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1 Introduction




1.1 Scope of this work

1.1.1 Aims

By definition, research aims to expand the previous knowledge. A common approach is
the statement of a hypothesis, repeated experimental cycles and finally a conclusion, that
validates or rejects the hypothesis. Another approach is the development of and elabo-
ration on enabling techniques. The question here is, how can we make our techniques
better? More precise? More informative? This thesis combined both approaches: Three
different scientific problems with each their own hypothesis were solved by optimizing
the enabling technique. This way, the added value of this research is double: Advancing
enabling techniques and expanding knowledge in biological questions. In the following
sections each scientific question is presented separately. But although the used techniques
vary, the analytical aim and technology is common in all three problems: Proteome
and phosphopeptide analysis using liquid chromatography coupled to mass spectrometry
(LC-MS/MS). This work aims to find solutions for two prominent problems in phospho-
proteomics: challenging samples such as tough cell wall structures of Magnaporthe oryzae
and low sample amounts from very slowly growing cells in-vitro and from clinical samples

as well as minute and precious sample amounts from animal experiments.

The problem of challenging sample types should be addressed by optimizing the lysis
procedure and applying a data acquisition strategy that has not been widely applied yet
for phosphopeptide analysis, i.e. data independent acquisition (DIA). In addition to that,
novel data analysis strategies for the identification of relevant statistically significantly
changing phosphopeptides should be characterized, i.e. linear models and missing value
imputation strategies. This way, an optimized pipeline for challenging sample types should

be developed.

Minute sample amounts have been addressed in the past and sample preparation tech-
niques for phosphopeptide analysis have been developed to decrease the amount of re-
quired starting material to approximately 200png. Still, some sample types will require
either a long time period to generate that much protein, such as human osteosarcoma
cells (HOS), or will require pooling of biological replicates, such as sorted immune cells

extracted from mice. This way, the biological information gets convoluted and more bi-




ological replicates are required. Therefore, a phosphopeptide enrichment method based
on magnetic beads should be developed to decrease the required amount to 25pug. In
combination with DIA, the resulting biological outcomes and novel technical aspects that
have recently been introduced, such as trapped ion mobility separation (TIMS), should

be evaluated.

These challenges were addressed in three different biological projects and the main focus
lays on the technical progress for the field, rather the biological outcome. Nevertheless,
the results will be made available online and serve as potential resource for future in-depth
bioinformatic analysis to gain even deeper insight into the underlying biological processes

in the three presented projects.

1.1.2 Rapid evolutionary events in the model organism

Magnaporthe oryzae

The first main scientific question of this research deals with a fundamental question in
biology: How can organisms effectively adapt to new environmental conditions? In this
case, the filamentous rice plant pathogen Magnaporthe oryzae serves as model organism

to study a rapid adaptation phenomenon.

M. oryzae is one of the biological threads for rice crop production worldwide. When
infected, the rice plants develop the rice blast disease which then accounts for typically 10
to 30 % of crop loss and regional epidemics can be devastating [1]. This makes M.oryzae
a major risk for food supply and economy, as rice serves as main source of food for
approximately half of the world population [2]. In order to prevent crop loss and maintain
food supply, extensive scientific research to understand the plant-pathogen interaction as
well as the biochemistry of M.oryzae had been necessary during the last decades. The high
importance for nutrition and economy, an early availability and possibility of manipulation
of the M. oryzae genome as well as its pathogenicity make it suitable and desirable as

model organism for research purposes [3].

The fungus shows an interesting and mechanistically not yet understood adaptation be-
havior: When generating genetically modified phenotypes of M.oryzae that lack the func-

tion for osmostress regulation, these mutants will not grow on highly osmolarity media,




e.g. high concentrations of salt or sugar. After at least eight weeks of cultivating the loss-
of-function (lof) phenotype on high osmolarity medium, it reproducibly regains the ability
to respond appropriately to osmostress and begins to grow again. Instead of accumulat-
ing arabitol as intramolecular compensation of the osmotic gradient between medium and
cytosole, the adapted lof phenotypes accumulate glycerol [4]. Thus, the mechanism of
response must have changed in a rapid time frame (on an evolutionary scale), without

mutations in the genome [4].

The high osmolarity glycerol (HOG) pathway is responsible for the regulation and re-
sponse to osmotic stress. This pathway has been extensively studied in yeast and many
insights seem to be transferable to M.oryzae and other fungi [5]. The molecular mecha-
nism of action involves environmental sensing by a hybrid histidine sensor kinase (HIK),
which is autophosphorylated at a conserved histidine residue upon normal environmental
conditions. The phosphoryl group is transferred to an aspartic acid residue within the
same protein and then subsequently transported via a his-phosphorylated phosphotrans-
fer protein to a asp-phosphorylated response regulator protein [6]. Osmostress sensing
initiates the dephosphorylation of a conserved histidine amino acid residue of the HIK,
which in turn activates a MAPK cascade. In consequence, the mitogen activated protein
(MAP) Kinase Hogl is phosphorylated and translocates into the nucleus, where it acts as
transcriptional response regulator |7]. Interestingly, the cited study [4] also shows, that no
matter which protein of the signaling cascade is defective, all mutants are able to regain

osmoregulation ability.

The mechanism and cause for the ability to regain functions is yet unknown. The current
hypothesis is, that signaling pathways are rewired so that other HIKs or other sensor
proteins can take over the role of stress sensors while redirecting the response to the
accumulation of a different intracellular solute. In contrast to the very well studied model
organism Saccharomyces cerevisiae, where only Slnl as HIK is known, the genome of
M.oryzae contains 10 putative HIK coding sequences of which many maybe take over the

role of MoSIn1 as osmostress sensor [7]. The main questions addressed this study were:

1. What is the proteomic response in wild type and adapted mutant?

2. Which pathways are involved in each genotype and phenotype?




1.1.3 Phosphoproteomic profiling of human osteosarcoma cells

Osteosarcoma is the most frequently occurring form of malignant sarcoma in children
and young adults between 5 and 20 years and is associated with very poor long term
prognosis of 20% survivors [8]. The first line treatment is a combination of chemotherapy
and surgery, but the recurrence intervals are comparably short and often metastasis in
other soft tissue, in most cases the lung, become dominant [9]. Although the molecular
mechanisms leading to aberrant cell proliferation and enhanced cell motility have been
addressed by genetics and transcriptomics, options for potential therapeutic targets are
limited [10]. Most commonly, the tumor suppressor gene TP53 shows genetic rearrange-
ments leading to inactivation of p53 [11]. Furthermore, fusion genes of LRP1-SNRNP25
and KCNMB4-CCND3 were found to promote osteosarcoma cell motility [12]. Recent
studies show the involvement of intracellular anaplastic lymphoma kinase (ALK) and the
insuline-like growth factor 1 receptor (IGF1R) in sarcoma, regulating cellular growth,
proliferation, and survival [13, 14]. Inhibition of these proteins have been proposed as
promising pharmaceutical targets in cancer therapy [15, 16, 17]. This opens the possi-
bility for therapeutic agents such as Ceritinib and Dasartinib. Ceritinib was originally
FDA approved in 2014 for the treatment of non-small cell lung cancer (NSCLC) and was
proposed to be an ALK inhibitor [18]. Nevertheless, it has been shown that Ceritinib
also displays inhibitory effects on IGF1R [19]. In-vitro and in-vivo clinical observations
suggest that inhibitory effect of the monotherapy with Ceritinib leads to a bypass Src ac-
tivity counteracting the IGF1R inhibition effect [20]. As higher Src activity is associated
with cancer progression [21], a combination treatment with Src inhibitory agents, such as
Dasartinib, have proven very effective in treating in-vitro cell culture of primary tumor

cells and experimental therapy for very few patients [22].

One of the patients was a 16 years old girl, that already received all conventional ther-
apy options and agreed to participate in this experimental study where she was treated
with the combination of Ceritinib and Dasartinib. Her disease progression was closely
monitored and biopsy samples were taken from the lung metastasis before treatment and
after treatment, to monitor intra-tissue drug concentration. On this occasion, primary
tumor cells of the biopsy samples were taken into cell culture to grow enough cells to

perform phosphoproteomic analysis for the elucidation of the current (aberrant) cellular




signaling status. At this point of time, roughly 1000 pg protein material was required to
perform a successful phosphoproteomics experiment using TiOs spin tips. As the primary
lung metastasis cells were growing at a very slow rate, it took several weeks to meet the

necessary amount of protein.

Therefore, a method was urgently needed for robust and comprehensive phosphoproteomic
analysis, that requires much less amount of input material, in order to overcome issues
with unnecessary delay times for clinical samples in the future. Nevertheless, phospho-
proteomics in general and especially with low amount of starting material is still very
challenging |23]. Recent publications showed promising results in terms of downscaling of
phosphoproteomics experiments [24, 25]. In the cited studies, the authors have already
achieved the identification of 3000 to 4000 phosphopeptides from as little as 25 g protein
material, which is 40-fold less than required by most common phosphoproteomics work-
flows [26]. In addition to that, recently developed Zirconium based immobilized metal
ion affinity chromatography (Zr-IMAC) magnetic beads promise to increase the quality of
the analysis while being excellently scalable at the same time [27]. This served as starting
point for the development of a downscaled phosphoproteomics workflow in our laboratory.
For this, a low cell number of cell culture samples of a commercially available human os-
teosarcoma (HOS) cell line were treated with Ceritinib and 25 pg of the resulting protein
amount after cell lysis was used for phosphopeptide enrichment using a newly developed
Zr-IMAC method. This way we could benchmark the new phosphopeptide enrichment
workflow with the literature values and validate the biological findings, as we expected to

identify the effects of ALK / IGF1R inhibition on PTM level.

In addition to the validation of pinpointing the expected biological processes despite mas-
sive downscaling, we demonstrate with this dataset a novel technical approach for the
elucidation of coeluting and isobaric phosphoisomer pairs. Roughly 20 % of all detected
phosphopeptides share the same amino acid sequence with one or more phosphopeptides,
that differs in the identified position of the phosphosites. By nature, they have the same
molecular weight and thus display the same m/z values in mass spectrometry, they are
isobaric. Nearly half of those isobaric positional isomers can not be resolved by chro-
matography, they elute at the very same time from the analytical column. Thus, their

m/z signal intensities are convoluted and also fragments supporting both positional iso-




forms are present in the resulting MS2 spectra. In consequence, the site localization
confidence is decreased and a proper quantification and identification is impossible. Ad-
ditional measures have to be utilized to properly resolve coleluting isomer peptides and
in the past, ion mobility spectrometry (IMS) had been demonstrated as possible solution
for this separation problem [28]. The recently introduced Bruker timsTOF Pro 2 offers
an integrated IMS solution for molecule separation based on their ion mobility after elu-
tion from the analytical column and ionization, before analysis in the mass spectrometer.
Thus, this instrument has the potential to increase the identification and site localization
confidence and make the separate quantification of both ionspecies even possible. Here,
we examine the dataset for such cases and evaluate the outcome in comparison to tra-
ditional LC-MS/MS without the possibility for ion mobility separation, i.e. the Thermo
Fisher Orbitrap Exploris 480.

In summary, the adressed questions in this study were:

1. Can we achieve a competitive identification rate compared to the recently published

numbers?
2. Can we validate the expected biological responses of the results?
3. Is it possible to resolve coeluting and isobaric phosphopeptide isomers?

4. Does the confidence in identification and site localization increase due to the use of

IMS?

1.1.4 Isolated Th17 cells from mice

For the successful defense of invading pathogens and disease prevention in any living
organism, a complex interplay of specialized functions is required. In the human body, a
multitude of different specialized cells take over those functions and serve together as the
immune system. One part of the immune system is already present at birth, the innate
immune system. The whole innate immune system serves as first line defense against
pathogens and is unspecific. In order to increase specificity, a second system exists that
develops during lifetime and adapts towards more specific targets - the adaptive immune

system.




The adative immune system orchestrates a plethora of specialized cells, such as T cells, B
cells and Antigen presenting cells. Usually, an invading pathogen is processed by antigen
presenting cells, where its proteins undergo proteolysis into peptides (i.e. antigens) that
are presented at the surface of these cells. T cells are able to recognize the antigen as non-
endogenous and start secreting signaling molecules (e.g. cytokines such as interleukins
and interferons) to attract and/or differentiate additional T cells, in order to start the
pathogen defense. Therefore, the naive T cells differentiate into more polarized T cell
subtypes, such as T helper cells (Tg1, Th2, Thi7 and many more), cytotoxic T cells
(T¢) or regulatory T cells (T,e,). T cells can have pro-inflammatory effects, which are
necessary during infection to neutralize the pathogen, or anti-inflammatory effects, to
regulate the inflammatory state. The mechanisms to regulate pro- and anti-inflammatory
processes are well balanced and highly complex. A perturbation of this sensitive system

has devastating consequences.

Roughly up to 8 % of the world population suffers from some kind of such perturbations of
the immune system [29]. Id est that the acquired immune system recognizes endogenous
cells, tissues or molecules as hostile pathogens and consequently maintain an inflammatory
state at the affected areas. In severe cases, multiple organs can be affected simultaneously
and are impaired in their function, which can be life threatening and hospitalization of
the patients is often required. Anti-inflammatory or immunosuppressive medication is
needed to control the patients immune system and prevent auto-immune reactions. In
consequence, typically mild infections can be a major threat to the patients health and
triggers the need for more specialized immunoregulatory therapy to maintain the patients

resistance towards pathogens while minimizing auto-inflammatory reactions.

In the presented study, a Casein Kinase IT (CKII) inhibitory agent is tested on isolated
naive T cells from mice, that are treated with differentiating agents. The hypothesis here
is, that the inhibition of CKII leads to differentiation to a T cell with anti-inflammatory
phenotype or regulatory T cell. To study the consequences and draw conclusions about
the phenotype of the resulting T cell, phosphoproteomic analysis is required. Typically
1000 pg of peptides are necessary for a successful phosphopeptide enrichment using TiO-
spin tips. To obtain sufficient amounts of protein, differentiated T cells from multiple mice

have to be pooled, which causes an increased demand of animal resources and information




convolution of the mouse specific phenotype. Recently developed enrichment strategies
allow the use of up to 40-fold less peptide consumption and still obtain a high number
of phosphopeptides. Nevertheless, the more peptide is available for the enrichment, the
more phosphopeptides will be identified. Most importantly, the biological conclusions
from the reduced number of phosphopeptides should be similar. For the validation of this
approach, a comparison of both phosphopeptide enrichment methods has been done and

the following questions have been addressed:

1. Can we achieve a competitive identification number

comparing 25 g and 1000 pg starting material?
2. Is the nature of the identified phosphopeptide dependent on the enrichment type?

3. Is the biological conclusion the same for both enrichment types?




1.2 Techniques in bottom-up proteome analysis

1.2.1 Introduction to the analysis of the proteome by
LC-MS/MS

Parts of this chapter have been published in |26]

For a comprehensive understanding of complex biological processes, it is necessary to
link information of multiple levels, such as transcriptome, proteome, metabolome and
Post-Translations-Modifications (PTMs) [30]. Especially the analysis of protein phospho-
rylation is key to understand cellular signaling [31]. Nowadays, LC-MS/MS approaches
allow the identification and quantification of thousands of peptides in a single analysis,
but until a decade ago, the science of proteomics was very tedious and rather insensitive:
For protein identification it was necessary to prepare two-dimensional gels (2D-GE) that
were difficult to handle, time consuming, low resolution and difficult to reproduce. Iden-
tification and quantification of single proteins could be done using more or less specific
antibodies or other techniques that came either with safety issues or error prone and thus
far from robust [32]. The formerly relatively expensive mass-spectrometric (MS)-based
identification suffered from high instrument cycle times and was only operable by highly
specialized staff. Nevertheless, during the last years the instrument prices went down
and the operability was simplified, making MS-based proteomics the method of choice
for global, comprehensive protein analysis. Current generation instruments reproducibly
quantify thousands of proteins with high sensitivity, throughput and robustness, rendering

them superior to classical 2D gel approaches in most aspects [33].

The protein analysis by MS became more and more popular, but the basic principle of the
strategy remained the same: Proteins undergo digestion by proteases like trypsin and Lys-
C yielding smaller peptides. Following separation by reversed-phase liquid chromatogra-
phy (RP-LC) and electrospray ionization (ESI), the peptide mixtures are analyzed online
by the mass spectrometer. In nanoscale ultra-high-performance liquid chromatography
(nanoUPLC) systems, peptides are separated by gradients (typically between 30 and 180
min length) and elute over a short time of 5-30 s into the MS. In data-dependent acqui-
sition (DDA), the mass over charge ratios (m/z) and intensities of the eluting peptides

are measured first. Subsequently, the most intense signals are selected for fragmenta-
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tion in the collision cell. Bioinformatic tools allow to reconstruct the underlying peptide
sequences from the obtained intact and fragment m/z values. Finally, proteins can be
identified by mapping the peptide sequence to entries from protein databases. In label-
free quantification, intensity information or spectral counts of the peptides are used for

peptide and protein quantification [34, 35].

With transcriptional and translational changes of protein expression many functions of
living organisms can be steered, but this process is time and resource intensive. Another
level of information adds up by the use of PTMs, which enables rapid and resource
saving regulation of cellular processes. While the generation of a new protein would take
minutes to hours to react to a certain stimulus, a phosphorylation event can be rapidly
catalyzed by specialized proteins (i.e. kinases) and is reversible by other enzymes (i.e.
phosphatases). Structural changes of the substrate can lead to activation, deactivation
or aggregation and stabilization of proteins, that serve the cells as response [36]. The
phosphorylation event is an esterification with phosphorous acid or phosphate (typically
in form of adenosine-triphosphate) with a hydroxy-, amide-group or even thiol-groups
of the amino acids serine, threonine and tyrosine (S/T/Y) or arginine, lysine, aspartic
acid, glutamic acid and cysteine (R/K/D/E/C). Phosphorylation on serine, threonine
and tyrosine are the most abundant and studied phosphorylated sites in eukaryotes while
phosphorylated histidines have traditionally rather been recognized in prokaryotes and
plants, but recent research has proven that phosphorylated histidines are equally common

in eukaryotes [37, 38].

The analysis of phosphorylated peptides is essential for the elucidation of signal transduc-
tion pathways, but remains challenging. Due to their low abundance in the peptidome,
phosphopeptides will be difficult to detect in the presence of the signals that derive from
non-phosphorylated species. Additionally, during electrospray ionization, phosphopep-
tides ionize less efficiently, which causes low efficiency in simultaneous identification of
non- and phosphorylated peptides. Last but not least, the neutral loss of the phospho-
group during peptide fragmentation process makes the correct identification of the phos-

phorylation site difficult [39, 23].

Thus, for the comprehensive analysis of the phosphoproteome, additional sample prepa-

ration steps for phosphopeptide enrichment are necessary. These include immunoprecipi-
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tation (IP), metal oxide/immobilized metal ion affinity chromatography (MOAC/IMAC),
and fractionation strategies such as high-pH reversed-phase chromatography (high pH
RP), strong cation exchange (SCX), or electrostatic repulsion hydrophilic interaction chro-

matography (ERLIC) [40, 41].

Other methods than LC-MS/MS for the elucidation of cellular signaling through protein
phosphorylation are available, such as western blot or kinase arrays. Those techniques are
biased and require previous knowledge of the underlying mechanisms. Which antibody
and which phosphosite have to be addressed in the western blot? How quantitative is
the staining? Such typical questions can be solved using an unbiased and discovery like
approach: bottom-up phosphoproteomics by LC-MS/MS. With this analytical strategy,
not only very specific and targeted questions can be addressed, but also previously un-
known phosphosites might be discovered, that might have been missed with western blot

analysis or other analytical strategies.

The general approach in bottom-up proteomics by LC-MS/MS requires the proteolytic
digest of the proteome into smaller peptides, where their mass and the mass of the amino
acid fragments can be accurately measured by high accuracy and high resolution mass
spectrometers. Bioinformatic search engines analyze the resulting spectra, compare to
known databases and allow the identification and quantification of the proteins in shot-
gun style [42]. Although recent initiatives promote the analysis of intact proteins (top-
down strategy), the resulting spectra are unequally complex and are - up to this date
- extraordinary challenging to interprete [43, 44]. Especially when the research aims to
identify specific sites and forms of post-translational modifications, such as protein phos-
phorylation, bottom-up peptide analysis serves as more applicable approach. However, the
analysis of phosphorylated peptides remains challenging, as the number of phosphorylated
peptides as subpopulation within a digested whole proteome samples is small compared
to the number of unphosphorylated peptides. In addition to that, their physicochemical
properties prevent efficient ionization and fragmentation in the LC-MS/MS analysis [45].

Furthermore, phosphopeptide analysis was traditionally very sample consuming, but re-
cent developments allow the analysis with much less peptide material. This opens the
door to multiple sample preparation strategies, such as filter aided sample preparation

(FASP) or single pot solid phase sample preparation (SP3) that require much less peptide
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material and yield peptides with high purity. In addition to that, alternative enrichment
strategies - each with their own benefits - can be applied depending on the analytical
need. Serine and Threonine phosphopeptide analysis for example can be done using TiO,
spin tips, while the analysis of Tyrosine phosphosites requires Immunoprecipitation (IP).
Next, the phosphopeptide separation parameters and mass spectrometry data acquisition
strategy heavily influence the result, but are also demanding by chromatography and

computational means.

In summary, a plethora of methods, parameters and challenges have to be taken into
account for the successful analysis of phosphorylated peptides, which will be introduced

in the following chapters.
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1.2.2 Cell lysis and protein digest

For proteome analysis by LC-MS/MS, the proteins have to be isolated from their biological
surrounding, being tissue, a cell or any other (bio)fluid / solid. Typically, aqueous buffers
in combination with chemical and/or physical treatment are used to facilitate the cell /
tissue lysis and protein release. In order to enable an efficient protein digest, all disulfide
bonds of the cysteine residues within/between the proteins have to be reduced and re-
stabilization by oxidation has to be prevented by chemical modification. Subsequently,

the denatured and modified proteins are subjected to proteolytic digest using a protease.

A widely applied approach is the addition of aqueous solutions of chaotropic agents to
denature the proteins and keep them in solution. Urea and Thiourea are commonly
used as chaotropic agents, where Urea is known to denature the proteins preferrably
by intercalating into the hydrophobic parts of the proteins, thus interrupt tertiary and
secondary structures [46]. Although heat is also known to promote protein denaturation,
high temperature is unfavourable in lysis conditions involving the chaotropic agent Urea
as it will lead to partial carbamylation of the proteins on their Lysine (K) and Arginine
(R) residues. Ultimately, this prevents the proteolysis with the protease trypsin, that
relies on accesible and unmodified K and R residues for an efficient cleavage. If elevated
temperature is desired or not avoidable during sample preparation, a possible solution to
this issue is the use of guanidine hydrochloride as chaotropic agent, which comes with the
downside of less effective protein denaturation and solubilization [47, 48]. In general, less
stable protein/peptide modifications, such as phosphorylation on histidine and arginine
residues, will be lost during treatment with elevated temperature due to the higher energy
intake and the temperature dependency of chemical reactions according to the Van’t Hoff

equation [49].

The second important chemical lysis strategy includes the use of detergents like sodium
dodecylsulfate (SDS), sodium deoxycholate (NaDOC) or the zwitterionic CHAPS (a tau-
rin derivate) are used solely or in combination with chaotropic agents to increase the
denaturation of proteins and promote their solubilization. Detergents typically consist of
two distinct structural parts, that vary by a certain degree in their hydrophobicity. The
hydrophobic part interrupts intra-protein hydrophobic interactions, usually in the inner

core of the protein in case of cytosolic/secreted proteins or the transmembrane domains of
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membrane bound proteins. Thus, the proteins are unfolded and the hydrophobic sections
are covered by the hydrophobic part of the detergent. The hydrophilic part of the deter-
gent then facilitates the solubilization in aqueous lysis buffers [50]. In addition to that,
detergents are able to penetrate and solubilize the lipid layer of the cell wall and thus un-
dermining the membrane integrity. This aids the thorough lysis of the cell, increasing the
protein release from the cells and increases the solubilization of membrane bound proteins
[51]. When combining the detergent based lysis buffer with reducing agents like dithio-
threitol (DTT) and heating up to 95°C the lysis efficiency can be significantly increased
as demonstrated in later chapters. Although the solubilization efficiency of boiling SDS
in combination with DTT serve as excellent denaturating and solubilizing conditions, the
detergent is incompatible with the downstream analysis. When SDS is not removed from
the peptides before LC-MS/MS analysis, SDS acts as ion-pairing reagent [52|. This alters
the retention mechanism of the stationary phase, converting the chromatographic mode to
a cation exchange condition. Consequently, the analytes can not be sufficiently separated
for the subsequent MS analysis. This effect is irreversible, due to the strong affinity of the
hydrophobic part of the detergent to the stationary phase and a new analytical column
is required for furher analysis, which is costly and inefficient. Furthermore, detergents
often cause ion suppression that reduces the ionization efficiency of the analytes and thus
decreases the sensitivity to a great extent[53|. Contamination of the analytes with deter-
gents are critical and have to be avoided, so additional sample preparation steps have to

be implemented to separate the detergent from the analytes.

Suitable strategies to separate the detergent and the analyte are a) precipitation of the
proteins, b) precipitation of the detergent and c) solid-phase extraction (SPE) in combi-
nation with molecular weight cut-off (MWCO) filters. The precipitation of the proteins
is one of the oldest and simplest and thus most commonly used techniques for protein
clean up. As many (cytosolic) proteins display a minute solubility in organic solvents,
such is added to the lysis buffer until the maximum solubility of the proteins is exceeded.
The proteins thus precipitate while the detergent remains in solution, which can easily
be removed. Commonly used are cold acetonitrile (ACN) with over night incubation in
the freezer or methanol/chloroform (MeOH/CHCI;3 ) mixtures for efficient precipitation.
If NaDOC is used as detergent, it can be precipitated by lowering the pH. Last but

not least, either commercially available SPE products like S-trap or alternative digestion
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strategies like filter-aided sample preparation can be used for detergent separation prior

to LC-MS/MS analysis [54].

Especially for challenging sample types, the combination of chemical treatment with phys-
ical treatment has proven very effective. Depending on the analytical aim, different types
of forces can be applied for the disruption of cellular components, thus releasing more
proteins and/or increasing the robustness of the workflow. For instance, the French pres-
sure cell can be used for the disruption of biological membranes from suspension cells,
that are more or less homogeneous. In order to homogenize tissues and disrupt the cells
in one step, bead beating devices served best. An alternative strategy is the use of ultra-
sound, introducing shearing forces through pressure waves and strong focused forces via
cavitation [55]. Especially ultrasound has proven beneficial for phosphopeptide analysis,
because typically interfering substances in the enrichment step such as chromatin and
DNA is sheared during this process and thus less likely to interfere with the phosphopep-
tide enrichment and analysis. The downside of using physical treatment as part of the
sample preparation process is the possibility of heat dissipation into the lysis buffer. If
heating of the lysis buffer can not be prevented, e.g. with active cooling, aforementioned

issues and solutions have to be considered for lysis buffer design.

Following the successful release and denaturation of the proteins, their status has to be
stabilized for the proteolytic digest. The first step is the reduction of existing intra- and
intermolecular disulfide bonds between cysteine (C) residues of the proteins. By cleav-
ing the disulfide bonds, larger areas become accessible for the protease and increase the
digestion efficiency and protein coverage. Commonly used agents for the reduction are
Mercaptoethanol and DTT, which typically are incubated with the proteins of interest
for a period of 30 to 60 min under elevated temperature like 30°C to 60°C. More re-
cent approaches use Tris(2-carboxyethyl)phosphine (TCEP) that offers a faster reaction
at room temperature conditions [56]. As the reduced cysteins tend to re-oxidize to disul-
fide bonds, those have to be chemically modified to prevent this reaction. Typically, an
alkylating agent like iodoacetamide (IAA) or chloracetamide (CAA) are used to introduce
carbamidomethylation to the sulfur group of the cysteines as fixed artificial modification

to the protein / peptide [56].

