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1. ABSTRACT 

A post-translational modifications (PTM) is the covalent modification of a protein after its 

synthesis, by either addition or removal of functional groups. PTMs significantly increase the 

complexity of the proteome by allowing each protein to exist in different forms, which can 

have different activity, stability or binding specificity. Because of their central role in protein 

regulation, PTMs are often deregulated in many diseases, especially cancer. 

Since all PTMs introduce a change in the proteins mass, one of the leading techniques to study 

PTMs is Tandem Mass Spectrometry (MS/MS), which can measure the mass of molecules 

with high precision and resolution. Here, we apply computational methods to MS data, in 

order to study PTMs from two points of view.  

In one project, we conducted a comprehensive analysis of Arginine (R) methylation at a global 

level. To achieve this, we significantly improved hmSEEKER, our in-house developed 

computational tool for the analysis of MS data from heavy methyl SILAC (hmSILAC) 

labelled samples, by implementing a machine learning model to identify methyl-peptides with 

high confidence. The hmSILAC-validated dataset was then combined with SILAC-based 

quantitative methyl-proteomics data from a set of SILAC experiments in which we profiled R 

methylation changes in response to different stimuli (e.g. Cisplatin treatment; inhibition of the 

major R methyltransferases; PRMT1 expression modulation) to generate the ProMetheus 

database (ProMetheusDB) of high-confidence methyl-sites. The in-depth analysis of R-

methyl-sites inside ProMetheusDB reinforced the notion that protein R methylation modulates 

protein:RNA interactions but also provided new insights, such as the presence of several R-

methyl-proteins involved in metabolism and immune response-related pathways or the fact 

that R methylation correlates differently with S/T-Y phosphorylation in response to different 

stimuli. Moreover, we employed computational methods to identify a number of 

protein:protein interactions that could be affect by this PTM and experimentally validated one 

of them. Finally, to fully exploit the potential of hmSILAC and hmSEEKER, we explored the 

application of our pipeline to the annotation of unconventional methyl-sites, which are largely 

uncharacterized. 

Since MS has emerged as a powerful tool not only to characterize known PTMs but also to 

discover new ones, in a second project, we tried to expand the annotation of histone PTMs. 



12 
 

Histone lysine (K) acetylation and methylation are routinely used identify cancer subtypes and 

assess their severity; however, the unbiased nature of MS analysis has revealed the existence 

of several additional modifications that have yet to be systematically studied. Although 

theoretically possible, using MS to profile all PTMs that can occur on histones is impractical 

at the moment, due to limitations in the post-acquisition processing of the MS data. As a 

matter of fact, the most common computational tools for the identification of modified 

peptides are not suited to search more than 5-6 PTMs at a time, and this impairs the analysis of 

the combinatorial nature and cross-talk of histone PTMs.  

To overcome this limitation, we took advantage of a novel peptide search engine named 

ionbot, which can perform an “open modification search” to identify an arbitrarily large 

number of modifications. We reasoned that such a tool would be suitable for the detection of 

hyper-modified histone peptides. Upon filtering of the results, we were able to annotate not 

only novel histone PTMs, such as short-chain acylations, but also several amino acid 

substitutions that could have a biological impact on the interactions between histone and other 

proteins (i.e. DAXX).   

The analysis presented here permitted us to better understand the extent, dynamicity and 

biological role of protein R methylation and identified several modifications and mutation 

events on histone proteins. We believe further optimization and application of these methods 

will lead to the discovery of novel regulatory axes and the development of new cancer 

therapies. 
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2. INTRODUCTION 

2.1. Protein post-translational modifications (PTMs) 

Protein post-translational modifications (PTMs) consist in the covalent addition or removal of 

functional groups from specific amino acid residues within a protein sequence after said 

protein has been synthesized (Figure 1). PTMs fulfil a crucial role in countless biological 

processes because they allow cells to modify the physicochemical properties of a protein and 

therefore can rapidly regulate its function, its stability, or its binding specificity [1,2]. Some of 

the most common PTMs include proteolytic cleavage, phosphorylation, acetylation and 

ubiquitination. Because PTMs act as regulators of proteins stability and activity, their 

dysregulation is often associated with a variety of diseases, such as cancer, cardiovascular 

diseases and neurodegeneration [3-6]. 

 

Figure 1. Increase in complexity of genetic information. Alternative splicing can produce 

several transcripts and proteins starting from the same gene; proteins can then be further 

modified by post-translational modifications to regulate their function. Adapted from [7]. 

2.1.1. Protein methylation 

Protein methylation is a widespread PTM whereby one or more methyl (CH3) groups are 

covalently attached to a residue. Lysine (K) methylation has been extensively studied in the 

context of histone modifications [8]. In the last decade, Arginine (R) methylation has also 

emerged as an important PTM not only on histones but also on non-histone proteins and there 
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is mounting evidence that R methylation is involved in almost every aspect of cell physiology, 

from RNA splicing and DNA repair to signal transduction and modulation of the immune 

response [9-11]. Methylation events have been observed also on Aspartate (D), Glutamate (E), 

Asparagine (N), Glutamine (Q), Histidine (H), Serine (S) and Threonine (T) [12]. For 

example, Q methylation of histone H2A is a nucleolus-specific PTM recognized by RNA 

polymerase I [13]; H methylation has been observed on actin and myosin and is involved in 

smooth muscle contraction [14]; finally, D residues that spontaneously convert into iso-

aspartate during protein ageing are methylated by Protein L-isoaspartate O-methyltransferase 

(PCMT1) [15]. However, besides a recent study on H methylation [16], methylation of these 

residues has yet to be systematically analysed. 

The biological donor of methyl groups in the enzymatic reaction of protein methylation is S-

Adenosyl-Methionine (SAM), which is synthesized by the enzyme Methionine 

adenosyltransferase (MAT, most commonly known as SAM synthase) from Methionine (M), 

using ATP [17]. 

K can be mono-, di- or tri-methylated by protein lysine methyltransferases (PKMTs). R can be 

mono-methylated (MMA) or di-methylated, and the di-methylation can be symmetrical 

(SDMA) if the two methyl groups are bound to different nitrogen atoms of the guanidino 

group or asymmetrical (ADMA), if they are bound to the same atom (Figure 2). The different 

kinds of R methylation are deposed by different enzymes belonging to the protein arginine 

methyltransferase (PRMT) family: type I PRMTs (including PRMT1, PRMT2, PRMT3, 

PRMT4/CARM1, PRMT6 and PRMT8) catalyse the formation of MMA and ADMA; type II 

PRMTs (PRMT5 and PRMT9) catalyse the formation of MMA and SDMA; PRMT7, which is 

the only type III PRMT, catalyses MMA only [18]. PRMT1 is the most active enzyme among 

type I PRMTs and PRMTs in general, being overall responsible for ~85% of the methylation 

events in the human cell [19], while PRMT5 is the main type II PRMT [20]. 
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Figure 2. Schematic representation of unmodified, mono-methylated (MMA), symmetrically 

di-methylated (SDMA) and asymmetrically di-methylated (ADMA) arginine. MMA 

formation can be catalysed by all PRMTs, while SDMA and ADMA formation are specific to 

Type I and Type II PRMTs respectively. ADMA and SDMA are then recognized by separate 

reader proteins owing to their different steric hindrance. Adapted from [21]. 

An important feature of most PTMs is that they are reversible. Within the scope of protein 

methylation, removal of K methylation marks is carried out by lysine demethylases (KDMs), 

but there is an ongoing debate in the scientific community regarding the existence of arginine 

demethylases (RDMs). The KDM enzyme JMJD6 has been reported to catalyse R 

demethylation of both histone and non-histone substrates yet the biochemical evidence for its 

activity is still ambiguous [22]. Another possibility is that protein arginine deiminase 4 

(PAD4) could counteract R methylation by removing an N atom from the guanidino group of 

arginine residues, producing citrulline as a result [23]. However, citrulline has different 

physicochemical properties than R and PAD4 can also catalyse the deimination of unmodified 

and glycated Arginines [24], therefore it is not clear whether PAD4 can be classified as a 

proper RDM or not. 
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Overall, methylation does not change the charge state of R or K, but alters their steric 

hindrance and reduces their ability to form hydrogen bonds with other molecules, thus 

affecting their interactions with other biomolecules, both positively and negatively [25,26]. 

Along this line, the molecular difference between ADMA and SDMA is crucial because the 

two isobaric modifications have different bulk, hence they are recognized and bound by 

distinct protein domains (Figure 2) and can lead to completely different functional outcomes 

as exemplified by asymmetrical and symmetrical di-methylation on R3 of histone H4 

(H4R3me2a and H4R3me2s) which are associated to transcriptional activation and repression, 

respectively [27]. 

2.1.2. Protein arginine methyltransferases (PRMTs) 

Protein R methylation and PRMTs have emerged as promising therapeutic targets since 

PRMTs are involved in a wide array of biological processes. PRMT1 was shown to be 

involved in DNA-Damage Response (DDR) by directing its activity towards chromatin 

proteins (such as RBMX, CHTOP and DDX17 [9]) and DNA damage proteins (such as 

MRE11 and 53BP1 [28]); in addition, PRMT1 asymmetrically di-methylates H4R3 upon 

replicative stress and induces cell expression of senescence-associated secretory phenotype 

genes [9]. PRMT4/CARM1 regulates nonsense-mediated decay and pre-mRNA splicing [29], 

and PRMT7 is involved in the response to stresses such as heat and proteasome inhibition 

[30]. In addition, PRMT1, PRMT4, PRMT5 and PRMT7 have all been reported to catalyse 

methylation on RNA-binding proteins (RBPs), weakening their interactions with RNA 

molecules, with implications in the regulation of mRNA splicing, miRNA maturation, 

translation and RNP granules assembly [9,10,31-35]. 

2.1.3. Protein methylation in disease 

Overexpression of PRMTs is frequently associated with various types of cancer, including 

both solid tumours (i.e., brain, breast, lung, colon, bladder, head and neck cancer) and 

haematological malignancies (such as leukaemia) [36]. For instance, high levels of PRMT1 in 

breast cancer promote cell migration and metastasis formation, while overexpression of 

CARM1 blocks myeloid differentiation in Acute Myeloid Leukemia (AML) [37]. Aberrant 

levels of PRMTs have also been observed in other diseases such as neurodegeneration and 

cardiovascular diseases, where the accumulation of ADMA inhibits the activity of Nitric 

Oxide Synthase (NOS) and reduces the bioavailability of nitric oxide, a potent vasodilator 
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[38]. Moreover, there is growing evidence that PRMTs are also implicated in muscle 

development and regeneration and muscle cells metabolism [39]. 

Hence, there is a great interest in developing therapies that are based on the pharmacological 

modulation of protein R methylation levels. In fact, several PRMTs inhibitors are being 

developed, with some already undergoing clinical trials (trial identifiers NCT03573310, 

NCT02783300 and NCT03614728) [36,40].  

2.1.4. Histone post-translational modifications (hPTMs) 

Post-translational modifications of histone proteins (hPTMs) represent a crucial regulatory 

mechanism of chromatin structure and function, with implications in processes such as DNA 

transcription and repair, development, ageing and pathogenesis [41]. 

The state of chromatin is controlled by the balance between activating histone marks (such as 

H3K4me3, H3K9ac, H3K36me2 and H4K8ac) and repressive ones (such as H3K9me3, 

H3K27me3 and H4K20me3) [42]. However, histones can be modified by different PTMs and 

at different sites simultaneously, resulting in a cross-talk between the different marks. This 

cross-talk can occur at the level of the individual site, the histone tail, or the nucleosome [43-

45]. An interesting combination of hPTMs is found within the ‘bivalent domains’ of 

embryonic stem cells, where the H3K4me3 active mark and the H3K27me3 repressive mark 

co-exist [46]. Bivalent domains enable embryonic stem cells to quickly activate or repress the 

expression of crucial developmental genes but are lost during differentiation. 

Although researchers have mostly focused on the most abundant histone marks (namely K 

methylation and K acetylation; Figure 3), the list of potential hPTMs is constantly growing. In 

the last decade, several novel hPTMs, such as acylation, lipidation, biotinylation and 

serotonylation, have been discovered to have a biological impact on nucleosome stability and 

gene expression [47]. Moreover, some of these hPTMs (such as acylation and glycation) 

appear not to be enzymatic, thus challenging the assumption that every hPTMs has its own 

writers; however, the fact that their erasers have been identified suggests that they indeed have 

a functional role in the cell. 

Analysis of all the PTMs that could occur on histones is challenging for several reasons. From 

a biochemical point of view, many of the newly discovered hPTMs have very low abundance, 
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hence they not only require highly sensitive methods to be identified but it is also difficult to 

distinguish the genuine hPTMs from the artefacts that might be introduced during sample 

preparation [48]. Most importantly, hPTMs are often present in combination with each other 

in what is known as the “Histone Code”, thus it is often necessary to profile several hPTMs at 

once [49]. While the latter problem can theoretically be addressed by mass spectrometry, most 

computational tools for the analysis of mass spectrometry data are not designed to identify 

more than ~5 PTMs at the same time, thus limiting this approach to the study of the more 

common hPTMs (e.g. methylation, acetylation, phosphorylation). A possible solution to this 

issue is discussed in the following chapters. 

 

Figure 3. Schematic representation of common histone modification sites. (Taken from 

www.cusabio.com.) 

2.1.5. Histone modifications in disease 

Because hPTMs are key players of epigenetics, dysregulation or mutation of the enzymes that 

are responsible for deposing, removing or binding these modifications (termed “writers”, 

“erasers” and “readers” respectively) is commonly observed in disease. For example, the 

global reduction of H4K16ac and H4K20me3 levels is considered a hallmark of many human 

cancers [50]; in addition, cancer cells show altered levels of H3K4me3 [51], H3K9me [52] 

and H3K27me3 [53]. Moreover, aberrant levels of histone acetylation, methylation and 

phosphorylation have been observed in neurodegenerative disorders, such as Alzheimer’s, 

Parkinson’s and Huntington’s diseases [54]. 
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Histone modifications are routinely used as biomarkers to evaluate the severity of cancer and 

predict its evolution [55]. In addition, small-molecule drugs that modulate the activities of 

hPTMs writers and erasers have attracted the interest of the scientific community [56]. One 

limitation of current approaches is that they focus on a few methylated and/or acetylated K 

residues on histones H3 and H4, whereas little is known about alterations of other hPTMs and 

their combinatorial patterns. For instance, cellular metabolism produces a variety of short-

chain acyl-CoA molecules, such as crotonyl-CoA, propionyl-CoA and butyryl-CoA. These 

molecules are similar to acetyl-CoA and can be recognized by histone acetyltransferase 

(HATs), resulting in crotonylation, propionylation and butyrylation of K residues, which have 

been linked to the regulation of cell metabolism [57]. 

Therefore, the profiling of hPTMs in a comprehensive and unbiased way could allow us to 

uncover novel biomarkers and therapeutic targets. 

2.2. Mass Spectrometry (MS) 

Mass Spectrometry (MS) is an analytical technique that is widely adopted for the 

identification and quantitation of proteins in biological samples. MS permits the measurement 

of the exact molecular weights of molecules; this allows distinguishing proteins and peptides 

that carry PTMs from their unmodified counterparts since PTMs inevitably introduce a mass 

change. Moreover, high-resolution mass spectrometers can identify small modifications, such 

as mono-methylation (∆mass +12.04 Da), or distinguish between PTMs that have similar 

masses, such as acetylation and tri-methylation (∆mass +42.01 and +42.04 Da, respectively). 

In the last decades, several technological improvements led to the development of mass 

spectrometers characterized by progressively higher resolution, sensitivity and performance. 

Nowadays, the vast majority of MS-based proteomics data is obtained through Liquid 

Chromatography-Tandem Mass Spectrometry (LC-MS/MS). In its classical workflow, known 

as the “bottom-up” approach, proteins are digested with specific proteases into peptides before 

the MS analysis. The protein composition of the sample is then inferred from the peptides 

identified. The most widely used protease in MS-based proteomics is trypsin, which cleaves at 

the C-terminus of K and R residues unless they are followed by a proline (P). Tryptic peptides 

have an average length of ~12 amino acids and present a positively charged residue at the C-

terminus, making them optimal for MS/MS analysis. However, it has been shown that the use 
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of multiple proteases in parallel can greatly improve the protein sequence coverage [58]. One 

promising alternative protease is LysArginase, which cleaves at the N-terminus of K and R, 

thus mirroring the cleavage of trypsin [59]; like tryptic peptides, peptides obtained from 

LysArginase digestion are 12-amino acids long on average but present a positive charge acid 

at the N-terminus. Some proteases are suited for specific applications: for instance, ArgC and 

LysC, which respectively cleave at the C-terminus of R or K residues only, are often used to 

digest histone proteins (see chapter 2.8). 

Upon digestion, peptides are separated on a reversed-phase (RP) chromatographic column by 

Liquid Chromatography (LC), to separate them according to their hydrophobicity [60]. The 

RP-LC column is directly linked to the ion source of the mass spectrometer, which ionizes the 

peptides as they elute from the column. The mass spectrometer first measures the mass/charge 

(m/z) ratio of the whole peptides in what is called MS1 or MS scan. Afterwards, the most 

intense peptide ions are isolated, fragmented and subject to another round of acquisition, 

termed MS2 or MS/MS. The spectra obtained by recording the m/z ratios of the fragment ions 

are finally analysed with dedicated bioinformatics tools that identify the peptides based on 

their MS/MS patterns. 

2.3. The Q Exactive Orbitrap mass spectrometer 

Of all the mass spectrometers available, instruments based on Orbitrap mass analyzers have 

become the instruments of choice for the majority of “bottom-up” proteomics experiments, 

thanks to their high resolution and precision. All the MS data presented in this thesis were 

acquired on a Q Exactive mass spectrometer [61] (Figure 4). 
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Figure 4. Schematic representation of Q Exactive mass spectrometer. Taken from [61]. 

2.3.1. Ion source: Electrospray ionization 

Mass spectrometers measure the m/z ratio of charged gas-phase molecules, therefore peptides 

must be brought into the gas phase and ionized. In a Q Exactive, ions are generated via 

Electrospray ionization (ESI) [62]. ESI sources generate gas-phase ions from peptides in an 

aqueous solution and their charge is controlled by the pH of the solution (Figure 5). At acidic 

pH values, carboxyl groups and amine groups are protonated and give a positive charge to 

peptides, while at basic pH, de-protonation of the same groups confers a negative charge. 

Because fragmentation of the peptide ions is favoured by positive charges, ESI of peptides is 

usually done in the positive ion mode. ESI can produce multiply charged ions: in fact, tryptic 

peptides will always carry at least two positive charges (one from the amine at the N-terminus 

and one from the K/R residue at the C-terminus), but peptide ions with 3 or more charges are 

also possible if the peptide sequence contains multiple K/R/H residues. During the ESI 

process, the application of a high voltage (2–6 kV) between the end of the LC column and the 

entrance of the mass spectrometer forms an electrically charged spray that causes de-solvation 

of peptide droplets and the formation of ions. The heated capillary and the sheath gas flow, 

present at the mass spectrometer inlet, help this process. Because they produce ions from a 

solution, ESI sources are usually combined “on-line” with the LC instruments for continuous 
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analysis of the sample. Usually, an RP-LC column is used to separate the peptides at low pH: 

this reduces the sample complexity and also confers a positive charge to the peptides for the 

subsequent ionization. An important development of ESI includes nano-ESI sources, where 

the flow rates are lowered to nL/min to improve the sensitivity and increase the concentration 

of the analytes. 

 

Figure 5. Schematic representation of the electrospray ionization (ESI) process. Peptides 

elute from the HPLC column and are ionized by a high voltage applied between the capillary 

and the mass spectrometer. The charged solvent forms several small droplets and, once it 

evaporates, analyte ions are released into the gas phase. Taken from [62]. 

2.3.2. Mass analyzer and fragmentation techniques 

The mass analyser is the central core of the mass spectrometer and its main role consists in the 

storage and separation of ions based on their m/z. In a Q Exactive instrument, the mass 

analyzer is a Quadrupole, which applies a magnetic field that causes ions to oscillate as they 

move through the instrument [63]. Depending on the magnetic field, only ions with a certain 

m/z will maintain a stable trajectory and reach the C-trap, where they are then guided to the 

Orbitrap analyzer, while other ions will collide with the rods (Figure 6). 
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Figure 6. Schematic representation of the Q Exactive mass analyzer and and detector. The 

Q Exactive instrument performs mass selection is "in space" as only ions with a specified m/z 

range have stable trajectories inside the quadrupole (I) and can be transferred to the storage 

or fragmentation (II) devices before Orbitrap analysis (III). Adapted from [61]. 

In a classical proteomics workflow, the mass spectrometer works in Data-Dependent 

Acquisition (DDA) mode, whereby peptide ions in a given time window are fragmented 

starting from the most intense ones; as a result, DDA is biased towards the most intense ions 

(i.e. the most abundant peptides/proteins in the sample). Therefore, it is essential to reduce the 

sample complexity before the LC-MS/MS analysis, for example via an off-line 

chromatographic fractionation [9,64]. For the same reason, peptides bearing PTMs of interest 

have to be enriched from biological samples, since said PTMs are usually substoichiometric 

and would be masked by the much more abundant unmodified peptides. Ions isolated in this 

way are then fragmented to produce fragment ions, which allows the reconstruction of the 

peptides amino acid sequence and the identification and localization of PTMs, if any. 

Different fragmentation techniques can be used, but the most common are the collision-

induced dissociation (CID) and the higher energy collision dissociation (HCD) methods. In 

these types of fragmentation, protonated peptide ions undergo multiple collisions with rare gas 

atoms and beak at the peptide bonds (-CO-NH-), leading to the generation of fragment ions. 

CID and HCD are both suitable for the analysis of PTMs [65] but produce only limited 

information for peptides longer than 15 amino acids. In these cases, electron capture 
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dissociation (ECD) and electron transfer dissociation (ETD) can be used, which induce 

fragmentation of the peptide backbone based on gas-phase reactions exploiting either thermal 

electrons or the formation of radical ions [66]. Upon fragmentation, if the charge is retained by 

the C-terminal peptide fragment, a y-ion is generated; otherwise, a b-ion is generated. The 

“ladders” of b- and y-ions that result from the fragmentation can then be used to deduce the 

amino acid sequence [67]. When a peptide bond is broken, whether a b- or y-ion is produced 

depends on the composition of the fragments: fragments containing basic amino acids (i.e. 

amino acids that naturally acquire positive charges, such as K, R and H), are more likely to 

retain the charge and be recorded by the detector. As such, the MS/MS spectra of tryptic 

peptides, which end with a K or R, are usually dominated by y-ions, whereas LysArginase 

digestion favours the detection of b-ions because it produces peptides with a K/R residue at 

the N-terminus. 

2.3.3. Detector 

The Orbitrap mass analyzer [68] is characterized by a coaxial central spindle electrode 

surrounded by a barrel-like electrode. It produces an electrical field that causes ions to 

oscillate around a central electrode in ring shapes. Each ion has a specific oscillation 

frequency according to its m/z value, which is recorded by the detector and Fourier-

transformed to generate high-resolution mass spectra (Figure 6). 

2.4. Computational methods to identify peptides by MS 

MS raw data files generated by the mass spectrometer are interpreted by mapping the MS/MS 

spectra back to the peptide that was subjected to fragmentation. Several computational 

methods have been developed to analyze MS/MS spectra, which can be classified into three 

categories: de novo sequencing; protein database searching; spectral library searching. The 

MS data shown in this thesis was analyzed by database searching. 

2.4.1. The database searching strategy 

Protein database searching is currently the most popular method to identify peptides and 

proteins from MS raw data. Database search computational tools perform an in silico digestion 

of a reference proteome and generate theoretical MS/MS spectra for the obtained peptides, 

which are subsequently compared to the experimental spectra acquired on the instrument 
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(Figure 7) [69]. Although each database search engine employs a different scoring function, 

most of them score a peptide-spectrum match (PSM) based on the number of fragment ions 

that are in common between the theoretical and experimental spectra, as well as the total 

intensity of the matched ions. This strategy was pioneered by SEQUEST [70] and Mascot [71] 

in the ‘90s and was later implemented by other search engines such as OMSSA, X!Tandem, 

Andromeda and MS-GF+ [72-75]. 

 

Figure 7. Schematic representation of the database search process. Experimental MS/MS 

spectra obtained from the mass spectrometer are compared to theoretical MS/MS spectra 

generated in silico. Peptide-spectrum matches are scored based on the number and the 

intensity of the ions in common between theoretical and experimental spectra. Adapted from 

[76]. 

Despite being routinely used, database search tools have two critical flaws: first, repeated 

identification of the same peptide is time-consuming; second, searching for large protein 

databases or databases that contain PTMs leads to an exponential increase of the candidate 

peptides that need to be compared with the query spectrum, increasing the chances of a 

peptide being matched at random. 
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One limitation of traditional database search engines is that, when generating the theoretical 

spectra library, they assign the same intensity value to all predicted peaks; this is a 

simplification, as some fragment ions are more likely to be generated than others, depending 

on both the amino acid composition of the peptides themselves and the fragmentation method 

used (see chapter 2.3.2). However, newer search engines are starting to incorporate tools to 

predict fragment ion intensities, thus producing theoretical spectra that are closer to the real 

ones [77]. 

2.4.2. Challenges in the identification of modified peptides 

Since all PTMs introduce a mass difference (∆m/z) in peptides, MS has emerged as an 

advantageous technique to study them. The general workflow used for protein identification 

usually has to be adapted to address some issues that are intrinsic to PTM studies. First, PTMs 

are substoichiometric and therefore their analysis requires enrichment steps and high 

sensitivity of detection. Second, the covalent bond between the PTM and the amino acid side 

chain of the peptide can be labile (as for phosphorylation), thus it is difficult to maintain the 

peptide in its modified form during sample preparation and ionization. Third, some PTMs are 

highly dynamic and thus the enzymes responsible for removing the PTM of interest need to be 

inactivated. From a computational point of view, PTMs can be divided into three groups: 

1. in vivo modifications (i.e. phosphorylation); 

2. in vitro artefacts generated by sample handling (i.e. methionine oxidation or D/E 

methyl-esterification); 

3. in vitro modifications introduced on purpose as part of the sample preparation protocol 

(i.e. Cysteine carbamidomethylation, Phenylisocyanate, mass tags). 

On the one hand, the derivatization of peptides with chemical modification during sample 

preparation has very high efficiency, meaning that these PTMs can be treated as “fixed 

modifications”: in this case, the database search tool will simply replace all instances of a 

compatible residue in the database with the modified version of that residue. On the other 

hand, in vivo PTMs and artefacts must be treated as “variable modifications” because it is not 

known in advance which peptides will be modified, and on which specific residue, so the 

search engines must generate theoretical spectra not only for unmodified peptides but also for 

any possible modified form of those peptides. This is especially problematic in the case of 

peptides that have multiple potential modification sites and/or when many PTMs are searched 
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simultaneously because it leads to an exponential increase in the size of the database [69,78]. 

Thus, variable PTMs produce an increase in the database search space which results in a 

higher proportion of random matches. As a consequence, the software is forced to apply more 

stringent filtering of the PSMs to ensure the final FDR is below 1%, leading to an increased 

number of missed identifications (i.e. false negatives). 

Localization of the PTMs on the correct residues of a given peptide is also challenging, as it 

requires high coverage of the peptide sequence, and several tools have been developed to 

evaluate the confidence of modification sites assignments [79]. 

2.5. PTMs profiling by quantitative proteomics  

Accurate qualitative identification of peptides and proteins in a sample is indispensable for 

any proteomics research; however, quantitative data is also necessary to understand the 

biological mechanisms under study. Mass spectrometry is not a proper quantitative technique 

for the following reasons: first, the intensity of each peptide ion is proportional to its 

abundance but also depends on the physicochemical properties of the peptide (i.e. molecular 

composition, charge and hydrophobicity); second, the comparative analysis between two 

different LC-MS/MS runs is influenced by external variations like temperature and 

chromatography reproducibility; finally, in DDA methods, the choice of the precursor ions to 

be fragmented is stochastic and depends mostly on their abundance, therefore there is no 

guarantee the same peptides will be identified across all MS/MS runs, especially low abundant 

ones such as modified peptides. 

Different strategies have been developed to quantify proteins by mass spectrometry, which can 

be divided into label-free strategies, whereby the abundance of proteins in different LC-

MS/MS runs is compared, and isotope labelling strategies, where samples are labelled to 

introduce a mass difference which allows them to be distinguished at the MS or MS/MS level 

[80,81]. 

2.5.1. Stable Isotope Labelling with Amino acids in Cell culture (SILAC) 

To produce the quantitative data presented here, we employed a metabolic labelling strategy 

named Stable Isotope Labelling with Amino acids in Cell culture (SILAC), in which isotope-

labelled amino acids are added to the cell growth medium to be incorporated in the proteome 
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during protein biosynthesis (Figure 8) [82]. A major advantage of SILAC labelling is that 

corresponding samples can be mixed immediately after cell harvesting, minimizing errors due 

to handling of the samples and leading to intrinsically higher accuracy compared to other 

approaches (i.e. label-free, TMT, iTRAQ). Traditionally, the amino acids used to 

metabolically label proteins are K8 and R10 because they ensure that, upon trypsin digestion, 

all peptides produced by a protein contain at least one isotopically labelled residue (except the 

C-terminal one). Upon MS/MS analysis, each peptide is detected as a pair of peaks (heavy and 

light) separated by a specific ∆m/z which depends on the peptide sequence and the labelling 

strategy. 

Since its development, SILAC has been successfully and widely applied to proteomics studies, 

including the profiling of PTMs [83-85]. This approach can be modified to compare multiple 

conditions at the same time: for example, in triple SILAC, a third sample of cells is labelled 

with “medium” amino acids (usually K4 and R6), and the three samples are mixed in 1:1:1 

proportion; this allows the distinction of three different proteomes during the MS analysis. 

SILAC labelling can also be used to directly label PTMs, as in the heavy methyl SILAC 

(hmSILAC) approach (see chapter 2.7.2). Another important development of SILAC is the 

Super-SILAC, which allow quantifying proteins from animal or human tissues. In super-

SILAC, a heterogeneous mix of heavy-labelled cell lines is spiked in a set of samples to serve 

as an internal standard (see chapter 1.8.1). 

 

Figure 8. Schematic representation of a SILAC experiment. SILAC allows up to three 

experimental conditions (Light, Medium and Heavy) to be compared. Compared to methods 

like TMT, SILAC has the advantage that sample cells can be mixed immediately after 
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harvesting, so that all samples undergo exactly the same steps of sample preparation, thus 

achieving high accuracy. Adapted from [82]. 

2.6. MS-based analysis of PTMs with MaxQuant 

Analysis of the MS raw data was performed with MaxQuant, a popular platform widely used 

in MS-based proteomics [86]. 

2.6.1. SILAC pair detection 

MaxQuant efficiently supports SILAC experiments for quantitative proteomics. Potential 

SILAC pairs are required to have the same charge and a Pearson correlation value of their 

peak profiles greater than 0.6. In addition, they need to have a specific delta mass, which 

depends on the peptide sequence and labelling strategy. However, because SILAC pairs are 

detected before peptide identification, this delta mass is unknown. Thus, MaxQuant assumes a 

maximum of three labelled amino acids per peptide, and tests each possible combination of 

labels. This assumption only works when all or most of the labelled amino acids are also 

cleavage sites, such as when trypsin is used alongside labelled R and K. The SILAC ratio of a 

peak pair is then calculated as the slope of a straight line passing through the centroids of the 

two peaks. 

2.6.2. Andromeda database search 

Since its first publication, MaxQuant has regularly received updates, the most notable being 

the development of Andromeda [75], a dedicated probability-based protein database search 

engine. Like all database search engines, Andromeda first generates a list of all possible 

peptides generated from the protein sequences in a database based on the user-defined 

digestion rule and considering all possible combinations of indicated variable modifications. 

Then, each experimental MS/MS spectrum is compared to the theoretical spectra of all 

peptides that have a mass compatible with the precursor mass of the experimental spectrum. 

For each peptide, Andromeda calculates the probability that at least k of the n theoretical 

fragment ions are present in the experimental spectrum. Andromeda only considers the q most 

intense ions for every interval of 100 Th, so the probability of observing each theoretical ion 

individually is always q/100. This calculation is repeated with different q values, and only the 
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highest score is kept. The lower q is, the higher the Andromeda score is for given n and k 

values. Consequently, the score will be higher if the most intense peaks are matched since 

these peaks will be considered by Andromeda even at lower values of q. 

2.6.3. False Discovery Rate (FDR) and Posterior Error Probability (PEP) 

The output of Andromeda is a list of PSMs ranked according to the search score. The overall 

score distribution of PSMs in a proteomics experiment can be represented as a mixture of two 

distributions: one for correct identifications and one for incorrect ones. The method for 

discriminating the two distributions is the so-called Target Decoy Approach [87]. In this 

approach, the real protein database (Target database) is searched together with a database of 

random sequences (Decoy database); this decoy database is usually obtained by reverting or 

shuffling the target sequences, to ensure it has the same size and amino acid composition of 

the target database. The rationale of this strategy is that all identifications coming from the 

decoy database will be random matches and their score distribution will reflect the score 

distribution of random matches that originate from the target database. Therefore, if N 

peptides are identified with score >S in the decoy, then it can be assumed that the set of 

peptides identified in the target database with score >S also contains N false positives. Most 

proteomics pipelines, including MaxQuant, automatically filter the results of the database 

search so that the final PSM list has an FDR of 1% (Figure 9). Following the same approach, it 

is possible to estimate the number of false identifications at a specific score value: the number 

of decoy PSMs with score=S divided by the number of target PSMs with score=S is termed 

Posterior Error Probability (PEP) and represents the probability of a PSM with that specific 

score being a false positive. 

 
Figure 9. Histograms of correct and incorrect PSM scores. Adapted from [88]. 
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2.7. Approaches for the study of global protein methylation 

2.7.1. Non-MS-based methods 

Several analytical techniques have been developed over the years to study the methyl-

proteome [89]. A method that was widely used to detect methyl-proteins is radiolabelling with 

14C- or 3H-labelled SAM, followed by gel electrophoresis separation of proteins and 

scintillation counting to measure the number of radioactive methyl groups transferred to each 

protein. However, radiolabelling was challenging because of the weak radioactive signal 

emitted by 14C and 3H. Also, in vivo radiolabelling did not permit the identification of the 

methylated protein or the localization of the methylated residue, thus requiring further 

analytical steps. 

Antibodies specifically raised against methylations, both global (anti-pan-methyl antibodies) 

and specific for proteins or sites of interest (e.g. anti-Histone H4R3me2s), have successfully 

helped to characterise the activity of several histone methyltransferases and demethylases 

[22,90]. Despite being widely used, the sensitivity of this method is strongly dependent on the 

specific antibody and quantifying methylation changes across different conditions is difficult 

due to the antibody readout being non-linear. An advantage of this technique, however, is the 

possibility to raise antibodies that are site-specific and capable of distinguishing between 

different forms of methylation, such as SDMA and ADMA. 

A third strategy uses SAM-analogues containing a terminal alkynyl group that is transferred 

by methyltransferases to methylated protein together with the methyl group; afterwards, a 

probe is covalently bound to the alkynyl group via “click” chemistry [91]. This method is 

suited for studying methylation induced by a specific methyltransferase but requires the ad hoc 

production of analogues that are compatible with the PRMT of interest or, conversely, the 

engineering of the PRMT itself [92]. 

2.7.2. MS-based methods 

In recent years, MS-based approaches have emerged as a powerful analytical strategy for 

global investigation of protein PTMs, including methylation, thanks to the possibility of 

distinguishing modifications on different residues and profile modification changes in 

quantitative experiments. Despite these advantages, MS-based identification of protein 
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methylation is challenging and prone to high FDR, as shown by the works from the groups of 

Oreste Acuto and Marc Wilkins [11,93]. The limitations of protein methylation profiling by 

MS are the following: 

1. As already discussed, methylation is sub-stoichiometric, thus requiring extra steps of 

methyl-peptides enrichment and off-line fractionation during the sample preparation. 

2. Several pairs of amino acids have chemical structures that differ from each other for 

the presence of an additional methyl group, such as Glycine and Alanine, or Alanine 

and Valine As such, several amino acid substitutions result in mass differences that can 

be misinterpreted as methylations. 

3. In vitro artefacts, such as methyl-esterification of D and E, are also isobaric to mono-

methylation and can lead to false-positive identifications. 

4. Protein methylation can exist in multiple forms and even restricting the analysis to the 

most common ones (mono-, di- and tri-methylated K and mono- and di-methylated R) 

still results in five variable modifications that need to be specified in the database 

search engine. Thus, false-positive identifications can arise from the search space 

explosion, as discussed in Chapter 1.4.2. This becomes a critical issue when the 

database search is expanded to methylated residues beyond K and R. 

2.7.3. High-confidence identification of in vivo methyl-peptides with hmSILAC 

To control the FDR associated with MS-based methyl-proteomics experiments, the group of 

Matthias Mann proposed the heavy methyl SILAC (hmSILAC) strategy [94]. hmSILAC 

follows the same workflow as standard SILAC, with the difference that the “heavy” growth 

medium contains [13CD3]-Methionine. This “heavy” methionine is metabolically converted by 

the cells into [13CD3]-SAM (Figure 10A). Cells incorporate heavy Methionine into the 

backbone of newly synthesized proteins and, in addition, the heavy methyl-groups are 

transferred by PKMTs and PRMTs from [13CD3]-SAM to their substrates. As a result, in 

hmSILAC, the mass difference between “heavy” and “light” peptides is encoded by the 

methyl groups themselves. This strategy is advantageous for two main reasons: First, heavy 

methyl groups can only be added through enzymatic reactions, therefore only peptides that are 

methylated in vivo and those containing an M residue will be detected as a doublet; second, 

the ∆m/z between heavy and light peptides depends on the peptide methylation state, 

permitting the distinction of mono-, di- and tri-methylated residues (Figure 10B). 
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Figure 10. Schematic representation of the hmSILAC strategy. A) Heavy Methionine is 

converted into heavy SAM and methyltransferases transfer heavy methyl groups to proteins. 

B) Upon mixing Light- and Heavy-labelled samples 1:1, methylated peptides will be detected 

by MS as pairs of co-eluting peaks with the same intensity and separated by a specific mass 

difference. Instead, false positives are detected as single peaks because they can only exist in 

their Light form. 

In 2015 a variant of hmSILAC name iso-methionine methyl-SILAC (iMethyl-SILAC) was 

proposed by the Acuto group [11]. In iMethyl-SILAC, the “light” cells are labelled with 

[13C4]-Methionine, which is isobaric to [13CD3]-Methionine but, due to a different distribution 

of the isotopes in its structure, does not produce heavy methyl-groups upon the 

methyltransferase enzymatic reaction. The advantage of iMethyl-SILAC is that any detected 

doublet can be unambiguously interpreted as a methylated peptide, whereas, in traditional 

hmSILAC, M-containing peptides also produce doublets, leading to more complex MS 

spectra. 

At the time of writing, the hmSILAC and iMethyl-SILAC strategies are still rarely used, 

mostly because searching for hmSILAC peptide pairs is a computationally demanding task 

and there are few tools able to perform this kind of analysis. For instance, MaxQuant is not 

able to correctly calculate the ∆m/z of SILAC pairs if the label is encoded by a variable 

modification because the detection of peak pairs is performed before the identification step 

and the assumption of a maximum of three labelled amino acids per peptide does not hold. 

One algorithm for the analysis of hmSILAC data is MethylQuant, which, starting from a list of 

methylated peptides, searches for their hmSILAC counterparts in the raw MS data. This tool 
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was successfully applied in two works, to identify with high confidence methyl-sites in human 

T cells and yeast cells, respectively [11,95]. Within this context, one of the aims of my PhD 

was to develop a new tool that would allow us to robustly and automatically analyse 

hmSILAC data previously processed by the MaxQuant algorithm. By using MaxQuant as the 

starting point for the analysis of hmSILAC data, hmSILAC experiments could be integrated 

with quantitative data from SILAC experiments to produce high-quality functional data of 

methyl-proteome dynamics, retaining low FDRs thanks to hmSILAC validation. 

2.8. MS-based profiling of histone PTMs 

Bottom-up MS-based proteomics has widely and successfully been used for the identification 

of hPTMs. One important caveat compared to global PTMs analysis is that histones are rich in 

K and R residues, thus trypsin digestion generates short peptides that cannot be detected in 

standard LC-MS/MS. For this reason, bottom-up approaches usually employ the ArgC 

protease, which cleaves only at the C-terminus of arginine residues, is usually used for histone 

digestion in “bottom-up” experiments. When ArgC does not work (i.e. in the case of in-gel 

digestions), K residues on histones are modified with chemical products, such as acetic or 

propionic anhydride. Chemically derivatized K residues are not cleaved by trypsin, thus 

producing “ArgC-like” digestion (Figure 11) [96]. Furthermore, chemical derivatization, 

enhances the hydrophobicity of short histone peptides, increasing their retention time in 

standard RP chromatography. When peptides are derivatized with acetic anhydride, since K 

acetylation is an important hPTM, a deuterated anhydride is employed to introduce “heavy” 

acetyl groups (D3, ∆mass +45.03 Da), which can be distinguished from in vivo acetylations, 

which are “light” (∆mass +42.01 Da). Another widely-used derivatization that increases 

hydrophobicity is the addition of phenyl-isocyanate (PIC) to the N-terminus of peptides, 

which is usually done in combination with propionylation (Pro-PIC protocol) [97]. 
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Figure 11. Schematic representation of the different histone digestion strategies. Adapted 

from [98]. 

2.8.1. Super-SILAC for hPTMs quantitation in clinical samples 

The accurate quantitation of hPTMs is crucial not only in basic research but also in clinical 

applications. In recent years, MS has become the method of choice to identify and quantitate 

hPTMs, yet the traditional SILAC labelling strategy, which is widely used to profile global 

PTMs changes, excludes clinical samples as they cannot be metabolically labelled. However, 

these limitations can be overcome by employing the Super-SILAC strategy, whereby a 

mixture of cell lines is labelled with heavy amino acids. Heavy-labelled histones from the cell 

lines can therefore be “spiked in” the unlabelled samples to serve as an internal standard that 

allows all the samples to be compared with each other (Figure 12) [99]. 

 

Figure 12. