effective 3. 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 metastasis *°.



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,

D

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 p ui

signals. Figure adapted from*.

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.



1.1.2.1 Diverse pathways facilitate and modulate the transmission of

protein-mediated intercellular signals

Signaltransmitting 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 function %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 proteins 942,

Important subsets of intercellular signaling proteins, however, lack a conventional
secretion signal sequence (often referred to as ¥ mf b e fsecmatbry prdteins) and exit
cells via unconventional secretion pathways. For example, interleukin-1u, 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 pyroptosis“344. Other pore formation -independent protein export routes

have also been proposed*>*’.

Another important immune regulator, tumor necrosis factor alpha (TNF-U), is initially
expressed as an integral transmembrane protein and subsequently cleaved by the
membrane-bound protease TNF-u-converting enzyme (TACE)to release the extracellular
domain as soluble TNF-U*-°, 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 dzt i f e edaro disbJheutralize signaling proteins by

releasing decoy receptors>®°2,

Whenreleased, even proteins with unrelated intracellular functions can become signals in
the intercellular space. For example, high-mobility group box 1 (HMGBL1) 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



(PRRsf5.

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:

lon 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 transmission .
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) domains®°8, Many cytokine receptors are tyrosine-
kinase-associated receptors and signal through members of the Janus kinase (JAK)
family °°6°, With over 800 encoding genes, Gprotein-coupled receptors (GPCRSs)exhibit
extensive genetic diversity and form the largest family of human cell surface receptors5%62,
They respond to a wide range of signals, including hormones, neurotransmitters, and
chemokines, and mediate key sensory functions like vision and smell®3. Likewise, the
intracellular signal-transduction pathways triggered by GPCRsare highly diverse, including
canonical GPCR signaling via heterotrimeric G proteins, and G protein-independent

mechanisms, for example, via PDZ scaffolds, non-PDZ scaffolds and arrestins®?.

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 receptoss!activity.

For example, three human epidermal growth factor receptors are activated by a group of

7



ligands encoded by at least 13 different genes®®®4. 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)®3. Moreover, different ligands engaging the same receptor can trigger
gualitatively distinct signaling responses, referred to as biased agonism or functional
selectivity. Most extensively studied for GPCRs, ligands can stabilize unigque
conformational states of receptors, affecting signal transduction, for example, by favoring
particular effector systems over others®®, 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 signal®®.

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 systems®¢-%8, 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 genes®®. However, transcripts are commonly
modified by mechanisms like RNA editing, trans-splicing of mRNA molecules, and,
affecting more than 93 %of all human genes’®’!, alternative splicing of exons and introns,
greatly expanding the plurality of gene products. Transcript variants produce different
protein isoforms (proteins translated from distinct mMRNAsequences derived from a single
gene’?7%). Despite sharing the same genetic origin, isoforms can have divergent and even

8



opposing roles in cellular physiology’®, exemplified by canonical proangiogenic VEGFA
isoforms that activate VEGFR2, and alternative splice variants that bind the same receptor
as partial agonists and do not induce angiogenesis’®. 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)™), 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 account’”. This, however, is still not counting the vast
numbers of protein variants produced, for example, by somatic recombination in adaptive

immune cells’’, 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. U p e b leradihg
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 time "8, 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 dynamics’®®°, and sheds light on the mechanisms of

action of chemical compounds in drug discovery884,

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 stimuli“, and allowing the inference of communication channels
between different cell types®®. The largely selection bias-free detection enables the
discovery of signaling proteins in unexpected contexts or evenascribe function to proteins
with previously unknown roles in intercellular communication . 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).



Additionally,the capacity of MS-based methods to distinguish proteoforms illuminates the
roles of PTMs in modulating the signaling activity of proteins like chemokines?®®.

Secretomics
- Serum-free
- Metabolic labeling
(e.g. BONCAT, SPECS)
- Glycan-based capture

Surfaceomics

- Centrifugation-based
cell fractionation

- Glycan-based capture

- Extracellular vesicle enrichment (eP.g. QS.C) labeli
- Proximity labeling [ ) o - Proximity labeling
) o
Interactomics
- Affinity Purification \ Cell-selective proteomics
- Trifunctional capture probes - Cell sorting (e.g. FACS, DVP)
(e.g. TRICEPS, HATRIC) - Metabolic labeling (CTAP, MetRS*)
- Proximity labeling - Proximity labeling

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 from*.

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
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lower-than-average correlation between mMRNA and protein abundances, making
transcriptomics approaches less reliable for predicting their presence*®®7®°, 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 surface®. CSChas been used to systematically map proteins on
the surface of many different cell types®, 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).
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 U, conformation, that may serve as highly specific targets for

chimeric antigen receptor (CAR)T cell immunotherapy®>9,

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

11



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 /n 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, FACSis 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 phenotypes®. 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 proteomics® 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)’. 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

level®s,

12



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 a/. used stable isotope labeling by amino acids in cell
culture (SILACY® to pre-label HEK293 cells engineered to express either the ephrin
receptor EphB2or its corresponding surface-bound ligand ephrin-B1, before allowing them
to interact for ten minutes in co-culture!®, 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 SILACin 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 vertebrae!®l. 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

periods®?, Tape et al. used CTAPto elucidate the propagation of oncogene-driven signals

13



across heterocellular systems, shedding light on reciprocal signaling processes between

cancer cells and surrounding stromal cells%,

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 a/ demonstrated a proof-of-concept and
successfully used CTAPto resolve cell type origins of proteins detected in supernatants
from two different cell types in co-culture!®. 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 substitute 1%, 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 dynamics!%4, BONCAT has proven
highly valuable for secretomics analyses. The specific enrichment of Aha-abeled proteins
facilitates comprehensive analyses of cell-secreted proteins in serum-containing culture
media, avoiding serum-starvation, which can rapidly affect cell phenotypes!®. 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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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 from 3,

developed and tested for cell-selective proteomics experiments, such as L-azidotyrosine
and L-azidophenylalanine with their corresponding aaRSs'%, the most widely adopted
methods are based on the incorporation of L-azidonorleucine (Anl) by a modified

methionyl-tRNA synthetase!®’ (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 methionyltRNA synthetase (MetRS). However,
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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 tRNAVe108 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 mice!°®1°, This suggests broad applicability

for both /n witro and /n 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 sort***, However, the proteome coverage achieved in
previously published MetRS*-based proteomics experiments falls short of that obtained
in standard proteomics studies using comparable instrumentation 1108110112114
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
Ahaincorporation by the endogenous MetRS'*°, and that MetRS*still activates Met around
four-fold faster than Anl'°®. 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
conditions 2. 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 content®1,
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, therei b w fbeeh 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 BiolD or TurbolD for
broad, cell-selective protein labeling and analyses!!®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 low611,
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 /n 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 diet?2°123,

1.1.5 Proteomics analysis of intercellular signaling protein
Interactions

After decoding the human genome®®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 interactomes 2> and evolved to proteome-wide investigations 12612, | arge-scale
studies leverage technical advances in high throughput PPI detection technologies, like
yeast two-hybrid (Y2H)!2>130 and affinity purification -mass spectrometry (AP-MS)31134,
and provide experimental evidence for tens to hundreds of thousands of PPls. The
continuous increase of cumulative knowledge on eukaryotic interactomes is cataloged
and curated in databases such as HPRD134,BioGRID135and MintAct 33,

Nonetheless, after more than two decades of research, our understanding of global,
proteome-scale PPI networks is still fragmented®®. Truly comprehensive PPl 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 interactions 34137,

PPlIs involving extracellular proteins and transmembrane signaling receptors are among
the most underrepresented interaction types in typical high throughput screens!®’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 methods4°. 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 form14%14! Therefore, biochemical high throughput
screens with receptor ectodomain libraries are used to systematically probe pairwise
interactions with extracellular proteins. Avidity-based extracellular interaction screens
(AVEXI9'*2 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 cells*3, and basigin as a receptor for PfRh5, a ligand expressed by
Plasmodium falciparum with essential function in erythrocyte invasion and pathogenesis
of malaria*. Similar methods identified interleukin-34 as a previously undescribed
extracellular signaling protein and new ligand for colony-stimulating factor 1 receptor4.
Other approaches utilize genetic screening methods such as CRISPR/Cas9
technology%¢147 to explore ligand-receptor interactions. Cell-based genome-scale studies
of dZzmpof d | o e phenotihes can identify receptors of ligands-of-interest and provide
additional information on essential proteins in pathways necessary for functional receptor

presentation at the cell surface4814°,

While such screening methods offer significant insights, the scale required is often
impractical and cost-prohibitive for research groups with more confined research
guestions. 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, TRICEPS**%! and HATRIC®?, 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 LRCmethods to capture even
low-affinity binding events. TRICEPSand HATRICsuccessfully identified novel cell surface
ligand-receptor interactions, such as tyrosine-protein kinase Mer (MERTK)as a contributor
to endothelial HDL binding®®3, and VISTA as an acidic pH-selective ligand for PSGL-11%4,
Limitations of TRICEPSand HATRICinclude 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
guantified 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 BiolD in 2012, employing a promiscuous
mutant of BirA (BirA*), a biotin ligase from Escherichia coli*>®. While the wild-type BirA
enzyme catalyzes the formation of highly reactive biotinoyl-6 -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. Dueto the low reaction rates of BirA* in standard cell
culture biotin concentrations **°, the BiolD method allows time-controlled PL through biotin
supplementation. Further enzyme development yielded important enhancements. For

example, the directed evolution of TurbolD*® markedly increased its catalytic efficiency,

19



reducing BiolD-typical labeling times from 16 hours and more®®’ to as brief as 10 minutes.
MiniTurbo is a more compact variant, decreasing the f o { z nsizé ftom 35 kDa to 28
kDa, which may reduce potential fusion artifacts that can affect function and protein
trafficking 6. While most BiolD and related PL-based studies were focused on intracellular

experiments, recent publications demonstrate the applicability to the cell surface 8162,
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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 BiolD, 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
microscopy 1%31%4, In the presence of H.0,, 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 proteins®. Similar to Cj pJE! t
advancements, subsequent directed evolution further improved APEX, leading to the
development of APEX2with significantly enhanced reaction kinetics, thermal stability, and
H.O; resistance'®. While cytotoxicity of H.O; limits peroxidase-based PL applications /i
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 BiolD-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 GPCRinteractomes following receptor
activation, including studies on the U- and €-opioid receptors!$417 angiotensin Il type 1

receptor, and G 3adrenoceptorc8,

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 -bridges'®®. 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)®°, selective proteomic proximity labeling
using tyramine (SPPLAT)?, and biotinylation by antibody recognition (BAR)’* are based
on PLthrough antibody-HRPconjugates. 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 receptor?’®,
as well as protein composition in plasma membrane microdomains like the axon initial
segment!’2, 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 constructs 1”3, This has enabled cell type-
selective and time -resolved surfaceome analyses in intact tissues, revealing, for example,
LRP1as a key regulator of neural circuit assembly in Drosophila'™, and a critical role of

Armh4 in Purkinje cell dendrite morphogenesis in mice!’.

The spatial range and resolution of PL methods are dependent on the half-life of the
emitted reactive species!’®!”’. In living cells, effective labeling radii of biotin ligase- and
peroxidase-based PL have been estimated to be in the tens of nanometers range!®78,
However, as probe half-lives are influenced by environmental factors, such as quencher
concentrations and macromolecular crowding!’®®, and other factors like tether lengths

play a role, estimates should not be generalized throughout biological compartments and
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contexts. At the cell surface, with fewer radical quenchers, experimentally determined
HRP labeling radii have been observed to exceed 200 nanometers!’”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 specificity 172. 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 receptors®*1%’. 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
proteins2, Under typical labeling conditions, singlet oxygen species produced by LUX-MS
have brief half-lives in the microsecond range!®, 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 HRPPL 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 proteins'®.
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 engagement*®2,

Even more precise cell surface labeling was achieved with MicroMap (¢ N b)gThee Nb g
workflow leverages the nanosecond lifespans of carbenes in water, which react rapidly
with biomolecules by insertion into C-H bonds84. 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 nm*&, making the € N b Igbeling radius
so small that it is primarily dictated by the tether-length”’. Applied to antibody-guided PL
at the living cell surface, € N b fgcilitates 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 € N b, tihe authors evaluated additional probe types
and developed new variants of € N b \gith intermediate labeling radii*’’, bridging the gap

to peroxidase PL.

1.2 Quantitative MS-based proteomics

Mass spectrometry (MS)is u p e Heading analytical method for systematic ally analyzing
complex protein mixtures. Key scientific achievements, including genome sequence
databases®%186:187 soft ionization methods for biological macromolecules 181% and
software for automated spectra interpretation 1% 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 spectral®4. Despite technical
advances that enhance the scalability of top-down proteomics %, its comparably low
throughput, proteome coverage, and sensitivity have predominantly limited its

applications to purified proteins or low complexity mixtures.

In bottom-up or dzt i p u proteonits, 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 informati on for many research
guestions. 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 facilitate s focused analyses of specific sub-

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

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 from %,
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1.2.1 Sample preparation for bottom-upfit i p u L@MIINS
analyses

Typical sources for samples in biomedical research range from purified proteins over
simple cell monolayers cultured /n 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 TCEPand 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 specificity 1°’. Tryptic peptides have an average length of 8.4
amino acids (/in silico digestion of the yeast proteome°®) 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 MS? spectra with high mass y-ion series!®719:200 | ys-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 coverage®!. 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 handling?2,

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, efficie nt
protein extraction, and comprehensive proteome coverage®*®2%, 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 possible2%. 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 localisation?®, find targets of drugs and drug candidates*’, 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 em
range) and low flow rates of a few hundred nl/min, which grants significantly improved
sensitivity and ionization efficiency compared to standard HPLC’. 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 quantification 208.20,

1.2.3 Electrospray ionization tandem mass spectrometry (ESF
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)!°, the closely
related soft laser desorption®®, and electrospray ionization (ESI)® overcame the
technical hurdles for soft ionization of large biomolecules. For their development, Koichi
Tanaka and John Fennwere 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 sbwavelength?'°. ES| 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 column?!, The high electric field induces the formation of a Taylor cone
at the tip of the needle?!?, and leads to the emission of finely dispersed and highly charged
droplets. Evaporation of solvent shrinks droplets and eventually yields desolvated analyte

ions?13,
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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
guadrupole-orbitrap hybrid mass spectrometer. Analytes are ionized by ESland enter the
instrument through the orifice of a heated ion transfer tube along a decreasing pressure
gradient. lons 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. lons 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 from 24,

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

specific m/z range to pass through?®. The currently most popular instruments for
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proteomics experiments use guadrupoles in conjunction with either Time-of-flight (TOF)
or Orbitrap?!® mass analyzers. TOFanalyzers 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 sensitivity 8-,

2T
ZT

H,N ‘H’ OH

) R O R

a1 b4 C dz b2 Cz ds bs Cs

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. lons 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 from?2*’.

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 spectrometer2!8-22°, 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 bonds?%. Fragmentation patterns of peptides depend on the chosen
method, with CIDand 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 second’®%:%, 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 peptides??2. Advanced approaches, for example, use realtime
calibration of masses and retention times to target thousands of peptides per run?>224 or
spike-in triggered acquisition combined with sample multiplexing ?°. 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.Surveyscan data
is processed in realtime 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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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 development??”. While initially
trailing the proteome coverage achieved by DDA??8, 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 quantification 19222230, 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 DDA,

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 calculatin g their site-specific
localization probabilities?®!. The most common approach for identifying peptides from
DDA data involves a spectrum-centric search, comparing measured precursor
fragmentation spectra against target fragmentation spectra databases®2%2, Such
databases typically contain all known or anticipated protein sequences expressed by the
organism under study. These are then digested and fragmented /n 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 thresholds?3. Many
proteomics software solutions implement machine learning algorithms for various
workflow functions to improve performance, including PSM scoring and FDR
estimation 193234235 various strategies for deconvoluting DIA fragmentation spectra have
been introduced, including algorithms that reconstruct DDAlike pseudo-spectra®,
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

silico 193,237-239

Similar to methods for data acquisition, there are several classes of proteomics
guantification strategies, each offering distinct advantages depending on the research
guestions 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. Labelfree 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 (SILACY® or dimethyl labeling?*°, produces distinct
precursor mass shifts that allow quantification of label ratios at MS1 level. Isobaric-
labeling methods like tandem mass tags (TMT)?*! or EASHag?*? 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 P d d b makzar?*?, aiming to identify the
minimal set of proteins that can account for all observed peptides?3. 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 FDRat the

protein level1244, 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 processes?32:245.246,
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2. Aims of the thesis

Technological progress has substantially enhanced the tools available for investigating
the molecular mechanisms of cell communic ation. 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:

MethionyltRNA 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, | increased labeled protein recovery, enrichment specificity, and proteome
coverage, substantially expanding the capabilities and scope of this method. Leveraging
these gains in sensitivity, | 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).

| 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 u p e bleading 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, | 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. | 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).

35



3. Publications and manuscripts

Article 1: Dissecting intercellular signaling with mass spectrometry -

based proteomics

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

Jonathan J. Swietlik'*, Ankit Sinha'?, Felix Meissner?

1 Experimental Systems Immunology Laboratory, Max-Planck Institute of Biochemistry, Martinsried, Germany
2 Institute of Translational Cancer Researchand Experimental Cancer Therapy, Klinikum Rechts der Isar, TU
Minchen, 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 | reviewed the current literature and

collaboratively authored the manuscript.
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Abstract
Physiological functions depand on a coordinated intarplay of
numerous different cell types. Proteins sens as major
signaling molecules between cells; however, their compre-
hensive investigation in physiclogically relevant settings has
remained challenging. Mass spectrometry (MS)-based
shotgun proteomics is emarging as a powerful technology for
the systematic analysis of protein-mediated interceliular
signaling and regulated post-translational modfications. Here,
we discuss recent advancements in cell biological, chemical,
and biochemical M3-based approaches for the profiling of
callular messangars released by sending cells, receptors
expressed on the cell suface, and their interactions. We
highlight methods tailored toward the mapping of dynamic
signal transduction mechanisms at cellular interfaces and ap-
proaches to dissect communication cell specifically in hetero-
cellular systems. Theraby, MS-based protecmics contributes a
unique systems biclogy perspective for the identification of
intercellular signaling pathways deregulated in disease.
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Introduction

Cells exchange informarion with neighboring cells and
the extracellular environment to coordinate physiolog-
ical processes ranging from rissue development to

protective immunicy. Intercellular communication relies
on various classes of biomolecules, with proteins playing
a major role in both transmission and reception of sig-
nals. Immune responses are a hallmark example in which
mortility, differentiation, and fare of numerous cell cypes
are cell non-aumnomously controlled by secreted pro-
teins such as cytokines as well as cell surface receprors.
As key determinants of complex multicellular behavior,
intercellular signaling proteins are the largest marget
group of Food and Drug Administration—approved drugs
[1.2]. Enowledge of the cell- and context-specific uri-
lization of intercellular messenger proteins therefore
does not only advance our understanding of merazoan
biology bur also enables the discovery of disease modi-
fving signaling pathwavs and rtargets for drog
development.

Secreted and cell surface proteins undergo multiple
processing steps determining their cellular localization,
structure, and activicy [3]. Different proteoforms (all
protein molecules arising from a single gene by generic
variation, splicing, and post-translarional modifications
{PTMs) [4]) can have distinct funcrions, exemplified by
the proteolyric inactivarion of CXCL10 or activarion of
IL-1B cyrokines as well as modified signaling of re-
ceprors such as the ErbB family of proteins through
PTMs such as glycosylation [5—7]. Therefore, direct
information ar the protein level is crucial for the
assessment of prowein-mediated intercellular signaling.
Anribody-based methods are widely used to quanrify
proteins, including enzyme-linked immunosorbent
assays, cytomerric bead arrays, as well as flow and mass
cyrometry. Although antibodies allow the quantification
of defined sets of proteins with high sensitivicy and
throughput, the availabilicy, cost, and varving specificicty
of antibodies limit their universal applicability and dis-
covery potential for systems-wide investigadons [4,8].

In recent years, MS-based proteomics has emerged as a
powerful technology for the unsupervised and compre-
hensive quantification of proteins. Modermn instruments,
workflows, and computational analysis platforms enable
the idendfication of thousands of proteins from a single
sample in less than an hour, providing the depth and
throughpur required for systems biology investigations
[9,10]. Accordingly, MS-based proteomics has signifi-
cantly influenced biomedical research by, for example,
characterizing proteome dynamics in physiological or
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pathological processes [11]. Owing to its ability w©
detect proreoforms, for example, covalently modified
amino acids within a protein’s sequence, MS-based
proteomics has also become a key discovery ool for
PTMs such as phosphorylation [12,13]. While MS-based
approaches to study incracellular signal rransduction
mechanisms have become streamlined and are widely
used, intercellular signaling has been less systemarically
studied because of various technical challenges. These
include the low concentration of secrered messengers in
typically protein-rich biclogical marrices, amphiphilic
properties of membrane proteins hampering efficient
exrraction, and frequently weak protein interactions ar
cellular interfaces.

Recently developed cellular, chemical, and biochemical
techniques now make mulriple facers of intercellular
signaling accessible to systems-level investigations by
proteomics. Here, we discuss recent and promising MS-
based shotgun proteomics strategies o profile sequen-
tial steps of intercellular signal rransduction, starting
from messaging endties (such as secreted proteins)
released by the source cells to receiving entities (such as
receprors present on the cell surface) of rarger cells. We
highlight how unique MS-based appmaches enable the
elucidarion of dynamic signal transduction mechanisms
ar the interface of communicaring cells and bidirectional
cell-specific  signaling in heterocellular  systems
(Figure 1).

Intercellular signaling proteins in the
extracellular space

The entdrery of secreted proreins (referred to as the
secrerome) of a single cell type often consists of hun-
dreds of messengers. Unsupervised and comprehensive
characterizarion of secreromes by MS can reveal the
complex dvnamics of signals thar are transmitted
neighboring or remore cells and enables the discovery of
key drivers for cell nonautonomous processes, as well as
marker proteins, for example, in cancer. Furthermore,
different proteoforms of secrered proteins can be
detected, frequently revealing distinet biological activ-
iries. However, many signaling proreins such as cyro-
kines fulfill cheir physiological function ar very low
concentratons (picogram/ml range). In primary body-
fluids or experimental i oifre systems with serum sup-
plements, the MS-based detection of secreted signaling
proteins is hampered by the presence of highly abun-
dant proteins of the biclogical matrix (such as albumin
with 35—50 mg/mL in serum), a limitation well known
as the dynamic range issue [14]. We highlight selecred
methods o study intercellular messengers in the
extracellular space that circumvent the dvnamic range
issue, summarized in Table 1.

Resource-intensive  biochemical  fractionarion ap-
proaches can improve the detecton of lower abundance

Proteomics of intercellular signals Swietlk et al. 21

proteins in a protein-rich biological marrix [15]. How-
ever, they are limited by low throughput and impractical
for resting multiple biological hypotheses. Instead, the
main strategy for comprehensive secretomics analyses
i oire relies on decreasing sample complexicy by
culturing cells for defined time periods in serum-free
media. Cell supernatants withour serum supplements
are harvested and directly processed for shorgun MS,
allowing high-throughput analyses of secretomes in
muliwell plate formars from only a few hundred thou-
sand cells and enabling the quandfication of sometimes
more than 50 cyrokines [ 16]. This sategy revealed, for
example, previously undescribed moles for MFAPS in
tongue squamous cell carcinoma, EPDRI1 as a novel
barokine, I1L-10 family members in anti-inflammarory
feedback loops, and TGF-f family ligands mediating
cellular senescence [17—20%].

Because serum depletion can alter cellular physiology,
serum-free secretomics experiments require careful
optimization of incubarion times andfor supplementa-
tion of defined growth facrors, hormones, and surfac-
rants to minimize starvaton artfaces [21]. In case serum
starvation is not an option, strategies based on metabolic
labeling of proteins with noncanonical, click chemistry
comparible amino acids provide promising alternatives.
In these experiments, for example, azidohomoalanine
{AHA) is added to serum-supple mented medium é oarm
and incorporated into nascent proteins as a methionine
surrogate. AHA-labeled secreted proteins can then be
enriched from serum-supplemented cell supernarants
using click chemistry. By this means, Eichelbaum er af
[22] demonsaed the derecrion of low abundant
secreted cyrokines and exrensive ectodomain shedding
in serum-containing media However, AHA labeling is
usually carried our under mechionine depletion w in-
crease incorporation efficiency into cellular proreins,
which may alter cellular physiology. Moreover, owing to
incomplete protein labeling and biochemical enrich-
ment, millions of cells are required as starting material
[23]. Hence, the most suitable strategy should be
thoroughly evaluared for each experimental model
system, with special regards o rtolerance for serum or
methionine depletion and cellular sardng marerial.

Mainraining high cell viability is crucial for secretomics
experiments, as distinguishing ‘truly’ secrered proteins
from proreins thar leaked from dying cells is challenging,
Most secrered proteins are processed through the ER—
Golgi—dependent secretory pathway, which enables
their prediction, for example, based on respective signal
sequences by compurational tools such as SignalP [24].
Although such strategies are often used as a fileer cri-
terion in secretome analyses [20], secretomics is
particularly powerful for the discovery of bona fide
intercellular signals released through unconventional
routes such as cyrokines similar to IL-1B, damage-
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22 Cell signalling

associated molecular paremns (such as HMGB1), or cell
surface receprors (e.g. IL-4Ra) by ectodomain shedding
[25.26]. Experimental and analyrical strategies, for
example, pharmacological or gencric perturbarion of
cellular protein release pathways and evaluarion of pro-
teins leaked from dying cells by osmoprotectants,

membrane stabilizing agents [27], or secretome to toral
proteome correlation further help to define high confi-
dence released proreins, as well as their cellular exit
roures [21]. A subgroup of unconventionally released
proteins is transported as cargo from the cyroplasm o
the extracellular compartment via excracellular vesicles

Figure 1

gicular protein
analysis

ye!

Cumant Opinios in Cell Bislogy

Overview of M5-based proteomics strategies for characterizing various facets of intercallular signaling. Intercellular signaling can be analyzed
using distinct callular and biochemical strategies. This includes the charaderizafion of (1) inBrcellul ar signaling protains in the exfracelular spacs, (2)
intarcalular signaling proteins at the call surfacsa, (3) signaling protain intaractions, and (4) intercallular signaling in hetarocalular sysems. (Cantear) For all
desoribad approachas, proteins ara analyzed by shotgun proteomics. Brsfly, profeins ane extractad from biclogical samplas and digastad into pepidas.
The pepflides are chromaiographically saparated basad on hydrophobicity and analyzed in the mass spectromstar, Paptide intensities and massas, as
wall a5 fragmentation patterns ars recordad, from which pepfide sequencas and post-ranslational modifications are deteminad. A deteiled descripfion of
tha lacats of proteomics workflows is reviewead alsewhare [78]. Modam MS chnology can detect stable and abundant post-trand afionally modified sies
of protains in standard shotgun proteomics expaimants [11,12]. Comprahansive PTM analysss, howewver, require spacializad workdflows o enrich speacific
profsins undar invastigation or low abundant and substoichiomeatnic protecforms such as glycosylaied or proohyiically procassad protaing or peptidas
[79,80]. PTM, post-trangafional modifications

Current Opinion in Cell Biclogy 2020, &3:20-30 www. sdencadirect com

39



L0 JOS IPEIUBEIS MMM

0£—02€9 '020€ ABormg 119D v vodQ JuBLND

Table 1

MS-based proteomic strategies for profiling

signaling proteins in the extracellular space.

Strategy Meathod Typically required cell numbars Sample preparafion Features and caveats Raferences
(2 reported in referancas) throughput (PMID)
Serumdres secretome  Serum deplation ~10f 1-2 day protoca, workflow - Requires optimizafion of medium 20177865
analysis highly parabelizable in supplemants and durafion o minimize
muktiwell farmat, affacts of sarum starvation
low handing ime ~Very high coverage of low abundance
signaling proteins
Mstabolic BONCAT ~107 34 day protocal with high - Requires optimizafion of pulse- 23000932
Iabsling—based (Bioarthogonal handing fima for Isbeling duration, AHA concantrafion 30816242
secretome analysis noncanonical amino concentrafion of call and methionina deplstion
acid tagging) supsmatanis, baad basad - High coverage of low abundance
enchment and extensive signaling proteins
washing protocol - Cell typa—specific analysis with
MetRS*-medisted ANL labeling
(26991063)
- Covers only proteins synihesized
within the labsling period
Vesicular protein Centrifugation-based Typically millions to hundreds of 2—3day protocol, dependingon - Requires sarum starvation or EV 30851670
analysis ennchment, millions, yiekds vary strongly  isolafion method, for depletad sarum 26184179
Immunoaffinity with cell type and isolafion example, long cantrifugaion - Assessmentof purityheterogenaity of
snrichment techniquas staps can mit froughput [EVs, for sxampis, by slacton

microscopy or nanoparticle tracking
analysis

- Affinity enrichment requires priar
knowiedge of spacific EV subtyps
markers

EV, extracellular vesicle; AHA, azidoh

ANL, Azidonorieucin
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24 Cell signalling

(EVs). EVs can be enriched specifically from cellular
supernatants or primary bodyfluids by centrifugaron or
affinity purification, reviewed elsewhere [28,29]. Pro-
teomic analysis of umor-derived EVs revealed the as-
sociation of exosomal integrin parterns with merastaric
tropism to specific organs or annexin A6 as a porencial
promemstatic regulator during chemotherapy [30.31].

Intercellular signaling proteins on the cell
surface

Plasma membranc—associated proteins acr both as li-
gands and receprors for intercellular signal rransducron.
Thus, the protein composidon of the cellular surface
controls messages ransmimed via direcr cell—cell con-
tacts and defines which signals can be received by the
cell. Plasma membrane proteins have relarively low
abundance in the cellular proreome and their amphiphilic
narure complicares efficient excraction and solubilization
[3Z]. For this reason, specialized enrichment scrategies
have been developed to facilitate the comprehensive
analysis of cell surface proteins by MS-based proteomics,
reviewed comprehensively elsewhere [33,34]. Here, we
highlight selected methods, summarized in Table 2.

Cenrrifugation-based methods are commonly used for
subcellular fractionaton and isolation of plasma mem-
brane proteins. These methods, however, rypically
suffer from contamination through coisolation of pro-
teins from other compartments [33]. Hence, modern
variants assign proteins to all major subcellular com-
partments including the plasma membrane by their
distriburion across different cencrifugarion fractions and
thereby facilitate quantitative subcellular mapping of
the proteome [35,36].

As most cell surface—associated proteins are glycosy-
lated, glycans can be rargered for affinity-based or
chemoselective enrichment [37]. For example, lectins
bind glycans and enable the purification and detecton
of cell surface proteins with simple and high throughput
compatible workflows [38]. Alternarively, glvcans are
mildly oxidized to form aldehydes, which are enriched
by covalent caprure on a solid phase using hydrazone or
oxime ligation [ 39—41]. Using this strategy, Coggerer al
[42] identified novel cell surface marker proteins for
pancreatic progenitor cells differentiated from human
pluripotent stem cells. As these methods also enrich
intracellular ghycosylated proteins, Wollscheid er 2l [41]
advanced this principle by developing a cell surface
capruring technology with exclusive specificity for sur-
face glycoproteins. Here, glycomoieries are oxidized on
intact cells and subsequently modified wicth affinicy
probes, preventing intracellular glycoproteins  from
being caprured. This cell surface capruring rechnology
was used o esmblish a cell surface arlas of 41 human and
31 mouse cell lines comprising 1492 human and 1296
mouse cell surface proteins [43].

Proximicy labeling techniques such as APEX [44] and
BiolD» [45], which have been very successfully applied
for the investigadon of intracellular protein interactions
and mapping of proteins in defined intracellular com-
partments [46], are now emerging as powerful tools to
characterize cellular surfaces. In these approaches,
proteins are tagged with enzymes that label interacting
and neighboring proteins with reactive affinity probes
within a short radius. Target proteins can be ragged by
genetic fusion or antibody-horseradish peroxidase con-
jugares [47, 48, 49] to identify funcrional surface protein
chusters or to generate proteomic proximicy maps of the
cell, including rhe plasma membrane [50]. Recently,
Loh et af [51*%] used plasma membrane—horseradish
peroxidase fusion proteins in combinatdon with a novel
non-membrane permeable affinicy probe for exclusive
labeling of cell surface proteins on the excracellular side
of the membrane. This enabled the profiling of specific
synaptic cleft types of primary neurons revealing novel
synaptic proteins. Li ef @l [52%%] exwended rhis highly
enabling approach for the temporally resolved and cell
type—specific mapping of the cell surface proteome of a
Drasapdilz neuron subtype & oivo.

Signaling protein interactions at the cell
surface

Enowledge of biochemical interactions berween soluble
or membrane-bound signaling proteins and surface re-
ceptors is a prerequisite to elucidare signaling pathways
berween cells. As surface receprors often engage in
transient binding events and usually require their
physiological membrane environment for full biological
activity, interactions on the cell surface are under-
represented in most conventional protein—protein
interaction studies [53,54]. Accompanied by advance-
ments in high-through pur screening approaches, such as
large-scale screens with reverse transfection microarray
technology or genome-scale CRISPR knockour screens
as reviewed elsewhere [55], recendy developed MS-
based proteomics methods facilitate the systemaric
investigation of extracellular protein interactions. We
highlight selected methods, summarized in Table 3

A specialized family of proteomics methods provides an
casily applicable, yet highly efficient procedure for the
rargeted identification of surface receptrors thar recog-
nize a given soluble or membrane-bound ligand under
near physiological conditions. First, ligands are mgged
with specially designed trifuncrional caprure molecules.
Guided by the ligand, the capure molecules covalenthy
bind o rarget receptors on the surface of living cells and
provide a handle for subsequent enrichment and iden-
tification by MS. This strategy was originally introduced
with TRICEPS, a trifunctional molecule thar uses the
aforementioned surface glycan oxidarion and hydazone
ligation reacrion for capruring the recepmr [36].
Soborzki er @f [57%%] recently developed HATRIC, a
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Table 2
MS-based proteomic strategies for profiling signaling p on the cell surface.
Strategy Method Scops Typically required Enrichment Featuras References
call numbars principle and caveats (PMID)
(as reported in
referances)

Cantrifugatior- Dynamic Organeliar Global mapping -10"-10° Saquential - Computafionsl 2BE03049
basad Maps, LOPIT-DC of profains ultracantrifugation assignment of prolsins 306501492
cell {localization of to subcalular of cell lysates far to subeeular locations
fractionation anganalie compartmants crude enrchmeant including the plasma

prateins by af subcaliular meambrane according
isotopa tagging fractions to fractionation profiles
after differeniial - All major celular
ultracentrifugafion) compartmants

analyzad simultanacusly

Glycan-hased Leciinbased Gilobal ~10° {ar - 100 pg Leciin-mediated - Analysis based on 20510833
enrichmant of anrichmeant glycoprotein digesiad paptidas) capturs of PNGassF sluted farmerly
call surface characterization diycopepfides N-giycosylated peptides
protsins from trypsin - High throughput

digesied cell compatible warkflow
lysatas ar = No discrimination
bodyfluids between intemal or
surface glycoproteins
- Polential bias
from binding
selactivifies of lactins
SPEG (sofid phase Gildbal -10" Owidation of glycans - Analysis based on 12754519
axtraction glycoprotsin in lysates ar PNGasaF aluted 174065594
of ghycopeptides) charactarization bodyfluids and formerly N-glycosylated
anrichment 5
of oxidized - Mo discrimination
glycoproteins between iniemal or surface
by hydrazide- ghycoproteins
darivatized resins
CSC (call Call surface -10P Orxidation of - Analysis based on 19340873
surface glycoproisin glycans on PNGassF ehuted
capture) characterization the surface formerly N-glycosylated
of intact cells peptides of cell surface
and derivatisation of protins
wddizad glycoproteins with hydrazide - Very high specificity,
anrichment probes almost exclusive identificaf
of bona fide
membrane proteins
(continued on next pags)
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Table 2. (continved)
Strategy Method Scope Typically required Enrichment Featuras Refarances
cdll numbars principle and caveats (PMID)
{as reported in
referances)
Proxdimity HRP fusion Characierization of 107 Gengfic fusion of HRP - Demonstraied 27565350
labaling protein-madisted colocalized surface 0 extracal lular terminus to be applicable
prosimity labaling protains and of bait membrans for giobal surface
interaciors proteins; labeling of proteome aor funciional
naighbaoring proteing meambrana
with affinity probes subdomain characierizafion
activaied by - Enables coll type—specific
HRP in prasence of HxO5 analysis in vive
= Mambrana impam aable
affinity probe decreases
background
- Shart labsling
duration (1 min) provides
high temparal resolution
HRP anfibody— Characirization of 107 Targsting of bait - Depends on 25829300
madiated colocalized surface mambrane proteins wilh avallability and specificity of 22106087
praximity proteins and anfibody HRP conjugates; primary antibody 20256404
labaling interaciors labsling of neighboring - Applicabls for fixad fissuss
proteins with affinity probes or lving cells
activated by HRP in - Shart labsling
prasance of HuOp duration (minuiss) providas
high temparal resolution
PUP4T Characirization of -10"-108 Ganafic fusion - Very small labsling 30104635
(pupylation-based colocalized surface of PafA o radius, since aclvated
intaraction tagging) proteins and bait membrana PUF doas
inferacions proteins; not diffuse from
coaxprassion the enzyme
with bio-PUP(E), - Requires long
asmall, labeling
biotinylated durations (=24 k)
protein that
can be igatad by
PafA to lysine
residue of
naarby proteins

HRAP, horseradish peroxidase,
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Table 3

MS-based proteomic strategies for ligand-guided receptor capture.

Stratagy Method Typically required call Enrichment principle Faaturas and ats (PMID)
numbers (as reported in
refarencas)
Trifunctional capture TRICEPS -5 x 107 NHS-medaied tagging of fgand - Gapture reacfion at pH 6.5, which 22083091
molacules with TRICEPS, oxidation of can raducs ligand—recaptor affinity
prasent he surface - Peptide-cantric warkflow
of target calls and igand- (quantificafion exclusively basad
guided caplure of targat on glycosylated prey pepfide)
recepiors by hydrazone
ligation
HATRIC -5_20 % 10° racommandad, NHS-madiated tagging of igand - Capture reaction at physiological 20666374
but down i 1 million calls with HATRIC, oxidation of pH
giycans presant he surface - Proigin-cantric workflow
of target cells and Bgand- (quantificafion based on whole pray
guidad caplure of targat protein)
recepions by catalyzed - Click chemistry enrichment
hydrazone Rgafion prevents straptavidin paptide
contaminafion upon on bead
digesiion
Photoaffinity ~10° NHS-medated Bgging of igand - Glycan independent capture 30514721
probas with trifunctional photoatfinity - High numbsr of potertial side
probe, kgand-guided reactions, for example, self-
diaziine-madiated capture of reaction of tha probs —ligand com-
target receptars on calls upon plex that can reduce sansifivity

iradiation with LV light
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28 Cell signalling

refined version of the workflow and caprure molecule
with broader applicability and increased sensitivity
Since TRICEPS and HATRIC require the presence and
accessibility of oxidized glycans on rtarger receprors,
glycan-independent  caprure molecules based on
photochemical cross-linking have been developed.
However, their applicability and discovery potential is
not well explored ver [58].

Alternadvely, proximiry labeling methods introduced
previously show grear porential for detecring transient
and weak inweractions on the cell surface and can also be
applied for the identification of extracellular ligand—
receptor interactions. This was demonstrated, for
example, by Liu er &l [59%], who showed specific 1L2-
based proximicy labeling of ILZR with pupylation-
based interaction tagging, a novel apprach based on a
bacterial ubiquitinadon-like system. Proximity labeling
concepts open exciting avenues for investigations of
intercellular signal propagarion by the characrerizaron
of dynamic recepror signaling complex compositions in
physiologically relevant semings [60].

Communicating cells are often inferred & séfoo from the
cell type—specific usage of respecrve soluble or
membrane-bound ligands or receprors. Although mass
cytomerry and RNA sequencing studies esablish inter-
cellular communication networks ar the single-cell level,
for example, of tssue resident cells [61—64], MS-based
strategies provide comprehensive and protein-based
intercellular signaling nerworks of cell popularions. The
larter is exemplified by Rieckmann & al [65%] who
revealed undersmudied signaling proteins and channels
berween immune cells. Dara gained from comprehensive
proteomic mapping of intercellular protein interactions as
described above will provide in si evidences on physi-
ological or pathophysiological communicadon channels
berween cell ypes. To add spadal resolution, for example,
in tissue microenviron ments, laser caprure dissecred cells
in tissues can be profiled by proteomics [66].

Intercellular signaling in heterocellular
systems

Intercellular signaling is often highly interactive, with
cells reciprocally regulating each other’s phenotypes in
hererocellular systems. As most techniques cannot
resolve cell type—specific signals in cellular mixrures,
these aspects of intercellular signaling are often disre-
garded, despite their importance [67]. MS-based ap-
proaches are pamicularly powerful w deconvolure
interdependencies of cellular phenotypes by merabolic
‘barcoding’ of proteins from distinct cells with stable
isotopes [68]. This is demonstrared, for example, by
Jergensen er af [69] who show thar EphR—ephrin
signaling murually alters cellular physiology of directly
interacting cells. A variarion of this concept enables the
analysis of prorein transfer berween cells by trans-stable

isotope labeling with amino acids in cell culmre
(SILAC) [70]. Cell type—specific labeling with amino
acid precursors (CTAP) expands rthis concept o
continuous coculture experiments by the cell ype—
specific expression of enzymes thar facilitare isotopic
‘barcoding’ of proweomes [71,72]. Using CTAP, Tape
et al. [73] showed the reciprocal signaling berween
cancer cells and fibroblases. Moreover, engineered tRINA
Ssynthetases allow cell tvpe—specific incorporation of
click chemistry compartible noncanonical amino acids
[74] enabling cell type—specific proteome enrichments
and analyses i wice. By this means, Alvarez-Castelao
et al. [75**] idendfied differendal regulation of more
than 200 proteins in hippocampal excitatory neurons.

Outlook

MS-based proteomics provides powerful discovery tools
for all levels of intercellular signaling. It enables the
characrerization of cell and contexr-specific secretory
programs, identification of unexplored excracellular pro-
tein funcrions, for example, of damage-associated mo-
lecular parrerns or moonlighting proteins, as well as their
corresponding receprors or receptor-associated proteins.
In addirtion, it provides the unique advanmage o detect
proteoforms and specific extracellular PTMs. Novel de-
velopments enable the spatial and dynamic # 28 prote-
ome mapping of signaling complexes in membranes and
at cellular interfaces between neighboring cells. In com-
bination with methods that allow cell tvpe—resolved
proteomic analysis in hererocellular mixmres, key regu-
larory processes in the exrracellular space can be studied
in physiological relevant systems such as organoids or, for
example, in rissue microenvionments # oiw. Like
single-cell sequencing methods resolve intrarissue het-
erogeneity on the nucleic acid level, anticipared MS
technology developments will enable the analvses of
intercellular signaling between rare primary cell types or
even ar the singlecell level in the furre [76,77].
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Article 2: Cell-selective proteomics segregates pancreatic cancer

subtypes by extracellular proteins in tumors and circulation
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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
dzd md idfl n j tChesnicdl}rotein 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

48



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{abeling 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 /n 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 /n 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 Saurgroup at the translaTUM in Munich to explore how interactions
between cancer cells and stromal cells shape pancreatic ductal adenocarcinoma (PDAC)
phenotypes. Historically, studies of PDAChave 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 PDACsubtypes. Recently,the
Saur group has revealed a critical role of mutant KRAS allelic imbalance in driving the
mesenchymal PDAC subtype?¥’, characterized by a unigue stromal composition 248,
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.Weidentified 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 development?*°251, Qur 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 u f d i o p popential for
studying cell communication across large distances, as well as for identifying disease

biomarkers and novel therapeutic targets.
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¥ Check for updates Cell-selective proteomics is a powerful emerging concept to study hetero-

cellular processes in tissues. However, its high potential to identify non-cell-
autonomous disease mechanisms and biomarkers has been hindered by low
proteome coverage. Here, we address this limitation and devise a compre-
hensive azidonorleucine labeling, click chemistry enrichment, and mass
spectrometry-based proteomics and secretomics strategy to dissect aberrant
signals in pancreatic ductal adenocarcinoma (PDAC). Our in-depth co-culture
and in vivo analyses cover more than 10,000 cancer cell-derived proteins and
reveal systematic differences between molecular PDAC subtypes. Secreted
proteins, such as chemokines and EMT-promoting matrisome proteins, asso-
ciated with distinct macrophage polarization and tumor stromal composition,
differentiate classical and mesenchymal PDAC. Intriguingly, more than 1,600
cancer cell-derived proteins including cytokines and pre-metastatic niche
formation-associated factors in mouse serum reflect tumor activity in circu
lation. Our findings highlight how cell-selective proteomics can accelerate the
discovery of diagnostic markers and therapeutic targets in cancer.

Cells in muldcellular organisms adapt their phenotypes and function
by crosstalk with other cell types. Short- and long-ranged intercellular
signals are an integral part of organismal homeostasis and, when
altered, drive the pathogenesis of diverse diseases. For example, in
cancer, vivid interactions between transformed cells and non-
transformed stromal cells promaote or inhibit wmor development,
metastasis, and the efficacy of drugs.

A rising incidence and high lethality make pancreatic ductal ade-
nocarcinoma (PDAC) one of the leading causes of cancer-related

deaths'. Since PDAC is typically discovered in advanced stages and
refractory o most treatment modalities, there is a pressing need for
more effecdve therapy and biomarkers that allow early detection.
However, hallmark features of PDAC, such as a dense and fibrotic
SCroma, an immunosup pressive wmar microemvironment (TME), and
often low neoplastic cellularity, exacerbate its molecular character-
ization and therapy development™, Based on the transcriptional pro-
file and pathological features, PDAC is stratified into two major
molecular subtypes®, Classical PDAC is characterized by a well-
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differentdated histopathology and epithelial gene expression sig-
nature. In contrast, mesenchymal (basal-like) PDAC shows an undif-
ferentiated, non-glandular histology, a mesenchymal gene expression
profile, and is associated with a poor prognosis and high resistance to
standard-of-care chemotherapy compared to the classical subtype™?.,
Despite the substantal clinicopathological differences between the
two PDAC subtypes, the underlying differences in the intercellular
signaling of cancer cells with their TME have not been studied sys-
tematically so far,

Important insights into tumaor cell compositdon and phenotype
have been gained by systems-wide ranscriptional approaches. How-
ever, the correlation between mENA and protein copy numbers can
vary widely'™, especially for proteins with roles in intercellular

comprehensive quantitative protein analyses can provide unigue
perspectives on the context-dependent crosstalk of cancer cells with
their microenvironment', Mass spectrometry (MS)-based proteomics
is today’s gold standard for high throughput protein analysis and has
significantly improved our understanding of cancer pathogenesis™ ',
The combination of proteomics with cell-selective metabolic protein
labeling strategies promises m resolve context-dependent cell beha-
vior and interaction in complex heterocellular systems like tumors.
One of the emerging methods uses the specially engineered
methiony-tRNA-synthetase™™* (MetRS*), which enables the time-
controlled and cell-specific intreduction of the non-canonical amino
acid azidonorleucine (Anl) into proteomes™ ™. Azide-alkyne click
chemistry allows the subsequent extraction of MetRS*-expressing cell-

crosstalk'’>®, Therefore, systems-wide and unbiased took for derived proteins from cell mixtures. Successful application in living
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Fig. 1| A sensitive workflow for comprehensive cell type-selective proteomics
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tRMA symthetase™ = { MetRS*) activates azidonorieucine (Anl) by loading it onto
methionyht BN As. MethS*expressing cells incorporate Anl as a methionine sub-
stitwte into newly synthesized proteins. Lentivirally transduced primary MetRS*
expressing or wild-type (Ctrl) PDAC cells isolated from mouse tumors with a con-
ditional pancreatic expression of Kras™ were grown for 8 h in Met-depleted
medium supplemented with 4mM Anl. 1= 307 Met BS* and Ctrl cells were processed
by DST enrichment, DBCO enrichment, and our improved alkyne-aganose CuAAC
enrichment protocols (r= 3, workfiow replicates). b Peptide vields (mean + 50)
determined by absorbance at 280 nm after enrichment, digestion, and solid phase
peptide extraction. ¢ ldentified protein groups (mean + 500 after MSbased analysis
using 2h chromatographic gadient length and data-dependent acquisition (DDA
d Imtensity ratics of proteins identified in MetRE and Ctrl samples. Counts of
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overlapping identifications with ratios are indicated. e Specifically enriched protein
groups {exclusive or>3fold higher intensity compared to Ctl samples) i dentified
after alkyne-agarose enrichment and single run DDA DDA analysis of 16 fractions
separated by offline high-pH reverse phase chromatography. or single run data-
independent acquisition (DIA) (mean + S0, fractionation n = 1, single shots n= 3,
waorkflow replicates). The latter was used for all further experiments. fScheme of
cell-selective secretomics workflow: MetRS* and Ctr 8661 FDAC cellswere cul tured
fior & hin 5% FBS containing Met-depleted medium with 4mM Anl (r = 3, workflow
replicates). Met RS*epressing cell-derived Anl-proteins were enriched From cell
supernatants after buffer exchange and concentration. g Specifically-enriched
PDAC cell-released proteins ranked by label-free quantification (LFC) intensity.
Proteins with cytokine function areindicated. Source data are provided asa Source
Data file.

MNatune Communications | (2023142642

52



Article

hitps://dol.org/10.1038/s41467-023-381 718

animals provided evidence for broad dssue compathbiliny® and
revealed, for example, differentdal expression of 200 proteins in hip-
pocampal excitatory neurons in mice exposed to an enriched
environment™. In contrast @ cell-sorting-based straegies such as
FACS or MACS, intact tissues are snap-frozen directy after harvesting
and subsequently lysed without cell dissociation. This effectively
avoids cell-damage-related losses, selecton bias for more robust cell
populations, and potential protein expression or modification state
artifacts by stresses and environmental changes during the enzymatic
and mechanical treamment necessary to extract cells from tissues™ ™,
However, the achieved proteome coverage hasgenerally been low, and
even the deepest studies remained under 4000 specifically enriched
proteins™®, leaving open the feasibility of comprehensive Anl
enrichment-based proteomics analysis.

Here, we developed an improved workflow that enables an
unprecedented proteomics depth for cell type-specific cellular pro-
teome and secretome profiling in viro and in vivo. This vastly
increased the detection capacity of often low abundant intercellular
signaling proteins such as secreted cytokines or receptors and there-
fore raised the potential for MetRS*/ Anl-based cellular communica-
tion analyses, We applied our approaches in the context of primary
PDAC co-culture and orthotopic transplantation models and demon-
strated unigue advantages in capturing extracellular proteins com-
pared o conventional cell sorting-based proteomics. We used the
strength of our comprehensive cell-type specific proteomics workflow
to reveal functional differences between classical and mesenchymal
PDAC subtypes in tumors and circulation, such as context-specific
secretion of cancer cell-derived EMT-promoting molecules and
immunomodulators that correlated with differential immune cell
recruitment in vivo, as well as distinct gualitative and guanticatve
contributions of cancer cell-derived proteins to the tumor extra-
cellular matrix (ECM).

Results

An improved workflow enables highly efficient and specific cell-
selective enrichment of proteins

Conceptually, methionyl-tRNA synthetase™™ (MetRS")-based azido-
norleucine (Anl) labeling offers unigue possibilities for analyzing
intercellular interactions in complex heterocellular systems, Howewver,
the achieved proteomic depth in our initial experiments and pre-
viously published MetRS*based swdies did not exceed 4000
proteins™= and was therefore significantly lower than state-of-the-art
with modern mass spectrometers and software®, limiting the dis-
covery potential. Hence, we set out to identfy and overcome technical
bottlenecks.

We first evaluated the Ankincorportion rates of MetRS*expres-
sing cells in viro by conventional MS-based shotgun proteomics with-
out specific enrichment. Quantifying Anl-containing peptdes compared
to their unmodified counterparts showed that Anl incorporation was
indeed highly specific to MetRS*-expressing cells but much slower than
the ncorporation of methionine (L-methionine-methyl-"C.dy) or the
MetRS*-independent Metsubstitute azidohomoalanine (Aha) (Supple-
mentary Fig. 1a, b). Furthermore, Anl labeling is strongly dosage-
dependent and reduced with methionine competition, as shown in
previows studies™™, We reasoned that the Ankprotein abundance
would be very low in most applications, especially in vivo, considering
often pronounced cell type heterogeneity and limited Anl bicavailabilicy
in tissues. Consequenty, the demands for both recovery and specificity
of the enrichment workflow are very high when aiming for deep pro-
teomics analyses. We chose a straightforward copper(l)-catalyzed azide-
alkyne cycloaddition (CuAAC) and alkyne agarose-based strategy for
scalability and high reaction rates™ as the basis for protocol optimiza-
tion. We individually evaluated key experimental steps to improve
protein extraction from tissue and click chemistry efficiency by sys-
tematic implementation of previous findings™* and empirical testing of

reactant ratos, buffer components, and new reagents, including next-
generation Cuil)-stabilizing agents™.,

A direct comparison of our improved alkyne-agarose CuAAC
protocol with frequendy used dibenzocychoctyne (DBCO) resin- and
cleavable disulfide biotin alkyne-tag (DST)-based procedures (Fig. la)
demonstrated substantial advantages: Using MetRS"-expressing and
negatve control wild-type primary PDAC cells that were both incu-
bated in Anl-containing media, our protocol showed minimal unspe-
cific background and a drastically increased yield of specifically
enriched peptides (Fig. 1b). This advantage translated well into the MS
analysis: While DST-based enrichment provided good specificity but
reduced overall coverage, DBCO-based enrichment led to many iden-
tifications in both MetRS* and negative control samples, concordant
with higher side reactivity of strained alkynes™ In contrast, our
protocol yielded deep proteome coverage but with the fewest identi-
fications in negative controls (Fig. 1c). The technical reproducibility
was equal o or better than altermative protocols, with B4% of all
MethRS* sample identifications quantified in all three replicates and a
median precursor coefficient of variadon (CV)of11.5% (Supplementary
Fig. 2a, b). Importantly, low overlap and high-intensity differences of
proteins identified in both MetRS" samples and controls demonstrated
very low background interference from unspecific enrichment with
our workflow (Fig. 1d). We defined proteins as specifically enriched if
they were exclusively identified in MetRS® samples or quantfied with
at least threefold higher intensity than in negative controls and
excluded all other proteins from further analysis, as described by
Alvarez-Castelao et al.™¥, Accordingly, our workflow identified a total
of 6576 specifically enriched protein groups (compared to 4416 and
4736 with DST- or DBECO-based enrichment, respectively), including
almost all proteins covered with both other methods together plus
1039 exclusive identifications (Supplementary Fig. 3).

To optimize deep proteomics investigations, we combined our
workflow with offline high pH reverse phase fractionation of peptides
after enrichment and digestion, resulting in the identificadon of 10146
specifically enriched protein groups, demonstrating exceptional pro-
teome coverage (Fig. le). Furthermore, using a data-independent
acquisition (DIA) method, we achieved anaverage of 8770 specifically
enriched protein groups per sample in 2-h runs without fractionation,
The use of DIA also improved data completeness between replicates
and decreased precursor CvVscompared w data-dependent acquisition
(DDA} {Supplementary Fig. 2c,d).

To further evaluate the technical reproducibility of our enrich-
ment, we repeated the experiment with ten negative control replicates,
confirming the previously observed high signal-to-noise ratio between
specifically enriched proteins and unspecific background (Supple-
mentary Fig. 4a, c). While the very low signal intensity in negative
controk caused more stochastic identifications than in MetRS* sam-
ples (Supplementary Fig. 4b), results remained very consistent when
control samples were divided inte groups of three and used separately
to evaluate background interference in MetRS* samples (Supplemen-
tary Fig. 4c). Thevastmajority ofproteins with sparse identifications in
controls had high ratios far above our chosen specificity cutoff (Sup-
plementary Fig. 4d). Conversely, the majority of proteins with lower
MetRS*/Ctrl rados had very high data completeness. Thus, not only
were there a very limited number of proteins with higher background
interference overall, but the controls were also effective in capturing
most of these proteins consistendy.

We applied the described filtering strategy to all subseguent
MethS* experiments in this stwdy, using at leastthree experiments with
wild-type cells as negative controls for corresponding MetRS® sample
groups to define specifically enriched proteins and ensure high con-
fidence in cell selecdvity. To enable both very deep and MS time-
efficient analysis with high throughput for larger-scale experiments,
we used our enrichment workflow together with DIA single-shot
analyses,
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Fig. 2 | MetRS* and FACS-based cancer cell selective proteomics in vivo,
aScheme of PDAC transplantation for cell-selective proteomics: MetRS*eGFP
expressing $661 PDAC (>90% eGFP-positive cells before transplantation, see Sup-
plementary Fig. 5a) and wild-type (Ctri) cells were orthotopically transplanted into
Fully immunocompetent syngeneic mice (r = 3, biological replicates). Aftera

16 days tumor growth perod, mice were interperitoneally injected with Anl twice
daily for 5 days. Afterward, tumaors were harvested and cut in half. One half was
snap-frozen for subsequent dick chemistry enrichment, the other half was used

fresh for cell dissociation and eGFP-FACS b Peptide yields (mean + D) determined
by absarbance at 280 nm. ¢ Exclusively identified and overlap of (specifically
enriched) cancer cell-derived protein groups with either method. d Distrbution of
precursor coefficient s ofvaration (Cvs) between biological replicates. e Anahsisof
enriched GO annotations (Fisher's exact test) within exclusively identified proteins
with either method compared to 2l other identified proteins (full list in Supple
mentary Data 4). Source dataare provided as a Source Data file

Comprehensive cell-selective secretomics analysis in serum-
containing media

Encouraged by the strongly increased specific peptide recovery, we next
aimed to adapt our methods for investigations of intercellular signaling,
specifically for the comprehensive analysis of secreted proteins. Pre-
viously, non-cell-selective incorporation of azide amino acids has
improved the detection of comparably low abundant secreted cellular
proteins in the presence of highly abundant serum proteins in serum-
containing condidoned media®, MetRS*based Anl-labeling could
expand this concept for cell-selective analyses in heterocellular systems
such as co-culture experiments. To establish proofofconcept for in-
depth secretomics with our enrichment protocol, we analyzed super-
natants of primary PDAC cells inthe presence of 5% serum (Fig. 1f). This
yielded deep coverage of PDAC cellreleased proteins, with a total of
2229 specifically enriched protein groups and 788 protein groups
annotated with UniProtkB Keywords “secreted” andfor “signal” OF
those, 103 protein groups are known ligands for intercellular commu-
nication according © CellPhoneDB™, including 46 with described
cytokine function (Fig. ig). Despite their often small size and low
abundance, 83 (B1%) and 4 (8%%) of the detected intercellular signaling
proteins and cytokines were identified with at least two peptides.

Increased yields and extracellular protein coverage of MetRS*-
based cell-selective proteomics compared to FACS in vivo

A key feawre of MetRS™-based Anl labeling & its applicability in living
animals. As shown previously in Falcomatd and Birchel et al.®, we
modeled molecular PDAC subtypes in vivo by orthotopic transplan-
tation of primary low-passaged cancer cells in the pancreas of fully
immunocompetent syngeneic mice. We evaluated our enrichment
workflow with tissue samples from this model by directly comparing
Anl-based enrichments with conventional fluorescence-activated cell
sorting (FACS) from MetRS* and eGFP co-expressing cells. After cell

injection and an initial tumor growth period, we supplemented Anl by
intraperitoneal injection and then used one-half of each tumor for Anl-
enrichment or FACS (Fig. 2a). In total, 13-17% of the dissociated celk
were cancer cells, as indicated by eGFP-fluorescence (Supplemen-
tary Fig. 5).

Peptide yields revealed striking differences with an over 50-fold
higher average recovery of cancer cell-derived proteins by click
chemistry enrichment compared to FACS, indicating significant cell
losses during the dissociation and sorting procedure (Fig. 2b). How-
ever, both methods yielded a sufficient peptide amount for single-shot
proteomics analyses with modern MS instrumentation. Both methods
resulted in more than 8100 protein groups, with a lower median
coefficient of variation between replicates for Anl-enrichment sam-
ples, indicating better quantitative precision (Fig. 2c, d). While around
70% of the identified protein groups overlapped between both FACS
and Anl-enrichment-based analysis (Fig. 2c), exclusive identifications
with each method revealed distinct strengths. Flow cytometry-sorted
samples showed, for example, enrichment of ransmembrane pro-
teins, likely facilitated by srong fonic detergenthased lysis, which
enhances transmembrane protein extraction and digestion**** but can
interfere with CudAC reacdons™. Conversely, cell-selective labeling
captured proteins released by cells, such as ECM components and
cytokines, specifically well (Fig. 2e). We primarily attribute this to the
enrichment of proteins from the interstitial space in tumaors, which are
accessible for MetRS*-based cell-selective proteomics but lost in
tissue-dissociation and sorting-based protocols.

Co-culture promotes inflammatory responses of PDAC cells and
polarization of primary macrophages

After closing the gap to state-ofthe-art proteomics performance and
extending Anl labeling applications to in-depth cell-selective secre-
tomics, we applied our toolkit to study pancreatic cancer biology. Both
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Fig. 3 | Co-culture of cancer cells with primary macrophages induces bidirec:
tional adaptions. a Scheme of FDAC and primary macrophage cells in co-culture.
Wild-type (WT) ar MetRS*expressing mesenchymal (8513 and 2091 or classical
(5442 and 8661) PDAC cells and BMMs were cultured in isolation or co-culture for
36 h with Anl labeling during the last 8 h (n= 3, workflow replicates). Asterisks

indicate MetRS* expression. b-e Strongly enriched gene ontology(GO) terms and
UniProtkB keywonds in upregulated proteins after FDAC=EBEMM co-culure com-
pared to each cell type in isclation (two-sided 10 anno tation enrchment’™ (Full list
in Supplementary Data 4)). f Heatmap of protein intensities associated with mac-
myphage polartzation states in BMM proteomes and secretomes.,

the coverage of lower abundant proteins and cell typeresolved
information on released signaling proteins are invaluable for under-
standing intercellular communicaton. In cancer, complex interactons
between transformed cells and tumor stromal cells shape eachother's
phenotypes and the overall tumor biclogy. Macrophages, for example,
are a major component of solid tumors and are among the earliest
tumor-infiltrating immune cells in PDAC***, To evaluate the potential
of MetRS*based cell-type specific proteomics for the molecular dis-
section of such intercellular crosstalk, we explored the bidirectional
interaction between PDAC cells and macrophages in a controlled
in vitro setting. All primary PDAC cell cultures were derived from a
genetically engineered Kras™ -driven autochthonous mouse PDAC
model*, Theyare representative of the classical subtype, displaying an
epithelial morphology (“8661" and “84427), or of the basal-like
mesenchymal subtype (“8513" and “90917"), characterized by
increased oncogenic Kras gene dosage (Kras-mur iGD) and a particu-
larly unfavorable prognosis. By generating LysM-Cre-MetRS" mice,
which specifically express MetRS® in the myeloid compartment, we
were able to obtain primary MetRS™-expressing bone marrow-derived
macrophages (BMMs). We then cultured the four PDAC lines, and the
Bh Ms alone or inco-culture (Fig. 3a) and cell type-selectively analyzed
proteins from cells and cell supernatants. Principal component

analyses (PCAs) showed reciprocal adaptions of cancer cells and BMMs
to co-culture with changes in both global proteome expression and
protein secretion, although less clear for PDAC secretomes (Supple-
mentary Fig &). PCAs further indicated distinct differences between
PDAC subtypes and PDAC line-specific BMM responses.

Wefirst investigated broad trends and processes in the proteome
and secrecome dynamics between each cell type in solaton and co-
culture. A gene ontology (GO)* enrichment analysis showed increased
expression of antgen-presentation and major histooom patibility
complex (MHC) class l-associated proteins in classical, and to a lesser
degree in mesenchymal PDAC cells (Fig. 3b), which was previously
observed in breast cancer cells co-cultured with macrophages in
transwell systems*’, Interaction with BMMs also induced strong upre-
gulation of chemaokine production and interfer on response signamres
in both classical and mesenchymal PDAC cells, while, in particular,
mesenchymal cells strongly increased soructural maric protein
deposidon (Fig. 3b, d). Secretomics analysis at the individual protein
level revealed secretion of complex immunomodulatory signals with
pronounced differences between PDAC subtypes and significant
changes upon interaction with macrophages (68 signaling proteins
with cytokine function and significantabundance differences (ANOVA,
FDR =5%, 50=0.1) between subtypes and culwre conditions, see
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Fig. 4| Interoellular signals and signal receptors imvolved in BMM adaptions to
PDAC co-culture. a Macrophage polarization-associated imtercellular signaling
protein expressed by mes enchymal or classical PDAC cells in co-culture with cor
responding receptors detected in BAMM proteomes. Ligands with significanthy dif-
ferent secretion among FDAC subtypes (two-sided Student’s #test, permutation-
based FOR= 0,05, 50 = 0.1 and BMM receptors with significantly different levels of
abundance between cul ture conditions (ANCVA, permutationbased FDR= 0U05,
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S0= 1) are indicated in bold. b Heatmaps of primarily macrophage and newtrophil
chemoattractamts secreted by FDAC cellsand BMMs. ¢ Macrophage and newt rophil
count as a percentage of CD45positive cells in tumors from ont hotopically trans-
plamted classical and mesenchymal cancer cells analyzed by flow cytometry.
Mumbers of biclogical replicatesand two-sided Welch's -test p-values between cell
ratios in classical or mesenchymal tumors are indicated. Source data are provided
as a Source Data file.

Supplementary Fig. 7). For example, co-culture induced increased 6
release by both subtypes but with much higher levels inclassical PDAC
cells, whereas specifically mesenchymal PDAC cells smongly increased
secretion of CCL8 and 9. Moreover, significant enrichment of sur face-
exposed plasma membrane proteins in secrecomes, including MHCI
proteins, suggested increased shedding activity in  cancer
cells (Fig. 3d).

Upon interaction with classical PDAC cells, EMMs expressed
higher levels of proteins associated with exogenous antigen pre-
sentation, T cell regulation, and regulation ofkey cytokinesinvalved in
the coordinadon of pro- and antitumoral response reactions*3*

(Fig. 3c). Although trends could also be observed upon co-culture with
mesenchymal PDAC cells, effects were less pronounced and did not
reach statistical significance. However, BMM secretomes showed
strong enrichment of immunomodulatory proteins, hormones, and
growth factors, and extracellular matrix (ECM)-modifying proteins
after co-culture with both PDAC subtypes (Fig. 3e). In addition to many
cytokines, interaction with cancer cells broadly induced ECM reg-
ulators such as marix melloproteinases (MMPs), a disintegrin and
metalloproteinases (ADAMSs), and ADAMs with thrombospondin
motfs (ADAMTSs), with crucial functions in cancer™ (Supplemen-
tary Fig. 7).

MNatune Communications | (2023142642

56



Article

hitps://dol.org/10.1038/s41467-023-381 718

a ClaMes d Cluster 1 Cluster 2
ingsiiol metabolic process | [N - -
desmosome | ]  m - = HE i
miitochondrial transiation | - Eaa ='
laminin ] [ | | ) =
RMA me ansferase act ] [ | - =m.li -
NAD meatabolic process | | | = 1
interm. filament cytoskeleton organizafion | [ | == I ‘S
extracelular matrix structural constituent | . - =" |
posifive regulation of monocyte chamotais | . - A O bz
MHC dass | protein complex | [ | —— B B
cellular response fo inerieron—alpha | I -Hnﬂ m=E
antigen presentation of endogenous antigen | | - -
platelet-derived growh factar binding | R e =8
fibrilar collagen | B 3RER . Sa
-{0-05 00 05 10 S 8 = E
Envichment Score -

b Tos!| m—— S RS- B
R [ b | -l-
Mes | IS c Classical Messnchyma e

0 100 200 300 400 I
Cancer cell-deri mafiisome -
Cla | I 0 -=iy
mes| I EEE =3
De+0D 2e+00 4e+00 Ge+(D -
(total intensities) - -.
& — =1
C
0.00 0.25 050 0.75 1.00 _=-
Matisome protein sbundance m .
(relafive intensifies) — =
L
Matrisome-associated |
ECM-affiliated Proteins =
I ECM Regulstors =
achors ] et
% -
-E
ECMG 5 -
I Colagelryu!nm =10 ] 1] 5 10 T
Log, fold change (mesenchymal - classical PDAC) —-F=
e aES
Chuster 1 | Cluster 2 E=_B
- =
i fibwillar collagen; wih facior bindi - =
Fl‘w e Iag hat_a . ing; :_-
an -darived facior! 1
| aEite .| PN
reg o e
ding organzaton; tomess G Jies
cylokine acivity; transition Egﬁg

Fig. 5| FDAC subtype-specific expression of cancer cell-derdved matrisome
proteins in primary tumors. a Significantly enriched gene ontol ogy terms (1D
annotation enrichment, Benjamini-Hochberg FOR = 0.05) in classical and
mesenchymal cancer cell proteames after onthotopic transplantation into fully
immun ocompetent smgeneic mice (844 2 8513, 8661:a = 3, 9091: n = 2, hiological
replicates) (full list in Supplementary Data 4). b Lefc Cancer cell-derived matrisome
proteins annotated accoding to Maba et al™ Right: 5 d total and LA}
intensities per matrisome category. © Volcano plot of cancer cell-derived proteins
in mesen chymal and classical PFDAC tumors. Significantly regulated core matrisome
proteins are highlighted in blue (two-sided Student’s &test, permutation-hased

FOR = 0L05, 50 =0.1). Boxplots show quantitative distributions of core matrisome,
matrisome-associated and all identifi ed non-matrisome proteins between the FDAC
subtypes. Paalues were determined by two-sided Welch's ttest:**p < 00001 {1:

P LT = 0, 2 pe 59107, d Heatmap of matrisome proteins with significant
expression differences between classical and mesenchymal FDAC cells in vivo (two-
sided Student’s rtest, permutation-based FDR = 0005, 50 = 0.0). ¢ Gene ontology
termes and Lini ProtkB keywords found overmrepresented by Fisher's ecact test within
each cluster are indicated {Benjamini -Hochberg FOR = 0,05, full list in Supple-
mentary Data 4). Source dataare provided as 3 Source Data file

Co-cultured macrophages acquire TAM- like features driven by a
complex mix of cancer cell-secreted and -displayed signaling
proteins

To further evaluate the cancer-cell-induced macrophage states in co-
culture, we annotated proteins from BMM-selective secretome and
cellular proteome datasets using a panel of markers commonly asso-
ciated with macrophage polarization™ M1 and M2 states exemplify
broadly clustered extremes on a spectrum of mac rophage states—with
M1 being associated with interferon and Toll-like receptor signals and
efficient production of effector molecules and inflimmatory cyto-
kines, and M2 macrop hages with the resoluton of inflammation or Ty2
response-driven physiclogical reponses™™, As an experimental refer-
ence, westimulated MetRS*-expressing BMMs with lipo polysaccharide
(LPS), a Tolllike recepwor 4 (TLR4) agonist, and acquired their

proteome and secretome profiles. As expected, LPS-sdmulated BMMs
showed exclusive expression and strong upregulation of MIl-
assoclated marker proteins compared to unstimulated cells (Fig. 3f).
PDAC co-cultured macrophage Ml-associated marker expression was
detected only sporadically and mosdy at basal levels, except for
increased secretion of the pro-inflammatory cytokines 116 and Tnf
upon interaction with 8661 classical PDAC cells. Instead, co-culture
primarily induced upregulation of M2-associated markers such as Argl
and Chil3, again often with stronger responses to classical PDAC cells.
Together, cancer cell co-culture therefore induced fast and profound
adaptions in BMMs reminiscent of tumor-associated macrophage
(TAM) featres, which often show M2-like differentiation, contribute
to immune cell recruitment and regulation, and remodeling of the
tumor ECM,
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Cell-selective proteomes and secretomes also allowed us to
investigate potentially active intercellular signaling circuits that
shaped macrophage polarization. We mapped PDAC-released proteins
with corresponding macrophage receptors using ligand-receptor
interactions curated in CellPhoneDB*, While PDAC cells did not
release hallmark M2 polarizing factors IL-4 and IL-13, we found a
complex mix of other proteins that have been associated with mac-
rophage polarization (Fig. 4a): Some proteins were secreted without
significant differences between subtypes, such as Tgfbl, a known M2
promoter™, or Tnfiat much lower abundance, seealso Supplementary
Data 1), an important M2-suppressing factor in cancer™. Other Tgfb-
and Tnffamily members, macrophage survival essentdal colony-
stimulating Factors (Csfs), and many other signaling proteins, how-
ever, showed strong and consistent differential expression between
PDAC subtypes. Classical PDAC cells secreted, for example, more 16, a
pleioropic cytokine that has been described to enhance both Mi- or
M2-like states™, and Tnfsf 5 (Supplementary Fig. 7), which has recently
been shown @ promote macrophage differentiation toward an M1
phenotype and increased cancer cell phagocytosis™. Mesenchymal
PDAC cells secreted higher levels of Tgfb2 and Tgfb3 as well as Mif,
Ccl5, and the alarmin Hmgbl, which have been found to skew macro-
phage polarization toward Ml- and M2-like s@tes in a context-
dependent manner =, Furthermore, both PDAC subtypes expressed
similar levels of Cd47, a contact-dependent anti-phagocytodc signal
often upregulated by cancer cells to escape elimination by
phagocytes ™, Also, there is increasing evidence for the contribution
of semaphorins to macrophage recruitment and differendation, a
Family of exclusively secreted (class 3) or membrane-bound proteins
(that can act as contact-dependent signaks) with important roles in
cancer’, For example, increased Sema3a has been associated with
poor outcomes in PDAC™ and attraction of wmor-associated
macrophages™, while Sema7a was shown to recruit and polarize
macrophages toward the M2 state in the context of sepsis™,

The majority of detected PDAC signal corresponding receptors on
BMMs showed stable expression, but some were regulated upon co-
culture with cancer cells (Fig 4a). Notably, EMMs upregulated Pvr
(Poliovirus receptor) expression after interaction with both PDAC
subtypes. Pvr activation on macrophages has been linked to an anti-
inflammatory phenotype™, and targeting the Pvr-Tigit axis is being
explored asa potential cancer immunotherapy strategy .

PDAC cancer cell subtype-specific chemokine secretion patterns
correlate with immune cell recruitment in vivo

Overall, both macrophages and PDAC cells responded to co-
culture with increased production and release of immunomodu-
latory signaling proteins. Looking specifically at expression dif-
ferences of immune cell recruiting Factors, we noticed clear
trends between PDAC subtypes: Mesenchymal PDAC cells secre-
ted high levels of key monocyte recruitment and macrophage
survival signals such as Ccl5 and Csfl (Fig. 4b). In isolation, all
four PDAC cell lines secreted many primarily neutrophil atcract-
ing proteins at similar levels. Interestingly, interaction with
BMMs, howewver, strongly induced neutrophil recruiting chemo-
kines like Cxcl2, Cxcl3, Cxcl5, and Cxcll5 in classical PDAC cells,
whereas release remained unchanged (9091) or increased much
less (8513) in mesenchymal cancer cells. BMM chemokine secre-
tion patterns followed similar trends. Intrigued, we investigated
the TME composition of tumors formed by the four PDAC sub-
type lines after orthotopic transplantation into mice. Immuno-
phenotyping by flow cytometry revealed subtype-specific
differences in immune cell populations. Among the analyzed cell
types, differences between macrophage and neutrophil recruit-
ment were the most significant and reflected the recruitment
factor expression patterns from our secretomics experiments
(Fig. 4c and Supplementary Fig. 8).

PDAC tumors show systematic differences in matrisome protein
production between mesenchymal and classical cancer
subtypes

To further investigate subtype differences between classical and
mesenchymal PDAC, we ransplanted all four MetRS™-expressing can-
cer lines orthotopically into syngeneic mice and compared cancer cell
protein expression in the complex TME in vivo. In woml, we identified
2415 specifically enriched cancer cell-derived proteins, which makes
this one of the deepest cell type-specific PDAC in vivo proteomics
datasets to date. Gene ontwlogy enrichment analysis indicated pro-
nounced differences in hallmark processes of epithelial-mesenchymal
transitdon (EMT), such as cywoskeleton organization, ECM modulation,
and cell-cell junctions (Fig. 5a). Moreover, mesenchymal PDAC cells
showed an enriched interferon response signature and elevated anti-
gen presentation-related protein expression, reminiscent of the
adaptions that we observed in co-culture with macrophages in vioro
and coinciding with the higher macrophage infiltration inthese tumors
(Fig. 3b and Fig. 4c).

Notmbly, many of the most prominent differences between
mesenchymal and classical PDAC cell protein expression in vivo were
ECM-related. Among diverse functions in cancer progression, dysre-
gulated ECM in tumors soongly contributes to drug resistance,
immune suppression, and metastasis’. Recent research has shown
that, in particular, pancreatic cancer cell- rather than stromal cell-
derived matrix proteins correlate with poor patent survival, although
contributing only a minor fraction of the total ECM mass ", This
introduced cell type-resolved profiling of ECM in tumaors as a pro-
mising resource for therapeutic target and biomarker discovery. In
contrast w the previous studies that characterized the cancer cell-
derived matrix using xenotransplants™74, Anl-labeling allows cell type-
resolved analysks in syngeneic immunocompetent mice. Therefore,
our PDAC model integrates interactons with infiltrating immune cells,
which directly modulate the tumor ECM and change the ECM-
associated protein expression of other cell types such as cancer
cells** (see also Supplementary Fig. 7). Motivated by this and the
previously demonstrated advantages of Anl-enrichment for extra-
cellular protein characterization (Fig. 2e), we further investigated BECM-
related proteins in our data.

We annotated proteins that constitute the ECM using an in silico
defined marisome atlas by Naba et al.™, which specifies “core matri-
some” proteins such as collagens and proteoglycans, or proteins that
are “matr some-associated” such as ECM remodeling enzymes or
secreted growth Factors and cytokines that are known @ bind to the
ECM. Cancer cells expressed a diverse representation of each category,
covering 405 matrisome proteins with only minor differences in
overall identification numbers and very similar class distribution
between classical and mesenchymal subtypes (Fig. 5b). Mesenchymal
PDAC cancer cells have been shown o suppress cancer-associated
fibroblasts (CAFs), the most prominent producers of ECM proteins in
PDAC wmor stroma, leading to tumors with lower overall stromal and
collagen content than classical PDAC™, However, quantitative analysis
of cancer cell-derived proteins showed a higher abundance of
mesenchymal-derived matrisome proteins and ower-proportional
expression of core matrisome and ECM regulators (Fig. 5b), indicat-
ing an increased relative contribution to the tumor ECM. Rather than
being driven by a few highly abundant outliers, increased abundance
of core matrisome expression in mesenchymal cells was a broad and
statistically significant motif (Fig. 5c).

At the individual protein level, more than a hundred matrisome
protein groups had significant expression differences between the two
PDAC subtypes (Fig. 5d). This included proteins recenty identified as
promising therapeutic @rgets, such as the predominantly cancer cell-
rather than stromal cell-expressed PDAC metastasis promoters Agrn,
Serpinbs, and Csth™, All three proteins were detected in our experi-
ment, and classical PDAC cancer cells produced significantly more
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Fig. & | FDAC subtypespecific detection of cancer cell-derived proteins in cir-
culation. a Scheme of cancer cell-derived protein capture from serum: After
orthotopic transplan tation of Met RS*expressing or WT (Ctrl) PDAC cells and ANL
labeling, tumorteanng mouse sera were collected, and tumor-derived proteins
were enriched and analyzed. b Specifically enriched cancer cell-derived serum
protein groups ranked by imtensity. Proteins with cytokine function are indicated.
¢ Exclusively identified and overap of specifically enriched 8513 and 8661 cancer
cellderived proteins (3661 n= 4, 8513 n =3, biological replicates). d Cancer cell
derived matrisome proteins counts, summed total and relative LFQ intensities per

matrisome category. ¢ Fold change distribution of non-matrisome, and matrisome
class proteins between PDAC subtypes. Pvalues were determined by a two-sided
Welch's -test. Fvol cano plot of 8661 and 8503 cancer cel k- derived proteinsinserum.
GOCC annot ated Laminin complex proteins (biue), fibrillar collagens (red), and
prateins with significant fold changes (dark gray) are highlighted (two-sided Stu-
dent’s rtest, permutation-based FDR = 0,05, S0=0.1). gFold changes of pre-
metastatic niche formation-associated proteins. Proteins with signifi cant Fold
changes (two-sided Student’s ttest, permutationtased FOR = 0,05, 0= 0.1) are
indicated in bold. Sounce data are provided as a Source Data fille.

Agrn and Ser pinB5, suggesting potential subtype-specific responses to
inhibition. Mesenchymal cancer cells, however, consistently produced
higher amounts of EMT-promoting matrisome components, for
example, fibrillar collagen types land V, fibronectin, Fgf2, Tgfb family
proteins such as Tgf3 and Bmp2 as well as proteins involved in Tgfb
signaling modulaton, indicating a feed-forward loop with sustained
local EMT signals (Fig. 5d, e). Moreover, we detected a much higher
expression of syl oxidases Lox, LoxIl, and LoxI3 in mesenchymal
cancer cells. Lysyl oxidase-family members mediate crosslinking of
collagens and elastin and regulate cellular processes like adhesion,
motlity, and invasion”. They correlate with unfavorable patient
prognasis in many cancers, including PDAC, and have been shown to
promote chemaoresistance, EMT, and metastasis™,

In vivo, secretomics reflects tumor subtype and pathogenesis
based on more than 1000 cancer cell-derived proteins in
circulation

In addition to local effects, tumor cell-derived proteins can act in dis-
tant tissues after entering circuladon through the lymph or leaky blood
vessels, Contrary to inference from cell expression data, profiling of
such proteins in the bloodstream would give spatially-specific insights
into many crucial aspects of wmor progression that involve long-
distance signak and effectors and would also be invaluable for bio-
marker discovery. However, the lack of cell type-selectvity and the
high dynamic range, with extremely abundant functional blood

proteins and comparatively low abundance of tdssue leakage
proteins’, make this challenging with conventional methods.

To evaluate whether Anl-labeling could be used to enrich cancer
cell-derived proteins directly from body fluids, we collected mouse
serum after orthotopic PDAC transplantation and Anl labeling of
MetRS*-expressing cancer cells (Fig. 6a). Particularly, serum samples
from mice bearing the 8661 (classical) and 8513 (mesenchymal) PDAC
subtype tumorsshowed a good signal-to-noise ratio, with all replicates
distinctdy clustering from negative controls and each other in a prin-
cipal component analysis (Supplementary Fig. 9). In these samples,
1614 proteins passed filering criteria for specific enrichment, includ-
ing 64 CellPhone DE-annotated intercellular signaling protein ligands
such as 23 cytokines (Fig. 6b), with around 42% identification overlap
between the subtypes (Fig. 6c).

After discovering significant differences in matrisome protein
expression between both PDAC subtypes in primary tumors, we were
interested if these would be reflected in circulation. In total, we
detected 199 core matrix or matrix-associated cancer cell-derived
proteins in serum. While identified proteins had a very similar quali-
tative matrisome class distribution as primary tumaors, quanttative
distribution in serum was distinct, with the top two highest summed
intensity classes shifting from secreted factors and ECM-affiliated
proteins o ECM glycoproteins and ECM regulators (Figs. 6d and Sh).
However, differences between subtypes followed the trends observed
in primary tumors: Mesenchymal-derived matrisome proteins were
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more abundant and had an over-proportional share of core matrix
proteins, specifically collagens and proteoglycans (Fig. &d, e). At the
individual protein level, we again found a higher abundance of laminin
complex proteins in classical and fibrillar collagens in mesenchymal
PDAC samples (Fig. 6f). Also, key subtype differences in immunomo-
dulatory and matrix-modifying protein release identified in our pre-
vious experiments could be captured in serum, such as high LoxIl and
Csfl secretion by mesenchymal cancer cell, providing direct evidence
for potential long-range effects (Fig. 6g). Both proteins have indeed
been described to pre-condition future places of metastases and,
sirikingly, we identified many other previously described pre-
metastatic niche conditioning Factors™ ™ (Fig 6g). A supportive pre-
metastatic niche is vital for metastatic colonialization, which is con-
sidered a rate-limiting step of the invasion-metastatic cascade™*, The
premetastatic-niche-promotng signature of cancer cell-derived pro-
teins in circulation likely contributes to the previous observation that
increased Kras™™ gene dosage (Kras mut-iGD) promotes EMT and
metas@sis in the mesenchymal PDAC subtype®,

Discussion

Increasing insight into intercellular communication in the tumor
microenvironment has helped to identify cancer vulnerabilities, for
example, crucial immunosuppressive  intercellular  signaling
circuits*#%, The combination of MS-based proteomics and cell-
selectve labeling is emerging as a powerful strategy to further accel-
erate the knowledge gained about heterocellular processes driving the
disease, Direct analyses of labeled peptides offer straightdforward
solutions for multdplexed cell type-resolved proteomics and the eva-
luation of enrichment specificity™. However, with thorough back-
ground interference controls, analyses of all peptides from labeled
proteins yield increased sensidvity and protein quantification
accuracy.

Nonetheless, previous studies were limited by low proteome
coverage and/ or used extensive offline fractionation and lessstringent
filtering criteria to increase identifications'****%%35% The latter comes at
the cost of sample throughput and specificity of enriched proteins,
which are both key for the discovery of specific pathophysiological
mechanisms. Here, we strongly increased the achievable proteomics
depth with Anl labeling-based cell-selective proteamics by improving
the biochemical enrichment of azide-modified proteins from complex
biomolecule backgrounds, Beyond that, the increased recovery and
enrichment specificity enabled additional applicadons for this con-
cept, where low signal-to-noise was previously prohibitive. Combined
with high-end mass spectrometry, data-independent acquisition, and
recently developed software™, our workflow provides comprehensive
and MS time-efficient cell-selective proteomesand secretomes in vitro
and in vivo.

In this study, we applied our improved workflows for the in-depth
exploration of TME features between classical and mesenchymal PDAC
subtypes in model systems with different degrees of complexity. In
vitro, co-culture experiments offer a very controlled environment for
focused and detailed mechanistic investigation of heterocellular
interaction. Frequently used indirect co-culture systems such as
supernatant transfer experiments or transwell assays facilicaee cell-
selectve analysis by keeping cell types physically separated. Howewver,
they cannot cover all communication channels and reciprocal signal-
ing dynamics®*, In contrast, cellselective labeling enables analysis of
cells in direct co-culture, which fully integrates reciprocal commu-
nicadon means, including cell contact formation. Cell-selective label-
ing using amino acid precursors (CTAP)*™, for example, granted
invaluable insight into reciprocal signaling between pancreatic cancer
cells and fibroblasts”®, Specific enrichment of cell-selectively Anl-
labeled proteins allowed us to extend this concept to in-depth profil-
ing of heterocellular secretomes. Our findings not only recapitulaced
the pro-inflammatory secretory programs of macrophages as

determined previously by distinct proteomics methods independent
of MetRS*"** but identified, for example, 68 cancer cell-derived pro-
teins with cytokine function in serum-containing culture media, Co-
culture of PDAC cells and macrophages underlined the advantage of
experiments that allow bidirectional intercellular communication,
revealing broad reciprocal adaptions and strong regulation of inter-
cellular signals upon co-culture, with an overall trend wward increased
secretion of cytokines and chemokines in both cell types. While mac-
rophages will be exposed to many more sdmuli in tumors in vivo,
including signaks from other stromal cell types, both PDAC subtypes
secreted a complex mix of macrophage polarizaton-associated pro-
teins, Direct interaction with PDAC cells for less than two days was
sufficient for macrophages to acquire many TAM-associated features.
Moreover, invitro secretomics allowed in-depth analysis of cancer cell-
released chemokines and showed systematic differences between
PDAC subtypes that reflected significant differences in TME cell com-
position, with higher macrophage infiltration in mesenchymal and
higher neumophil infilcration in classical PDAC tumors. This suggests
that pancreatic cancer cell-derived signals directly contribute to the
recruitment of these cell types. Specifically, large parts of the classical
PDAC cell neutrophil recruitng signature became only apparent inco-
culture, exemplifying how heterocellular systems expand the inter-
cellular signaling capacity of a single cell type.

For cell type-specific proteomicsanalysis invivo, cellsare typically
extracted from tissue and sorted by FACS or MACS. We have shown
that MetRS™-based cell-selective protein labeling and enrichment can
havea fundamental cell-ty pe-of- interest protein recovery advantage in
pancreatic tumors compared to cell sorting. The high specific yields
promise more effecdve analysis of less abundant or less robust cell
types and even provide enough peptides to reach the higher input
material demands of extended proteomics techniques such as offline
fractionation for the construction of large peptide libraries or post-
translational modification-specific enrichment. Importantly, Anl-
enrichment also allows freezing of the cell states in dssues directly
after harvesting, which provides an additional major benefit for PTM
analysis since PTM-states such as protein phosphorylation are often
highly dynamic and can be enzymatically modified within minutes in
response to environmental changes™*, The combinaton of Anl-
enrichment and PTM analysis, therefore, outlines highly promising
avenues for future research.

Here, we focused on another advantage of the technigue—the
accessibility of extracellular proteins for click chemistry enrichment.
Anl labeling Facilitates the cell-selectve analysis of secreted proteins in
tissue or body fluids, which is of great interest and difficult to achieve
with conventional technigues. For example, recent pioneering work
has demonstrated the high value of cancer cell-selective matrisome
analyses in primary tmors and metastases = but relied on xeno-
transplants and immunocomprom sed mice to achieve cell-selectivity.
In comparison, MetRS™based cell-selective proteomics can provide
addidonal value by overcoming the need for species-distinguishing
peptides and avoiding potential dynamic range issues caused by the
co-analysis of abundant host proteins, which can both reduce the cell-
selective matr some cover age. Moreowver, in principle, any cell typecan
be studied without the need for immunosup pression.

Our MS-based proteomics approach revealed pancreatic cancer
cell and subtype-specific matrisome proteins in fully immuno-
competent mice and provided proof-of-concept for in-depth analysis
of cancer cell-derived proteins in tumor-bearing mouse serum. Pre-
vious research has shown a higher cellularity, less activated CAFs,
and a less pronounced desmoplastic reaction in mesenchymal PDAC
tumors™, Our cell-selective tumor analysis revealed that, among the
lines we tested, mesenchymal cancer cells themselves produce sig-
nificantly higher levels of matrsome proteins, particularly core
matrix proteins, compared to classical PDAC cells. Furthermare,
mesenchymal cancer cells exhibited a distinct matrisome signature
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that promotes epithelial-to-mesenchymal transidon (EMT). Studies
of human FDAC patient cohorts have demonstrated a high ECM
content for the mesenchymal subtype, and mesenchymal/ECM-high
PDAC correlated with a poor prognosis in comparison to classical/
immune-rich PDAC™, Matrisome protein release could clearly seg-
regate PDAC subtypes in our experiments, even when analyzing
cancer cell-derived proteins in circulation. Remodeled ECM in cancer
has been appreciated as critical for tumor progression™, Early trials
directed towards broad depletion of aberrant sroma, howewver,
revealed a dichotomous nature of the ECM and underlined the need
for a more precise understanding of stromal components and their
role in pathogenesis'™ "™, Using cell type-specific MetRS* mouse
models, stromal cell types and their contribution to the tumor ECM
can be studied systematically in the future, This combined knowl-
edge will help to evaluate the sources and functions of individual
tumor stromal components and identfy tumor-promoting candi-
dates for targeted inhibition without simultaneous interference with
protective functions. Specifically, we detected elevated expression
levelsof Lox, LoxIl, and LoxI3 in mesenchymal cancer cells, Lox]2 has
been identified as an independent prognostic factor in pancreatic
cancer patients associated with poor survival™™, However, anti-
Lox]2 mAb treatment in a PDAC transplantation mouse model has
caused a significant reduction in matrix content and acceleraced
tumor growth'™, Other studies have shown a significant reduction of
metastasis, chemosensidzation, and prolonged survival after lysyl
oxidase inhibition in PDAC™ or other cancers'™™, Future studies
should evaluate how cell-type specific lysyl oxidases shape the
composidon of the tumor microemvironment and contribute to
CANCET Progression.

Cell type-selective profiling of tumor-derived proteins in
body fluids opens exciting opportunities for a more precise
understanding of long-range intercellular processes such as
tumor cell recruitment and the metastatic cascade. In this study,
we detected more than 1600 cancer cell-derived proteins in
serum, including more than 20 cytokines, strongly improving the
coverage achieved in previously published in vivo secretomics
approaches, which range from a few dozen to a few hundred cells
selectively identified proteins'™'", Our data revealed a strong
release of pre-metastatic niche formation-associated Factors by a
mesenchymal compared to a classical PDAC line. Because the
abundance of tumor-derived proteins in serum was very low even
after enrichment, we expect current developments towards high
sensitivity proteomics"™" to be highly complementary for even
more comprehensive cell-selective in vivo secretomics.

Our study has identified differentiating features among PDAC
subtypes with high consistency in our selected models. However,
the limited sample size, with only two cell lines per subtype and
one line per subtype in the serum secretomics experiment, and
the small number of replicates in in vive mouse experiments do
pose limitations to our findings. Despite this, our results
demonstrate the unigue strengths of cell-selective proteomics
analyses in uncovering disease mechanisms and provide a foun-
dation for further research with larger sample sizes to statistically
validate and expand upon these findings.

Although our cell type-specific metabolic labeling approach
cannot be directly applied to human cancer patients, it offers
several possibilities for clinical translation. MetRS* transduced
human premalignant cells (e.g., from pancreatic intraepithelial
neoplasia (PanlM) or intraductal papillary mucinous neoplasm
(IPMMs)), as well as PDAC cells and organoids (e.g., from invasive
tumors representing various stages of PDAC progression, differ-
ences in metastatic capacity or molecular subtypes), can be
transplanted into immunodeficient mice or mice with a huma-
nized immune system™. Subsequent MetRS*-based proteomic
profiling of tumors and body fluids, such as the blood, enables

not only a deeper understanding of PDAC development, pro-
gression, and subtype specification but has also the potential for
biomarker identification. So far, biomarkers for PanlN/JIPMN and
early PDAC detection, subtype classification, prognostic and
therapeutic stratification, and the monitoring of targeted inter-
ventions are widely lacking"s'", Together, MetRS* based pro-
teaomic profiling holds the promise of biomarker discovery in
tumors and circulation, which can be subsequently tested and
validated in prospective studies in cancer patients.

Methods

LysMCre-Met RS* mice

LysheoelE and [ S -RIGATETASSLIMGACCRMSING  (MetRS" )™ mice
have been described previously. Strains were on a C57Bl/%6 ] back-
ground and interbred to obtain homozygous LysMCre-MetRS® mice
for bone mar row isolation.

Cell culture

203 T cells were obtained from ATCC (CRL-3216) and maintained
at 37°C, 5% CO; in Dulbecco’s Modified Eagle Medium (DMEM)
supplemented with 10% (w'v) heat-inactivated FCS (FCS HI)
{complete DMEM ).

Primary mouse PDAC cells were obtained from autochthonous
PDAC tumors as described before™ and maintained in complete
DMEM for less than 30 passages.

The preparatdon of bone marrow-derived macrophages (BMMs)
followed the procedure described in Weischenfeldt and Porse
(2008)*. In brief, bone marrow was harvested from femurs and tibiae
of C57BL/a) wild-type (WT) or LysM-Cre-MetRS® mice. Bone marrow
cells were passed through 70 pm nylon mesh filters and then plated on
sterile, non-tissue culture-reated Petri dishes (5 = 10F cells/dish). After
culture for 7 days in macrophage differentiation medium (DMEM
supplemented with 10% (v/v) FCS HI and 20% (v/v) Csfl-containing
1929 cell-condidoned media (replenished on day 3), BMMs were har-
vested in cold PBS and used for experiments.

Cell lines were authenticated by genotyping and regularly tested
for mycoplasma contamination by PCR.

Transfection, lentivirus production, and transduction

For Met-substitute incorporation comparison experiments, 293 T celk
were transfected with an e GFP-MetRS*® expression vector based on the
pEGFP-C1 {Clontech) plasmid. Transient transfections were done with
Lipofectamine 3000 (Invirogen) according to the manufacturer’s
instruc tons,

For stable MetRS® expression, PDAC cells were lentivirally
transduced using a modified Precision LentiORF Collection
(pLOC) library (GE Healthcare) plasmid (pLOC-CMV >
MetRS*IRES: TurboGFP:P2A:BlastR; enrichment method compar-
ison experiment), generated as described previously®, or a pLV-
EF1A > MetRS*P2ZAEGFP:T2A:Puro  plasmid, constructed by
VectorBuil der.

For virus production, 293 T cells were transfected with helper
plasmids pMD2.G (Addgene), and psPAX (Addgene), and a MetRS*
plasmid at a ratio of 1152 (3 pg of plasmid DNA in total) in six-well
plates using Lipofectamine 3000 and following the manufacturer's
instructons for lendviral production, but using a total of 2 ml com-
plete DMEM for virus collecdon 48 h post-transfection. After harvest-
ing, polybrene was added w virus-containing supernatants at 10 pg/ ml
final concentration. 1ml of virus and polybrene-containing super-
natant was added to 2.5 » 10° PDAC celk seeded in 6-well plates and
mixed with 1 ml complete DMEM. After 16 h, media were exchanged
with 2 ml complete DMEM. Forty-eight hours post-transducton, suc-
cessfully transduced cells were selected with antbiodes (Blasticidin for
pLOC-MetRS* and Puromycin for pLV-MetRS* at a final concentration
of 10 pg/mil,
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Pulse labeling with azidonorleucine or other Met-substitutes

in vitro

Cells were washed twice with PES and then pre-incubated in methio-
nine (Met)-free DMEM supplemented with 10% FCS HI for 30 min
Afterward, the medium was replaced by Met-free DMEM, 10% FCS HI
containing 4mM azidonorleucine ({Iris Biotech) or other Met-
subsdrutes (azidohomoalanine, L-methionine-methyl-*C,d; (Mer+4))
Cells were incubated for 8 h, washed twice with PES, and harvested by
scraping. For Anl enrichment-based secretome experiments, serum
concentradon during labeling was reduced to 5% to avoid protein
precipitation in the supernatant concentration steps of the enrichment
workflow.

BMM-PDAC co-culture and LPS stimulation of BMMs

2 = 10F primary WT or MetRS* BMMs and 5 = 10® primary WT or MetRS®
PDAC cells were seeded in mono- or coculture on 15cm dishes,
incubated for 28 h in complete DMEM, and subsequendy labeled for
Bhin 4 mM Anl (see above for detaiks). BMMs seeded and cultured in
parallel o co-culture experiment samples were treated with 500 ng/
ml LPS or vehicle simultaneously with the Anl-labeling. Cells and
supernatants were harvested for cellselective in viro global pro-
teomics and secretomics analyses (see below for details).

Orthotopic transplantation and Anl administration in vivo

In vivo transplantation experiments were performed as described in
Nature Cancer volume 3. pages 318-336 (20227, In brief, 1=10*
MetRS*MT mouse PDAC cells were orthotopically transplanted into
the pancreas of syngeneic immunocompetent C57Bl/6] mice. PDAC
cell lines isolated From Female endogenous mice were transplanted in
female recipients and vice versa for male mice. Two to three weeks
after transplantation, mice were reated with Anl (200 pl 300 mM Anl,
twice a day for 5 days, intraperitoneal injections). Animalk were sacri-
ficed when individual mice reached the human endpoint or after Anl
reatment.

All mice experiments were performed in compliance with the
European and the ARRIVE guidelines for the care and use oflaboratory
animals and were approved by the Institutional Animal Care and Use
Committees (IACUC) of the local authorities of Technische Universitit
Minchen and the Regierung von Oberbayern. A tumor diameter of
L5cm and a specific burden score, defined by a cumulative burden
score, allowed by the IACUC and Regierung von Oberbayern were not
surpassed in this study. All mice were kept in dedicated facilities, witha
light-dark cycle of 12:12 h, housing temper ature between 20 and 24 °C,
and relative air humidity of 55%.

Serum collection

Blood from orthotopically transplanted mice was collected from the
submandibular vein in serum collection tubes and further processed
for downstream analysis (see below).

Flow cytometry analysis and FACS

Acquisition of eGFP-positive PDAC call cultures by flow cytometry.
Cultured MetRS® and WT 8661 PDAC cell lines were detached using
trypsin, then washed three times with ice-cold PBS, filtered through a
30pm mesh, and resuspended in an adjusted volume of ice-cold PBS.
Cell acquisition was performed using the BD FACS Aria Fusion. Flow
cytometry data were analyzed using Flowlo software (vi(.6.2).

Acquisition and sorting of eGFP-positive cells from in vivo wumors
by flow cytometry. Dissociation of fresh tumor samples was per-
formed as described previously™. Next, the debris removal solution
(Milenyl #130-109-398) was used to discard cell debris from the cell
suspension, and the removal of dead cells was performed using the
dead cell removal kit (Miltenyi #130-090-101). The enriched fraction of
live cells were collected in icecold 2% FCS/PBS buffer and filered

through a 30 pm mesh before acquisition. Cell sorting was per formed
using the BD FACS Aria Fusion. EGFP-positive cells were sorted in low-
bind wbes in PBS, washed two times with PBS, and the resulting cell
pellet was shortly dried and snap-frozen. Flow cytometry data were
analyzed using Flowjo software (vi0.6 2).

Immunophenotyping by llow cytometry. Dissociation of Fresh cumor
samples and antibody staining was performed as described
previously*”. Cells were blocked with antimouse CD16/CD32 FC block
(Biolegend, 1:100) for 10min on ice and s@ined with Zombie Agqua
Fixable Viability Kit (Biolegend, 1:500) to discriminate live and dead
cells. The following antibody cocktails were used: CD4 BUVBOS (BD,
L10:0), CO3eBUV3ISS (BD, 1:20), CDEa BV785 (Biolegend, 1:100), CD25
BV&S0 (Biolegend, 1:50), TCRy/S BV421 (Biokegend, 1:100), CD62L PE
(Biolegend, 1:500), CD44 APC-Fire (Biolegend, 1:30), CD45 PerCP Cy5.5
(Biolegend, 1:200), CD19 FITC (Biolegend, 1100), EpCAM APC/AFG47
(Biolegend, 1:200) for acquisition of adaptve immune cells; CDllc
BUVZ37 (BD, 130), NKL1 BUV395 (BD, 1:25), Ly6C BV785 (Biolegend,
1:200), CDllb BV650 (Biolegend, 1:10:0), F4/80 BV421/PB (Biolegend,
1:30), CD45 PerCP Cy5.5 (Biolegend, 1:100), Ly6G PE (Biolegend,
L:200), CD68 APC-CYT (Biolegend, 1:20), EpCAM APC/AF647 (Biole-
gend, 1200) for acquisition of innate immune cells. 1= 105 events were
acquired per antibody panel on the BD LSRFortessa. Flow cytometry
data were analyzed using Flowlo software (v10.6.2).

Enrichment of Anl-containing proteins

DST-basad anrichment. DST-based enrichment was done as descri-
bed in Methods in Molacular Biology volume 1266 pages 199-215
(2015/** with slight modifications. In brief, samples were lysed in 1%
{w/v) SDS, 2% Triton X-100, PES pH 7.8 supplemented with EDTA-free
protease inhibitors (PI) (Roche), diluted with PBS PI 11 for DNA
digestion by benzonase (added L1000 (v/v)), heated for 10 min at
952C, diluted further with PES Pl to a final concentration of 0.1% SDS
and 0.2% Triton X-100, and cleared by centrifugation for Smin at
3000+=g, 4°C, Lysates were reduced and alkylated with immobilized
TCEP and iodoacetamide (1AA), and subsequently desalted with PD-10
columns (GE Healthcare) to remove excess of reduction and alkylation
agents. Click reactions were started by sequential addition of 200 pM
tris({1-benzyl-4-triazolyhmethyljamine, 25 uM disulfide biotin alkyne-
tag (DST) (Click Chemistry Tools), and 100 pg/ml Cu(l)Br suspension
and samples were incubated in an end-over-end mixer overnight at
4°C, Following a second desalting step with PD-10 columns, elution in
105 ml 0LO5% SDS, PBS pH 7.5 and the addition of 1% (v/v) NP40,
tagged proteins were bound to 300 pl washed NeutrAvidin agarose
{Thermo Scientific. 29202) in an end-over-end mixer overnight at 4 °C.
Afterwards, the resins were sequentially washed with a total of 36 ml
02% SDS, 1% Triton X-100, PBS pH 7.4, then 18 ml PBS pH 7.4, and
finally 18 ml 50 mM ammonium bicarbonate. Tagged proteins were
eluted in a two-step procedure with a 5% (v'v) 2-mercaptoethanal/
ammonium bicarbonate solution and subsequently Iyophilized. After
drying, proteins were resolubilized in 8 M Urea, 50mM TrisHCI pH 8
with 1pg trypsin and lysC, predigested for 4 hat room temperature,
and then diluted with 50 mM Tris-HCl pH 8 to a final concentration of
2M urea for overnight digestion. Digests were desalted with C18
SepPak cartridges and in-house-made styroldivinylbenzol reversed
phase sulfonate (SDE-RPS) (3M Empore, 2241) StageTips.

DBCO-agarose SPAAC enrichment DBECO-agarose enrichment was
doneasdescribed in Mahdavi et al.” with slight modifications. In brief,
sampleswere lysed in 1% SDS, 100 mM chloroacetamide, PES PIpH 7.4,
heated at 95 °C for 10 min, sonicated to shear DNA, and centrifuged at
14.000 = g fior 30 min. Cleared lysates were incubated for 3 h at room
temiperature with 100 pl washed dibenzocyclooctyne (DBCO)-agarose
in an end-over-end mixer, and unreacted DBECO groups were subse-
quently quenched for 30 min by addition of 4mM Anl. Afterward,
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bound proteins were reduced with 10 mM DTT for 15 minat 70 °Cand
alkylated with 40 mM LAA for 30 minat room temper are. The resins
were sequentally washed with a total of 40 m1 0.8% 508 in PBS, 40 ml
8M urea in 100 mM Tris-HCI (pH 8.0), and 40 ml 20% acetonitrile.
Washed resins were resuspended in 100 pl 10% acetonitrile, 50 mM
ammonium bicarbonate, and bound proteins were on-bead digested at
37°C overnight with 1 pg of orypsin and lysC. Digests were collected,
resins were washed with 500 50mM ammonium bicarbonate,
washes were combined with digests and desalted with CI8 SepPak
carridges.

Alkyne-agarose CuAAC enrichment. Samples were lysed ingua-lysis
buffer (6 M guanidinium chloride, 4% (w/vi CHAPS, 05M Nadl,
200 mM Hepes (pH 8) PI), heated at 95 °C for 5 min, sonicated to shear
DNA and centrifuged at 10,000+=g for 30 min. Cleared lysates were
mixed with 100 ul (enrichment method comparison) or 50 pl (all other
experiments) washed alkyne-agarose and diluted with ddH;0 and a
premixed catalyst solution to a final concentration of L5M guanidi-
nium chioride, 1 mM CuS0y, 6.25mM BTTAA (Click Chemistry Tools),
and 10 mM sodium ascorbate. Samples were incubated at room tem-
perature overnight in an end-over-end mixer. Afterward, resins were
washed twice with ddH;O and once with SDS wash buffer (1% (w/v)
SDS, 250 mM NaCl, 5mM EDTA, 100 mM Tris pH B). After protein
reduction with 10mM DTT for 15 min at 70°C and alkyladon with
40 mM IAA for 30 min at room tem perature inSDS wash buffer, resins
were sequentally washed with atotal of 20 mlSDS wash buffer, 20 ml
20% isopropanal, 20ml &M guanidinium chloride, 100 mM Tris-HCl
(pH 8),and 20 ml 20% acetonitrile. Washed resins were resuspended in
100 pl 10% acetonitrile, 2 mM CaCls, 50 mM Tris-HCl pH 8, and bound
proteins were on-bead digested at 37 °C overnight with 1pg of trypsin
and lysC. Digests were collected, resins were washed with 500 pl
ddHy0, washes were combined with digests and desalted with C18
SepPak carridges (enrichment method comparison and in vitro
experiments) or Pierce Peptide Desalting Spin Columns (Thermo Sci-
entific) {in vivo experiments).

For Anl-enrichment-based in vitro or in vivo secretomes experi-
ments, 15ml cell-conditioned media or 400 pl wmor-bearing mouse
serum were collected after Anl labeling (if yields from individual ani-
malks were lower, serum from multiple mice was pooled to reach the
total volume). Conditioned media were centrifuged for 5min at
1000+=g to remove cell debris and supplemented with protease inhi-
bitors. Conditioned mediaor mouse sera were washed twice with 15 ml
50 mM Tris-HCI pH & and concentrated to a volume of 250pl using
Ultracel-3 regenerated cellulose centrifugation filter units witha 3 kDa
mo lecular weight cutoff (Millipore). Samples were mixed 1:1 with gua-
lysis buffer, heated for Smin at 95 °C, 1200 rpm, and then further
processed using the alkyne-agarose CuAAC enrichment workflow
(see above).

Befare lysis and CudAC Anl-protein enrichment, tissue samples
were homogenized to a fine powder with a mortar and peste in liguid

nitrogen.

Sample preparation for mass spectrometry

For proteomics analysis without Anl-enrichment, cells were lysed in
SDC buffer (1% sodium deoxycholate (SDC), 10mM ris{2-carbox-
ylethyliphosphine) (TCEP), 40 mM 2-chloroacetamide (CAA), 100 mM
Tris-HCl pH 8.5) heated at 25°C for 10 min and sonicated to shear DNA
Proteins were digested with trypsin and lysC (1100 enzyme/protein
rato, wiw) at 37 °C, 1000 rpm overnight. Digests were desalted using
in-house-made SDB-RPS StageTips.

Desalted peptides from workflows with or without Anl-
enrichment were dried in a vacuum concentrator and resolubilized
in 0.1% formic acid. Concentrations were determined using a Mano-
Drop spectrophotometer and normalized between samples for equal
peptide injection. Megative control (WT) samples for evaluating Anl-

enrichment specificity were adjusted with corresponding volumes to
their corresponding MetRS" samples for injections of equal total yield
pro portions.

For offline high pH reversed-phase fractionation of peptide sam-
ples into 16 fractions (Fig. le), a spider fracionator was used as
described previously™,

LC-MS/MS

Peptide mixtures were analyzed with an EASY-nLC 1000 or 1200
ultrahigh-pressure system (Thermo Fisher Scientific) coupled to a Q
Exactive HF (293 T Met-substitution), Q Exactive HF-X tenrichment and
acquisition method comparisons) or Orbitrap Exploris 480 (all other
experiments) instrument (Thermo Fisher Scientific). Peptides (500 ng
injections for Q Exactdves or 300ng for Exploris machines) were
separated on 50cm in-house-made 75pm inner diameter columns,
packed with 1.9-um ReproSil C18 beads (Dr. Maisch GmbH) at a flow
rate of 300 nl min™ and &0 °C maintained by an in-house-made column
oven. Offline pre-fracionated samples used for acquisition method
comparison (see Fig. 1) were eluted witha binary buffer system (buffer
Az 0.1% formic acid; buffer B: B0% acetonitrile, 0.1% formic acid) and a
nonlinear gradient starting at 3% buffer B followed by a stepwise
increaseto 23% in 82 min, 40% in 8min and a wash-out step for 10min
with an increase to 98% buffer B. Spectra were acquired with a data-
dependent Topls M5/MS method: Full scans (300-1650 my/z, aum-
matic gain control (AGC) target=3e6, maximum njection time =25
ms, resolution = 60,000 at 200 m/z) were followed by up to 15 MS/MS
scans with higher-energy collisional dissociatdon (HCD) (AGC target=
1e5, maximum injecdon time=25ms, isolation window =15 m/z,
normalized collision energy (noe)=27%, resolution=15000 at
200 mj/z). All other samples were analyzed without prefractionation in
single shot measurements with a nonlinear gradient starting at 5%
buffer B followed by a stepwise increase to 30% in'95 min, 60% in 5min
and a wash-out step for 20 min with an increase to 95% buffer B and
subsequent decrease to 5% buffer B. Spectra were acquired with a data-
dependent Topls MS/MS method (as described above, but full scans
with maximum injection time=20ms and MS/MS scans with max-
imum injection time=28 ms, isoladon window= 14 m/z) or data-
independent acquisidon (used for acquisiton method comparison
(Fig. 1e) and all following experiments) using full scans with arange of
300-1650 m/z (AGC @mrget=23e6, maximum injection time = 60 ms,
resolution =120,000 at 200 m/z) followed by MS'MS scans with 32
windows (nce =27%, AGC target=1e6, maximum injecton time= 54
ms, resolution= 30,000 at 200 my/z). Data acquisition was controlled
by Xcalibur {version 4.4.16.14, Thermo Fisher Scientific).

LC-MS/MS data analysis

DDA MS raw files were processed by MaxQuant™ (version 2.0.L.0.)
using default parameters for orbirap instruments with 1% FDR at the
peptide and protein level, enabling MaxLFQ for label-free quantfica-
tion. For analysis of Met-substitute incorporation in 293 T cells, Met-
Anl, Met-Aha, and Met-Mer+4 substidons were added as variable
modifications.

DIA MS raw files were processed by DIA-NN™ iversion LB) with
FAST A digest for library-free search and deep learning-based spectra,
RTs, and IMs prediction enabled. Precursor FDR was set o 1%, and
default parameters were used with the following changes: The pre-
cursor range was resricted to 300-1650 m/z, and the fragment ion
range to 200 - 1650 m/z. The “-relaxed-prot-inf* option was enabled
via the command line. Mass accuracies and scan windows were opti-
mized for individual experiments as recommended by the developers.
MER was enabled, neural network classifier was set to “double-pass
mode,” and the gquantification strategy to “robust LC (high accuracy).”

Spectra were matched against the human (June 2022, 79,276
entries) or mouse (January 2022, 55105 entries) UniProt FASTA
database.
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Raw files were processed in two separate analyses for optimal
independence o FFACS- and Anl enrichment-based cancer cell-selective
proteomics results (Fig. 2). MetRSY WT 8661 tumor rawfiles were
reprocessed together with samples from other PDAC subtypes for
in vivo PDAC cell subtype comparison (Fig. 5). 866l PDAC (solo)
secretome results (Fig. 3) were also used for secretome benchmark-

ing (Fig. 1).

Evaluation of Anl-enrichment spedficity. Except for enrichment
method benchmarking (Fig. 1c, d), data from all Anl-enrichment-based
experiments were filtered for specifically enriched proteins before
Further analysis. To evaluate enrichment specificity, samples were
compared to corresponding negative controlsamiples (WT equivalents
of MetRS*expressing cells that were treated equally and processed in
parallel) and only proteins that were not identified in controls or had
an atleast 3fold higher median intensity than in controls were retained.
For technical experiments (Figs. 1 and 2), PDAC MetRS" wmor com-
parison experiments (Fig. 5), and serum secretomics experiments with
the PDAC lines 8661 and 8513 (Fig. 6, corresponding WT controlswere
used in triplicates for each PDAC line. We used aggregated control
sample groups for muliple experimental groups in the co-culture
experiments (Figs. 3 and 4): Three BMM WT samples were used to
control BMM MetRS® samples cultured in isolation. A group of four co-
cultured BMM WT + PDAC WT samples (one with each of the four
PDAC lines) was used as controls for all EMM MetRS® + PDAC WT co-
culture samples. Both solo and co-cultured PDAC MetRS* samples
were controlled with the more conservative corresponding co-culture
control samples (PDAC WT + BMM WT in triplicates for each of the
PDAC lines).

Statistical analysis. Bioinformatic analyses were performed with
Perseus™ (version 1610.43) and R (version 4.12). Before statistical
analysis, quantified proteins were filtered For at least two valid values in
at least one group of replicates. The remaining missing values were
imputed by random draw from a normal distribution with a width of
03 and a downshift of 1.8 relatives to the standard deviation of mea-
sured values, Statistical tests and parameters used to evaluate anno-
tation enrichment and significant abundance differences of quantified
proteins are specified in the figure legends. For box-and-whisker plots,
sandard boxplot feamres (lower guartile, median, upper guartile)
were used as defined by ggplot2 version 3.4.0.

intercellular communication analysis. Interactions between FDAC
cells and macrophagesin co-culture were inferred based on annotated
ligand-receptor interactions from CellPhoneDB* (v.2.0) extended by
proteins with secretomes-derived experimental evidence™, BMM
receptor expression levels were sourced from global proteomes, PDAC
cell ligand expression kevels from secretomes for secreted ligands, and
global proteomes for membrane-bound ligands after filtering and
imputatdon of missing values (see above).

Reporting summary
Further information on research design is available in the Nawre
Portfolio Reporting Summary linked to this artcle.

Data availability
The mass spectrometry proteomics data have been deposited to
the ProteomeXchange Consortium (http://proteomecentral.
proteomexchangeorg) via the PRIDE partner repository'™ with
the dataset identifier PXDO40084, which is publicly avail-
able. Source data are provided in this paper.
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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). Thisn f u i phigh 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.
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Abstract

Combining MetRS*-based cell-selective protein labeling with mass spectrometry-based
protecmics is a powerful approach for investigating intercellular communication within
tissues. Cell-selective labeling overcomes limitations of cell sorting techniques and
facilitates cell type-specific protecmne and secretome analyses in vivo, Our recent waork
has showcased the application of this method for the comprehensive proteomic char-
acterization of cellular proteins in tissues, as well as released proteins in the bloodstream.,
Here, we present experimental guidelines for MetRS*-based cell-selective proteomics
experiments in wwo and a detalled sample preparation protocol for tissues and
body fluids.
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1. Introduction

Mass spectrometry (MS)-based proteomics enables in-depth analyses
of cellular proteomes, providing a key foundation for discovery-driven bio-
medical research and systems biology. Unlike transcriptomics methods, it
offers insights on post-translationally modified proteoforms and protein
localization, including extracellular proteins, making it uniquely suited for
mechanistic investigations of intercellular signaling (Meissner, Scheltema,
Mollenkopf, & Mann, 2013; Phulphagar et al., 2021; Rieckmann et al.,
2017; Swietlik, Sinha, & Meissner, 2020).

To delineate cell type-specific proteome dynamics in complex
heterocellular systems like tissues, MS is frequently combined with cell dis-
sociation and sorting methods like fluorescence-activated cell sorting
(FACS). Yet, some research questions remain challenging to address due
to technical constraints inherent in cell sorting. For example, isolating intact
cells without significant disturbance of their native state can be aggravated by
morphological features, such as the delicate cell extensions of neurons, or
tight association with other cells and extracellular matrix. Moreover, extra-
cellular proteins are lost in the process of cell sorting, which has constrained
cell-specific secretomics studies primarily to experiments with cultured
cells in vitro. However, a direct and cell type-resolved analysis of protein
secretion within native tissue contexts could significantly advance our
understanding of intercellular signaling networks, underscoring a need for
innovative techniques that circumvent these limitations.

Cell-selective protein labeling is emerging as a complementary strategy
for cell type-resolved MS-based proteomics. Recently, techniques such as
BiolD, TurbolD, and related proximity labeling methods have been suc-
cessfully adapted to profile cell-selective proteomes and secretomes in model
organisms (Droujinine et al., 2021; Kim et al., 2021; Liu, Jang, Pirooznia,
Liu, & Finkel, 2021; Spence et al., 2019; Wei et al., 2021; Yang et al.,
2022). In addition, metabolic protein labeling methods have shown to be
particularly effective in resolving intercellular communication mechanisms
within heterocellular model systems and tissues. While techniques like
cell-selective labelling with amino acid precursors (CTAP) (Gauthier
et al., 2013) have enabled the dissection of cellular crosstalk in vitro (Tape
et al., 2016), labeling with non-canonical amino acids that facilitate specific
protein enrichment are well suited for applications with high background
protein levels, especially in vivo. One of the most widely adapted approaches
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Fig.1 Scheme of MetRS*-based cell selective proteomics and secretomics experiments:
MetRS*-expressing cells incorporate Anl into proteins. Ankmodified proteins are
enriched from tissue or body fluid samples by copper({l}-catalyzed azide-alkyne cycload-
dition (CuAAC). Enriched proteins are digested, resulting peptides are cleaned by solid
phase extraction, and analyzed by mass spectrometry.

is metabolic protein labeling with azidonorleucine (Anl) (Mahdavi et al.,
2016; Ngo et al, 2009; Tanrikulu, Schmitt, Mechulam, Goddard, &
Tirrell, 2009) (see Fig. 1). Anl incorporation relies on the expression of
the engineered enzyme methionyl-tRNA synthetase L274G (MetRS¥),
which carries a point mutation that expands its amino acid binding pocket.
MetR S*-expressing cells activate Anl, and incorporate it into proteins as a
methionine substitute, whereas cells missing the enzyme are not labeled.
Multiple studies in model organisms have confirmed very high incorpora-
tion specificity and broad tissue compatibility (Alvarez-Castelao et al.,
2017; Azizian et al, 2021; Erdmann et al, 2015; Liu et al, 2017).
Although the incorporation of non-canonical amino acids may affect the
structure and function of modified proteins, previous research has shown
ranges of Anl treatment doses and durations that are well tolerated, with
minimal or no apparent adverse effects (Alvarez-Castelao, Schanzenbacher,
Langer, & Schuman, 2019; Burgess et al., 2023; Erdmann et al., 2015;
Muller, Stellmacher, Freitag, Landgraf, & Dieterich, 2015). A commercially
available transgenic STOPflox R26-MetRS* mouse line enables cross-
breeding with Cre-recombinase expressing strains for selective MetRS*
expression in various cell types and tissues (Alvarez-Castelao et al., 2017).
Applying MetRS*-based cell-selective proteomics to pancreatic cancer
models, we have recently demonstrated that target cell protein recovery
can strongly exceed FACS vyields, providing deep cell-selective proteome
coverage with a particulardy good representation of extracellular proteins
such as cytokines and extracellular matrix components (Swietlik et al.,
2023). Profiling of cell supematants and mouse serum allowed the dissection
of intercellular crosstalk in vitro and in vivo, and revealed context dependent
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cancer subtype-specific signaling networks. Here, we provide a detailed
protocol for highly efficient Anl-protein enrichment from tissues and body
fluids.

2. General considerations for the experimental design

MetRS*-based Anl labeling facilitates in depth cell-selective in vive
global proteomics and secretomics analyses. Crucial to the success of these
experiments are sufficient labeling of proteins, and thorough enrichment
specificity controls.

2.1 Anl labeling and evaluation of labeling efficiency

In MetRS*-expressing cells, Anl competes with methionine for protein
incorporation. The labeling efficiency is influenced by multiple factors, such
as the expression level of MetRS¥, the protein synthesis rate of target cells,
and the concentrations of Anl and methionine. Notably, the significantly
slower amino acid activation kinetics of Anl compared to methionine
(Mahdavi et al., 2016) generally result in a low frequency of Met-Anl
substitutions, thereby labeling only a small fraction of protein copies
within the target cell proteome (Muller et al., 2015; Swietlik et al.,
2023). Our protocol facilitates highly efficient enrichment of target
cell-derived proteins from predominantly unlabeled proteins within tissues
or body fluids. Nonetheless, to obtain deep cell-selective proteome cover-
age, we recommend a thorough pre-assessment of labeling conditions,
particularly when targeting low frequency cell populations. Since MetRS*
copy numbers in celk affect labeling, we recommend choosing models with
high expression levels. For example, when MetRS* levels are controlled by
Cre expression using a cell type-specific promotor, evaluation of efficient
recombination and opting for homozygous expression may be considered.
For transplantation models, we recommend the selection of MetRS*
expression in cells under a strong and stable promoter.

Anl can be administered in various ways, including through injections,
food, or drinking water. Required dose and length of treatment should be
tested and adapted to the specific research question. As a starting point for
mouse model experiments, we suggest administering Anl in drinking
water at a concentration of 1% (w/v). The supplementation of sweeteners
such as maltose or sucrose to the drinking water may be considered to
increase water intake. If water consumption varies during the experiment,
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