The proteolytic digest is performed by a protease, in most cases trypsin. Trypsin has the
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advantage to cleave the amino acid sequences after each appearing lysine and arginine,
unless it is followed by a proline (which sterically hinders the cleavage [57]). This creates
peptides of managable length for the MS analysis and additionally ensures that at least
one basic amino acid residue (i.e. K and R) is present in the resulting peptide, which
increases the probability for efficient ionization during electrospray-ionization before MS
analysis significantly. Typically, the digest is very efficient and does not yield many
cases of missed cleavages. An increased number of missed cleavage serves an indicator
for inefficient sample preparation beforehand (denaturation or reduction/alkylation), as
those possible cleavage sites are believed to be less accessible for cleavage. It has been
shown, that the presence of organic solvents increase the efficiency of the proteolytic
digest [58] and meanwhile specialized products are commercially available that minimize
the autolysis products [59] and thus creating less peptide artifacts with non-sample origin

in the LC-MS/MS analysis.
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1.2.3 Phosphopeptide enrichment

When analysing the resulting peptides from the proteolytic digest directly using LC-
MS/MS, very few phoshopeptides can be found. The reason for this finding is mainly
the low ionization efficiency of phosphorylated peptides in general, especially in presence
of non-phosphorylated peptide species [23]. Due to the acidic nature of the additional
phosphate group, the likelihood for attracting and stably harbouring additional positive
charges in positive ionization mode is decreased compared to unmodified peptides. A
very simple solution would be to switch the polarity to negative mode, but in general the
ionization efficiency is even less and has proven to be not useful for phosphopeptide anal-
ysis [60]. In addition to that, the relative abundance of phosphorylated peptide species
is significantly lower than unmodified peptides. Thus, their low signal intensity and also
lower number in relation to signals from unmodified species make the effective selection
for MS/MS identification in the mass spectrometer very challenging. Therefore, a differ-
ent solution is commonly applied: the separation (i.e. chromatography) or enrichment
of phosphopeptides from unmodified peptides before the analysis with LC-MS/MS. The
physicochemical properties that can be used with current techniques for this chromato-
graphic procedure are either the acidic nature / negative charge of the phosphorylated

amino acid or the 3-dimensional structure.

It has been shown that phosphorylated peptides selectively bind to metal ions by estab-
lishing a bidentate bridging between two oxides of the phosphate group and the metal ion
[61]. When utilizing this affinity mechanism, the pH of the chromatographic condition
should be adjusted so that the phosphate group harbours a negative charge. The iso-
electric point (pI) of the phosphopeptides is dependent on the neighbouring amino acid
composition and is usually around 2.5 to 3.5, so an optimal pH value for an efficient chro-
matography should be buffered one pH unit higher than the phosphopeptide pl values
to preserve the deprotonated state. The negative charge and polarity of the phosphate
group shows naturally a high affinity to positively charged or uncharged polar ion species
and molecules. The functional material can be bound to chromatographic resin filled in
HPLC columns, Spin-tips or simply centrifugable slurry or magnetic beads. Either way,
phosphorylated peptides can bind to the functional material while the unmodified species

can be washed away (flow through). As functional material, metal ions such as Fe®",
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Ti** or Zr** are immobilized by chelation within a nitrilotriacetic acid (NTA) matrix
(immobilized metal ion affinity chromatography - IMAC) or metal oxides such as TiO; or
ZrO, as chromatograpic resin (metal oxide affinity chromatography - MOAC) are used for
the affinity chromatography of phosphopeptides [62]. All of the proposed materials show
high affinity towards phosphopeptides in general, but the differ in their exact specificity.
Therefore, a sequential combination of different enrichment techniques, e.g. first enrich-
ment using TiO, MOAC followed by a second enrichment using the flow-through with
Zr*t IMAC, have proven to yield a more comprehensive picture of the phosphoproteome

(63, 64].

Naturally, not only phosphorylated peptides show affinity towards this functional material,
but any other molecule harboring certain groups that introduce acidity. This includes
peptides containing acidic amino acid residues such as aspartic or glutamic acid, but also
DNA strands that are build around a heavily phosphorylated backbone. Two strategies
are applied to prevent unspecific binding towards the metal oxides. First, competitive
agents like small organic acids (citric, lactic, oxalic or dihydroxybenzoic acid and others)
will reduce the binding of acidic peptides while leaving the binding of phosphopeptides
unaffected. The reason for this is a minor difference in the mode of binding towards
the metal ion between organic acids and phosphogroups. While organic acids tend to
form bidentate chelates, the phosphogroup forms bidentate bridges [65]. Also, the 3-
dimensional structure of the complexes are slightly different (e.g. because of the different
angles of the binding dentates towards the metal) and organic acids mimic the structure
for acidic amino acid residues in greater conformance. Second, to aviod the coverage
of binding sites with contaminants such as DNA, they have to be removed before the
phosphopeptide enrichment. Usually, digesting enzymes such as DNAse I or nuclease A
(commercialized as benzonase) can be incubated with the sample before tryptic digest
of the sample, but in this case the used nuclease concentration has to be monitored and

optimized, as this will create artifact peptides with non sample origin in the analysis.

The aforementioned methods are well established, widely used and comparably easy to
implement while requiring a high, but reasonable amount of protein as starting mate-
rial. On the other hand, this analysis will lead to the identification of mostly serine,

followed by threonine and very few tyrosine phosphosites, due to the naturally occurring
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abundances and to some extent also the enrichment bias of the selected method [66]. In
many research areas, such as cancer signaling, tyrosine kinases play a crucial role and
the information about the affected phosphosites will not be reflected by MOAC or IMAC
approaches. A solution to this problem is the use of phosphotyrosine targeting antibody
based immunoprecipitation (IP) enrichment. In this case, the relatively large and feature
rich 3-dimensional structure of the phosphorylated phenolic side chain serves as suitable
target for specific antibodies [67]. In this approach, the pY-harbouring phosphopeptides
are precipitated and eluted separately while the flow through can be used for sequential
enrichment with MOAC or IMAC. Typically, for such TP pull down experiments as much
as 10 mg of peptides are required to obtain a resonable number of tyrosine-phosphosites.
Often this is a major limitation for clinical studies, where e.g. needle biopsies deliver only
few milligrams of samples, of which most has to undergo traditional differential diagnos-
tic procedures. An other considerable downside of currently widespread MOAC/IMAC
approaches is the incompatibility to preserve fragile phosphorylation related PTMs such
as phosphorylations on histidines, arginines and lysines, aspartic and glutamic acid and
even cystein. Recent research could achieve a proteolytic digest and phosphopeptide en-
richment with very mild conditions, that preserve fragile phosphosites, demonstrated on
phospho-histidines of Escherichia coli [68]. Specifically in M.oryzae, a two component
system harboring phospho-histidines is known to regulate the functions studied in one
of the featured research questions, which can not be addresses with the used analytical

methods.

For the successful and comprehensive elucidation of the phosphoproteome, many factors
have to be considered. Similar to the proteolytic digest, one single method is not sufficient
and has to be adapted to specifically answer the scientific question of interest. Ultimately,
the method of choice is also mainly driven by the availability of protein and consequently
peptide amount. Therefore, downscaling of the required material while maintaining in-
formation depth is one of the major challenges in the field of phosphoproteomics in the
near future, especially in respect to single cell and spatial proteomics. Consequently, this
issue was also addressed in this featured research and validated with a biological question,
where we were able to obtain the same biological deduction while reducing the required

starting material 40-fold.

20



1.2.4 Peptide analysis by liquid chromatography and mass

spectrometry

Proteolytic digests of whole proteome samples are highly complex and have to be simplified
before analysis which can be achieved e.g. by electrophoresis or liquid chromatography.
Dduring the laste decades, peptide separation by ultra high performance liquid chromatog-
raphy (UPLC) became increasingly popular due to increased robustness and throughput.
Furthermore, downscaling of the analytical conditions have proven to increase sensitivity,
thus currently microliter- and even nanoliter per minute flowrate instruments (nUPLC
and nUPLC) are commonly used for peptide separation in proteomics. The principle of
separation of based on the hydrophobicity of the analytes. In nUPLC systems, the sep-
aration takes place in a column, that is filled with functional material. In most cases,
silicagel particels of around 1.8 pm in size, that are modified with C18 alkyl chains on
the surface, are used as functional material. The peptides from the sample are loaded
onto the column using aqueous solvents. In consequence, the partly hydrophobic pep-
tides tend to interact with the C18 side chains and are rather retained on the column,
then eluted together with the aqueous solvent. When gradually increasing the amount of
organic solvent, the peptides elute in dependency of their hydrophobicity. Controlled by
the steepness of the gradient (i.e. change in % organic solvent per time), the number of

coeulting peptides that leave the separating column is reduced to a manageable number

[69].

As the total number and diversity of the analytes is quite high, a chromatographic sep-
aration before mass analysis is always a trade off between generic and easy applicability,
speed and accuracy. But especially when analyzing sub-populations of peptides, such as
phosphopeptides, the chromatographic procedure has to be thoroughly evaluated. The
additional phosphogroup within the analytes introduces an additional hydrophilic com-
ponent, thus the retention of the phosphopeptides is reduced compared the unmodified
peptides. On the other hand, the complexity of the sample is reduced and thus the
gradient steepness and time might be adjusted for optimal analyte distribution over the

gradient time.

After successful separation, the analysis of the peptides is performed by mass spectrom-

etry. The development of the soft ionization technique electrospray ionization (ESI) and
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increased operability / accessibility of mass spectrometers made it possible to identify the
mass-to-charge ratios (m/z) of intact proteins and peptides as well as their amino acid
fragments in a large scale [70]. However, the technical principles of analyte separation
by m/z and ion detection are diverse and each technique serves certain applications. In
most proteomics applications, three types of mass separators and analyzators are used:
quadrupole, time-of-flight and orbitraps. The separation and measurement principles are
often integrated into one hybrid instrument such as triple-quadrupole or quadrupole and
TOF and many more combinations to meet complex analytical requirements in proteomics

as summarised in figure 1.1.

Quadrupole instruments are typically cost effective, highly sensitive and robust but on
the other hand offer a limited m/z separation power. They consist of at least four metal
rods, that create en electrical field by superposition of a constant direct voltage (DC) and
a alternating current voltage (AC). When positively or negatively charged ions enter the
quadrupole from one side, the design of the prevalent electrical field causes the ions to
follow certain paths that guides only ions of a certain m/z ratio stably to the other side of
the quadrupole. The flight path is dependent on the applied ratio between DC and AC,
thus quadrupoles act as m/z filters, which can easily be calibrated. In order to detect the
number of ions that successfuly pass the quadrupole a detector has to be placed at the
outlet of the quadrupole, usually an electron multiplier tube |71]. The filtering ability of

quadrupole allows three operation modes, as described in table 1.1.

A commonly used sequential combination of three quadrupoles (figure 1.1 D) is often
used in targeted proteomics, where the analytes are already known and characterized and
specially targeted within all present peptides. For this, the first quadrupole is used in SRM
mode for a previously selected peptide m/z of interest. Consequently, only that specific
peptide and other analytes with the same m/z ratio can pass through the quadrupol
and serve as precursor for the following fragmentation. The second quadrupole serves as
collision cell, it is filled with gas molecules and set to RF mode. While passing through
the second quadrupole, the precursor collides with gas molecules. This collision induced
fragmentation (CID) generates amino acid oligomer fragments of various length. The
third quadrupole can be operated in Scan mode, to obtain information about all generated

fragments (to confirm identity by sequencing the amino acid fragments) or in SRM mode,
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for the accurate, robust and most sensitive quantification by a selected fragment only [72].

The disadvantage of QqQ instruments is a low m/z resolution compared to TOF and
Orbitrap instuments. It is calculated by dividing the observed m/z value by the full
width of the peak at half maximum (FWHM) [73]. Typically, quadrupoles can reach a
resolution ranging from 500 to 5000, which is not enough to calculate the theoretical sum
formulas or match peptide masses from databases with adequate probability. Therefore,
the main use of these instruments is the robust and sensitive quantification of known and
characterized substances, e.g. the monitoring of known biomarker peptides/proteins of

patient serum samples in the clinic.

For the unbiased discovery of proteome wide changes, a considerably fast and accurate
measurement of peptide m/z values with higher resolution is required. Time-of-flight
mass spectrometers fit for this purpose, as their measurement principle provides typically
a resolution in the range of 10 000 up to 50 000 |74], in some instruments also up to 300
000. The obtained m/z values for peptide precursors are usually within the range of £15
ppm, which adds the required confidence to the correct database search of the theoretical
peptide mass compared to the measured m/z values. Furthermore, TOF instruments
typically are able to measure mass spectra very fast with a frequency of up to 120 Hz.
The measurement principle is quite simple: charged ions are accelerated into a drift tube

and the time the ions need to reach the end of the tube is measured. As the kinetic energy

Mode Description

SRM/MRM  Single/Multiple reaction monitoring. A single or multiple fixed AC/DC
(i.e. m/z value) are set up and solely measured.

Scan The continuous flow will pass through the quadrupole while the
AC/DC ratios (calibrated to known m/z values) are ramped. Thus,
unknown m/z can be identified.

RF Radiofrequency only mode. The quadrupole is set in a way, that all
ions will be transmitted, independent on their m/z ratio.

Table 1.1: Measurement modes of quadrupole mass analyzers. Typically, three different
modes can be used: SRM, Scan and RF. Within a quadrupole, only one of the modes can
be present. Depending on the application, multiple quadrupoles have to be combined to
make use of using multiple measurement modes sequentially.
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is the same for each charge state, the flight time is solely dependent on the analyte mass.
As depicted in figure 1.1 B, some instrument types include additionally reflectrons into
the flight path to increase the length and thus the resolution. In general, the resolution is
constant over the whole m/z range in contrast to quadrupole and orbitrap instruments and
there is no theoretical upper limit for the measurement of m/z simultaneously. Having
the flight path length as main driver for the resolution and m/z, it is crucial that it
remains constant after calibration. Even small temperature changes or movements of
the instrument make a new calibration necessary. A possible strategy to overcome such
robustness issues is the use of an internal calibrant, that is spiked in during the data
acquisition. Data processing software can then use the known m/z information of the
calibrant to correct all acquired mass spectra if needed. This strategy requires additional
measurement time, that is therefore not available for the analytes. Other instruments
make use of temperature control and heavy insulation, but still calibration is frequently
required. Often, quadrupol separators are installed before TOFs (figure 1.1 F). This allows
the high resolution precursor m/z measurement while the quadrupol is in RF mode, but
also allow the preselection using SIM mode with subsequent fragementation to obtain

high resolution m/z values of the resulting fragments.

In summary, time-of-flight instruments serve as excellent trade off between low cycle time
(high scan frequency), sensitivity and also flexibility for combination with other separation
techniques such as ion mobility. On the other hand, they suffer from susceptibility to
environmental changes and thus require frequent calibration. In addition to that, the

space requirements are comparably large, as the flight tube requires large physical space.

The third commonly used type of mass analyzer is the Orbitrap exclusively distributed
by Thermo Fisher Scientific. The Orbitrap consists of an inner core and two shells, that
are isolated against each other (figure 1.1 C). Between core and shell an electrical field is
applied, that causes the injected ions to circulate around the core while oscillating along
the core axis at the same time. The oscillation frequency is dependent on the m/z ratio of
the analyte and causes a measureable potential difference between the isolated outer shells.
As all frequencies are superimposed in the transient diagram, fourier-transformation has
to be applied to obtain the raw frequencies, that can be calibrated with known m/z ions

[75]. Tt allows the acquisition of high resolution mass spectra with adjustable resolution,
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that is dependent on the m/z value. The higher the measured m/z value, the worse the
resolution. Resolutions up to 480 000 are possible, but are unpracticable in proteomics,
as a higher resolution requires substantially higher measurement time. Still, typically
applied resolutions range from 15 000 to 60 000 while operating at a slightly lower m/z
scan frequency than TOF instruments. In general, Orbitraps are always coupled to ion
routing systems, traps and quadrupoles (figure 1.2). After ionization, the ions are guided
trough a separating or RF mode quadrupole, after which the charge counter leads a
predefined amount of charges into a trapping chamber. For the measurement of precursor
m/z, the ions are routed to the Orbitrap device and measured. For the measurement of
peptide fragments, the peptide m/z of interest is already separated in the quadrupole,
guided through the charge counter into the trap, where the fragmentation takes place. In
this case, higher energy collision induced dissociation (HCD) is applied to generate the

peptide fragments [76]. Afer that, all ions are measured in high resolution in the orbitrap.

An Orbitrap mass spectrometer offers a very high resolution while being robust to envi-
ronmental changes. In addition, they cover a broad dynamic range [77] and are able to
resolve reporter ions for labelled peptide quantification, such as tandem mass tags (TMT,
branded by Thermo Fisher). On the other hand, the cycle time per each scan is increased

and the instruments are solely available from one manufacturer.

1.2.5 Ion mobility spectrometry

Due to the fast m/z scan time of TOF instruments, additional separation techniques that
require separation times that are between liquid chromatography (several seconds for one
peptide) and mass spectrometry (1/120 s for one spectrum) can be interposed. Typically,
ion mobility separation (IMS, figure 1.3) fits that spot. IMS enables the measurement
of an additional feature for each peptide (retention time, ion mobility and m/z values)
within milliseconds, which increases the confidence in identification and opens the door for
substances that coeulte from the column (equal retention time) and are isobaric (equal
m/z) and would thus not be identified separately without the additional IMS feature.
An important example are phosphopeptide isomers, that differ by the position of the
phosphate group within the amino acid sequence. Several principles of ion mobility have

been used together with mass spectrometry in the past years [80]. The recently developed
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Figure 1.1: Overview of different mass spectrometer types. A) Single quadrupol MS. B)
Time-of-flight MS. C) Orbitrap MS. D) Triple quadrupol MS. E) Quadrupol coupled to
time-of-flight MS (qTOF). F) Tandem ion mobility separation coupled to qTOF. Images
adapted from [78, 79|
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Figure 1.2: Operating principle of the Thermo Fisher Exploris 480 exemplary for Orbitrap
Mass Analyzers as shown in |[78]. The ionized molecules can be separated by the integrated
quadrupol first, before fragmentation. After back-transfer of the ions from the collision
cell, the ions enter an electric field inside the orbitrap, that causes a circular and oscillating
movement of the ions along and around the inner core rod. By measuring the frequency
of the voltage differences between two isolated outer shells caused by the oscillation of the
ions, the m/z ratio can be determined after Fourier-Transformation and calibration.
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trapped ion mobility spectrometry coupled to a TOF instrument (timsTOF from Bruker
Daltonics) enables the trapping of ions in the IMS device before measurement, which
increases sensitivity. The principle is simple: charged ions are pushed by a constant gas
stream into the IMS tube, while a counter directional electric field with increasing field
strength is applied along the IMS path. Thus, ions are trapped at the position where
the counter directed electric force equals the pushing force caused by the constant gas
flow. The greater the collisional cross section (CCS) of the molecule is, the greater is the
pushing force and the greater the counter directed electric field has to be. In plain words,
the bigger the molecule, the further it can move along the IMS tube. By lowering the
potential from the proximal end of the IMS tube sequentially, the ions are released into
the qTOF instument for measurement. This feature has proven to increase the sensitivity
and number of identifiable analytes in proteomics samples, but has also proven benefits

in lipidomics or metabolomics [81].
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Figure 1.3: Scheme of a trapped ion mobility spectrometer (tims) adapted from [82].
Ionized molecules enter from left and are pushed by gas flow into the tims device. There,
a counter directed electric field traps ions at the position where the counter directed force
by the electric field equals the forward directed force on the ions caused by the pushing
gas flow. The molecule geometry in the gas phase determines the area that is affected by
the gas flow. Thus, larger molecule geometry, i.e. cross collisional section (CCS), causes
greater forces acting on the ions, the ion mobility is increased. In consequence, a gradient
electric field along the tims device is applied to trap ions at different positions along the
tube, separated by their ion mobility.

1.2.6 Visualization of mass spectrometry data

The visualization principles for LC-MS/MS raw data is similar for all MS types. The most
basic type of chromatogram is the total ion count (TIC). For this visualization, the sum

of each signal in every acquired MS scan (typically MS1 level only) is calculated and this

27



value is plotted against the time point it was acquired (i.e. retention time) as depicted in
figure 1.4 A. This way, a general overview is given and can be compared in each sample.
Also, it quickly answers technical questions, such as ESI spray stability and ionization
efficiency as shown in figure 1.4 B. Often, MS1 spectra are dominated by one very high
intensity precursor, the so-called base peak. When extracting not the sum of all intensities,
but solely from the base peak, we can obtain chromatographic information on precursor
information, as can be seen in figure 1.5. In more detail, a base peak chromatogram
(BPC) shape that follows nearly Gaussian distribution is desirable, but can also show
tailing or fronting. This often indicates a void volume within the system that causes
this peak broadening or fouling of the analytical column. In consequence, all connections
have to the re-fitted and column aging and performance has to be monitored closely.
A third very important visualization principle is the extraction of signal intensities for
distinct masses only throughout every MS1 spectrum. This principle is called extracted
ion chromatogram (XIC) and helps to identify single precursors, such as known analytes

and contaminants with known m/z ratios from the raw file directly.
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Figure 1.4: Examples of a typical proteomics peptide chromatography run with A) TIC
of technically successful raw data B) spray instability during data acquisition

1.2.7 Data dependent versus data independent acquisition mode

Typically, the full m/z spectrum for any time point during chromatography is measured,
harboring the information about the ion intensities and m/z ratios for all coeluting pep-
tides at this specific retention time, which is called MS1 scan. But for the successful
identification of the eluting peptides, the precursor m/z is not sufficient. Rather, amino
acid composition by analysis of the contained peptide fragments by processing software or
manually gives satisfactory confidence and proof for the correct identification. This can be

achieved using the CID or HCD capabilities in modern mass spectrometers, the peptides
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Figure 1.5: Example for a base peak chromatogram of a typical proteomics peptide chro-
matography. The most intense signal in each MS1 is displayed, in proteomics experiments
these are typically peptides.

are fragmented and yield fragments of various length as described in figure 1.6 A, which
is called MS2 scan. This is also the rationale behind the abbreviation LC-MS/MS, as
two different kinds of mass spectra are collected after LC separation. For the acquisition
of fragment spectra, currently two strategies are employed: data dependent acquisition

(DDA) or data independent acquisition (DIA) as described in figure 1.6.

In data dependent acquisition, the top N most intensive m/z ions are identified from the
MS1 scan (precursor spectrum, in proteomics typically precursors are peptides) by the
operating software of the mass spectrometer and sequentially selected with very narrow
window (e.g. £0.5 Thompson) by the quadrupole for fragmentation, so their MS2 spectra
(fragment spectra) can be collected. The selected number N of most intense ions is
typically between 10 to 25 and can be chosen depending on the instrument speed and
on the analytical need. When short LLC gradients and highly complex MS1 spectra are
present, a high N is needed for deep peptide coverage. On the other hand, a high N costs
measurement time and MS1 quantification accuracy. In general, the DDA strategy decides
depending on the MS1 information, which precursors are selected for fragmentation. It
provides clean and high quality spectra, that can also be used for denovo sequencing. In
addition to that, the data processing is not computationally intensive and implements

easy and straight forward algorithms that are accessible to a broad community.

In contrast to that, in data independent acquisition strategy, no preselection of the pre-
cursors is performed. The fragmentation is independent of any MS1 information present.

Instead of choosing a very narrow window for selecting the precursors for fragmentation,
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a wider window of precursor m/z are allowed to pass through the quadrupole. This way,
multiple precursor cofragment and create chimeric MS2 spectra, where the assignment of
precursor and their corresponding fragments is not easily possible. More complex bioin-
formatic algorithms have to be applied to elucidate the amino acid evidence for each
precursor [83]. This also includes the use of spectral libraries, that contain a set of pre-
aquired high quality spectra of already assgined peptide annotations. Spectral libraries
are either labor intensive or computationally intensive to create. Recent developments
in the proteomics community show improvements in algorithms and software to actually
process DIA generated rawdata in a comprehensive and user friendly way [84] as well as
the accessibility to high performing computer systems have paved the way for increasing
use of DIA. The major advantage of DIA is a robust and accurate quantification as well as
the decrease of missing values, due to the fact that no selection of precursors is performed
and instead also borderline signal intensities are fragmented and have the chance to be

identified and quantified.
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Figure 1.6: Principles of data acquisition. A) In data dependent acquisition (DDA)
mode, single precursors are selected and fragmented for identification. This mode yields
comparably clean spectra, but with limited capacity. B) In data independent acquisition
(DIA) mode, predefined m/z ranges are fragmented simultaneously. Thus, the resulting
MS spectra are more complex compared to DDA, but all peptides within this m/z range
can possibly be detected. Figure adapted from [83]
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1.3 Peptide identification, quantification and
bioinformatics

Ultimately, proteomics research aims to gain unbiased insight into biological systems. The
path towards this insight includes the correct identification of measured peptides, com-
bining this information on proteome level or PTM level and quantify the results. This
way, the protein and PTM quantities can be used to identify relevant changes by using
simple statistical methods including t-test, linear models and multivariate statistics such
as principal component analysis (PCA), Uniform Manifold Approximation and Projec-
tion for Dimension Reduction (UMAP), t-Distributed Stochastic Neighbor Embedding
(t-SNE) and other unsupervised machine learning algorithms like hierarchical clustering,
clustering by k-nearest neighbors, dbscan and random forest. Databases with previously
collected knowledge are then necessary to conclude what those changes and relationships
actually mean and to combine the findings with the observed biology. A plethora of

methods and tools are available, but most often share the same principles.

The following sections want to introduce the used tools and the principles behind them

as well as promising advancements and limitations.

1.3.1 Processing of DDA data

With a protein database at hand, e.g. from Uniprot [85], the protein sequences can be
digested in-silico according to the sample preparation protocol, the user defines search
parameters e.g. as noted in table 1.2. The exact settings are variable and depending
on the experimental designs, the question at hand and also the used software, but in
general these are the most important and usually the minimum required input from the
user. The in-silico digest provides a list of possible, expectable peptide masses that
are consequently compared to the measured intact peptide masses (i.e. precursor mass
before fragmentation). Usually, multiple candidates will fit to the measured peptide mass
which makes additional features for the correct identification necessary. Fragmentation
of the intact peptides delivers possible combinations of amino acids from the peptide
sequence. The DDA strategy ideally provides clean MS2 spectra deriving from only one

selected precursor after fragmentation. The mass differences between adjacent fragment
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m/z values can only meet the mass of one naturally occurring amino acid or a multitude
and combinations of those. The fragmentation patterns are often not complete, fragments
are missing or types of ions are favored in certain fragmentation techniques. Therefore,

scoring approaches are necessary to evaluate the probability of correct identification.

Proprietary as well as open source software is commonly used in the proteomics commu-
nity. Each software regardless the respective publication status has its own strengths,
although they serve the same purpose. The most commonly used open source software is
MaxQuant developed by the Cox group [86], which accepts most mass spectrometer raw
file formats with and without ion mobility information available. Especially the label free
quantification (LFQ) strategy MaxLFQ [87| is known to be very strict on one hand, but
also very accurate on the other [88] and is also used in other software for quantification.
Another commonly used open source search engine is MSFragger by the Nesvizhskii group

[89]. Tt is known to provide search results very fast and is compatible with many other

Parameter Typical value
Digestion enzyme Trypsin

Allowed missed cleavages 1

Fixed modifications Carbamidomethylation

(i.e. alkylation on cystein)

Variable modifications Oxidation on methionines
N-terminal acetylation
Phosphorylation on S/T/Y

Max. no. of variable modifications 4

Database FASTA file
e.g. Homo sapiens, downloaded on 24.04.2022
from Uniprot reference proteomes
(UP000005640) containing 20 577 protein
sequences and including 172 most common
contaminants

Table 1.2: Typical search parameters for database search always include a type of prote-
olysis (or no proteolysis, if no enzyme was used for digestion), an acceptable number of
missed cleavage, biochemical modifications to the peptides (fixed or variable) as well as a
source of protein sequences (typically a FASTA database)
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proteomics tools that can be incorporated in the FragPipe software suite. In addition
to that, by using FragPipe for the library generation for DIA experiments it has been
shown to boost the performance of DIA identifications significantly [90]. A very popular
proprietary software for the comprehensive analysis of DDA data is PEAKS by Bioin-
formatic Solutions Inc. [91]. PEAKS is able to perform and provide DeNovo sequencing
information together with the database search which aids confident identification and to
answer discovery related questions such as novel identifications of mutation or isoform
discovery. PEAKS has also been shown to perform well with unspecific searches such as

required by immunopeptidomics [92].

1.3.2 Processing of DIA data

In contrast to the straight forward identification procedure using DDA data, DIA requires
sophisticated algorithms to perform the identification. Two different strategies are applied

for the processing of DIA data: Spectrum centric and peptide centric approach [93].

The spectrum centric approach is similar to the analysis of DDA data. During the analysis,
peptides typically elute over a time frame of several seconds and follow ideally a gaussian
curve. Consequently, also their fragment ions follow this pattern. When comparing the
overlay of fragment spectra with the precursor elution profiles, pseudo-spectra can be
extracted that look similar to DDA like data [94]. This way, the resulting pseudo-MS2
spectra can be searched either via database search or can be compared to previously
generated (by DDA measurements) spectral libraries. In contrast to this approach, the
peptide centric approach assumes all theoretical peptides of a digest can be found in the
raw data [95]. Therefore, peptide centric algorithms search for evidence (e.g. retention
time, ion mobility, fragments present ...) of the peptides of interest and reports scoring

values.

Peptide centric approaches work best using a spectral library. The generation of such
a spectral library requires the acquisition of high quality MS2 spectra for every possible
peptide for the particular species, cell line or project. Peptide spectra that are not present
in the library, can not be identified in the samples of interest. Therefore, much effort is
required to provide a broad coverage of the proteome. Usually, a pool of all samples is

fractionated by strong-cation exchange (SCX) or high-pH reversed phase fractionation
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(hpH-RP) [83], and the fractions are measured in DDA mode to obtain sufficient quality.
By distributing the number of peptides through the fractions while measuring each frac-
tion in DDA with high peptide capacity (Top N) and long gradients, the total number of
identifiable peptides is increased. The downside is the time intensive measurement and
data processing, that has to be done before the first sample of interest can be measured.
But once this library is generated, it can be used for many consecutive analysis, as long
as the sample type remains the same. Therefore this approach is a valuable alternative
when large scale studies are of interest. To reduce the required wet lab work and mea-
surement time, effort has been made to predict spectra in-silico from FASTA files [96].
This way, also smaller projects can profit from the benefits of DIA, without the need for
intensive preliminary work. It has been shown, that although wet-lab generated spec-
tral libraries still achieve the highest numbers, in-silico predicted spectral libraries have
increased in performance over the past years. Very recent research has proven that the
neuronal-network assisted library-free analysis of DIA data can even exceed the identi-
fication performance of wet-lab libraries [84]. Still, the generation of predicted spectral
libraries requires exceptional computational performance and thus very long analysis run-
times. Especially, when adding PTM level information to the library entries, the number
of possible precursors to predict grows exponentially. The generation of a predicted li-
brary including up to four phosphosites requires roughly one week on a computer with
128x cores of 2.9 GHz and 256 GB of RAM with DDR4 technology, but once it is generated

it can be used for many follow-up studies.

The complexity of the chimeric spectra is already very high when analyzing unmodified
peptides which is even increased in the presence of modified peptides. Especially phos-
phoproteomics DTA experiments create supercomplex MS2 spectra that were unsearchable
few years ago without wet-lab spectral library, as the required computational resources for
the prediction were not affordable. But the generation of a spectral library requires high
amounts of sample material, that often is not available in phosphoproteomics experiments.
Very recent software improvements and the availability of affordable computational re-
sources made it possible to investigate the broader use of DIA for phosphoproteomics.
Few publications are published up to date addressing the issues and give guidance with
DIA in phosphoproteomics [97, 98], so this featured work is one of the few DIA phospho-

proteomics datasets available that shed light on remaining questions with this.
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In general, the processing of DIA data requires either a laborious library generation or
sophisticated computing resources. In addition to that, software requirements for the
actual identification and visualization of the results are not as trivial as for DDA data.
In exchange for that, the number of missing values is reduced and the robustness of the
dataset is increased, which is especially relevant for large scale and long term studies.
Common software for DIA data processing include the open-source Skyline and DIA-NN
[84, 99]. A widely applied proprietary software is Spectronaut from Biognosis.

1.3.3 Quantification strategies

For identification and quantification, usually a feature is constructed that includes all
possible information about the precursor such as retention time, m/z, isotope pattern, ion
mobility, peptide sequence and signal intensity. First, the identification of features can be
transferred between runs (i.e. match between runs - MBR), where the feature is identified
confidently but no MS2 spectrum proves the identification. This way, the number of
missing values is reduced, but no direct prove for the peptide can be provided in some
samples. Next, all features of each sample can be used to normalize their intensity values,
if required. The assumption behind this is, that no major changes happen to the majorities
of peptides. One strategy for this uses the sum of signal intensities (total ion count - TIC)
for a given MS1 spectrum (i.e. retention time) for normalization. Others implement
internal standard peptides, that assign a fixed normalization factor for the whole sample.
Sophisticated normalization using variance stability normalization or cyclic loess [100]
can also be applied after data processing, before statistical analysis. In the last step,
peptides are selected for calculation of protein abundance in each sample. Each software
has own featured quantification algorithms as described in table 1.3. Other quantification
strategies involve the chemical or metabolic isotopic labeling of peptides and combination
of samples (multiplexing) before analysis, but this strategy is not applied here and can be
reviewed in [101]. Advantage of such labeled quantification is a reduced number of missing
values. On the other hand, the reagents are cost intensive and multiplexing is limited to
a maximum of 18 samples [102|. Furthermore, very high resolution in low mass regions
(typically the mass range for the reporter ions of the labels) is required where TOF
instruments perform less effective than Orbitrap instruments, thus the efficient use of

instrument time is reduced as Orbitrap instruments typically require longer measurement
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times. Therefore, a label-free quantification strategy was applied to the featured sample

sets.

1.3.4 Preprocessing, missing values and statistical testing

In proteomics, often perturbation experiments are conducted to elucidate the proteomic
and PTM response of a biological system to a stimulus. In the most simple case, a con-
trol group of samples is compared to a sample group including perturbations e.g. drug
treatment or loss-of-function, each with adequate number of replicates. For proteomics
experiments, often three replicates are sufficient to gain statistical confidence, as such
workflows have proven very robust especially using the DIA strategy. The analysis of
PTMs such as phosphorylation requires the data anlysis on peptide level, thus a higher
variability in the raw data values is expected. In addition to that, especially phosphopep-
tide enrichment introduces an additional source for variability, that has to be accounted
for. In these cases at least four, preferably five biological replicates are required to achieve

sufficient confidence.

Algorithm Description

Top N Takes the average or sum of the N top intensity peptides as protein
quantity. The advantage is an easy implementation but the approach
can not cover broad dynamic ranges, low intensity signals are often
neglected. Therefore, some peptides might provide intensities outside
the linear range of the instrument.

MaxLFQ Compares the fold-changes of each peptide individually per sample and
selects those peptides, that follow similar patterns. [87]

iBAQ Intensity based absolute quantification. The sum of all observed
peptides is normalized to the number of theoretically identifiable
peptides, which approximates the absolute protein abundance. [103]

Table 1.3: A selection of quantification algorithms. Although this is not an exhaustive list,
Top N, MaxLFQ and iBAQ are the most commonly used aglorithms. All algorithms have
in common to take into account a sub-population of the identified peptides per protein.
They differ mainly in the strategy how to select the peptides, based on their intensity
(Top N), peptides changing in comparable manner (MaxLFQ) or normalization per pro-
tein length (iBAQ). Depending on the analytical need, the selection of the appropriate
quantification strategy is key.

36



Many statistical methods are similar in -omics sciences and can be transferred from
broadly applied and well known technologies, such as transcriptomics and genomics. Be-
fore identification of the statistically significantly changing events, data preprocessing is
sometimes necessary to reduce batch effects or compensate for fluctuating values through-
out time (e.g. temperature changes caused by day and night might influence the flight
path of TOF instruments and thus influence the measured values, clogging or fouling of
the analytical chromatography column or the ESI emitter and many more). An overview
of possible measures to account for systematic but compensateable changes can be found

in table 1.4. A comprehensive review for protein level data can be found in [100].

Another critical and controversial discussed strategy is the compensation for missing val-
ues. The question is in this case: Is data completeness required for the successful analysis
of the dataset? The answer to this is not trivial and strongly dependent on analytical aim
of the study. While statistical testing such as t-test or linear models are to some extent
robust to missing values, advanced multivariate statistical analysis such as unsupervised
clustering, PCA et al. require data completeness. In these cases, either very stringent
filtering and/or the artificial calculation of replacement values (imputation) has to be

done before further analysis.

Whereas in other -omics technologies missing value imputation plays a minor role, it be-
comes relevant in proteomics. Even when applying the DIA strategy, missing values per
sample of up to 10 % are common. In most cases, proteins with a high number of missing
values across the dataset typically are either very small and thus yield less detectable
peptides or are expressed in comparably low abundance and thus yield signal intensities
below the lower limit of quantification /detection (LLOQ/LLOD) which is strongly depen-
dent on the dynamic range of the sample, the data set can be described as left-censored.
Both scenarios create missing not at random values (MNAR) and for their missing value

imputation multiple robust methods are available, as summarized in table 1.5.

A typical phosphoproteomics dataset measured in DDA comprises about 75 % missing
values. The reason for the comparably high number of values is on one side the fact that
missing value information is counted on peptide level, instead of protein level. On protein
level, missing peptides can be compensated, as multiple peptides can be considered for

protein identification and quantification whereas on peptide level no other source of infor-
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Strategy Type Description

Pre- Acquisition The sample small quantity is analyzed in ad-

measurements vance to the main measurements, the resulting
total ion counts (TIC) are compared normal-
ized and the normalization factors are used to
adjust the injection volume for the main mea-
surements, so an equal amount of analytes in
injected in each run.

Randomization  Acquisition Randomized injection of samles distributes pos-
sible batch effects across the whole dataset, ro-
bustness is increased.

Internal  stan- Acquisition Addition of internal standards e.g. in the fi-

dards nal resuspension solution to compensate for
changes in ESI efficiency and mass spectrom-
eter differences.

Sample pool QC  Acquisition Pool small quantity of each sample and in-
ject every N sample aqcuisition. By monitor-
ing the intensities of the pool peptides over the
whole dataset, a normalization factor can be es-
timated if necessary.

Variance stabil- In-silico Transformation of the intensity values to mini-

ity mize differences in variance. [104]

(VSN)

Local regression  In-silico Linear regression for distinct intensity regions,

(loess)

as it is assumed that the bias to be corrected is
different for each local intensity range. [105]

Table 1.4: A selection of strategies for reducing batch effects and increasing robustness
of statistical testing. Depending on the analytical aim, more than one strategy can be
applied. Generally, normalization can be applied already during the acquisition or in-silico

during analysis

mation is available than the peptide itself, this source of missingness can be regarded as
MNAR. On the other hand, the phosphopeptide enrichment sample preparation step not
only introduces an additional source of variability, but also a random selection of peptides
to be enriched. The nature of the enriched phosphopeptides is also strongly dependent
on the present contamination such as salts or detergents [23|. Therefore, missing values

in phosphopeptides analysis is regarded as missing at random (MAR) and the imputation
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is not trivial. A selection of methods for imputation of MAR values is described in 1.5.

Strategy Type Description

Filtering all Remove observations with missing values from
the data matrix.

Minimum value MNAR The minimum value of the dataset is used to
replace missing values.

Stochastic mini- MNAR A Gaussian distribution based on a given min-

mal value imal value as average is created, random values
from this distributions are used to replace the
missing values.

k-nearest neigh- MAR Observations with missing values in sample A,
bors based that have at least a predefined number of sam-
(kNN) ples B (C, D, ...) with measured values, can

be estimated by identifying k similarly (near-
est) behaving entities with existing values in A
as well as B (C, D, ...). Based on the existing
values, the missing value is replaced. [106]

Singular  value MAR In the first step, all missing values are substi-
decomposition tuted by the row mean followed by SVD anal-
based (SVD) ysis, which similarly to principal component

analysis, creates eigenvectors to describe the
dataset. Missing values are then imputed by
calculation from the eigenvectors. Repeated un-
til the change in the matrix falls below a thresh-
old of 0.01. [106]

Table 1.5: A selection of strategies for reducing the number of missing values. The cause
for missing values is key to choose the appripriate strategy. Two types of missing values
can be differentiated, missing at random (MAR) and missing not at random (MNAR).
Replacing MNAR values is generally more robust, as a rationale for their missingness
is usually present. E.g. missing values due to low intensity. In this case a minimum
value approach might aid to gain the correct conclusions from the dataset. On the other
hand, replacing MAR values require more sophisticated approaches. More information
have to be taken into account to increase the propability for correct replacement of the
missing values. Often, phosphoproteomics experiments suffer from MAR values, as the
sample preparation procedure is very sensitive towards slight changes in the experimental
conditions.

For the statistical testing of significantly changing observations, missing value imputation
is facultatory, as long as a sufficient number of measured values is present. Two major

approaches are dominating the statistical tests in -omics sciences: t-test and linear models.
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In general, the statistical tests provide a p-value for each peptide/protein by calculating
a test-statistic from parameters of the data sets. Depending on the desired stringency,
observations with a p-value below 0.05 can be considered as statistically significant, as

commonly accepted in many scientific disciplines [107].

A very easy and straight forward method to identify if peptides or proteins are different
in two conditions is the well known Student’s t-test. By comparing average and standard
deviation of two independent data sets, a probability is calculated whether both data sets
belong to the same distribution (i.e. no effect of the condition) or belong to two different
distributions (i.e. the condition has an effect on the peptide/protein). Prerequisite is that
the measured values of both conditions follow the Gaussian distribution, which has to be
verified before. Furthermore, the classical t-test has been proven to work best when the
variances are equal in both conditions, whereas alternatives such as Welch test recently
were discussed to have general superior power compared to t-test and should be used
instead [108]. In case of t-test, the required parameters for the test statistics to calculate
the p-value is the average value in each group, the average of all observations, the number
of observations and the standard deviation [109]. The hypothesis to be tested is usually
two-sided, i.e. ‘the average of both data sets is equal‘ is the null hypothesis and that ‘they
are not equal‘ is the alternative hypothesis, as it is not known a priori which peptide or
protein is up- or downregulated. A special case to be considered is sample pairs e.g. when
the same individual sample is used as control (before treatment) and as condition (after
treatment). In this case, a paired t-test can be performed which increases the statistical
power of the resulting p-value by de-noising the datasets [110]. The statistical power of
the t-test is tied to the number of missing values. In theory, if enough values are present
over all data sets, and equal variance is assumed, this is sufficient to perform the test.
Practically, it is not always obvious that equal variances are present. In consequence, at

least three values in each condition are mandatory.

In contrast to the straight forward t-test or Welch test, more sophisticated statistical
methods have been evaluated in -omics sciences. Decades ago, linear models have been
identified as superior method in transcriptomics and algorithms have been implemented
in R packages that are available from Bioconductor [111]. Here, linear regression is used

to build a linear model between the data sets. The statistical test is performed with the
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hypothesis that the slope, which is the coefficient of the linear model, is not zero and
requires the slope and the residual error calculated from the regression as input values.
One advantage of linear models over classical t-test is the robustness of the resulting p-
value towards missing values. This approach is able to identify potential changes with
more accuracy, with decreased sensitivity towards a high number of missing values. Well
renown R packages include linnomr, edgeR, DSeq2 and limma, while all of them are
widely applied in transcriptomics already, only the latter became increasingly popular in

proteomics [112].

Disregarding the missing value problem, a general strategy about the acceptance criteria
for significantly changing peptide/proteins has to be evaluated for the scientific question
at hand. Usually, the ratio of average value or median values for each sample group is
calculated (fold change - FC) and only 2-fold and 0.5-fold changes are accepted, i.e. a
factor of two. This is an arbitrary value that was historically estimated to reflect the
maximum variability introduced by sample preparation and measurement. But with in-
creasingly robust methods, this dogma begins to change and with consequent validation
of the analytical method also other FC thresholds can be accepted. In addition to that,
a minimum number of measured values (or maximum number of missing values) can be
evaluated, which is well feasible with proteomics data, but becomes problematic for phos-
phopeptide data, as the number of missing values is usually much higher. For proteomics
datasets, usually at least 60 % of the measurements of sample condition (or even of one
single sample in case of technical replicates) should be present, whereas in phosphopep-
tide datasets 50 % across all measured data serves as acceptable trade off between data

completeness and statistical analysis.

Another important consideration is the number of false positive identifications. When
applying a significance threshold of p-value < 0.05, it is known that by chance 5 % of
all null hypothesis rejections is wrong, i.e. a false positive. When testing thousands of
proteins, the number of false positives is significant, but strategies to adjust p-values for
adjusting the p-value are available [113|. The aim of all strategies is the elevation of all
p-values to a certain degree, so the number of significant instances and subsequently also
the number of false positives is reduced. A widely applied strategy for p-value adjustment

is the Benjamini-Hochberg method, also known as FDR correction. For this, all p-values
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are ranked and multiplied by the ratio between the total number of tests and the p-value
rank [114]. An adjusted p-value calculated this way is abbreviated as g-value in the

following.

1.3.5 Data visualization and result analysis

After performing the statistical test, several data visualization tools help to get an overview
of the conducted experiment, serve as quality control for the applied statistical strategy
and allow biological conclusions. Basic tools for typical perturbation experiments include
correlation and volcano plots, data reduction strategies such as principal component anal-
ysis (PCA), clustering as well as protein-protein interaction networks (PPI) and gene

ontology enrichment (GO) or gene set enrichment analysis (GSEA).

Apart from the number of identified peptide and proteins, their correlation in abundance
or rank is a most basic visualization for a quick evaluation of the data quality. Further-
more, it is possible to identify outliner samples or unravel unexpected patterns. For this,
either the Pearson (correlation of absolute values) or Spearman (correlation of ranks)
correlation between all sample pairs is calculated and visualized in a grid-like manner
where the color corresponds to the respective value. Commonly accepted is the Pearson
correlation, as it proves more robust for small absolute quantitative differences between
the protein abundances. As visible in figure 1.7 A, a good correlation within one sam-
ple condition is desired and ideally, this differs from the other conditions. In general,
a strategy has to be identified how to deal with missing values. Either, only complete
observations can be chosen for the correlation, which reduced the informative value of the
visualization, or missing values are imputed or replaced by 0’s. In any case, this serves as

one diagnostic tool for missing value imputation assessment.

For the overview of the statistical testing, a volcano plot is widely applied. A volcano plot
as shown in figure 1.7 B shows the log2 of the fold-change on the abszissa and the negative
decadic logarithm of the adjusted p-value e.g. g-value on the ordinate. Ideally a shape
from an erupting volcano is generated, thus the naming. The plot provides information
about the general distribution of the data, how much peptide/proteins are changing in
total? Is there a bias towards down or upregulated or is the distribution skewed, which

hints towards a normalization problem? In a more advanced step, the datapoints can be
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colored or labeled according to previous or generated knowledge to further understand

the data.

Proteomics datasets consist of typically thousands of descripting observations covering a
large dynamic range. Consequently, observations with high quantitative values usually
impact the follow-up analysis more compared to low quantity values. To reduce this bias,
the data is often log transformed (typically log10 or log2) and normalized (i.e. centered).
In addition to that, a row-wise normalization can be applied, such as the z-score, where
the absolute intensity value is normalized by the standard deviation and the mean of the
dataset. Thus, e.g. z-score allows a better visualization on heatmaps, as the differences
are more visible and independent of the absolute value. The following techniques are
usually used with transformed and normalized values, but in general, the raw data should

also be evaluated.

Multivariate statistics data reduction techniques aid the identification of different and
equal behaving data sets and classification to certain groups based on all descriptors.
A commonly used approach is the principal component analysis (PCA), where the de-
scriptors are condensed to few principal components, each with certain loading of the
descriptors, that can be used for data visualization as shown in figure 1.7 C [115]. This
way, the principal components aim to depict the variance in the dataset and usually a
very high percentage (more than 90 %) of explained variance is desired using just two
components. Prerequisite for the application of PCA and other multivariate data reduc-
tion techniques is a complete dataset. Missing values are not tolerated and have to be
imputed in any case. Thus, when a large number of missing values is present, the de-
scriptive power of the PCA is limited. Nevertheless, a successful separation of the sample
conditions using principal components is a promising indication of strong evidence for
meaningful proteome changes, whereas failing to achieve a separation does not allow to
draw any conclusions about the data quality. More recent approaches include Uniform
Manifold Approximation and Projection for Dimension Reduction (UMAP), t-Distributed
Stochastic Neighbor Embedding (t-SNE), that are already widely used in other -omics dis-
ciplines and gained more attention in proteomics lately. The aim of such techniques is

the same, but the reduction principle varies and can be reviewed in [116, 117].

An additional approach to identify similarities between samples and proteins/peptides is

43



given by unsupervised clustering algorithms, such as k-means, dbscan and hierarchical
clustering [118|. Figure 1.7 D shows an exemplary heatmap with clustered rows. A
good indication for a successful experiment is the clustering of the distinct perturbation
groups, but similarly to PCA results, failing to achieve a reasonable clustering does not
allow conclusions about the quality of the dataset. The clustering of peptides and proteins
often aids the identification of functional groups, especially in time series experiments.
The optimal clustering strategy has to be tested and evaluated, especially because data

completeness is a prerequisite for most clustering algorithms.

The functional analysis of significantly differentially abundant peptides and proteins re-
quires previous knowledge and a hypothesis with reduced number of involved proteins. In
some cases, discovery like experiments do not have such knowledge at hand, thus tech-
niques are required to extract previously unknown knowledge from the dataset. Typically,
protein-protein networks already give the first insight into the underlying biology. A com-
monly used database for this analysis is STRING-DB [119]. There, a list of potentially
interesting proteins (in most cases the significantly changing proteins) can be searched for
annotated experimental or predicted evidence of interaction with each other or with other
proteins. This way, a network of interaction is created, that potentially hints towards
heavily involved proteins in the dataset, as shown in figure 1.7 E. An other important and
widely used strategy for the biological interpretation of the dataset is the gene ontology
(GO) enrichment analysis. For most proteins, annotations of information is available in
databases such as their biological function, the cellular component, molecular function or
involved pathways. When comparing the number of identified GO terms associated with
the proteins that are significantly changing to the number that we would expect based on
the whole proteome, enrichment of certain ontologies can be identified. To validate the
findings, statistical testing ist performed and adjusted p-values are reported. STRING-
DB offers GO enrichment functions with limited features, alternatives such as PANTHER
[120] or the Cytoscape Plugin ClueGO [121] offer flexible and feature rich analysis options.
Especially ClueGO offers the possibility to extract information from different database
sources such as Reactome, WikiPathways and many more simultaneously and cluster the
resulting terms by their functional meaning. The resulting GO cluster are combined into
a network with overlapping genes / functions as shown in figure 1.7 F. Often already at

first sight of the GO terms biological insights can be concluded and the corresponding
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proteins can be extracted and validated in the processed data.

PTMs add extra level of information, that can be analyzed in specialized tools to gain
insight about the identified modification. In case of phosphorylation, databases with pre-
vious knowledge aid the interpretation. Phosphositeplus [122] serves as curated database
with detailed information about discovered phosphosites for human, mouse and rat (to
some extend also cow, rabbit, chicken, hamster et al. ). Identified phosphosites can be
found in the database and downstream and upstream effects can be investigated along
with the respective publication. Nevertheless, this is tedious work to do for all identified
phosphosites and requires previous knowledge about the underlying biology by the ana-
lyst. A more unbiased and discovery approach is kinase and substrate enrichment analysis
(KSEA). Similar to gene ontology enrichment analysis, databases are inquired to gain in-
formation about how many phosphosites would be expected and compared to the dataset
at hand. Especially in the case of tyrosine kinases, often immediate downstream phospho-
sites can not be identified in the dataset. But an enrichment of further downside serine or
threonine phosphosites can still indicate hyperactivity of the respective upstream or down-
stream kinase. A very simple and powerful KSEA tool is KSEA App [123], that can be
accessed online and programmatic in R, which investigates the phosphositeplus database
as well as NetworKIN, a database containing also predicted kinase-substrate relationships.
A more advanced alternative is the integrative inferred kinase activity score (INKA score)
[124], which takes more information into account such as information about kinase acti-
vating phosphorylation loops, downstream and upstream evidence and calculates a score,
which indicates the kinase activity. This tool is especially suitable for clinical phospho-
proteomics study, as it provides a scoring based on one sample only, whereas KSEA App
requires calculated fold changes. The disadvantage of INKA score is the limited input for-
mats, as it only accepts MaxQuant output as input. In addition to that, we found that it
is not robust towards small changes from newer MaxQuant versions and does not provide
proper error feedback. Additionally, the integration of proteomic change (as response to
phosphorylation governed stimulus) and the phosphorylation status in the cell is key to
understand causal relationships. A recently developed tool, CausalPath [125], allows to
interrogate the dataset about causal and also conflicting relationships that are explained
with the presented dataset. Unfortunately, so far this tool is only available for human

-omics datasets. CausalPath accepts tailored input from various sources, takes the exact
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phosphosite/protein relationship into account and the resulting causal pathways can be
easily visualized and customized in Cytoscape. This makes it the ideal tool for discovery

phosphoproteomics analysis from human proteome data.
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Figure 1.7: Overview of possible data visualization strategies A) correlation plot B) vol-
cano plot C) principal component analysis D) clustered heatmap E) Protein-protein in-
teraction network F) Gene ontology clustering by Cytoscape/ClueGO
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2 Materials and methods

47



2.1 Sample overview

Condition — 21° . rawfile
Sample # Phenotype (e Repliate TP LOMS/MS Inj.vol [ut] Instrument Lcms R:pllrate
2022-003-01TM wr control 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319 04
2022-003-02TM wr control 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_05
2022-003-03TM wr control 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319 06
2022-003-04TM wr control 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V22031907
2022-003-05TM wr 10min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V22031908
2022-003-06 ™M wr 10min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319 09
2022-003-07TM wr 10min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_10
2022-003-08TM wr 10min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_11
2022-003-09TM wr 60min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V22031912
2022-003-10TM wr 60min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319_13
2022-003-11TM wr 0min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_14
2022-003-12TM wr 0min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319_15
2022-003-13TM wr 280 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_16
2022-003-14TM wr 280 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319_17
2022-003-15TM wr 280 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220319_18
2022-003-16 T™M wr 240 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319_19
2022-003-17TM wr 1440 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V22031920
2022-003-18TM wr 1440 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319 21
2022-003-19TM wr 1440 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V22031922
2022-003-20TM wr 1440 min 4 Pproteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220319_23
2022-003-21TM AHOGL control 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_07
2022-003-22TM aHOGL control 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V22032208
2022-003-23TM AHOGL control 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 430 V220322 09
2022-003-24TM aHOGL control 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap._linear_3_55C 05 Orbitrap Exploris 480 V220322_10
2022-003-25TM AHOGL 10min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 v220322_11
2022-003-26T™ aHOGL 10min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap._linear_3_55C 05 Orbitrap Exploris 480 V22032212
2022-003-27TM aHOGL 10min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_ linear_3_55C 05 Orbitrap Exploris 480 V220322_13
2022-003-28TM aHOGL 10min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_14
2022-003-29TM AHOGL 60min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_15
2022-003-30TM aHOGL 60min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_16
2022-003-31TM aHOGL 60min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220322_17
2022-003-32TM aHOGL 0min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap._linear_3_55C 05 Orbitrap Exploris 480 V220322_18
2022-003-33TM aHOGL 280 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V220322_19
2022-003-34TM aHOGL 280 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 20
2022-003-35TM aHOGL 280 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V22032221
2022-003-36TM AHOGL 280 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 22
2022-003-37TM aHOGL 1440 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V22032223
2022-003-38TM aHOGL 1440 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap,_linear_3_55C 05 Orbitrap Exploris 480 V22032224
2022-003-39TM aHOGL 1440 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 05 Orbitrap Exploris 480 V22032225
2022-003-40TM aHOGL 1440 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_358_trap,_linear_3_55C 05 Orbitrap Exploris 480 V22032226

Table 2.1: Proteomics samples M.oryzae 1/2. Each sample type was measured in qua-
druplicates at 5 time points in DIA mode.

Condition  B1® rawfile
Sample # Phenotype (KClstress) Replicate Type LC-MS/MS Inj.vol [uL] Instrument LC-MS Rleplleate
2022-003-41TM Reversible Adapted control 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 30
2022-003-42TM Reversible Adapted control 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 31
2022-003-43TM Reversible Adapted control 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 32
2022-003-44TM Reversible Adapted control 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 33
2022-003-45TM Reversible Adapted 10 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 34
2022-003-46 TM Reversible Adapted 10 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 35
2022-003-47 TM Reversible Adapted 10 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 36
2022-003-48 TM Reversible Adapted 10min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 37
2022-003-49TM Reversible Adapted 60min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 38
2022-003-50TM Reversible Adapted 60min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 39
2022-003-51TM Reversible Adapted 60 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_40
2022-003-52TM Reversible Adapted 60min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 41
2022-003-53TM Reversible Adapted 240 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_42
2022-003-54TM Reversible Adapted 240 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 v220322_43
2022-003-55TM Reversible Adapted 240 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_44
2022-003-56 TM Reversible Adapted 240 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_45
2022-003-57TM Reversible Adapted 1440 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_46
2022-003-58 TM Reversible Adapted 1440 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_47
2022-003-59T™M Reversible Adapted 1440 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 48
2022-003-60TM Reversible Adapted 1440 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_49
2022-003-61TM Stable adapted  control 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 53
2022-003-62 TM Stable adapted  control 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 54
2022-003-63TM Stable adapted  control 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_55
2022-003-64TM Stable adapted  control 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 56
2022-003-65TM Stable adapted 10 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 57
2022-003-66 TM Stable adapted 10 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 58
2022-003-67 TM Stable adapted 10 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 59
2022-003-68 TM Stable adapted 10 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_60
2022-003-69 TM Stable adapted 60 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 v220322_61
2022-003-70TM Stable adapted 60 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_62
2022-003-71TM Stable adapted 60 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_63
2022-003-72TM Stable adapted 60 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_64
2022-003-73TM Stable adapted 240 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_65
2022-003-74TM Stable adapted 240 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_66
2022-003-75TM Stable adapted 240 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_67
2022-003-76 TM Stable adapted 240 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_68
2022-003-77TM Stable adapted 1440 min 1 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_69
2022-003-78 TM Stable adapted 1440 min 2 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_70
2022-003-79TM Stable adapted 1440 min 3 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322 71
2022-003-80TM Stable adapted 1440 min 4 Proteome 20210604_DIA_21_window_345_1250_30K_60min_35B._trap_linear_3_55C 05 Orbitrap Exploris 480 V220322_72

Table 2.2: Proteomics samples M.oryzae 2/2. Each sample type was measured in qua-
druplicates at 5 time points in DIA mode.
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Condition  21° . rawflle
Sample # Phenotype O Replicate TVPE LCMS/MS Inj.vol L] Instrument Lc-ms R:pllcate
2022-003-81TM wr control 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_S5C 3 Orbitrap Exploris 480 V220325_08
2022-003-82TM wr control 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V22032509
2022-003-83TM wr control 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_10
2022-003-84TM wr control 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_11
2022-003-85TM wr 10min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_12
2022-003-86T™ wr 10min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_13
2022-003-87T™ wr 10min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_14
2022-003-83TM wr 10min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_15
2022-003-89TM wr 60min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_16
2022-003-90T™ wr 60min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V22032517
2022-003-91T™ wr 60min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_18
2022-003-92TM wr 60min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_19
2022-003-93TM wr 240 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V22032520
2022-003-94TM wr 240 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V22032521
2022-003-95TM wr 240 min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_22
2022-003-96T™ wr 240 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 23
2022-003-97TM wr 1440 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V22032524
2022-003-98TM wr 1440 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V22032525
2022-003-99T™ wr 1440 min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V22032526
2022-003-100TM wr 1440 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._ linear_3_55C 3 Orbitrap Exploris 480 V22032527
2022-003-101TM AHOGL control 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_S5C 3 Orbitrap Exploris 480 V220325_31
2022-003-102TM aHOGL control 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 32
2022-003-103TM aHOGL control 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_S5C 3 Orbitrap Exploris 480 V220325_33
2022-003-104TM aHOGL control 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325 34
2022-003-105TM aHOGL 10min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_35
2022-003-106 TM aHOGL 10min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_36
2022-003-107TM aHOGL 10min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 37
2022-003-108 ™M aHOGL 10min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._ linear_3_55C 3 Orbitrap Exploris 480 V220325_38
2022-003-109TM aHOGL 60min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_39
2022-003-110TM aHOGL 60min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_40
2022-003-111TM aHOGL 60min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325 41
2022-003-112TM aHOGL 60min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_42
2022-003-113TM AHOGL 240 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_43
2022-003-114TM aHOGL 240 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_44
2022-003-115TM AHOGL 240 min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap. linear_3_55C 3 Orbitrap Exploris 480 V220325_45
2022-003-116 ™M aHOGL 240 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 46
2022-003-117TM aHOGL 1440 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_47
2022-003-118TM aHOGL 1440 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 48
2022-003-119TM AHOGL 1440 min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_49
2022-003-120T™M aHOGL 1440 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap._linear_3_55C 3 Orbitrap Exploris 480 V220325_50

Table 2.3: Phosphoproteomics samples M.oryzae 1/2. Each sample type

in quadruplicates at 5 time points in DIA mode.

was measured

Condition  1° . rawflle
Sample # Prenotipe (A eplicate VPE LCMS/MS Inj.vol [ut] Instrument Le-ms Rlepllca(e

2022:003-121TM  Reversible Adapted control 1 Phospho 20210604 _DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_54
2022-003-122TM  Reversible Adapted  control 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_55
2022-003-13TM  Reversible Adapted control 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_56
2022:003-124TM  Reversible Adapted control 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_S5C 3 Orbitrap Exploris 480 V220325_57
2022-003-125TM  Reversible Adapted  10min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_358_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 58
2022:003-126TM  Reversible Adapted  10min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_59
2022-003-127TM  Reversible Adapted  10min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_358B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325_60
2022-003-128TM  Reversible Adapted  10min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_61
2022-003-129TM  Reversible Adapted  60min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_62
2022-003-130TM  Reversible Adapted  60min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_63
2022:003-131TM  Reversible Adapted  60min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_64
2022-003-132TM  Reversible Adapted  60min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 65
2022:003-133TM  Reversible Adapted  240min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_66
2022-003-134TM  Reversible Adapted  240min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 67
2022:003-135TM  Reversible Adapted  240min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_68
2022-003-136TM  Reversible Adapted  240min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 69
2022:003-137TM  Reversible Adapted 1440 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_70
2022:003-138TM  Reversible Adapted 1440 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_71
2022-003-139TM  Reversible Adapted 1440 min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3 55C 3 Orbitrap Exploris 480 V220325 72
2022:003-140TM  Reversible Adapted 1440 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_73
2022-003-141TM Stable adapted control 1 Phospho 20210604 _DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_77
2022-003-142TM Stable adapted control 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 78
2022-003-143TM Stable adapted control 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_79
2022-003-144TM Stable adapted control 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_80
2022-003-145TM Stable adapted 10min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 81
2022-003-146TM Stable adapted 10min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_82
2022-003-147TM Stable adapted 10min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 83
2022-003-148TM Stable adapted 10min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_84
2022-003-149TM Stable adapted  60min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3 55C 3 Orbitrap Exploris 480 V220325 85
2022-003-150TM Stable adapted  60min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_86
2022-003-151TM Stable adapted  60min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_87
2022-003-152TM Stable adapted  60min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_88
2022-003-153TM Stable adapted  240min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_89
2022-003-154TM Stable adapted  240min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 90
2022-003-155TM Stable adapted  240min 3 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325 91
2022-003-156 ™M Stable adapted  240min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear 3_55C 3 Orbitrap Exploris 480 V220325 92
2022-003-157TM Stable adapted 1440 min 1 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_93
2022-003-158 TM Stable adapted 1440 min 2 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_94
2022-003-159TM Stable adapted 1440 min 3 Phospho 20210604 _DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_95
2022-003-160TM Stable adapted 1440 min 4 Phospho 20210604_DIA_21_window_345_1250_30K_60min_35B_trap_linear_3_55C 3 Orbitrap Exploris 480 V220325_96

Table 2.4: Phosphoproteomics samples M.oryzae 2/2. Each sample type was measured
in quadruplicates at 5 time points in DTA mode.
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Sample # Condition . Type LC-MS/MS Inj.vol [ul]  Instrument MS mode rawfile

2021-237-01 control 1 Phospho DI_20210617_linearstep_47mingdtBruker_lonOptics_37B_50C_Inj600Bar.m?HyStar_LC 2 timsTOF Pro 2 DIA F211112_027
20210608_proteomics_oC_6.2.4_timsTOF-SCP_lowSampleAmount.m?OtoflmpacTEMControl F211112_034

F211112_041

2021-237-02 control 2 Phospho 2 timsTOF Pro 2 DIA F211112_028
F211112_035

F211112_042

2021-237-03 control 3 Phospho 2 timsTOF Pro 2 DIA F211112_029
F211112 036

F211112_043

2021-237-04  Ceritinib treated 1 Phospho 2 timsTOF Pro 2 DIA F211112_030
F211112_037
F211112_044
2021-237-05  Ceritinib treated 2 Phospho 2 timsTOF Pro 2 DIA F211112 031
F211112_038
F211112_045
2021-237-06  Ceritinib treated 3 Phospho 2 timsTOF Pro 2 DIA F211112_032
F211112_039
F211112_046

Table 2.5: Phosphoproteomics samples human osteosarcoma cells. Control and Ceritinib
treated cells were measured in triplicates in DTA mode.

Bio

Sample # Condition N Type LC-MS/MS Inj.vol [ut]  Instrument MS mode rawfile
2021-236-01 control 1 Phospho  DI_20210617_linearstep_47mingdtBruker_lonOptics_37B_50C_Inj600Bar.m?HyStar_LC 2 timsTOF Pro 2 DIA F211112_005
20210608_proteomics_oC_6.2.4_timsTOF-SCP_lowSampleAmount.m?OtoflmpacTEMControl F211112_012
F211112_019
2021-236-02 control 2 Phospho 2 timsTOF Pro 2 DIA F211112_006

F211112 013
F211112_020
2021-236-03 control 3 Phospho 2 timsTOF Pro 2 DIA F211112_007
F211112 014
F211112_021

2021-236-04 treated 1 Phospho 2 timsTOF Pro 2 DIA F211112_008
F211112_015
F211112_022
2021-236-05 treated 2 Phospho 2 timsTOF Pro 2 DIA F211112_009
F211112_016
F211112_023
2021-236-06 treated 3 Phospho 2 timsTOF Pro 2 DIA F211112 010
F211112_017
F211112_024

Table 2.6: Phosphoproteomics samples murine Th17 cells. Control and treated cells were
measured in triplicates in DIA mode.
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2.2 Sample preparation

2.2.1 Cell lysis and protein digest

If not stated otherwise, all reagents were used in LC-MS/MS grade from common vendors,

such as Carl Roth, Merck et cetera.

The sample preparation for all Magnaporthe oryzae samples has been performed as de-
scribed in [26]. A sample aliquot of 200 mg lyophilized and grinded mycelium was sus-
pended in 2500 pL boiling lysis buffer (5 % SDS / 5 mM DTT / 100 mM Tris—-HCI adjusted
to pH 8.5) , incubation at 90°C for 30 min (5 min heating / 5 min cooling at room temper-
ature, vortexed samples in between). 160 pL alkylation reagent (200 mM iodoacetamide)
and incubated with the sample for 30 min in the dark at room temperature. Afterwards,
the samples were treatment with ultrasound (30 s on / 30s off cycles, high power mode)
for 15 min in the Bioruptor (Diagenode, Belgium). After centrifugation of the samples,
the supernatant was transferred to a 50 mL Eppendorf Protein LoBind conical tube where
proteins were precipitated by addition of 10 mL methanol and 2.5 mL chloroform. The
samples were vortexted, 7.5 mL of water was added, vortexed and the samples were cen-
tifuged at 4°C' at 4600 rpm for one minute. The upper phase was discarded and 10 mL
methanol was added. After vortexing and centrifugation with same conditions as be-
fore, the remaining liquid above the formed precipitate was discarded. The precipitated
proteins were resuspended in 2500 pL urea buffer (7M urea / 2M thiourea / 100 mM
ammonium bicarbonate) and an 10nL aliquot was taken for protein quantification by
Pierce 660 nm assay (Thermo Fisher, USA) according to the manufacturers instructions.
The samples were diluted 1:4.44 with buffer (50 mM ammonium bicarbonate), remaning
DNA/RNA was removed by addition 500 units benzonase and tryptic digest was per-
formed over night at room temperature by addition TPCK-treated trypsin with an 1:25
ratio of trypsin to protein, according to the previously determined protein concentration.
The next day, the digest was acidified by addition of trifluoroacetic acid (TFA) to a final
concentration of 0.5% TFA.

For the following desalting procedure, always 2/3 of the cartridge volume available (4 mL)
were applied. Waters Sep-Pak tC18 500 mg sorbent/6 mL volume were used. First, the
cartridges were flushed with methanol, conditioned with 50 % ACN / 0.1% TFA and
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equilibrated with 0.1% TFA in water. The samples were loaded as slowly as possible.
After binding of the samples, the cartridges were washed five times with 0.1% TFA in
water. The samples were eluted by addition of 4mL 50 % ACN / 0.1% TFA. Taking into
account the previously determinde protein amount in the samples, aliquots of the eluate
were taken a) 20 pg for proteome analysis and b) 1000 pg for phosphopeptide enrichment.
Both aliquots were lyophilized. The remaining aliquot has been stored at —80°C' for later

usage as back-up.

The whole proteome analysis aliquot of 20 ng was resuspended in 40 pL of 0.1 % FA and
the phosphopeptide aliquot was resuspended in 20 pL of 0.1 % FA for LC-MS analysis.

Human osteosarcoma cells and murine Th17 cells (both of various and unknown cell count)
were lyzed in 50 uL boiling 1% SDS and the samples were treated with ultrasound with the
same conditions as M. oryzae samples. Reduction and acetylation of free cysteines was
performed by addition of DTT (final concentration of DTT in the sample: 10 mM) and
incubation at 45°C for 30 min, followed by addition of TAA (final concentration of TAA in
the sample: 40 mM) , DNA/RNA was digested by addition of 600 Units benzonase. After
protein quantification by Pierce 660 nm Assay according to manufacturers instructions,
an aliquot of 30 ug was subjected to an on-bead precipitation based tryptic digest (single
pot solid phase sample preparation - SP3). For this, sample was added to 250 pg of 1:1
mixture magnetic beads with functional surface (Sera-Mag carboxylate-modified magnetic
particles, hydrophobic and hydrophilic obtained from GE Healthcare, USA). Proteins were
precipitated on beads by addition of acetonitrile (ACN) to achieve a final concentration
of 80 % ACN. After 20 min incubation at room temperature while shaking at 800 rpm,
the supernatant was removed and the precipitated proteins were washed two times with
200 pL of 80 % ACN and one time with pure ACN. The proteins were digested over night
at 32°C by addition and incubation with 20 L 50 mM ammonium bicarbonate buffer
containing 1pg trypsin. After digest, the supernatant was collected in a new tube and
trifluoroacetic acid (TFA) was added to a final concentration of 1 % before desalting using
SepPak tC18 pElution plate (Waters, USA). After desalting, an aliquot of 5 pg for later
whole proteome analysis and 25pg for later phosphopeptide enrichment were separated

and lyophilized.
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2.2.2 Phosphopeptide enrichment

Phosphopeptide enrichment for Magnaporthe oryzae samples was performed using 1000 pg
peptide and commercially available spin-tips Titansphere Phos-TiO with 1 mg sorbent
bed (GL Sciences, Japan) following the manufacturers instructions. Clean-up of the
enriched phosphopeptides was performed using Pierce Graphite Spin Tips (Thermo Fisher
Scientific, Waltham, MA USA) following the manufacturers instructions.

Phosphopeptide enrichment for Human osteosarcoma cells and murine Th17 cells was
performed using Zr-IMAC high performance beads (MagReSyn, SA). As described in
the following Results and Discussion, method parameters were optimized for low amount

phosphopeptide enrichment, resulting in the following procedure.

25 pg lyophilized peptides were resuspended in 100 1L Loading Buffer (80 % ACN, 5 %
TFA, 0.5 M glycolic acid) in a 2mL Eppendorf tube. 62.5png Zr-IMAC beads (i.e. ratio
1:2.5 peptide:beads) were prepared by binding the beads on a magnet rack, discarding
the supernatant. The beads were then washed with 100 nL Loading Buffer, collection on
magnet, discarding the supernatant. Resuspended peptides were added to the washed
beads and incubated at 40°C' for 30 min while shaking at 800 rpm. After incubation and
bead capture on magnets, the supernatant can be collected for proteome measurement.
The bound phosphopeptides on the magnetic beads are further washed with 50 pL. Wash
Buffer 1 (80 % ACN, 1 % TFA) and Wash Buffer 2 (10 % ACN, 0.2 % TFA) at 40°C for 10
min each, shaking at 800 rpm and combining the supernatant with previous supernatant
for proteome analysis. The bound phosphopeptides are eluted by incubation with 25nL
Flution Buffer (1 % NH4OH) at room temperature for 15 min, which is repeated to
obtain a final elution volume of 50 pL.. The high pH of the eluted phosphopeptides are
immediately neutralized by adding the elution directly into previously prepared 15ulL of
10 % formic acid (FA). After lyophilization, the phosphopeptides are resuspended in 25 pL
of 0.1 % FA for subsequent LC-MS/MS analysis.
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2.2.3 ERLIC chromatography parameters

The used chromatographic parameters were first published in [126] and modified as indi-
cated in the following. In this example, 2mg of lyophilized mousebrain tryptic peptides
were prepared following the same protocol as for the Magnaporthe oryzae samples de-
scribed earlier. The peptides were resuspended in 1 mL of Eluent A (20 mM Na— MePO;,,
pH 2.0, 70 % ACN). 0.45 pm syringe filters were conditioned by flushing with at least 1 mL
of Eluent A. The sample was completely filtered through the preconditioned syringe filters
and an appropriate volume of Eluent A was applied after the sample to reach 1 mL final
syringe eluate volume. The filtered sample was applied with a sample loop to an Akta
pure 20 HPLC system (GE Healthcare, Chicago, USA). The peptides were separated at
16 °C and fractions of 1 mL were collected over a gradient of 30 min starting with 100 %
Eluent A to 100 % Eluent B (200 mM triethylammonium phosphate, pH 2.0, 60 % ACN),
followed by 15 min of equilibration with Eluent A, that was not part of the collected
fractions. The collected fractions were lyophilized and each desalted using Waters Sep-
Pak tC18 500 mg sorbent cartridges with the procedurce described earlier. The desalted

peptides were lyophilized again and resuspended in 20 uL of 0.1 % FA for LC-MS analysis.

The first variation of the chromatographic conditions was the use of magnesium hydroxide
solution instead of the usually used sodium hydroxide solutions for the pH adjustment
of each Eluent, offering a different counter-cation for the chromatography mode. For the
second variation, in addition to the changes from the first variation, was the use of a

convex gradient. The gradient was designed as shown in 2.7.

o4



Time [min] % Eluent A

0 100
5 80
10 60
15 40
20 30
25 20
30 10
35 0
35 0
36 100
20 100

Table 2.7: Gradient conditions for a convex gradient in ERLIC in contrast to the linear
gradient used in previous publications such as [126]

2.3 Peptide identification

2.3.1 LC-MS/MS of M.oryzae as resource for osmostress

signaling research

0.5 L of the reconstituted peptides for whole proteome analysis or 2 uL. of the reconsti-
tuted phosphopeptides were separated on an Ultimate 3000 nanoUPLC (Thermo Scien-
tific, Waltham, USA) with 300 nL/min by a reversed phase C18 column (HSS-T3 C18
1.8 ym, 75 pm x 250 mm, Waters Corporation) at 55°C' using a 45 min linear gradient
from 95 % Eluent A (0.1 % TFA, 3 % DMSO in water) to 35 % Eluent B (0.1 % TFA,
3 % DMSO in ACN) followed by ionization in positive mode using a Nanospray Flex
electrospray ionization source (Thermo Scientific). Mass-to-charge analysis of the eluting
peptides was performed using an Orbitrap Exploris 480 (Thermo Scientific) in data inde-
pendent acquisition (DIA) mode. MS1 scans were acquired with a resolution of 120 000
@ 200 m/z in for a range of 345 - 1250 m/z. RF lens was set to 40 % and AGC target
to 300 % (i.e. corresponding to 3x 10° charges). DIA MS2 scans were acquired with a
resolution of 30 000 @ 200 m/z with a variable window scheme as shown in supplementary
table 6.1. The normalized collision energy was set to 27 %, RF lens to 40 % and AGC
target to 1000 % (i.e. corresponding to 10x 10° charges).
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2.3.2 LC-MS/MS of M.oryzae in DDA for comparison to DIA

2 nL of the reconstituted phosphopeptides were separated on an Ultimate 3000 nanoUPLC
(Thermo Scientific) with 300 nL/min by a reversed phase C18 column (HSS-T3 C18 1.8
pm, 75 pm x 250 mm, Waters Corporation) at 55°C' using a 45 min linear gradient
from 95 % Eluent A (0.1 % TFA / 3 % DMSO / Water) to 35 % Eluent B (0.1 %
TFA / 3 % DMSO / ACN) followed by ionization using a Nanospray Flex electrospray
ionization source (Thermo Scientific). All samples were measured in triplicates. Mass-to-
charge analysis of the eluting peptides was performed using an Orbitrap Exploris 480
(Thermo Scientific) in data dependent acquisition (DDA) mode. Full scan MS1 spectra
were collected over a range of 350 - 1600 m/z with a mass resolution of 60 000 @ 200
m/z using an automatic gain control (AGC) target of 100 %, maximum injection time
was set to “Auto” and RF lens to 40 %. Within a fixed cycle time of 1.5 s the most
intense peaks (number of peaks selected is automatically determined by the instrument)
above the signal threshold of 2 x10* , harboring a charge of 2 - 6, were selected within an
isolation window of 1.4 Da as precursors for fragmentation using higher energy collisional
dissociation (HCD) with normalized collision energy of 30. The resulting fragment ion
m/z ratios were measured as MS2 spectra over a automatically selected m/z range with
a mass resolution of 15 000 @ 200 m/z, AGC target was set to “Standard” and maximum

injection time to “Auto”.

2.3.3 LC-MS/MS of M.oryzae in DIA for comparison to DDA

3 pL of the reconstituted phosphopeptides were separated on a nanoElute LC system
(Bruker Corporation, USA) at 400 nL/min using a reversed phase C18 column (Aurora
UHPLC emitter column, 25 cm x 75 pm 1.6 pm, TonOpticks) which was heated to 50°C.
Peptides were loaded onto the column in direct injection mode at 600 bar. Mobile phase
A was 0.1 % FA (v/v) in water and mobile phase B 0.1 % FA (v/v) in ACN. Peptides
were separated running a linear gradient from 2 % to 37 % mobile phase B over 39 min.
Eluting peptides were analyzed in positive mode ESI-MS using parallel accumulation
serial fragmentation (PASEF) enhanced data-independent acquisition mode (DIA) on a
timsTOF Pro 2 mass spectrometer (Bruker Corporation). The dual tims was operated
at a fixed duty cycle close to 100 % using equal accumulation and ramp times of 100 ms

each spanning a mobility range from 1/Ky = 0.6 Vs cm™2 to 1.6 Vs cm 2. We defined 36 x
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25 Th isolation windows from m/z 300 to 1165 resulting in fifteen diaPASEF scans per
acquisition cycle. The collision energy was ramped linearly as a function of the mobility

from 59 eV at 1/Ky = 1.3 Vs em™2 to 20 €V at 1/Ky = 0.85 Vs cm ™2

2.3.4 LC-MS/MS of HOS / Th17

3 pL of the reconstituted phosphopeptides were separated on a nanoElute LC system
(Bruker Corporation, USA) at 400 nL./min using a reversed phase C18 column (Aurora
UHPLC emitter column, 25 cm x 75 pm 1.6 pm, TonOpticks) which was heated to 50°C.
Peptides were loaded onto the column in direct injection mode at 600 bar. Mobile phase
A was 0.1 % FA (v/v) in water and mobile phase B 0.1 % FA (v/v) in ACN. Peptides
were separated running a linear gradient from 2 % to 37 % mobile phase B over 39 min.
Eluting peptides were analyzed in positive mode ESI-MS using parallel accumulation
serial fragmentation (PASEF) enhanced data-independent acquisition mode (DIA) on a
timsTOF SCP mass spectrometer (Bruker Corporation). The dual tims was operated at
a fixed duty cycle close to 100 % using equal accumulation and ramp times of 166 ms
each spanning a mobility range from 1/Ky = 0.7 Vs cm™2 to 1.3 Vs cm™2. We defined
29x 25 Th isolation windows from m/z 280 to 990 resulting in ten diaPASEF scans per
acquisition cycle. The collision energy was ramped linearly as a function of the mobility

from 59 eV at 1/Ko = 1.6 Vs em ™2 to 20 eV at 1/Ky = 0.6 Vs em™2.

2.3.5 Data processing parameters

Peptides measured in DIA mode were identified and label-free quantification (LFQ) of
proteins was performed using DIA-NN (v1.8).

Full proteome samples from M.oryzae were processed using library free mode with stan-
dard parameters, except for tryptic cleavage sites considering no cleavage before proline.
The FASTA protein database contained 12 790 protein entries of the M.oryzae reference
proteome and 172 common contaminant proteins and was obtained on 015 September

2021 from Uniprot.

For phosphopeptide analysis of either species, M.oryzae, mouse and human, a phospho-
peptide spectral library was predicted in-silico using the built-in library free prediction

algorithm provided by DIA-NN. For M.oryzae, the aforementioned FASTA database was
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used as basis, for mouse a FASTA database was downloaded from uniprot.org on 09
November 2021 containing 17 082 reviewed proteins to which 172 common contaminant
proteins were added. The human FASTA database was downloaded on 03" March 2021
and included 20 365 reviewed protein entries to which the 172 common contaminant pro-
teins were added. The spectra libraries were predicted with the precursor charge range
set between 1 - 4 and the range for fragment ions and precursor mass to charge ratio
was limited to 250 - 1250 m/z. The peptide length was set to 7 - 30. Tryptic cleavage
considering no cleavage after the lysine or arginine is followed by proline, maximum one
missed cleavage was allowed. N-terminal methionine excision was enabled and cysteine
carbamidomethylation was set as fixed modification. The maximum number of variable
modifications was set to 3, allowing only UniMod:21 modifications, i.e. mass delta of
79.9663 corresponding to phosphorylation at serine, threonine and tyrosine. The gener-
ated spectral libraries were used for follow up identification and quantification in DIA-NN

using the standard settings.

The DDA rawfiles were processed by PEAKS X Pro (BSI, Canada) using the FASTA
file described above, precursor tolerance and fragment ion tolerance were set to 15 ppm
and 0.03 Da respectively, two missed cleavages were allowed, carbamidomethylation at
cysteins was set as fixed modification while oxidation on methionine and phosphorylation
on serine, threonine and tyrosine were set as variable modifications with a maximum of 4

variable modifications per peptide
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2.3.6 Availability of raw files and R code

All raw files, DIA-NN settings and output files as well as R codes have been uploaded via
JPOST [127] to be retrievable at proteomeXchange [128].

Data for the M.oryzae osmostress resource are available via the identifier PXD034481.

The dataset can be accessed via
https:/ /repository.jpostdb.org/preview /179221543262a4alcch2393
using the access key 3542.

Data for the DDA /DIA comparison are available via the identifier PXD038605 The dataset

can be accessed via
https:/ /repository.jpostdb.org/preview/13118931046394b6ae69c06

using the access key 9526.
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3 Results and discussion
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3.1 Improved sample preparation and measurement

3.1.1 Optimized cell lysis

In large scale experiments such as required for the adaption investigation in M.oryzae,
reproducibility is key to ensure the correct identification over a large sample batch and
over time inter-experiment, but also intra-experiment caused by time intensive data ac-
quisition. Mainly, the robustness if governed by the variability introduced during sample
handling, where working with small quantities or large volumes is undesirable due to
unspecific binding to plasticware et al. Therefore, an efficient lysis and protein stabiliza-
tion /solubilization strategy for M.oryzae is of utmost importance. In contrast to tissues
or mammalian cell culture samples, where cells are fragile and easily lysable by chemical
and gentle physical treatment (if at all), fungi and plants often need harsh lysis conditions
to access the proteins from the cells, due to their tough cell wall structre [129]. Three
parameters were investigated experimentally: 1) The protein yield after lysis, assessed
by relating the measured protein amount, after lysis and clean up, to the crude sam-
ple weight. 2) The lysis volume and relation to the crude weight and 3) Inhibition of

unspecific proteolysis.

The assessment of protein yield in dependence of the chemical (chaotropic and denatu-
rating agents) and physical (sonication, bead beating and heat) treatment is summarized
in figure 3.1. A) shows the protein yield from mouse brain tissue as control example. The
mouse brains were homogenized under liquid nitrogen before weight into tubes for lysis.
The combination of Urea/Thiourea containing lysis buffer with ultrasound treatment in
the Diagenode Bioruptor yields 5.5 % median protein relative to the crude weight, that
increases in presence of SDS as detergent to a median of 8.5 %, although due to the
need to remove the detergent precipitation by CHCl3/MeOH is required. When changing
from Urea/Thiourea to DTT as chemical treatment, the yield is around 12 %. In con-
trast to that, a simple Urea/Thiourea treatment yields only a median of 0.5 % protein
yield in M.oryzae as shown in figure 3.1 B . Bead beating as physical treatment yields
a slightly higher protein yield of 0.75 %, but this treatment is known to introduce un-
desirable heat to the sample, which can cause carbamidomethylation. Although bead
beating systems are available with cooling option, the marginal increase in yield is in

no relation to the potential increase in chemical variability that is further propagated in
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downstream phosphopeptide enrichment. Nevertheless, as cell wall disruption is believed
to be a major issue preventing higher protein yield, bead beating as most harsh physical
treatment yielding more protein underlines this hypothesis. The use of an alternative
chaotropic agent, guanidine hydrochloride (GuHCI), did yield a even less protein lysis
efficiency with a yield of around 0.25 % with apparently higher reproducibility. The lower
denaturation strength is in line with previously published results [130], and the use of
higher lysis temperature of 95°C could not compensate for this effect. By introducing
SDS to the Urea/Thiourea buffer, no increase could be observed, which is also true for
the use of NaDoc alone in combination with heat. Interestingly, either the combination
of Urea/Thiourea and CHAPS as detergent as well as the combination of DTT, SDS and
heating lead to a significant increase in yield to a median of around 1 %. The hypoth-
esis is, that Urea/Thiourea and SDS act in similar way as solubilizing and denaturating
agents and thus do not show synergetic effects. In contrast to SDS, CHAPS is known
as non-denaturating has a substantially different three-dimensional structure and being
zwitterionic also physicochemical character [130]. Thus, the affected solubilized area while
using CHAPS is different, while at the same time having a stiff structure which makes
the kinetics of lysis and solubilzation putatively slower compared to the flexible dodecyl-
chain of SDS. In addition to that, heat can not be applied due to the side reactions of
Urea/Thiourea and the use of Urea/Thiourea with CHAPS seems to provide higher CVs,
although this finding might be intrigued by the higher number of experiments (N=12)
compared to DTT/SDS (N=6). DTT and SDS consequently show a similar disruptive
denturating strength. Presumably the kinetics of both, the reduction of disulfide bonds
by DTT and the solubilization and denaturation by SDS, are more similar than the com-
bination of Urea/Thiourea and SDS and thus yield higher efficient lysis, especially as high
temperature is possible with this lysis buffer type.

It is known, that fungi often display a high unspecific proteolytic activity [131]. As the
downstream bioinformatic analysis requires peptides to be from tryptic digest origin (N-
terminal R and K) for systematic in-silico digest or spectra prediction with successful
and efficient database search, a unspecific proteolytic activity before tryptic digest will
decrease reproducibility and identification efficiency dramatically. Consequently, inhibi-
tion of such activity is required. While in western blotting the chemical inhibition by

commercially available reagent cocktails is commonly applied, this is contraproductive in
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Figure 3.1: Overview of different lysis buffer strategies for A) mouse brain as control and
B) Magnaporthe oryzae. The yield was calculated by measurement of protein content in
the lysate by Pierce 660nm Assay compared to the crude sample weight that was used
for lysis. While the least effecitve lysis strategy for the mouse brain samples still yields
around 6 % protein amount of the used crude sample, the most effective lysis strategy for
the fungal samples never exceeds 2 % protein amount of the sample weight.

proteomics research, as tryptic digest still has to be possible. For this analytical problem,
specially developed cocktails (e.g. without EDTA) can be used, but do not provide full
protection against unspecific proteolysis. On the other hand, heat as a simple denatu-
rating technique can serve as inhibitor of proteolytic enzymes right from the beginning
of the sample preparation. A measure of proteolytic activity is the unspecific search of
peptides from DDA experiments. By calculating the ratio of tryptic peptides to the total
number of identified peptides (including those from unspecific cleavage) an estimation of
pre-tryptic unspecific proteolytic acivity can be made. From figure 3.2 A is obvious, that
mouse brain tissue samples that are not expected to display high proteolytic activity do
accordingly show a similar ratio of tryptic peptides when either using inhibitory cocktail
or heat. Thus, in this case the treatment inhibits this activity ito a similar degree. In case
of S.bayanus, a yeast strain that is available in out laboratory, shows a better inhibitory
effect of heat compared the inhibitor cocktail. The reason for this can be explained by

the partial activity of metal-proteases that usually are inhibited by the contained EDTA,
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Figure 3.2: A) Effects of heat treatment to unspecific protease activity (MO: Magna-
porthe oryzae in green / SB: Saccharomyces bayanus in orange / MB: Mouse brain from
Mus musculus in blue). Fungal and murine samples were lysed according to the named
treatment, tryptically digested and peptides mesaured by LC-MS. The mass spectra were
serched with unspecific cleavage allowed. A high number of unspecifically cleaved pep-
tides indicates a high protease activity before sample preparation. Based on the observed
results, heat treatment serves as effective measure to inhibit unspecific protease activity
B) The effect of the ratio between sample weight and lysis volume on protein yield of
Magnaporthe oryzae. Samples were weight with very variable amounts, due to the inho-
mogeneous nature of the grinded mycellium. A very weak correlation could be observed,
with no clear conclusion possible. An arbitraty ratio of sample weight to lysis buffer vol-
ume of 1:4 has been used for further experiments.

which can not be used in classical bottom-up proteomics. Interestingly, the use of inhibitor
cocktails seems to have an even deceasing effect for the efficiency of the tryptic digest in
M.oryzae, as the ratio of tryptic peptides is even lower compared to a lysis buffer without
inhibitor cocktail. This effect can be explained by the lower concentration of trypsin that
is used during the digest compared to mouse brain. Presumably, the inhibitory effect is
also governed by a inhibiton kinetic on trypsin, that is not metal related. Therefore, a
much higher relative activity in the mouse brain samples lead to an efficient digest before
it is inhibited while the kinetics of the tryptic digest are not fast enough to compensate
the inhibitory effect of the cocktail in the M.oryzae samples. Strikingly, by using heat we
could achieve a similar efficiency ratio of tryptic peptides compared to the other sample
types. Consequently, a lysis buffer that is compatible with heat is most desirable and
with the previous results the combination of heated DT'T and SDS provide a satisfactory

solution to this problem, although the required protein precipitation as clean up intro-

65



duces a new source of variability. In respect of the used lysis volume, we obeserved a very
weak correlation of the ratio between sample weight and lysis volume versus the measured
protein yield as shown in figure 3.2 B. Thus, no clear conclusion could be drawn and a

ratio of sample weight to lysis buffer of at least 1:4 has been used.

Protease and phosphatase inhibitors are widely applied in proteomics to preserve the
status quo during sample preparation. Not only we demonstrate in our dataset a negative
effect of protease inhibitiors on the proteolytic digest, but both phosphatase and protease
inhibitors have been shown to lead to inefficient phosphopeptide enrichment or total
depletion of phosphopeptides [62]. The reason for this is yet unknown and elucidation
of mechanisms will require extensive work due to the vast number of inhibitory reagents.
Furthermore, the sole use of phosphatase inhibitors without applying kinase inhibitors
at the same time might lead to false positive hits, but kinase inhibitors are less common
to be applied during cell lysis. Thus, enzyme denaturation by using heat is an excellent

solution to circumvent proteolysis and enrichment issues right from the beginning.

In conclusion, cell wall disruption does not seem to be a problem with M.oryzae, rather
protein solubilization (or protein content in crude weight) and protease activity, where a
combination of DTT / SDS and heat treatment provide a satisfactory solution. Neverthe-
less, ultrasound is a valuable element during sample preparation as it potentially disrupts
chromatin proteins which are critical contaminants in phosphopeptide enrichment. Here,
optimization potential is given with newer instruments that work in high-throughput 96-
well format. The issue hereby is the minimal sample volumes of less than 200 pL. Due
to the low protein concentrations at hand, additional preparation steps such as buffer
reduction by MWCO filters are required, that potentially loose a low mass subproteome
and might be time intensive due to the complex matrix, if it is possible at all. Further-
more, due to the large lysis volume and low protein concentrations, unspecific binding to

plasticware might become an issue.

3.1.2 Advancements in phosphopeptide enrichment methods

Two major challenges of phosphopeptide enrichment are a) the large amount of starting
material required and b) low reproducibility and bias towards phosphopeptide subpopula-

tions introduced by the enrichment step. Therefore, alternative strategies for a) downscal-
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ing the phosphopeptide enrichment by using magnetic beads have been evaluated and b)
a feasibility study for an alternative chromatography mechanism for potentially replacing

the reversed phase chromatography was conducted.

For the successful downscaling of the phosphopeptide enrichment the most essential pa-
rameter is the ratio of functional groups per peptides. When the number of potential
binding sites exceeds the number of phosphopeptides present in the sample, the remaining
sites are consequently occupied by unspecifically binding peptides and thus, the enrich-
ment efficiency and subsequently ionization efficiency decreases. On the other hand, less
binding sites than phosphopeptides will lead to incomplete and unreproducible enrich-
ment. Although strategies have been developed to adjust the amount of TiO, material
onto tips (i.e. STAGE tips [132]), the manual assembly of such tips suffers from high
variability and low shelf-life, as TiO, is hygroscopic. Recently, magnetic beads became
popular as they offer a better and more reproducible scalability, fast and easy handling
also in high throughput format (which is not easily feasible with tips) and provide better
intermediary and inter-laboratory reproducibility due to their prolonged shelf-life [24].

Figure 3.3 A shows an overview of tested bead types with the respective peptide loading
amount compared to the common TiO, spin tip performance. All samples were brain
tissue from mouse, after digest and enrichment resuspended in 20 uL, 2 pL injected for
120 min LC runtime (90 min gradient) measured on the Orbitrap Exploris 480 in DDA
mode. The TiO, and Ti**-IMAC beads show similar or moderately better performance
in number of identified phosphopeptides compared to the TiO, spin tips, while reducing
the peptide amount to 500 pg. In the case of TiOy beads, the handling of the beads stock
solution was impaired due to beads aggregation and clogging. Thus, also one replicate
did not show any peptides identified, which can be explained by inhomogeneous bead
distribution during sample preparation. Interestingly, the enrichment efficiency is worse
in bead type enrichment compared to tip type enrichment. A possible reason or this might
be differences in the particulate structure and non-functional surfaces on both materials.
While the spin tips are filled with pure TiO, particles of inhomogeneous and uncontrolled
particle sizes, magnetic beads bind the functional groups on their surface (either covalently
for MOAC or as complex for IMAC). Therefore, matrix structures or incomplete loading

onto the beads surface might enable interactions of the sample matrix (salts, detergents,
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lipids, buffer et cetera) with the surface and/or the phosphopeptides.

Even when decreasing the starting amount to 250 ng, a competitive performance of Ti-
4+IMAC beads compared to TiO, spin tips has been observed, although with consequently
lower enrichment efficiency. Interestingly, Zr*T-IMAC beads provide superior performance
compared to Ti*T-IMAC beads using equal starting amount and superior performance
compared to the TiO, spin tips while using just 7, of peptide amount required. In addition
to that, an increased enrichment efficiency has been observed for Zr**-IMAC beads. The
reason for this observation is yet unclear: Is the superior identification performance due to
reduced ionization suppression or is the total number of enriched peptides increased? The
first would mean that Ti**-IMAC beads might provide a similar enrichment performance,
that is suppressed by a greater extend of unspecific co-enrichment, while the latter would
indicate a true performance difference, possibly caused by stronger affinity or altered re-
tention mechanism. A possible way to address this question would be the enrichment of
an artificial peptidome that consists of a sufficient number of known amounts of peptides,
that have to be enriched without possible contaminants and with certain spike-in levels
of contaminants. Supposedly high impact contaminants are detergents that are not com-
pletely cleaned up from the sample lysis such as SDS and CHAPS that have the potential
to decrease the surface load of functional material on the beads or shield the surface of
the beads towards the sample matrix. Second, salts with higher oxidative state such as
magnesia might compete with the chelated metal ions, which in turn also would decrease
the functional load on the magnetic beads. This way, the source of such difference can be

evaluated, but has not been done yet due to time and resource constraints.

A possible reason for the difference in performance is an increased stability of the Zr#+
ion and bead matrix complex. It has been shown, that the cation-dipole interaction of
complexes is a variant of the ion-ion attraction force which can be described with the
Coulomb equation [133]. In both cases, the strength of the force is antiproportional to
the square of the distance between ion/dipol and the other ion. As Zr*" has a greater
atom size compared to Ti**, the three-dimensional space within the binding site of the
bead matrix is occupied to a greater extend and thus the distance between the Zr*t-
Ion and the chelating sites must be decreased. In consequence, the attraction force is

increased and Zr*t-Tons form a more stable complex. This way, the functional surface
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remains unaffected with higher contaminant load of either source (detergent or salts). To
our knowledge, this hypothesis has not been verified yet experimentally. Furthermore,
it is known that the strength of a covalent (and non-covalent) bond is dependent on the
overlap and the resulting hybridization in covalent binding [134]. Due to its atom size, the
Zr**Ton offers larger and more flexible orbitals for overlap with either the immobilization
matrix or the phosphopeptide. In consequence the chances fot overlap and the overlap size
is increased with Zr**-Ions in comparison to Ti**-Ions. These hypotheses are in line with
the observation, that Zr**-IMAC beads offer a higher shelf-life compared to Ti**-IMAC.

Thus, in all optimization experiments, Zr*t-IMAC were used unless stated otherwise.

Benchmarking the downscaling of peptide amount was performed using the Ti*t-IMAC
beads in triplicates with equal conditions as the previous enrichment of 250 g and is
shown in figure 3.3 B. Interestingly, down to 100 g the decrease in phosphopeptide IDs is
still not significant, whereas a major decrease of phosphopeptides can be observed below
100 ng. But even with as low as 25 g of starting peptide amount a reasonable number
of phosphopeptides could be measured. Therefore, 25ng were set as target amount for
the downscaling optimization. Figure 3.4 shows an overview of the seven parameters that
were addressed in the optimization. The resulting number of identified phosphopeptides,
enrichment efficiency and reproducibility were selected as performance indicators of each

optimization step.

The sample sets were analyzed on different LC-MS/MS, based on the availability to en-
sure short turn-over time. Thus, the absolute numbers of peptides can not be compared
directly, but rather within the experiments only. Nevertheless, the bioinformatic process-
ing and downstream analysis of the raw files was performed in FragPipe and R, equal
for all samples. In general, except for the first experiment, the identified numbers of
peptides are consistently low and suffer from high variance. This effect correlates with
the amount of previously measured plasma samples. Contaminating agents from the
plasma sample preparation or carry-over of peptides from previous runs might alter the
retention behavior of phosphopeptides by shielding the chromatographic surface for the
anyway weak interaction with phosphopeptides. In addition to that, carry-over unmodi-
fied peptides will reduce the ionization efficiency of phosphopeptides. Furthermore, such

peptides can also enhance the solubility of trace metals in the chromatographic system
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[135]. An increased concentration of such metal ions will consequently form complexes
with phosphopeptides which subsequently will not be available for ionization. A possible
solution for this problem might be a dedicated LC-MS/MS systems for plasma samples,
so that as few LC-systems as possible are potentially influenced by plasma sample related
LC-MS/MS issues. Furthermore, it has been shown that adding scavenging (chelating)
reagents such as citric or medronic acid to the eluent improves ionization efficiency and
chromatographic separation of phosphopeptides [136, 137]. To our knowledge it is un-
known how a chelating additive affects a complex phosphopeptidome and unmodified
peptidome chromatography performance, yet the long time impact of using a non-volatile
additive, although in minute concentration. For such LC-MS/MS systems an increased
maintenance effort might be necessary, charging of entrance plates and ion optics (incl.

quadrupoles) have to be closely monitored and frequently cleaned.

Figure 3.5 shows an overview of the identified phosphorylated and unmodified peptides
for each optimization parameter. Based on the first experiments, SP3 digest was selected
as digest before phosphopeptide enrichment, as it yields twice as many phosphopeptides
than the FASP digest while the enrichment efficiency is equally worse in both digest types
compared to TiOy spin tips. Presumably, the SP3 digest is more effective in removing rele-
vant contamination that interfere with successful phosphopeptide enrichment as discussed
above. Next, the necessity of desalting after phosphopeptide enrichment was assessed by
compared crude samples with desalted samples by a) SepPak tC18 an b) Oasis HL.B. The
hypothesis is, that desalting lead to increased ionization efficiency due to reduced ion sup-
pression. Furthermore, it has been shown that the polarity of the SPE sorbent strongly
affects the phosphopeptide recovery [138]. Thus, in addition to the widely applied C18
sorbent a more polar mixed-phase alternative, Oasis HLB, was assessed. The peptide
recovery after desalting shows poor performance of both desalting strategies, nearly no
phosphopeptides were identified in the desalted samples compared to non desalted sam-
ples. This finding can be explained by unspecific binding of the peptides to plasticware
and containers which is of course more pronounced with minute sample amounts. Any-
way, a solution to this is already provided in many LC systems: Loading of the sample
onto pre-columns and subsequent elution by the gradient before the analytical column.
Nevertheless, not all L.C systems are equipped with this possibility and currently, only

C18 material is used due to its broad specificity, thus the efficiency of on-line pre-column
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based desalting is questionable. Other pre-column types might improve the phosphopep-
tide recovery. In addition to that, supplementary figure 6.1 shows appearing peaks in
the desalted samples only. As the ordinate is equally scaled in all chromatogramms, it
is obvious that the relative amount of additional peaks is high compared to the analytes
in figure 6.1 A (no desalting). The base peak m/z is denoted on each peak and reveal
the typical chromatographic pattern of Polyethylene glycol (PEG), which is a common
contaminant leaching from plasticware and/or from cosmetic products. As two different
elution plates after desalting and the same batch of eppendorf tubes and pipette tips
were used for processing of the non-desalted samples, the origin of the contamination is
unlikely to be derived from cosmetic product residuals e.g. from touching plasticware
with bare hands after hand care or similar. More likely, the desalting plate material or
the filter device of the desalting sorbents in the carrier plate serve as source of this con-
tamination. Interestingly, the Oasis HLB sorbens was able to reduce the amount of a
contaminating substance with m/z 1082.52 at RT 30.84 min that is also present in the
non-desalted sample and thus is not caused by the additional sample preparation step. In
all future assay, no desalting was applied to ensure maximum recovery of peptides after
enrichment and preferably, a LC-MS/MS system with pre-columns enabled are preferred.
The optimal concentration of glycolic acid as competing agent was assessed next. Here, a
concentration of 0.5 M showed peak performance compared to lower and higher concen-
trations, which is plausible as very low concentrations should lead to increased unspecific
binding and high concentrations might prevent optimal phosphopeptide binding by occu-
pying binding capacities. In agreement with this, the enrichment efficiency increases from
around 20 % in low competitor concentration to around 50 % in high competitor concen-
tration. The investigation of optimal bead to peptide ratio is ambigous, as the number
of phosphopeptides to compare is too low. This experiment has to be repeted for proper
evaluation of the parameter, but it serves as another excellent example for the importance
of clean LC systems. Shortly before measurement of those samples, a valve was changed
during maintenance of the LC. The hypothesis is there, that the metal surfaces have
not been passivated yet or due to the maintenance trace metal leaching occurred, which
consequently leads to decreased phosphopeptide identification performance. Notably, the
second replicate of each condition always shows much worse peptide IDs compared to

replicates 1 and 3. When considering only replicates 1 and 3, a lower bead ratio of 1:5
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or 1:2.5 seem to perform better, while the reproducibility was higher for the 1:2.5 ratio.
Prolonged incubation times in all sample preparation steps have also shown to increase
the phosphopeptide yield. A very crucial incubation time is the elution time, as the pH
is increased and consequently alkaline hydrolysis of the phosphopeptides is possible, and
has to be followed very accurately. The result for the optimization of incubation volumes
is ambiguous, as medium and low volume incubation are improved compared to high vol-
umes, but not clearly distinguishable. In favor of homogenization, medium incubation
volumes offer a better performance (also regarding the median of phosphopeptide IDs),
due to the round bottom shape of the used 2 mL incubation tubes. This geometry favors
a homogeneous distribution of the beads in the solution while shaking. In contrast to
that, low volume incubation on 0.5 mL tubes offer less surface contact and presumably
less unspecific binding which results in an increased reproducibility for these samples.
A potential improvement would be the combination of small volumes in 0.5 mL tubes
while ensuring proper homogenization, which has to be tested separately. Furthermore, a
higher temperature has been identified as beneficial for phosphopeptide identification with
moderately higher enrichment efficiency. This finding is contrary to the hypothesis that
the retention of phosphosites is thermodynamically favored compared to the unspecific
retention of unmodified peptides, which is believed to be governed by acidic amino acid
residues that mimic the binding of the phosphogroup. Apparently, the binding affinity
is not solely governed by the acidic functional groups of the phospho- and unmodified
peptides, but rather by the microenvironment of the whole peptide. If this is the case,
the assumptions for unspecific enrichment becomes questionable. A possible explanation
would be a HILIC-like retention mechanism, where an enrichment of an aqueous layer
around the beads would lead to a liquid-liquid extraction superimposed to the phospho-
peptide (and acidic residue) affinity towards the metal cation. To test this hypothesis, a
very narrow titration of organic solvent in the loading buffer might reveal a dependence
of the amino acid sequence of the unspecifically enriched peptides. If this behavior is
true, the ratio of acidic amino acids will decrease with increasing acetonitrile content as
the retention mechanism is more and more determined by the peptide-metal ion affinity

rather than the HILIC retention.

Table 3.1 summarizes the outcome of the method optimization. Further validation of the

method can be performed using synthetic, heavy and light labeled phosphopeptides that
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are commercially available. Different amounts of either labeled phosphopeptides can be
spiked into sample matrix and the recovery can be calculated by spike-in of the comple-
mentary labeled peptide after enrichment. Furthermore, when adding both peptides in
different ratios, the influence of internal standards on the linearity of the quantification
can be assessed. The hypothesis is that the ratios become skewed at borderline ratios,
but actually it is not known if that ratio is not linear at all. This would implicate that
the use of internal standards during phosphopeptide enrichment will never yield exact ab-
solute quantitative information, but rather qualitative, as lower endogenous peptide level
will be reported as even lower as they actually are and higher values will be artificially
increased. In extreme cases, this can lead to unwanted false positive identifications. To
our knowledge, this kind of investigation has not been done before and opens the door for
further investigation. Additional potential for improvement arises in the use of TRIS as
buffer substance during digest as unpublished research suggests [139]. This assumption
is reasonable, as TRIS provides an increased long term stability of the buffer compared
to the volatile AMBIC. During over night digest, solvent evaporation and degradation of
AMBIC into carbon dioxide, water and ammonia lead to a change in buffer capacity and
would eventually result in alkaline conditions, that possibly hydrolyze phosphopeptides

and thus result in reduced number of identifications and further decreased reproducibility.

Parameter Optimized value Parameter Optimized value
Digest SP3 Incubation times long
Clean up No desalting Volumes medium
Additive 0.5 M Temperature 40°C
Peptide:Beads ratio 1:2.5

Table 3.1: Identified optimal values for phosphopeptide enrichment using Zr*t-IMAC
magnetic beads. SP3, yielding comparably clean peptide samples, served as optimal
digestion protocol before phosphopeptide enrichment. Moderate amount of additive and
a lowered peptide to beads ratio did show the optimal balance for low amount enrichment.
Surprisingly, the phosphopeptide loss during desalting outweighted the positive effect
during chromatography, thus no deslating after enrichment is advised.

Phosphopeptide enrichment as separate sample preparation step will always introduce

not only variability but is also always biased towards certain phosphopeptide subpopula-
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tions. A possible solution to this problem would be a selective chromatographic method,
that separates the excess of unmodified peptides confidently from the desired phospho-
peptides, so they can be immediately measured by the MS while eluting from the column
without previous enrichment step. Electrostatic repulsion hydrophilic interaction liquid
chromatography (ERLIC) serves as alternative separation mode to the classical C18 re-
versed phase separation [126]. Although not classified as selective enrichment method,
reasonable separation of multi-phosphorylated peptide species has been achieved [140].
This method suits well for the fractionation of previously labeled peptide samples, that
can be enriched either before or after ERLIC fractionation [40]. Nevertheless, HILIC
method development is unconventional and not straight forward compared to reversed
phase methods, as the retention mechanism and the parameters influencing the retention
are not fully understood [141]. It is believed, that in HILIC multiple retention mecha-
nisms are superimposed such as mass transfer, liquid-solid interaction with the stationary
phase and liquid-liquid interaction with a aqueous rich layer around the functional groups
of the stationary phase. When using a charged stationary phase, such as a weak an-
ion exchanger phase, yet another retention (or repulsion) force is superimposed to the
other HILIC mechanisms when separating charged analytes. ERLIC for phosphopep-
tides is always run under conditions where the phosphogroup retains the negative charge,
while acidic amino acid residues and peptide termini are protonated and thus neutral or
positively charged. This increases repulsion of unmodified peptides and thus aids selectiv-
ity. However, the electrostatic attraction of the negatively charged phosphogroup is not
sufficient to counteract the repulsion of the positive charges with singly phosphorylated
peptides and only becomes reasonable when two or more phosphogroups are present in
the peptide. Ultimately, the selectivity of unmodified peptides and singly phosphorylated
peptides is driven by the thermodynamics and kinetics of the liquid-liquid interaction
and the repulsion from the stationary phase. Phosphopeptides experience an additional
attraction force which presumably leads to a ’desorption’ kinetic that is driven rather by
the electrostatic force than the liquid-liquid extraction. Recent research has shown, that
the retention of analytes can be influenced by the choice of a suitable counter ion in the
elution buffer [142]. The hypothesis is that counter ions with higher capacity of water
molecules in their hydration shell, such as magnesia compared to sodium, will lead to a

size increase of the aqueous rich layer on the surface of the stationary phase and thus

76



increase the significance of the liquid-liquid interaction for the selectivity. in combina-
tion with a convex gradient, that utilizes the presumably faster liquid-liquid interaction
desorption kinetics, the selectivity should be improved. Figure 3.6 shows the summary
of the resulting phosphopeptide separations. For this, each 2000 pg of mouse brain tissue
tryptic peptides were injected into an Akta Pure 20 equipped with a weak anion exchange
column operated at 16 °C separated using the stated conditions. The eluate was collected
in 1 mL fractions, each desalted and analyzed with LC-MS/MS separately. As discussed
before, the published original method by Alpert (2008) provides a good selectivity towards
multiply phosphorylated peptides, whereas monophosphorylated peptides mostly coelute
with the unmodified peptides. When changing the counter cation to Mg?*, a broader dis-
tribution of all analytes over the chromatographic range is observed. In combination with
a convex gradient a reasonable selectivity could be achieved. This feasibility study intro-
duces the possibility to perform simultaneous enrichment and chromatographic separation
of phosphopeptides, which has not been described in the field before. Nevertheless, further
method development is necessary to replace the non-volatile reagents that are currently
used with MS compatible additives. This method development was not pursued further,
as the required peptide amount is larger than what can be routinely obtained, especially
in large scale studies as required for the featured rapid adaptation study. Furthermore, a

dedicated MS has to be reserved for a comparably long time, which is resource intensive.

In conclusion, phosphopeptide enrichment is still a challenging task and offers the potential
for further improvement. A recently recognized capability of phosphopeptide enrichment
is the co-enrichment of glycosilated peptides [143, 144, 145]. On the other hand, this
circumstance can be used to further optimize the enrichment efficiency by investigating
the impact of additional enzymatic deglycolization by PNGase F or similar, to remove
such ’contamination’ prior to the enrichment. Furthermore, no solution for the efficient
enrichment of pY peptides is available. The enrichment is resource intensive (high amount
of sample and costly antibodies for the enrichment are required). Affinity purification
columns are not available and offer the possibility for investigation. So far, only polymer
imprinted stationary phases have been developed as promising alternative for antibody

based methods.
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Figure 3.6: Optimization of ERLIC phosphopeptide selectivity of 2000 pg mouse brain
peptides by alternative counterion and convex gradient. Peptide counts per collected
fractions for unmodified peptide (red), singly phosphorylated (blue), double phosphory-
lated (yellow), triply phosphorylated (green) and four phosphosites per peptide (purple).
While the original method published by Alpert in 2008 shows a high overlap of unmod-
ified and phosphorylated peptides in the middle frations, using a Mg?"™ counter ion and
a convex gradient show a very low number of unmodified peptides was present while still
containing a high number of phosphorylated peptides.

3.1.3 Comparison of DDA vs. DIA approach for
phosphopeptide identification

A promising approach to gain more confidence in phosphopeptide data is the data inde-
pendent acquisition (DIA) approach. Per definition, DIA generates MS2 spectra of higher
complexity compared to DDA. Especially the identification of the phosphosites requires
sophisticated bioinformatic methods that had not been available in the past. Recent
implementations in proprietary software such as Spectronaut [97] and developments of
open source software such as DIA-NN [84] in combination with affordable high perfor-
mance computing resources made the analysis of phosphopeptides in DIA possible with

sufficient confidence within a reasonable time frame. There are only few publications de-
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scribing the use of DIA for phosphopeptides |97, 146, 98| and thus the knowledge about
the differences in the data quality have not been reviewed yet, especially in the context
of predicted spectral libraries. Furthermore, recent developments in coupling tandem ion
mobility spectrometry to high resolution TOF instruments, leading to the commercializa-
tion of the timsTOF by Bruker Daltonics, promise a deeper understanding of proteomics
datasets by adding an addi-tional identification feature and more confident identification
by less complex MS spectra. To investigate the use of DIA for phosphoproteomics in
general and especially the use of the Bruker timsTOF Pro 2, we took the opportunity
of available measurement time and measured a dataset of three biological replicates of
1000 ng wildtype M. oryzae was measured in DDA with an Orbitrap Exploris 480 and in
DIA with a Bruker nanoElute coupled to a timsTOF Pro 2, processed with PEAKS and

DIA-NN, respectively and the results summarized in figure 3.7.

The number of identified phosphopeptides is very similar, while the number of unmodified
peptides in the DIA samples is significantly higher. Consequently, the apparent enrich-
ment efficiency decreases from around 80 % in DDA to 50 % in DIA as shown in figure 3.7
A. This observation is explained by the DIA scheme, as no criterion for fragmentation is
applied, also unmodified peptides with low signal intensity are selected for fragmentation.
Interestingly, all unique phosphopeptide identifications of the three replicates combined
is roughly 10 % higher in DDA (7663 peptides) compared to DIA (7076 peptides) and
the overlap of peptide IDs is small (23 %) as shown in figure 3.7 B. The overlap of pep-
tide sequences without considering the phosphosite was slightly increased with 44 %, so
roughly 20 % differ in the assigned phosphosite. It has also not been shown yet, to which
extend the software DIA-NN actually provides false positive identifications. To exclude a
higher false positive rate as reason for the low number of overlapping identifications, both
datasets (DDA and DIA) were searched in either PEAKS or DIA-NN against a concate-
nated database of Mus musculus and Magnaporthe oryzae proteome. As the sample was
generated from M.oryzae, the number of identified Mus musculus proteins is expected to
be not more than the previously set up false-discovery rate of 1 %. For the DDA dataset,
from 36006 total identifications were 112 peptides identified from Mus musculus (i.e. 0.3
%) and in the DIA dataset, from 40817 total identifications were only 65 identified from
Mus musculus (i.e. 0.2 %). In conclusion, as the false identification rate can be excluded

as a reason for the low overlap between the data acquisition strategies.
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Comparing the intra-sample group overlap of the identifications within the replicate mea-
surements in figure 3.7 C, reveal another possible reason for the difference in peptide
numbers. DIA provides consistently more reproducible identifications, while the overlap
for DDA measurements is much less. When accepting only peptides with at least two out
of three identifications, the number of quantifiable peptides is 35 % higher in DIA (6461
peptides) compared to DDA (4798 peptides), while the number of complete peptide data
(three out of three) is also increased in DIA measurement. Thus, not only the number of

quantifiable peptides but also data completeness is increased.

For correctly picturing the biology in the samples, not only the number of quantifiable
peptides is important, but also the reproducibility and quality. Therefore, the coefficients
of variation (CVs) for every quantifiable peptide (at least two out of three replicates) have
been calculated from the replicate measurements and plotted as histogram in figure 3.7
D. The difference between both datasets is not significant with median CVs around 25 %,
which is reasonable due to technical variability in LC-MS/MS measurement. A beneficial
effect of DIA on data quality has been shown on proteome level [147], which results from

the higher number of peptides that are available for quantification.

A second important aspect in phosphopeptide identification is the correct localization of
the phosphosite. Both approaches, DDA and DIA offer a confidence measure for the cor-
rect site. Nevertheless, even when no evidence for the correct phosphosite is present in the
spectrum, the peptide still harbours a phosphogroup at some amino acid, otherwise the
peptide precursor mass would not be correct. Thus, we can be confident due to common
quality control measures (e.g. false discovery rate calculation at peptide level) that there
is a phosphogroup somewhere in the peptide present, but the correct phosphosite identifi-
cation can remain ambigous. Therefore, DIA-NN calculates a site localization probability
and PEAKS provides the Ascore, which is calculated by multiplying the negative decadic
logarithm of the p-value for incorrect identification by 10. Consequently, the higher the
AScore the more confident is the identification with a maximum possible value of 1000.
Typically, a confidence of at least 75 % (for calculation of AScore: 25 % probability of
false localization) is desired [148]. Therefore, a common cut of value for the AScore is
a value of 6, corresponding to 25 % false localization probability. In figure 3.7 E, the

distribution of AScores obtained from both acquisition strategies is shown. It is obvious,
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that DDA AScores peak around an value of 10, whereas DIA data seems to provide two
different peaks, the first peaks with an AScore below 6 and the second peak with an AS-
core around 30, which equals a site confidence of 99.9 %. Thus, the median site confidence
is roughly the same, due to the inhomogenious distribution of the DIA-NN confidences.
The reason for this difference is presumably the higher complexity on MS2 in DIA data.
There, confidence is only achieved in presence of strong fragment evidence, whereas the
algorithm of PEAKS for processing DDA MS2 spectra seems to have a more refined al-
gorithm to assign also calculate variances in probability with high sensitivity. Therefore,
the assumption that DDA data provides more confidence in the site localization by higher
quality spectra is only partly true. Nevertheless, in discovery phosphoproteomics, the
correct phosphorylation site is anyway of less importance. More importantly, both algo-
rithms provide equally high confidence that these peptides are phosphorylated (regardless
the phosphosite). Conclusions about active/inactive pathways or protein phosphorylation

with approximate protein sites can be drawn anyway.

In conclusion, the application of DIA is a promising strategy for the comprehensive de-
scription of a phosphoproteomics dataset. We have shown, that data completeness in-
creases while the data quality remains at least equal. The downside of the DIA applica-
tion are a resource intensive and time consuming bioinformatic processing and the lack for
intuitive spectra visualization. A possible solution to this is provided by the proprietary
software Spectronaut, that is able to vizualize XICs of precursors and fragments in a user
friendly way [97]. Nevertheless, DIA-NN has been shown to provide superior identifica-
tion performance utilizing neuronal networks while being open source at the same time.
A direct benchmark of both software has not been described in the literature yet and

would serve as interesting starting point for further bioinformatics research.
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3.2 Rapid evolutionary events in M.oryzae

3.2.1 Proteome results

All samples as named in 2.1 were prepared as described in 2.2 and [26]. After rawfile
processing in DIA-NN, an average protein number of around 5500 was identified in each
sample across the dataset, as shown in figure 3.8. Across all measured samples, 6813
unique proteins could be identified, which equals 53 % of all 12 890 known M.oryzae
proteins up to this date (16.05.2022). Although the proteomics quality and quantity of
previously published M.oryzae proteomes show a large variety, with protein identifications
ranging from 1600 to 4432 proteins [149, 150], this level of completeness has not been
described before. A reason for the excellent coverage of the known proteome is the use of
DIA in combination with a large number of samples. In consequence, this analysis benefits
from higher chances of finding a good scoring peptide-spectrum match for refined analysis
of the whole dataset with an experimental spectral library using the neuronal network
strategy. Except wild type, all other samples are deletion mutants for the Hogl MAP
kinase genotype, but show different phenotypes. While wild type, reversibly adapted
and irreversibly adapted (WT, REV and TRREV) show an excellent reproducibility in
protein counts, the non adapted loss-of-function (LOF) phenotype shows a significant
decrease of protein IDs in function of time, with the lowest protein counts reproducibly
found in the 24 h samples. This observation reinforces the hypothesis stated before,
that unspecific proteolysis occurs upon cell lysis (upon apoptosis in this case, or while
sample preparation). This hypothesis could be further verified by creating an in-silico
library including also unspecifically cleaved peptides, which is computationally intensive,
due to the extremely long running times. In addition to that, the resulting predicted
spectral library would contain a high number of precursors to potentially identify, which
will lead to a drastic decrease in identifications due to the increased ambiguity of peptide-
spectrum matches. A less resource intensive solution would be the re-measurement of the
whole dataset in DDA and perform unspecific search on the resulting rawfiles. This way,
data completeness and quantification performance will be reduced, but the number of
identifications should be more equal between the sample types. Nevertheless, the Pearson
correlation coefficient across all samples is excellent, though samples taken at 24 h seem to

differ from the other time points. Apart from this observation, the correlation coefficient
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is consistent within all sample types and differ between the sample types. In addition
to that, the other sample types were prepared in parallel and if errors or deviations in
sample preparation had occurred as well as an unsuitable (unrobust) sample preparation
workflow was used, the irregularities would be randomly distributed across all sample
groups. But good intra-sample group correlation and reproducible proteome results in
other sample groups both indicate a good data quality within the sample types with

apparent differences between them.

To further judge the data quality, the protein identification overlap of all biological sam-
ples from the wild type sample of the 24 h time point is shown in figure 3.9 A. 5380
proteins (86 %) have been found in all four replicates while 96 % where identified in two
out of four measurements. Across the whole sample set, around 2800 proteins do not have
a single missing value as shown in the data completeness plot in figure 3.9 B. The number
of proteins increases over proportionally to the inflection point at around 5 missing values
(out of 80 samples) with 4200 proteins. With increasing number of missing values from
5 to 79, the number of proteins increases steadily. To our knowledge, this is the most
comprehensive proteomics dataset of M.oryzae that has been measured so far. In addi-
tion to that, not only on qualitative level (how many different proteins do we identify)
but also quantitative level (variability in the dataset) we have an excellent dataset at
hand, as shown in figure 3.9 C. The main assumption in many proteomics applications
(except for e.g. pull down experiments) is, that the average level of most proteins does
not change upon perturbation. Thus, either the sum of all raw peptide signal intensities
(total ion current - TIC) or the sum of all calculated protein abundances (obtained from
the processing software) should be within a reasonable range. Due to the large number of
samples, no premeasurement was performed to adjust the final injection volume for min-
imal variance in TIC. Thus, the variability of the TIC is higher compared to the quality
control HeLa, that were measured before, during and after the sample sets. Nevertheless,
the wild type samples show a similar coefficient of variation of all 20 measured TICs (14.5
%) compared to the 12 measured QC HeLas (12.1 %). The absolute difference in TIC of
HeLa compared to the samples is expected, as typically the sample load on column for the
QC samples is only 50 ng, whereas all samples were loaded with approximately 100 ng.
Thus, the observed difference fits to the expected values. In line with the observations

in protein count, the not-adapted LOF phenotype shows the highest variation of around
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Figure 3.8: Protein identifications and pearson correlation of their quantitative abundance
of each 1000 ng M.oryzae tryptic digest, measured on Orbitrap Exploris 480 in DIA mode.
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37 %. Interestingly, the TICs of all three pheotypes with Hogl LOF genotype do show
a significantly higher TIC compared to the wild type. A possible reason for this might
be an occurring unspecific cleavage for these samples before protein digest during sample
preparation. It is not known, how a high number of small peptides will influence the quan-
tification result, but might falsify the outcome of the result which is used for concentration
adjustment before LC-MS/MS measurement. If this is the case, the concentration of the
LOF genotypes is higher than expected and would explain this discrepancy. On the other
hand, consequently the not-adapted LOF phenotype should have higher TICs, which is
not the case (although the CV ranks the highest). Therefore, other differences might also
play a role such as batch effects from LC or MS/MS measurement. In general, for all
samples the observed CVs are in a very reasonable range with only few highly differing
samples. After processing including in-silico normalization in DIA-NN, the sum of pro-
tein abundances for each sample is calculated and the CVs within one sample group has
been calculated. The observed differences and variability in TIC become less prominent
when comparing the sum of protein abundances, with CVs ranging from 1.8 % to 13.4 %
where the highest CV is consequently observed with the not-adapted LOF phenotype. In
conclusion, the assumption could be supported with this results and a high data quality

can be expected with a high number of valid protein quantification.

In order to identify significant changing proteins in the dataset, statistical methods such
as t-test and linear models proved helpful in the past. While the gold standard in pro-
teomics science is still the well known and easily applicable t-test in Excel or Graphpad
Prism, more and more applications appear using linear models. Linear models have been
demonstrated to perform superior to t-test in terms of sensitivity and accuracy as early
as 2013 on proteome level [151], but recently similar advantages have been reported on
peptide level [112]. In addition to that, handling of missing values and small datasets
are improved [151]. The popular package limma (Linear Models for MicroArray data)
was originally developed in 2005 by Smyth et al. [152]| for comprehensive differential
expression analysis of RNA microarray data. It also includes streamlined functions for
common problems such as missing value imputation and data normalization and has a
broad and active community available for help and advise on statistical problems. Other
packages such as DSeq2 offer in principle the same capabilities for statistical testing, but

limma has more features implemented and offers increased flexibility and is consequently
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more popular and frequently used. Still, up to this date, the proteomics community is
mostly relying on t-test and similar straight forward principles but is currently transition-
ing towards linear models. Not surprisingly, this is one of the very few published datasets
reported that utilizes linear models for the analysis of the phosphoproteome [97, 153,
154, 155]. Thus, basic considerations for the statistical analysis are discussed for both,

proteome and phosphopeptides, in the following.

A Gaussian distribution of the data population is a prerequisite for most statistical tests,
including t-test as well as limma. Figure 3.10 shows exemplary the log2 transformed
protein abundances of the wild type protein abundances of proteins with at least two
identified peptides from DTA-NN. The processing software already applies a normalization
strategy for precursors and proteins, consequently the transformed values of the raw
protein abundances already satisfy the prerequisite for the statistical test. Therefore
VSN, a commonly applied normalization strategy in proteomics, that has been proven
superior for small datasets [100], does not influence the appearance of the abundance
distribution. On proteome level, the number of missing values is low, nevertheless the
following distributions show the influence of common imputation strategies in the data
distribution. The single value decomposition method provides already a small skew of the
distribution towards right, whereas k-nearest neighbors or limma built-in voom strategy
replace the missing values with supposedly too high values, as it does not complement
the assumed Gaussian distribution of the transformed protein abundances. The reason
for that might be that proteome missing values are in many cases regarded as missing
not at random (MNAR), and kNN as well as voom have been proven powerful to replace
missing value of random origin (missing at random - MAR) [156]. Therefore, no missing
value imputation for proteome data is applied before statistical test in the following to

avoid a potential skew in protein abundances.

For the application of t-test, proteins with missing values of more than 40 % in both
conditions have been filtered out while confidently appearing or disappearing proteins in
one condition (all values NA in one condition, more than 60 % quantifications in the
other condition) were assigned an arbitrary p-value of 0.0001 and fold change (FC) of
100 or 0.01 for appearing and disappearing respectively. The dataset was tested with

two-sided hypothesis with assuming an equal variance in both conditions. Each sample

88



unmodified VSN SVvD

3000
|

Frequency
2000
Frequency
2000
|
Frequency
2000
I

15 20 25 30 15 20 25 30 15 20 25 30
log transformed intensities log transformed intensities log transformed intensities

kNN voom

4000

4000

3000

3000
I

Frequency
2000
Frequency
2000

1000
I

0 5 10 15
log transformed intensities log transformed intensities

Figure 3.10: Evaluation of different normalization and missing value imputation strategies
for protein level of the dataset presented in figure 3.8. All observed protein quantitative
values were subjected to the stated normalization strategy and the resulting measured
and imputed value are shown as histogram of the log transformed quantitative values.

89



was cultivated separately, thus increasing of statistical power by taking paired samples
into account was not possible, the t-test was conducted as unpaired. Linear modelling
using limma was performed using the standard parameters. The resulting p-values for the
significance of a protein change were adjusted for multiple testing using the Benjamini-
Hochberg False Discovery Rate (FDR) correction, which is called g-value in the following.
An arbitrary fold change value of at least 2-fold or 0.5-fold and an adjusted p-value
below 0.05 were defined as criteria for statistical significantly changing instances. Those
threshold values have been defined arbitrary in the past and have historically been proven
as good trade off values to identfy true positive changes from highly variable datasets,
that introduce a variability due to sample preparation and measurement stability that
was below a factor of 2 (i.e. 2-fold and 0.5-fold changes). This procedure was applied
to compare each time point to the control. The results of the 24 h versus control time
point from both statistical tests are shown in figure 3.11 A and B. In the depicted volcano
plots, the negative decadic logarithm of the g-value is placed on the ordinate while the log?2
transformed fold change is placed on the abscissae. This way, higher significant instances
are found higher in the plot and fold changes are equidistant reflecting the factor of change.
While the t-test provides a higher number of statistically significant changing instances,
the distribution of the g-value and fold-change pairs is more condensed compared to the
limma results. Presumably, the statistical power of the test is weaker due to considering
only the standard deviations and means of the protein abundances between conditions
instead of the quality parameters for linear models (residual sum of squares) and the
assignment of an arbitrary p-value, which might skew the p-value adjustment towards
more statistically significant g-values. Although the difference in shape is minimal, the
shape of the limma volcano plot follows the expected distribution, as higher fold changes
are more likely to reflect a true positive change while the t-test provides a volcano plot
where also in less significant g-values higher fold-changes can be found. for the comparison
of the biological outcome of the statistical test, all significant instances from t-test and
limma across all time points were collected and the overlap was calculated as shown in
figure 3.11 C. In general, the overlap is reasonably high with over 41 % of all significant
instances. Interestingly, the number of exclusively identified instances is almost equal
between t-test and limma. Following current opinions and own conclusions, limma has

been used for the whole project to identify significant changes.
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Figure 3.11: Comparison of statistical testing for the wild type proteome results presented
in figure 3.8. For this comparison, all replicate samples from time point 24 h versus control
time point were subjected to statistical testing. A) Student’s t-test B) limma and C) the
overlap of significantly changing instances from each test

Further ways for quality control and biological insight into the dataset is provided by prin-
cipal component analysis and hierarchical clustering in sample level. For both approaches,
a complete dataset is required without missing values. According to the previously con-
ducted analysis taking various imputation strategies into account, SVD imputation has
been applied, as the influence on the dataset is minimal compared all tested strategies.
Figure 3.12 shows the result of these multivariate statistical methods. The principal com-
ponent analysis explains with the first two principal components already 98 % of the
observed variance in the dataset. Timepoints 0 min to 240 min cluster together, while
the clustering of the biological replicates are mediocre but existing. Separated by princi-
pal component 2 that accounts for only 18 % of the variance is only the 1440 min time

point, suggesting that the singificant instances from that time point are more likely to

91



drive the cellular response to osmostress compared to the other time points. Neverthe-
less, all biological replicates are separated by PC2 which adds confidence in the technical
reproducibility of the dataset. The hierarchical clustering of proteins (rows) and sam-
ples (columns) is illustrated by z-score of the log transformed protein abundances in the
heatmap. The dendogram for the hierarchical clustering of the samples is shown on top,
while the clustering of the proteins is not shown as the resulting dendogram is too dense
and crowded to extract meaningful information. The most valuable information from this
heatmap is the good alignment of the biological replicates into the same clusters. Only
one replicate from time point 60 min is switched with one replicate from the control (time
point 0 min). In respect of the general quality attributes and the good alignment of the
really differing samples, a technical cause for this discrepancy in similarity is unlikely (i.e.
a wrong sample and rawfile mapping, accidentally switching samples during processing

and testing et cetera ).

3.2.2 Proteomic response in wild type upon KCI stress

To prove the applicability of the approach to identify meaningful biological processes,
the proteome and phosphoproteome response of the wild type upon KCI osmotic stress
are analyzed in detail without prior targeted data review. It is expected to identify the
previously described osmostress response of yeast [157]|, which should be MAP Kinase
signaling by HOG that will be validated by specifically interrogating the dataset about
involved proteins in this pathway. Figure 3.13 shows the volcano plots for the protein
abundances of each time point compared to the control of the wild type. After 10 min of
KCl stress situation, no significant changes were observed, while the number only slightly
increases after 60 min. This observation is expected and additionally underlines the data
quality, as the environmental sensing as well as the transcription and translation of genes
to proteins requires time in the range of hours rather than minutes. Consequently, the
number of changing proteins increases significantly after 4 h of treatment and peaks for the
24 h osmostress samples, while the increase between 60 min and 4 h is more pronounced
than the increase between during the next 20 h on KCI stress medium. Interestingly,
some of the proteins that are differentially expressed after 4 h revert back to their control
level expression, which indicates a regulatoray role while proteins exclusively differentially

expressed after 24 h rather fulfill a homeostasis related role. In addition to the explainable
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93



(expected) number of significantly differentially expressed proteins, no skew or bias in

fold changes or adjusted p-values could be observed which indicates the validity of this

approach.
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Figure 3.13: Volcano plots of changing protein levels for the dataset presented in figure
3.8 as fold changes and g-values for each time point compared to the control of M.oryzae
wild type samples upon osmotic stress.

Gene ontology clustering analysis in Cytoscape ClueGO with standard parameters is
shown in figure 3.14. Already this simple analysis reveals osmoregulation associated terms
such as carbohydrate metabolic process. As complementary method for gene ontology en-
richment also STRING-DB was used and the obtained significant GO terms are shown an
negative decadic logarithm of the adjusted p-value. In agreement with the ClueGO anal-

ysis, KEGG pathway enrichment indicates the expected proteomic response as Metabolic
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pathways and Biosynthesis of secondary metabolites. Nevertheless, the full potential of

the dataset in not yet used, as temporal resolution of the proteome response is given.
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Figure 3.14: Gene ontology analysis of all signifiantly changing proteins of M.oryzae of
the dataset presented in figure 3.8 upon osmotic stress during 24 h. A) in ClueGO and
B) from STRING-DB

Time course experiments enable conclusions about temporal regulatory roles of proteins,
but the identification of such is not straight forward and resource intensive. Furthermore,
the large number of over 600 differentially abundant proteins could be identified across all
time points. This large number might obscure underlying effects and hinder the effective

and precise identification of relevant biological meanings. Thus, data reduction is key
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to understand the responses in more detail. In order to do so, clustering of protomic
changes should be applied to the calculated fold-changes to reduce the number of intersting
proteins that might follow a similar temporal response pattern. As data completeness is
required for clustering in general, it was intentionally not performed using the raw protein
abundances, as it is likely that missing value imputation will have a larger impact on
the outcome compared to the use of fold-changes (i.e. the number of missing values is
higher). For this dataset, clustering by k-means, dbscan and hierarchical clustering have
been evaluated and the results of the diagnostic analysis is shown in figure 3.15 to 3.17

respectively.

For k-means clustering, a number of clusters has to be defined as parameter for the
clustering [158]. The within-ness plot and the shilouette plot serve as indicators for the
number of clusters k to choose. As shown in figure 3.15, both diagnostic plots suggest
the use of k=2. This number is obvious by visual inspection of the principal component
analysis of the proteins, where two explicit clusters are visible. Not surprisingly, the
corresponding spaghetti plot in figure 3.18 reveals the nature of these clusters increasing

and decreasing in fold changes over time.

The dbscan clustering algorithm requires a distance € and the minimum number of entries
as input parameters [159]. The used R package provides the 5-Nearest-Neigbour plot as
diagnostic for the identification of a senseful e, which is shown in figure 3.16. Based
on this, an epsilon of 1 was chosen for the first analysis and in accordance with the k-
means clustering diagnostics, the same two clusters are identified by the dbscan algorithm,
but also excluding potential outliners from the analysis (because they do not match the
clustering criteria such as minimum number of neighbors within the chosen €) as shown in
the PCA plot. Not surprisingly, independent from the chosen distance and the minimum
number of neighbors, the number of clusters remained two, differing only in the number
and position of outliners. This underlines the robustness of the algorithm for unsupervised
learning, but also shows its limitation as in this case a higher flexibility is required.
Consequently, the desired aim to reduce the complexity of the results can not be efficiently

realized using dbscan.

Hierarchical clustering requires a starting point and the desired tree-height cut-off value as

parameters [160]. The algorithm yields very inhomogeneous distribution of entries, with
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Figure 3.15: Diagnostics for clustering according to the k-means clustering algorithm
applied on observed proteome quantities of M.oryzae of the dataset presented in figure
3.8 upon osmotic stress in the time course of 24 h. A) Silhouette plot B) Withinness plot
C) PCA with color code of the two suggested groups in red and turquoise
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plied on observed proteome quantities of M.oryzae of the dataset presented in figure 3.8
upon osmotic stress in the time course of 24 h. A) Distance plot B) PCA with color code
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excluded by the algorithm and not assigned to one of the groups
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Figure 3.17: Diagnostics for clustering according to the hierarchical clustering algorithm
applied on observed proteome quantities of M.oryzae of the dataset presented in figure
3.8 upon osmotic stress in the time course of 24 h.

most entries distributing always between two clusters as shown in the histogram in figure
3.17. Here, an exemplary number of 15 clusters were chosen as cut-off, but choosing a
higher or lower number of cluster cut-off does not yield in a more homogeneous distribution

of entries. Thus, also with hierarchical clustering, the aim can not be met.

In conclusion, k-means clustering is the only strategy offering the required flexibility to
divide the dataset into the desired smaller parts, that can be analyzed in the required
detail with reasonable use of resources. For this, arbitrary values for k were tested and
visually inspected in order to balance between the number of proteins in each cluster and
the biological meaning as summarized in figure 3.18. With k=5, a reasonable number of
clusters could be identified, while already with k=10 the redundancy of similarly chang-
ing proteins is increased. Naturally, when dividing the dataset into k=15 clusters, the
redundancy is even more increased, with no obvious benefit in differentiating between bi-
ologically different temporal responses. Based on these observations, clustering with k=5

was used for further analysis. The results of the clustering and the corresponding ClueGO
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Figure 3.18: Empirical clustering by k-means with k =2 /5 / 10 / 15 applied on observed
proteome quantities of M.oryzae of the dataset presented in figure 3.8 upon osmotic
stress in the time course of 24 h. The commonly used threshold for signifcantly changing
instances log2(fold change) = 1 and -1 are marked with blue horizontal lines for better
identifcation of signifcant response clusters.
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gene ontology enrichment / clustering analysis is shown in supplementary figure 6.2 in
sufficient detail. In these cases, ClueGO analysis was performed with relaxed settings,
collecting all GO terms regardless their statistical significance. This way, a very detailed
functional analysis can be conducted that is not convoluted by the reduced number of
proteins. In cluster 1, that represents proteins that become significant only at the 24
h time point, terms that realize homeostasis could be identified, which includes sugar
metabolism, glucosidase activity and active transmembrane transporter activity. This is
in line with previously uncovered findings that transporters such as Stll play a role in
osmostress or as general stress response. In the second cluster, proteins are included that
are upregulated short term after stress (60 min and 240 min) and tend to fall back to
their control level or stay upregulated in homeostasis at 24 h. Frequent terms related to
phosphotidylinositol also in combination with Torc2 signaling have been observed. Torc2
inhibition has ben shown in yeast to inhibit glyercol eflux by closing the aquaporin Fpsl
and thus aid the accumulation of glycerol as intracellular osmolyte, which is completely in-
dependent by Hogl activation [161, 162]. This observation is surprising, as evidence exists
that Hogl deficient yeast in general is sensitive towards hyperosmotic conditions. Thus,
such an HOG independent alternative osmostress response would have been expected in
the adapted Hogl lof mutants to compensate the missing Hogl functionality. Neverthe-
less, intracellular glycerol accumulation has also been observed in wild type upon osmotic
stress, but to a much lesser extend than the accumulation of arabitol [4]. The role of Hogl
in the accumulation of arabitol as main osmolyte is still unclear and thus, Torc2 signaling
might be key for the adaptation process in the adapted Hogl deletion mutants. In cluster
three, mainly downregulated proteins can be found, that recover their level from the con-
trol samples in homeostasis at 24 h. Most of the identified GO terms involve the regulation
of transcription of cell cycle related proteins. This is in line with the observation, that
the wild type M.oryzae is downregulating the cell cycle process to focus the resources
on establishing a stable response to the osmotic stress. Interestingly, sphingolipid and
glycerolipid metabolism is also present in this cluster, which might be connected to the
previously identified Torc2 signaling. It has been described that sphingolipid metabolism
is involved in cell wall remodelling as response to environmental changes [163]. In cluster
4 , proteins are included that show a very strongly upregulated response in early time

points that decrease in intensity at homeostasis. Gene ontology terms of this cluster in-
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clude pentose phosphate pathway and pentose / glucuronate interconversions which both
have been shown to be involved in the production of the pentose arabitol [164]. This
explains the observed phenotype of M.oryzae wild type that accumulates arabitol as in-
tracellular osmolyte upon hyperosmotic stress. The last cluster contains proteins with
steadily decreasing abundance. Most obtained gene ontology terms are related to either
rRNA metabolic process, ribosomal activity and small molecule biosynthetic process. In
contrast to upregulated transcriptional activity in cluster 3 (i.e. decrease of negative tran-
scriptional regulation) during earlier time points, proteins in cluster 5 seem to regulate

this process and decrease and counteract this activity after 24 h.

In conclusion, we would show that the developed approach is capable of deciphering the
proteomic response in previously unreached detail and can in principle be used for the
detailed analysis of the following scientific questions regarding the wild type phosphopro-
teome and especially for the elucidation of the response in the adapted phenotype of the

Hogl lof mutants.

3.2.3 Phosphopeptide results

From the proteolytic digest that was used for proteome analysis, an aliquot was used for
phosphopeptide analysis as described in [26]. As shown in figure 3.19, on average a high
number of phosphopeptides of over 10 000 in most samples could be identified. Across
all samples, 29 494 unique phosphopeptides could be identified. Similar to the proteome
results, the reproducibility of the phosphopeptide counts is reduced for the not adapted
LOF Hogl deletion mutant. It also underlines, that this observation was not a technical
issue, but rather sample related. The Pearson correlation of the phosphopeptides only
show a generally lower value compared to proteome, as on protein level multiple peptide
level information is merged and abundance values are leveled out across the samples.
Thus, on peptide level the variability is increased. Still, the correlation within the sample
groups is high with obvious differences to the other sample groups. In the most recent
phosphoproteomics study of M.oryzae from 2015 by W.L. Franck et al. in the group
of R.A. Dean [165|, the number of phosphopeptide was not reported but the number
of phosphosites identified was 4894. In our dataset, we were able to identify 45 291
phosphorylated sites. In addition to that, the gradient length for the LC-MS/MS analysis
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was 3 h long compared to 1 h in our study. Although our workflow requires 4-fold more
protein material for the enrichment, the overall data completeness is presumably higher
as DIA instead of DDA was used for data acquisition. In conclusion, although no further
quality measures were reposted in the study of 2015, the presented data in our study is

not only competitive to the published results but exceed the information wealth by far.

For in depth assessment of the quality attributes of the phosphopeptide results the overlap,
data completeness as well as the TIC reproducibility have been calculated as shown in
figure 3.20 A, B and C respectively. Exemplary for the WT sample at 1440 min, the
overlap for all four biological replicates was around 40 %. Considering also peptides that
were identified at least twice (i.e. in 50 % of the samples), the overlap increases up to
78 %. The data completeness plot in figure 3.20 B confirms this observation on precursor
level, also including non-modified peptides. Compared to the proteome data completeness
plot, where protein level is shown, the slope of the missing value / identification relation
is increased, indicating a larger number of missing values. The reproducibility of the
data is thus of greater importance. A measure to describe the reproducibility of the
sample sets, is the observed variance of the TIC, which is shown in figure 3.20 C. While
the quality control HeLa runs show a CV of 12 % on the calculated TIC Areas from
Skyline, the samples sets show a very similar range of CV such as 15 % to 21 % for WT,
irreverisbly adapted and reversibly adapted while the loss of function mutant suffers from
high variability of around 40 %. As discussed before, this variability is likely caused by the
unspecific protease activity upon cell death. In general, the values are in good agreement
compared to the QC runs, which reflects the technical variability to be expected. As no
injection volume adjustment has been done, the expexted addition to this variability is
nearly indistinguishable from the technical variability, which underlines the robustness of

the developed sample preparation procedure in general.

Nevertheless, missing values still cause problems in further statistical testing, thus two
strategies have been evaluated to reduce their influence on the result. As a prerequisite, it
is expected that on average the overall peptide abundance does not change, thus the sum
of all peptide abundances should be constant throughout all samples. Their variability
serves as second measure in addition to the TIC area for the evaluation, as summarized

in figure 3.21. While in the first step, all appearing phosphopeptide abundances (regard-
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Figure 3.19: Phosphopeptide identifications and Pearson correlation of their quantitative
abundance of M.oryzae of the sample set presented in figure 3.8. The number of phospho-
pepties are shown in blue, not modified peptides in red. Each color code at the bottom
represents one sample type of the following: irreversibly adapted (red), loss-of-function
(green), reversibly adapted (blue) and wild type (purple). Each bar represents one mea-
sured sample of the biological quadruplicates side by side, increasing time points from left
to right (0 min - control, 10 min, 60 min, 4 h, 24 h)
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less their number of appearance wihtin the four biological replicates) were summed for
each sample and the CV for each sample group was calculated. Then, the effect of VSN
normalization and the combination of kNN imputation and VSN normalization was cal-
culated. Compared to the raw values, VSN normalization reduces the variability by a
factor of around 1.5 for the irreversibly adapted type up to 6 for the reversibly adapted
type. The absolute value decreases by a factor of 10°, as VSN normalization introduces a
log2 transformation, that is anyway advised for statistical analysis by limma. with kNN
imputation before normalization, this value can be further reduced to 1 % and less, but
the absolute value increases by 2-fold. That indicates a relevant impact of the high num-
ber of missing values, as the imputed values contribute to 50 % of the evaluated values.
As they are chosen by similarity, which is reduced in such a highly incomplete dataset,
they will get imputed as very similar values. Thus, the observed variation in indeed a
artificially introduced equalness of the data. Therefore, no missing value imputation is
used before further statistical testing with. Accepting only peptides that appreared at
least two times out of four biological replicates, surprisingly the obtained measures for
the reproducibility are similar to the unfiltered dataset. But, as the number of missing
values is decreased, the impact on the absolute sum of abundances of kNN imputation is
reduced. The influence of missing value imputation on the CV is still high. Thus, the risk
of artificially skewing the dataset is increased and therefore kNN imputation will not be
used before statistical analysis. Nevertheless, the effect of kNN after VSN normalization
is not shown here, as it is expected to introduce more noise and will skew the statistical

testing with even increased impact.

For the subset of the wild type samples, the impact of missing value imputation on the
abundance values has been investigated. For this, all peptides with at least 12 out of
20 identifications were selected which represents 60 % of all measurements. This way,
the number of missing values is reduced and a possible bias in missing value imputation
is potentially reduced. Indeed, the results in figure 3.22 show that the impact of the
missing value imputation on the distribution of the peptide intensities is minimal. Two
conclusions can be drawn here: First, the normalization of the processing software DIA-
NN works already well, therefore VSN normalization does not change the distribution. It
remains questionable, if this normalization provided by software is the optimal approach.

But the likelihood that this approach is valid is high, as previous analysis (collaboration
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Figure 3.21: The sum of all phosphopeptide quantification values of the sample set pre-
sented in figure 3.19 is calculated for each phenotype dataset. Different data preprocessing
strategies, such as VSN and the combination of kNN imputation and VSN are able to
reduce the intra- and inter-dataset variability. On the left, the results for all observed
values are included (All), no the right only peptide that were present in two out of four
replicates (Filtered).
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projects - data not shown) and the results from this study suggest the correct biological
outcome, in case what has been published in the literature previously is correct. Second,
the missing value imputation by SVD and kNN yields a similar shape for peptide intensity
distribution. Thus, based solely on the shape of the distributions both methods are likely

to be suitable for missing value imputation in this dataset.
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Figure 3.22: Histogram of phosphopeptide intensity values within the wild type samples
only of the sample set presented in figure ??7. Evaluation of VSN, SVD, kNN and voom
normalization and missing value imputation strategies do not significantly change the
distribution of the intensity values compared to the raw intensities.

We could show here, that although the impact of missing value imputation on the peptide
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intensity distribution is very low, the influence on the inter-sample variability is high
shown by the CVs of sample specific sum of peptide intensities. Therefore, a high risk of
artificially biasing the underlying dataset is still given and based on this the statistical
testing is performed on a not imputed dataset. Nevertheless, many advanced multivariate
statistical methods require data completeness and in case of phosphopeptides this has to
be considered in the result interpretation and the value of the interpretation has to be

verified by other means.

For the homogeneous proteome dataset, statistical testing by linear models using limma
has been used. For phosphopeptide datasets, limma is only evaluated in one review
publication [151]. Therefore, t-test and limma as described for the proteome data were
both evaluated for statistical testing of the wild type 24 h samples compared to the
control samples on phosphopeptide level and the results are shown in figure 3.23 A and
B. The number of identified significant differentially abundant phosphopeptides defined
by a fold-change of more than 2 or less than 0.5 in combination with an adjusted p-value
of lower than 0.05 is lower in t-test (1312) compared to limma (1978). Interestingly, the
calculated fold-changes do not seem to correlate well with the obtained adjusted p-value
in case of t-test. The reason for this might be related to the assumption of equal variances
in combination with a higher number of missing values, which influences p-value and fold-
change respectively. In contrast to that, limma shows a typical volcano plot shape where
a fold -changes and adjusted p-values show a correlation. This observation is in agreement
with the aforementioned review [151], as the authors have shown that especially with a
low number of replicates (or high number of missing values) linear models provide a better
understanding of the dataset. In consequence, the overlap of significant instances is only
around 37 %, but including already 70 % of all identifications from t-test. Considering

these observations, limma was also selected for statistical testing of phosphopeptides.

PCA and hierarchical clustering was performed with equal conditions as for the proteome
dataset, the results are shown in figure 3.24. Similar to the proteome samples, samples
of time point 1440 min are fairly separated by principal component 1, whereas all other
time points are homogeneously distributed. Furthermore, both principal components
contribute to 50 % of the variability in the dataset, but also in combination with PC3

in two- and three-dimensional representation, no reasonable clustering of the samples can
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Figure 3.23: Comparison of statistical testing for the wild type phosphopeptide results
24h versus control time point of the sample set presented in figure 3.19. A) Student’s
t-test B) limma and C) the overlap of significantly changing instances from each test

be achieved. On the other hand, unsupervised hierarchical clustering indicates a good
degree of similarity between the 240 min and 1440 min can be observed, although one
replicate of the 1440 min sample group seems to suffer from a systematic deviation of all
values. No technical reason could be identified, to exclude this sample from the analysis,
thus it remained included in the analysis. In the earlier time point samples, three out
of four replicates cluster well and one replicate respectively is clustered in the wrong
sample group. Across the whole dataset, the clustering works reasonable and no obvious
justification could be concluded to exclude samples from the analysis. Although single
samples seem to correlate less with the sample groups, it is expected that the statistical

testing using linear models is able to compensate such deviating abundance levels.
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Figure 3.24: Multivariate statistical analysis of the sample set presented in figure 31kl
A) Principal component analysis B) heatmap for sample clustering as quality control of
all wild type proteome results combined



3.2.4 Phosphosignaling in wild type upon KCI stress

The results of the statistical test is summarized in figure 3.25. Surprisingly, the change
in significant phosphopeptides remains moderate for the first two timepoints, 10 min and
60min, and becomes reasonable for the later time points, 240 min and 1440 min. A rapid
signaling response by phosphorylation has been shown by numerous publications [166,
167]. Therefore, most significant changes were expected in the early time points. As we
can exclude mix up of samples for reasons already discussed, the cause for this observa-
tion is apparently a high variability between the reported phosphopeptide abundances,
although normalization by VSN has been performed. As an example for such a case
serves the phosphorylation of Hogl, shown in figure 3.26. Visual inspection would obvi-
ously identify a significant increase in signal intensity at 10 min, that is rapidly decreasing
already at 60 min and nerly neglegible after several hours, which is in agreement with the
commonly expected phosphorylation signaling patterns. limma suggests a fold change of
2.7 and p-value of 0.099 and adjusted p-value of 0.17, while the t-test provides 2.9, 0.011
and 0.26 respectively. Both results are very similar, which strengthens the hypothesis that
both methods are suitable for the robust identification of unambiguous changing events.
In both approaches, when considering only the p-value for identification of statistical rel-
evance, this phosphorylation event would have been included in the positive hit list. Due
to the FDR adjustment, it will not be considered at the first time point as significant,
but for 240 min and 1440 min the results become statistically significant in both cases. In
consequence, especially for small phosphoproteomics datasets, it remains questionable if
FDR adjustment is beneficial. In the featured M.oryzae dataset, the absolute number of
identifications across all samples is high, thus an FDR adjustment is required to prevent a
substantial identification of false positives. This would lead to misleading results in down-
stream analysis, such as gene ontology enrichment. Based on this observation, for small
datasets we recommend to consider the p-value and accept a possible increase in false
positives, especially in discovery settings. In these cases, quality control and downstream
analysis ensure to filter for less likely significant instances. In contrast to that, any case of
proteomics experiments are typically more reproducible and robust as multiple peptides
can be considered for abundance calculation. Thus, the distribution of p-values will be
more precise and FDR adjustment clearly aids to prevent false positive identifications

while maintaining a reasonable number of significant hits.
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Figure 3.25: Volcano plots of changing phosphopeptide levels of M.oryzae during 24 h
after osmotic stress of the sample set presented in figure 3.19 as obtained fold changes
and ¢-values for each time point compared to the control

For an overview of signaling processes regardless their temporal role, all significant in-
stances across all samples were submitted in ClueGO with standard settings considering
the databases GO biological processes and KEGG for gene ontology enrichment and clus-
tering resulting in a GO network shown in figure 3.27. Not suprisingly, protein phospho-
rylation is among the enriched GO terms, indicating that this approach yields reasonable
terms. The GO term network reveals, that a large number of terms are related to cell cycle
and its regulation which is reflected by the reduced growth of the fungus upon osmotic
stress. Furthermore, the GO terms phosphorelay signal transduction, the large cluster of

signal transduction and regulation of cellular process pinpoint to the well known MAP-
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Figure 3.26: Temporal change of the dual phosphosites pY, pT and pY+pT of MoHogl in
four biological replicates upon salt stress of the sample set presented in figure 3.19 confirms
the immediate response of the dual phosphorylation pY-+pT. The pY only phosphosite
also shows an upregulation, but with lower fold-change as the dual phosphosite pY-+pT.
The phosphosite pT does not show any immediate response, but decreases with low fold
change at alter time points of more than 240 min.

Kinase pathways that are orchestrating cellular responses to extracellular stress, including
the HOG pathway with proteins like MoSInl (MGG _07312) and MoHIK1 (MGG _11174).
To validate these findings, gene ontology enrichment analysis using STRING DB has been
performed, that provided six KEGG pathways shown in figure 3.28 including also MAPK
signaling pathway. As osmsostress response by MAPK kinase signaling has been identified
in both approaches, the analytical approach has proven a suitable tool to identify /validate

results from literature regarding osmostress response in M.oryzae.

3.2.5 Temporal changes in wild type upon KCI stress

Unsupervised clustering of the fold-changes has been applied to the dataset to obtain
functional groups with temporal resolution. The use of different clustering algorithms
has been already discussed for the proteome dataset, therefore k-means with an arbitrary
value for has been applied to the phosphopeptide dataset. By visual inspection a k =
10 was identified to provide a reasonable trade-off between similar temporal shapes and
the number of protein accessions for the phosphopeptides within the groups, as shown in
figure 3.29. For each cluster, GO term enrichment with ClueGO has been analyzed and

the GO network results are shown in supplementary figure 6.8 and following. The first
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wild type M.oryzae upon salt stress of the sample set presented in figure 3.19. Predomi-
nant processes include cell cycle, protein phosphorylation and signal transduction.
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Figure 3.28: STRING DB GO term enrichment of KEGG pathways for all significantly
changing phosphopeptide instances in wild type M.oryzae upon salt stress of the sample
set presented in figure 3.19. Among the significantly enriched terms, MAPK signaling
pathway is present, also including the HOG pathway. This finding validates our findings
in general as they are in line with previously published and confirmed data.

cluster, with moderately upregulated entries, consists of phosphopeptides from proteins
mainly involved in the cell cycle, also negative requlation of cellular process, which is in
agreement with the observed phenotype. Also, proteins involved in polyol biosynthetic
process in combination with negative requlation of lipid biosynthetic process can be found
in this cluster. In addition to that, increased positive requlation of hydrolase activity is ob-
served. Cluster two and three follow a similar temporal shape of proteins only upregulated
in the last two time points 240 min and 1440 min. Most promising GO terms to explain
the observed phenotype include intracellular signal transduction and cellular carbohydrate
biosynthetic process. Interestingly, lipid metabolic processes is among the terms, which is
in contrast to the observation in the first cluster. Also, Ras protein signal transduction
appears in cluster three with three uncharacterized proteins (MGG 00928, MGG 03048,
MGG _07310). Although it is known, that Ras signaling is coordinating stress response
in yeast [168], so far it has been only descibed in the context of appressorium formation
and plant infection in M.oryzae |[169]. Thus, the role of these uncharacterized proteins in
late osmostress signaling and response remains unclear. Ras signling reappears with three
GO terms also in cluster four, where initial signaling is represented. This is also reflected
by the identification of the term intracellular signal transduction which includes HOG
pathway proteins such as Hikl (MGG _11174) but also Ras signaling related proteins
(MGG _ 09531, MGG _11425). Cluster five consists of phosphoproteins that are involved

in ion transmembrane transport, that remain active compared to the control over all time

116



points. In cluster six only two proteins with no functional relation are clustered. The first
is Glycogen synthase kinase 1 (Gskl, MGG _12122) that is involved downstream of the
MAP kinase Mpsl in the regulation of growth among others [170]. Its downregulation
indicates, together with the enriched GO terms in the first cluster, a reduced growth agree-
ing with the observed phenotype. The second protein in this cluster is NADP-dependent
malic enzyme (MGG _08173), which is presumably involved in the peroxisomal fatty acid
metabolism. This observation is somewhat surprising, as fatty acid metabolism has been
identified in previous clusters as upregulated over time. Cluster seven is the complemen-
tary part to cluster two and three, consisting of downregulated phosphoproteins only in
the 1440 min time point. three major types of GO terms are clustered, first requlation of
G'TPase activity which includes Rho- and Ras protein signal transduction, second organic
substance biosynthelic process and third cell wall organization or biogenesis, which is over-
lapping to a large degree with the results from cluster 4. Cluster five includes protein
with an interesting temporal shape, they show a downregulation mainly at time point
240 min, which indicates a regulatory role. An indeed, proteins involved in regulation of
cell cycle, positive requlation of cellular process and positive requlation of GTPase activity
have been identified. In cluster nine, the temporal shape is increasing at first, but con-
tinuously decreasing over time. This indicates a role in immediate stress response, which
is validated by the identification of HOG related proteins (MAPK signaling pathway),
but also interestingly Ras protein signal transduction is also included. The last cluster
is comprised of constantly downregulated phosphoproteins and include the well known
requlation of cell cycle from previous cluster, but also interestingly regulation of catalytic

activity that is in the same network with Rho- and Ras protein signal transduction.

In conclusion, the presented approach for proteome and phosphoproteome analysis has
proven suitable for the identification of underlying processes in osmotic stress response. In
proteome response, significant changes in pentose catabolic processes could be identified
that explain the observed phenotype. In contrast to the well known and described HOG
pathway in other yeast, such as S.cerevisiae, the accumulated osmolyte is arabitol instead
of glycerol in M.oryzae. To our knowledge, this relation has not been shown in literature
yet and might open the door for further upstream investigations for regulators and/or
transcription factors that influence the expression of the proteins involved in pentose

catabolic processes. Furthermore, it has been show many times that the HOG pathway
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Figure 3.29: Temporal changes of phosphopeptide intensities of wild type M.oryzae of
the sample set presented in figure 3.19 clustered by k-means clustering algorithm with
arbitrary chosen k-cluster, displayed in k groups as spaghetti plot. On the y-axis the
log2(fold change) is shown, while the x-axis shows each of the four time points as vertical
lines. The commonly used threshold for significantly changing instances log2(fold change)
= 1 and -1 are marked with blue horizontal lines for better identification of significant
response clusters. Immediate responding phosphosites can be found in clusters 4 and
9, putatively regulating phosphosites in cluster 5 and phosphosites with functions in
maintaining homeostatsis can maybe found in cluster 2 and 3.
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is active during osmostress, but how this is connected to the production of arabitol is not
comprehensively understood. The adaptability of HOG defective mutants suggest alter-
native pathways targeting the accumulation of glycerol might be present as alternative
osmostress sensors/signaling. Interestingly, Rho- and Ras related signaling appears in
many GO term enrichment analysis as up- and downregulated in several instances. To
our knowledge, a contribution of such environmental signaling pathways have not been
described in M.oryzae yet, but are known in other fungi to play roles in environmental
sensing [171]. Thus, our phosphoproteomic study did not only validate the suitability of
our approach, but also pinpoints to other active signaling pathways, that might be worth
investigating with molecular biology strategies such as loss of function mutants and phe-
notype screening. In addition to that, previously undescribed lipid metabolism apprears
to play a role in osmostress. Putatively, either as alternative source of energy as sugar
components are required for osmolyte catabolism as has been shown in [172, 173], or as
source itself for the catabolism of osmolytes. It has been reported in C.albicans, that Hogl
deficient mutants lead to an accumulation of lipid droplets under hyperosmotic stress, and
with further experiments the authors concluded a crucial role of Hogl in lipid homeosta-
sis during salt stress [174]. In this publication, the authors also show that osmotic stress
triggers the accumulation of peroxisomes in a Hogl independent manner, namely through
the GTPases Dnm1 and Vpsl. This is well in agreement with our observation of Rho-
and Ras dependent signaling. Having a comprehensive dataset at hand for the cellular
response of M.oryzae to osmotic stress, differential analysis with Hogl deficient genotypes

is facilitated.

3.2.6 Altered protein and phosphopeptide response of wild type

versus adapted Hogl deletion mutants

The most interesting question in this study is related to the irreversibly (i.e. stable)
adapted phenotype of the Hogl loss-of-function genotype. What is general osmostress
response in comparison with the wild type? And how does signaling change in comparison

to the wild type?

The general response is represented by changes in the proteome. To validate the geno-

type, evidence for Hogl could not be identified in this dataset, which indicates a successful
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deletion of the gene from the genome. The proteomics results were analyzed using the
same strategy as for the wild type samples and the results can be inspected in supple-
mentary figures 6.5 and following. Similar to the wild type, proteome response is minimal
until the last time point at 1440 min, where statistical testing by limma identified 399
downregulated and 475 upregulated proteins. The following k-means clustering and GO
term enrichment analysis revealed similar terms, such as glycan degradation including
carbohydrate catabolic process and also Fatty acid degradation in the network with Per-
oxisome. Furthermore, Glycerolipid metabolism appears, which has not been observed in
the wild type. Interestingly, involved proteins in the GO term Carbohydrate metabolic
process are related to enzymatic reactions with glycerol, which is the observed osmolyte
in the irreversibly adapted phenotype. Foremost, the identified upregulated Dihydroxy-
acetone kinase (MGG _04014) is a promising candidate to link the observed phenotype

to the proteome results.

On phosphopeptide level, a reasonable singificant change is observed already after 60 min,
with no evidence of any phosphorylated Hogl present. The same clustering procedure as
for the wild type phosphopeptides has been applied. With this, in the first cluster that
represents downregulated phosphoproteins over time, the GO term phosphorelay signal
transduction is observed, which is representing the typical sensing of the osmotic stress.
Interestingly, MAPK signaling and carbohydrate metabolic process are also found in this
cluster. The involved proteins for MAPK signaling include flbA (MGG _14517) and Pmpl
(MGG __15140), which is a phosphatase that is known to play a role in appressorium for-
mation through regulation of Pmk1 [175]. Pmkl controls the glycerol accumulation for
turgor generation to penetrate the plant surface during invasion. In this study, Thines
et al. could also show that this process is Hogl independent. Thus, an activation of this
pathway serves as possible explanation of the phenotype through a possible downregula-
tion of the phosphatase Pmpl. FIbA has also been shown to play a role in regulation of G
protein coupled signaling during conidiation and appressorium formation [176, 13]. Based
on this, a possibly involved Ras GTPase activating protein Smol might play a significant
role, as it has been shown that it is essential for appressoria formation [177] through ac-
tivation of the Ras2 protein. In addition to that, the deubiquitinase Ubp3 has also been
shown to be crucial for appressoria formation [178]. In cluster three, comprising imme-

diately and constantly upregulated phosphoproteins, ontologies involved in regulation of
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hydrolase activity are found, but interestingly also histone modification, which includes
the transcription initiation factor TFIID subunit 1 (MGG _01207). This transcription
factor has been shown in S.cerevisiae to orchestrate cellular responses with identified in-
teractors, which also include Ubp3 [179]. Remarkably, it has been shown that Ubp3 is a
substrate for Hogl and is essential for osmostress response [180]. Completing this picture,
in cluster four to eight, that cover various diverse temporal profiles, two GO terms are
prominently found in each cluster: Ras protein signal transduction and GTPase activity.
Among many uncharacterized proteins assigned to the GO terms, Arf GTPase-activating
protein (MGG _01472) serves as potential indicator towards involved pathways. In this
protein familiy, Arll, Cin4 and Ggal have been shown to be involved in regulation of
host penetration and invasive growth, which presumably requires glycerol as intracellular

osmolyte [181].

Comparing all possible obtainable gene ontology terms of wild type osmostress response
and irreversibly adapted Hogl defective mutant, with no restriction in regard to statistical
enrichment, the overlap is olny around 44 %. Interestingly, many GO terms that have been
described in more detail, are overlapping between the wild type and adapted mutant, but
in more detail they differ by their assigned protein entries. Thus, although Ras protein
and GTPase activity related signaling is found in both genotypes, the identified proteins

for the adapted mutant are more elusive to explain the phenotype.

3.2.7 Proteome and phosphoproteome analysis of not adapted

Hogl deletion mutants

It is known, that MoHog1 deletion mutants are sensitive to osmotic stress and are not able
to grow under these conditions. Due to the high extracellular osmolarity, we hypothesize
that intracellular water will eventually permeate the cell membrane or will be actively
transported through it to establish osmotic homeostasis. Thus, the cells dry out and
undergo any form of cell death. Eventually, intracellular proteins will be released, such
as proteases, that alter the correct identification and quantification of proteins using LC-
MS/MS based proteomics. In this dataset we could observe that the number of identified
proteins significantly decreases in later time points, although very harsh lysis conditions

were applied. This observation is in agreement with the aforementioned hypothesis.
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Nevertheless, it is not known how Hog1 defective M.oryzae responds on cellular level upon
this stress. Therefore, the proteomic analysis for the measured samples was performed ans
summarized in supplementary figure 6.10 and following. The volcano plots show already
a very different picture compared to all other sample types. The majority of significant
changes is already observed at the 10 min time point, whereas the time points 60 min and
240 min do not shown a reasonable number of changes ( < 100). The last time point again
shows a very high number of significantly changing proteins. This observation is not in
line with the expected time frame of proteomic response, that usually requires more than
10 min for transcription and translation. Thus, a possible mislabeling or misassignment of
the samples has been checked and can be excluded as the reason for the unusual identified
response. In addition to that, all other sample types show a reasonable and expected
response on proteome and phosphoproteome level, which makes a sample mix-up more
unlikely. Consequently, a similar result is observed for the phosphopeptide response.
Gene ontology enrichment analysis reveals Perozisome as one of the major GO terms on
proteome level. This agrees very much with previously described metabolic response in
this dataset for both, wild type and adapted mutant, and in the literature. Consequently,
no processes related to carbohydrate metabolism or pentose phosphate pathways could be
identified. On phosphopeptide level, GO terms related to Cell cycle and MAPK signaling
were identified. In total, 21 phosphoproteins were included in the MAPK term, of which 14
phosphoproteins have also been found in the wild type samples as significantly changing.
The remaining 7 proteins are comprised from two uncharacterized proteins, Shol and Its3,
which haven been shown related to osmotic stress [182], and three proteins not obviously

related to osmostress ( MGG _ 01816, MGG 05207 and MGG 04325 ).

In conclusion, our data suggest that Hogl defective not adapted M.oryzae mutants un-
dergo cell death and release unspecific proteases to the extracellular matrix. Furthermore,
no reasonable proteomic response could be identified, as the identifications are superim-
posed to the effects of cell and proteolysis. Nevertheless, peroxisome activity could also
been shown in these samples, which is in line with previously descibed results. In ad-
dition to that, phosphoproteomics overlays very well with the response observed in the
wild type. Interestingly, no gene ontology term specifically related to the induction of
apoptosis could be found, rather the broad term Cell cycle. Still, apoptotic processes

might be included in this term, but they do not appear significant among other cell cycle
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related processes. But as the wild type response also includes cell cycle related processes,

it seems unlikely that M.oryzae actively undergoes apoptosis.

The third observed phenotype for the Hogl defective genotype has been demonstrated
to regain osmostress regulation and effectively grow on stress medium, similar to the ir-
reversibly and stably adapted phenotype, but looses this capability when re-cultivating
it on stress medium after a cultivation period in unstressed condition. Interestingly, on
proteome level no obvious protease activity could be observed, as shown in figure 3.8.
This observation suggests, that the reversible adapted phenotype is more successful in
preserving cellular integrity. In contrast to that, the response on proteome and phospho-
proteome level is similar to the not adapted phenotype, as shown in supplementary figures
6.14. Although the gene ontology terms for proteome also include carbohydrate metabolic
process and glycan degradation, which is rather similar to the wild type, the phospho-
proteomic response is untypical and also the gene ontology terms are not informative, as
shown in supplementary figure 6.16 and following. As well as for the not adapted phe-
notype, MAPK signaling is among the enriched gene ontology terms. For the reversibly
adapted phenotype, this term is comprised of 20 proteins in total, of which all have also

been identified in the not adapted phenotype.

Comparing both osmostress sensitive phenotypes, not adapted and reversibly adapted,
the main difference seems to be the maintained cell integrity in the reversibly adapted
phenotype. While the cellular proteome response of the reversibly adapted phenotype is
similar to the wild type response, it seems to be mostly random in the not adapted pheno-
type. Interestingly, the phosphopeptide response is similar in numbers and gene ontology
enrichment for both osmosensitive phenotypes. Although MAPK signaling has been iden-
tified, it does not show the characteristics of the adapted phenotype. Presumably, the
presented proteomics data is not well suitable for the elucidation of ongoing processes, due
to ongoing unspecific protease activity and unknown cellular processes caused by osmotic
stress which might convolute the actual relevant response, especially in the reversibly
adapted phenotype. Therefore, the reason why and how the adaptation processes can
be reversed, remains unclear. In this case, shotgun proteomics might not be the optimal
method to shed light on these questions. Apart from protein phosphorylation, numerous

PTMs can govern cellular processes. As possible solution we suggest the investigation of
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epigenetic processes in the nucleus, such as the analysis of histone modifications.
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3.3 Phosphoproteomic profiling of HOS cell culture

and clinical samples

3.3.1 Statistical analysis of the phosphoproteome

In the past, the separation of isobaric positional phosphoisomers by ion mobility spec-
trometry has been demonstrated [28]. To our knowledge, a comprehensive analysis of the
relevance of ion mobility separation for phosphopeptides in a challenging dataset has not
been shown so far. Therefore, a osteosarcoma sample set was measured with trapped
ion mobility spectrometry separation before MS analysis, which is both included in the
Bruker timsTOF Pro 2. Three osteosarcoma cell culture samples treated with Ceritinib
were compared to three control samples, phosphopeptides enriched from 25ng peptides
by the optimized Zr'T™-IMAC protocol and measured in triplicate LC-MS/MS runs in
DIA. Figure 3.30 shows the reproducible identification of around 4500 phosphopeptides
while reaching an enrichment efficiency of around 50 %. The excellent reproducibility is
also underlined by the phosphopeptide correlation as shown. The subsequent statistical
testing revealed 30 upregulated and 69 downregulated phosphopeptides upon treatment
identified by t-test with FDR adjusted p-value of below 0.05 and a log2 fold change of the
median peptide quantities of less than -1 or at least 1. The following principal component
analysis using SVD missing value imputation, centering and logl0 transformation reveals
a separation of the Ceritinib treated group compared to the control group with higher im-
portance of PC1 (93 % variance explained) and minor, but complementing importance of
PC2 (5 % variance explained) as shown in figure 3.31 A. This observation is exceptional,
as phosphoproteomics datasets usualy suffer from high variabilities and high number of
missing values (typically around 70 %), which both have been successfuly addressed in
this dataset by an optimized phosphopeptide enrichment procedure and the use of DIA.
Presumably, SVD based imputations seems to work well, although it has been reported
to tolerate only up to 10 % missing values [183]. As principal component 1 provides
reasonable explanation of the dataset, the top 10 absolute loadings from PC1 and 2 were
extracted and summarized in table 3.3. StringDB protein-protein interaction analysis of
these 10 top loading phosphoproteins allowing 1st and 2nd shell interactors as shown in
figure 3.31 B) reveal an interconnection of many proteins through 2nd shell interactors.

Gene ontology analysis in StringDB of these proteins and their interactors reveal the en-
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richment of a potential role of TGFb signaling via the proteins NUP214, UBE2I, PTAS1
and SPTBNT1, of which SPTBN is identified as significantly downregulated in our dataset
which indicates a possible downregulation of immunosuppressive functions of the tumor
cell. Furthermore, the top 10 loading proteins are involved in SUMOlyation processes
as well as translocation, transcription and translation which indicates upregulation of

apoptotic processes and cellular stress response.
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Figure 3.30: Three biological replicates of control group and Ceritinib treated cultured
HOS cells. Phosphopeptides enriched from 25ug trypsin digested protein. Each sample
measured in triplicates on timsTOF Pro 2 in DIA mode. The number of identified phos-
phopeptides in blue and non phosphorylated peptides in red show at least 4500 identified
phosphopeptides with a enrichment efficiency of around 50 %. The pearson correlation
of phosphopeptide abundance is shown right, with good intra-sample reproducibility and
no obvious outliner sample.
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Phosphoprotein

Loading
PC1

Uniprot description (excerpt)

NCBP1 HUMAN

UB2J1 HUMAN

RBP2 HUMAN

SPTB2 HUMAN

HJURP HUMAN

MILK1 HUMAN

SLIRP HUMAN

LS14A HUMAN

BEND3 HUMAN

TGON2 HUMAN

-0.8315

0.5276

0.1637

-0.0434

-0.0347

-0.00901

-0.0064

0.0061

0.0043

0.0037

Nuclear cap-binding protein subunit 1. Component of the cap-
binding complex (CBC). NCBP1/CBP80 is required for cell growth
and viability

Ubiquitin-conjugating enzyme E2 J1. Catalyzes the covalent at-
tachment of ubiquitin to other proteins. Part of recovery from ER
stress. Plays a role in MAPKAPK2 dependent translational control
of TNF-alpha synthesis.

E3 SUMO-protein ligase RanBP2. Recruits BICD2 to the nuclear
envelope and cytoplasmic stacks of nuclear pore complex known as
annulate lamellae during G2 phase of cell cycle.

Spectrin beta chain, non-erythrocytic 1. Candidate for the calcium-
dependent movement of the cytoskeleton at the membrane.

Holliday junction recognition protein. Incorporation and mainte-
nance of histone H3-like variant CENPA at centromeres.

MICAL-like protein 1. May be involved in a late step of receptor-
mediated endocytosis regulating for instance endocytosed-EGF re-
ceptor trafficking.

SRA stem-loop-interacting RNA-binding protein, mitochondrial.
RNA-binding protein that acts as a nuclear receptor co-repressor.
Also able to repress glucocorticoid (GR), androgen (AR), thyroid
(TR) and VDR-mediated transactivation.

Protein LSM14 homolog A. Essential for formation of P-bodies, cy-
toplasmic structures that provide storage sites for translationally
inactive mRNAs and protect them from degradation. Acts as a
repressor of mRNA translation.

BEN domain-containing protein 3. Transcriptional repressor which
associates with the NoRC (nucleolar remodeling complex) complex
and plays a key role in repressing rDNA transcription. The sumoy-
lated form modulates the stability of the NoRC complex component
BAZ2A /TIP5.

Trans-Golgi network integral membrane protein 2. May be involved
in regulating membrane traffic to and from trans-Golgi network.

Table 3.3: Summary of top 10 absolute PC1 loadings in HOS cells treated with ceritinib.
Proteins involved in TNFa sysnthesis, RNA processing and EGF receptor trafficking anre
included in the list, indicating changes in relevant cancer related processes.
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Figure 3.31: Analysis of phosphopeptides from Ceritinib treated versus control HOS cell
culture samples of the sample set presented in figure 3.30: A) Multivariate analysis by
principal components. Control samples and treated samples cluster together, separated
over a combination of PC1 and PC2, which together account for 98 % of the observed
variances. B) STRING protein interaction analysis of the top 10 loadings of PC1 and
PC2 including first and second shell interactors shows not only separated proteins, but
also proteins with known interaction. This indicates a functional relationship of those
caused by the treatement.
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It has been shown that Ceritinib acts (off-target) through inhibition of the insulin growth
factor receptor (IGF1R) [184]. Indirect evidence for the inhibitory effect is provided by the
significant downregulation of the phosphoprotein insulin receptor substrate 2 (IRS2). Irs2
is known to interact with p85 [185], that is also involved in the aforementioned TGFb sig-
naling [186]. Thus, both pathways together might orchestrate the cellular response, a fact
that, to our knowledge, has not been described before as identified per literature review

and StringDB textmining, which opens the door for further hypotheses and research.

Gene ontology enrichment analysis of the protein accessions for the significantly dif-
ferential phosphopeptides was performed including the GO databases Reactome [187],
Wikipathways [188] and KEGG [189] and the results are summarized in figure 3.32 A.
The Cytoscape plugin ClueGO with standard settings has been used for the enrichment
analysis. Top terms include apoptotic processes and Rho GTPase cycle, with phospho-
peptides involved in RhoB and RhoC GTPase cycle are mostly downregulated whereas
phosphopeptides involved in RhoBTB are exclusively upregulated upon Ceritinib treat-
ment. It has been demonstrated that identified proteins involved in RhoB and C GTPase
cycle such as TJP1 and TJP2 are required for successful regulation of cell migration [190].
The upregulated RhoBTB proteins such as ACTN1, RBBP6 and RBMX have been shown
to regulate cell motility [191], play a role as negative regulators of cell growth and are
involved in apoptosis [192] and act as tumor suppressor by promoting the expression of

TXNIP [193].

Furthermore, kinase and substrate enrichment analysis (KSEA) was perfomed using KSEApp.
In principle, evidence for phosphorylated instances downstream and upstream of a specific
kinase is collected and compared to the statistically expected number of evidence. Thus a
p-value and g-value can be provided for hypo- and hyperactivity of these kinases, described
by a z-score as shown in figure 3.32 B. As background sources for this analysis either cu-
rated entries only (from PhosphositePlus) or including also predicted kinase/substrate
relations (NetworKIN) can be used. Here, both curated and predicted kinase-substrate
relations were used as background for the knowledge extraction and statistical test with a
g-value cut off of 0.05. Strong evidence could be identified for hyperactivity of CLK1 upon
Ceritinib treatment, whereas six kinases show string evidence for hypoacitivity including

cancer relevant kinases such as AKT1 and GSK3A and B. The downregulated activity of
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Figure 3.32: A) ClueGO analysis of all significantly changing phosphoproteins after Ceri-
tinib treatment in HOS cell culture compared to not treated control samples of the sample
set presented in figure 3.30. B) Kinase substrate enrichment analysis
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AKT and subsequently the downstream GSKs has been described and discussed already
in the literature [194], which validates our proteomics approach and KSEA as powerful
tool for the correct identification of biological effects. On the contrary, CLK1 has been
described in a review analysis to be effectively inhibited by Ceritinib treatment [195].
Although referring to secondary literature [196], there and in the featured review no ev-
idence for this statement is given and further literature research did not provide more
reliable information about the inhibition or activation of CLK1. Thus, their finding re-
mains questionable. It has been shown, that CLK1 activity is required for the activation
of PTP-1B [197] which itself is known to activate SRC induced oncogenic phenotype [198].
This is in line with the observed clinical phenotype at the Children’s Hospital at the Uni-
versity Medical Center in Mainz, where a combination treatment of Ceritinib (as IGF1R
inhibitor) and Dasartinib (as SRC inhibitor) proved a valid concept in the successful

treatment of osteosarcoma in cell culture and in the clinic [22].

3.3.2 Successful validation of Ceritinib effects from low amount

phosphoproteomics

The aim of Ceritinib treatment is the induction of apoptosis and the suppression of a
migratory phenotype of the osteosarcoma cell. The featured phosphoproteomic analysis
from as low as 25 g starting material proves that both desired responses are achieved
upon treatment. Although PCA analysis is often performed in proteomic studies, its
capabilities are often not fully utilized. Here, we could show that the main loadings of the
PC1 in this datasets aid the actualy discovery purpose of proteomics experiments. We
identified TGFD signaling as putatively involved pathway, that shares components (p85)
with the previously described off-target use for Ceritinib by inhibition of the IGF1R
signaling. Thus, the use of the PCA loadings proved as another useful tool in the toolbox
of bioinformatic analysis that is not widely used in the field. Further validation with small
controlled experiments (i.e. known outcomes) have to be conducted to proof accuracy and
sensitivity of this approach, such as stimulation of cancer cell lines with growth factors. In
addition to that, we could validate our approach by confirming already described cellular
responses of Ceritinib treatment. Therefore, we are confident to use this approach for
profiling of individual clinical samples to characterize the responses to drug treatment

and counteract bypass mechanisms (such as Src activation through CLK1 hyperactivity),
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which serves as a step further in personalized cancer medicine.

3.3.3 Characerization of isobaric phosphopeptide separation by
IMS

It has been shown in the past, that isobaric phosphopeptide isomers can be separated ion
mobility due to conformational changes in the gas phase introduced by the different phos-
phorylated sites [199]. So far, a large scale evaluation of the beneficial effect for separation
of isobaric has not been discussed in the field. Therefore, all identified phosphopeptide
pairs of the osteosarcoma dataset were filtered and chromatographic resolution was calcu-
lated for the ion mobility separation. DIA-NN unfortunately does not provide the actual
IMS peak width, so that an average ion mobility peak width of 0.2 1/k0 was assumed,
based on previous DDA runs from unambiguously identified phosphopeptides and used
for the calculation of resolution. Out of 5909 identified phosphopeptides across all sam-
ples, 2936 unique phosphopeptide sequences were found to form 1639 co-eluting positional
isomer pairs, defined as a difference in retention time less than the average peak width of
30 s. In separation sciences in general , a resolution of at least 1.5 is considered as base-
line separated. But even with resolution below 1.5 a reasonable separation is provided,
that is sufficient for the deconvolution and identification of positional phosphoisomers.
Therefore, a arbitrary value of 0.5 as minimum resolution was used for filtering. In total,
316 co-eluting isomer pairs were successfuly separated by ion mobility, the relation sum-
marized in figure 3.33 A, an example of the separation power is shown in figure 3.33 B.
As obvious from the XIC, no separation of the phosphoisomer pair was achieved, while
the ion mobility provides two distinct isobaric peaks, that have been identified as two

phosphopeptide isomers.

Ogata et al. have claimed, that the conformational changes in gas phase influencing
the ion mobility is caused by intramolecular interactions between the phosphogroup and
amino acid with basic or acidic character [200]. In order to validate their observations and
transfer it to the problem of isobaric co-eluting phosphopeptide isomers, peptide properties
of all phosphoisomer pairs, regardless their chromatographic elution, were calculated using
the Peptide package in R. In supplementary figure 6.18 the relative amount of amino

acids with certain character (tiny, aromatic, basic, acidic et cetera) in the plain sequence
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of the phosphopeptide pair is plotted as histogram for all co-eluting pairs with overlaid
histograms for IMS separated and not separated pairs. Statistical significant correlations
could not be observed for any peptide property, but a general trend is visible for some
peptide properties. Taking all trends into account, a higher probability for sufficient IMS
separation is given with a peptide of following amino acid properties: 10 % basic / low
number of acidic residues / 15 % charged / 60 % polar / 40 % non-polar / no aromatic
residues / high number of small residues / GRAVY index around -1. These findings would
underline the hypothesis stated by Ogata et al., but the correlations in the osteosarcoma
dataset appears not to be significant. In fact, Ogata et al. also investigate the relative
position of the phosphopeptide and proximity of the phosphogroup towards basic and
acidic residues but the effect on ion mobility is rather marginal in their case and also, no
statistical significance is provided. A similar analysis on the osteosarcoma dataset is not
expected to provide deep insight into the underlying reasons for conformational changes

of phosphopeptide isomers.

Rather, as possible outlook we suggest to also include a larger dataset for this analysis
and calculate a model, that also takes the combinatorial effect of peptide properties into
account. This way, robust statistical significance of the influence of peptide properties on
the collisional cross section can be provided. Some properties, such as amino acid size
(small/aromatic) have not been described yet to have an influence on the collisional cross
section of phosphopeptides. Presumably, the relative influence of the phosphogroups on
ion mobility is increased in presence of small amino acid residues. Consequently, in pres-
ence of bulky amino acid residues (e.g. aromatic residues) the resolution decreases as the
collisional cross section might be mainly influenced by the size of the amino acids rather
than the conformational changes by the phosphosite. With similar absolute effect of the
phosphosite to the CCS, the relative difference decreases with increasing molecule size.
Furthermore, the degrees of freedom for intramolecular movements will be decreased with
an increased number of large amino acids in the peptide sequence. In addition to that,
further improvements of data acquisition such as longer ramp time during the ion mobility
separation will lead to increased sensitivity and resolution. This way, number of identifi-
cations and their confidence can be possibly boosted and serve as optimal acquisition for

further low amount osteosarcoma studies also with clinical samples.
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Figure 3.33: IMS enables separation on co-elution isobaric phosphopeptides of the sample
set presented in figure 3.30 A) Number of identified co-eluting and ion mobilty separated
isobaric phosphopeptide isomers with B) example of a chromatogram and corresponding
ion mobilogram
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3.4 Downscaling of mouse Th17 phosphoproteomics

3.4.1 Statistical analysis of the phosphoproteome

Downscaling of phospoproteomics workflows enables sample specific analysis of samples
with very low amount of sample material available, such as tissues and sorted cells. Typi-
cally, phosphoproteomic analysis from in-vivo experiments (e.g. from mouse), does require
to pool several biological replicates. This way, the desired protein and phosphoprotein
abundances are homogenized and due to a expected high biological variability the desired
effects become ambiguous. With the presented workflow it is now possible to analyze the
phosphoproteomic response mouse specific, without pooling the samples prior to phos-
phopeptide enrichment. Nevertheless, it has not been shown so far in the literature, that
the use of low input amount would lead to the very same biological conclusion as a typ-
ical phosphoproteomics experiment. Thus, isolated naive T cells from mice with either
Casein Kinase II (CKII) knock-out or wild type (WT) were differentiated into Th17 cells.
The cells were cultivated to obtain at least 1000 pg protein and were enriched by TiOs.
Sample preparation, raw data acquisition and processing as well as statistical testing was
performed as part of the core-facility work, that will not be discussed here. Result ta-
bles with fold-changes and FDR adjusted p-values were provided for comparison in this

analysis.

In the context of low amount phosphopeptide enrichment optimization, supernatant of
the cell lysate corresponding to 25 g were used for tryptic digest and subsequent phos-
phopeptide enrichment with the presented protocol. The three biological replicates were
measured in triplicates applying DTA mode and around 6500 phosphopeptides were identi-
fied per sample with an average enrichment efficiency of around 50 % for the entire sample
set, while the treated samples consistently showed a sligthly higher phosphopeptide count,
as shown in 3.34. This low enrichment efficiency is related to the use of DIA, as discussed
before. The phosphopeptide correlation revealed a deviation of one biological replicate of
the control group, compared to all other samples. A technical reason for this observation
can be excluded, as the replicate measurements are consistent for each sample and the
phosphopeptide identifications are reproducible for each sample, thus the reason might
be either sample or sample preparation related. the fact, that all other samples show a

good correlation, makes a failed sample preparation rather unlikely. Still, the number of
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phosphopeptides is lower for all technical replicates of that specific control sample. The
low correlation might also indicate a difference in cell differentiation, as no correlation
could be observed with neither control nor treated sample group. Nevertheless, no obvi-
ous reason could be identified to exclude this sample from the analysis, thus it was still
included in the dataset for statistical testing. Using t-test for the identification of statis-
tically significant changes in phosphopeptide abundance, 137 up- and 193 downregulated
instances could be identified, illustrated in figure 3.35 A. Surprisingly, also this dataset
did show a reasonable clustering of the treated sample group separated to the control
sample group based on principal component 1, accounting with 89 % to a high degree to
the variability in the dataset, as shown in figure 3.35 B. The low level biological conclusion
of the experiment is currently in peer review publication process and will be exhaustively
discussed in the published literature. Here, only the high level outcome of the 1000 pg

experiment is compared to the results from 25 pg.

3.4.2 Overlap with standard phosphoproteomics workflows

The overlap of the identified peptides (including modifications, i.e. phosphosite position)
that were selected for statistical testing is 2185 peptides (14 %) while 6081 peptides (40
%) uniquely identified from 1000 pg and 6910 peptides (46 %) uniquely identified from
25ng. The low overlap of peptide sequences has already been discussed in a previous
dataset and the reason for this is the difference in acquisition method. Furthermore,
the number of relevant phosphopeptides for statistical testing seems to be lower for the
1000 ng sample set, but the reason is simply a different filtering strategy that has been
applied before testing. Still, the low overlap is not unexpected, as TiO, and Zr*t-IMAC
can have different phosphopeptide species affinities, so both methods preferably enrich
peptides with differing physicochemical properties. Gene ontology enrichment of statisti-
cally significant changing phosphoproteins obtained from both enrichment strategies has
been performed by ClueGO and summarized in figure 3.36. Gene ontology terms with
no relevant clustering were differing for both enrichment strategies, GO terms related to
SUMOylation. The main clusters in both experiments is related to cell cycle, which is in
line with the expected biological outcome of the treatment. This underlines that although
the nature of enriched phosphopeptides is different, changing phosphopeptides from the

same related proteins can be enriched. The biological conclusion was identical in both
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Figure 3.34: Three biological replicates of control group and treated cultured murine
Th17 cells. Phosphopeptides enriched from 25pg trypsin digested protein. Each sample
measured in triplicates on timsTOF SCP in DIA mode. The number of identified phos-
phopeptides in blue and non phosphorylated peptides in red show at least 6500 identified
phosphopeptides with a enrichment efficiency of around 50 %. The pearson correlation of
phosphopeptide abundance is shown right, with good intra-sample reproducibility, except
for sample 3 of the control group.
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enrichment strategies, although 40-fold less protein material was required for the result.

In summary, with this experiment we could not only demonstrate a exceptional phospho-
peptide data quality by reproducible number of identifications, excellent correlation in
abundance and meaningful identification of differences in principal component analysis,
but also validate the accuracy of the presented low amount phosphoproteomics workflow

on a biological level.
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4  Summary

In this work, novel strategies for phosphoproteomic analysis for sample preparation, data
acquisition and statistical analysis were presented. The advantages achieved on three

different biological questions were demonstrated:

1. Rapid evolutionary adaptation of osmoregulatory pathways in Magnaporthe oryzae

2. Phosphoproteomic response of a novel therapeutic strategy against human osteosar-

coma

3. Phosphoproteomic response of treated murine T-Cells

For elucidating rapid evolutionary adaptation in M.oryzae, a highly robust phosphopro-
teomitcs workflow suitable for high-throughput is required. Using conventional lysis and
sample preparation strategies, low protein yield due to comparably resistant cell wall and
high protease activity leading to an increased number of unspecifically cleaved peptides,
is observed. Common strategies, such as the addition of protease inhibitors, could not be
applied as this would either decrease tryptic digest, necessary for proteome analysis, or
even make it impossible. Therefore, a sample preparation strategy has been developed and
successfully published as book chapter [26], that involves heat inactivation of degrading
enzymes in combination with harsh cell wall lysis conditions by high concentrations of de-
naturating agents such as SDS and DTT. In addition to that, phosphoproteomics has been
suffering from a high number of missing values due to either a random phosphopeptide
enrichment selectivity or borderline signal intensities, which causes the exclusion for frag-
mentation using the commonly applied data dependent acquisition mode. Consequently,
an incomplete dataset reduces confidence in the subsequent statistical testing. We suc-
cessfully applied data independent acquisition, to include such cases and could prove that

while maintaining data quality (such as phosphosite and peptide sequence confidence),
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the data completeness increases. To further increase the confidence in the results, we ap-
plied a already widely applied statistical analysis from transcriptome analysis, 7.e. linear
models instead of t-test. This approach has proven in literature to be more sensitive on
proteome and peptide level, but has no evidence for superior performance demonstrated
on phosphopeptide level. Here, we could prove the suitability of the analytical stragety
with comparing osmoregulatory response of wild type samples with previously acquired

knowledge from literature.

The developed strategy was applied to a time-course experiment of osmosregulatory de-
ficient sample set comprised from MoHogl deleted mutants (osmosensitive) that show a)
no adaptation and are osmosensitive b) reversible adaptation that lose osmoregulatory
phenotype and c) irreversibly and stable adapted, that regains osmsoregulatory capabil-
ities. Empirically determined settings for k-means clustering were applied to cluster the
temporal profiles of proteome and phosphoproteome response to understand the biological
relevance of each functional cluster in more detail. We present this dataset as resource
for further investigation of underlying biological processes to understand the adaptation

process in more detail.

In addition to that, a phosphopeptide enrichment method has been developed to meet the
needs of clinical proteomics and in-vivo animal experiments, that in most cases only yield
very minute protein amounts which is not sufficient for TiO, phosphopeptide enrichment
in spin-tips. We could demonstrate the accuracy and reproducibility of the developed
workflow using Zr-IMAC magnetic beads in combination with the previously described
data independent acqusition by analysis of treated versus control of as low as 25pg of
human osteosarcoma and murine T-Cells. For the human osteosarcoma dataset we also
investigated the impact of ion mobility separation for the elucidation of co-eluting and
isobaric phosphopeptide isomers, that differ in phosphosite position. The Bruker tim-
sTOF Pro 2 offers an integrated trapped ion mobility separation (tims) before actual
mass spectrometry measurement and the the benefit of this procedure on such phos-
phopeptide isomers has never been demonstrated. We could show that the accuracy of
identification increases and the tims based ion mobility separation adds confidence and

comprehensiveness to phosphoproteomic studies.

The presented strategies for phosphoproteomic analysis for sample preparation, data ac-
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quisition and statistical analysis proved as valid and useful alternative to conventional
phosphoproteomics studies and open the door for further investigations. Especially cur-
rent developments in the field aiming at single cell analysis and high throughput pinpoint
the demand for further miniaturized methods. For example, one-pot or in-situ on tissue
sample preparation including phosphopeptide enrichment could resolve spatial differences
in proteomics and phosphoproteomics in tissues. This would aid to identify and decon-
volute tissue specific responses or drug resistance mechanisms, e.g. from cancer FFPE
tissues or fresh biopsies. In general, the use of DIA and linear models for data acquisition
and statistical analysis will improve the data completeness and support comprehensive
knowledge extraction and reduce the impact of intriguing missing value imputation. The
added value of this work is double: We pushed phosphoproteomics techniques beyond it’s
current limits and could provide a comprehensive resource for investigation of phospho-

proteomics in Magnaporthe oryzae.
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6 Supplementary data

Window |center (m/z) Isolation Window (m/z) m/z start m/z end
1 392.58 95.2 344.98 440.18
2 459.56 39.8 439.66 479.46
3 494.25 30.6 478.95 509.55
4 522.78 27.5 509.03 536.53
5 548.53 25 536.03 561.03
6 572.89 24.7 560.54 585.24
7 596.9 24.3 584.75 609.05
8 620.81 24.5 608.56 633.06
9 645.09 25.1 632.54 657.64
10 670.1 26 657.1 683.1
11 696.1 27 682.6 709.6
12 723.35 28.5 709.1 737.6
13 752.37 30.6 737.07 767.67
14 783.12 31.9 767.17 799.07
15 816.29 354 798.59 833.99
16 852.84 38.7 833.49 872.19
17 893.43 435 871.68 915.18
18 939.95 50.6 914.65 965.25
19 997.57 65.7 964.72 1030.42
20 1070.86 81.9 1029.91 1111.81
21 1180.66 138.7 1111.31 1250.01

Table 6.1: Variable window sizes for DIA acquisition with Orbitrap Exploris 480. Applied
for the DIA data acquisition of the M.oryzae osmostress resource
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Figure 6.10: Volcano plots of temporal changes in proteome of the Hogl deletion mutant
(not adapted) during the time course of 24h after osmotic stress.
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Figure 6.11: GO enrichment of proteome changes of the Hogl deletion mutant (not
adapted) during the time course of 24h after osmotic stress.
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Figure 6.12: Volcano plots of temporal changes in phosphoprotein of the Hogl deletion
mutant (not adapted) during the time course of 24h after osmotic stress.
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Figure 6.13: GO enrichment of phosphoprotein changes of the Hogl deletion mutant (not
adapted) during the time course of 24h after osmotic stress.
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Figure 6.14: Volcano plots of temporal changes in proteome of the Hogl deletion mutant
(reversibly adapted) during the time course of 24h after osmotic stress.
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Figure 6.16: Volcano plots of temporal changes in phosphoprotein of the Hogl deletion
mutant (reversibly adapted) during the time course of 24h after osmotic stress.
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Figure 6.17: GO enrichment of phosphoprotein changes of the Hogl deletion mutant
(reversibly adapted) during the time course of 24h after osmotic stress.
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Figure 6.18: Normalized histograms of co-eluting isobaric phosphopeptide isomers en-
riched from 24 ng human osteosarcoma cells with co-elution (red) and separated (blue) in
ion mobility.
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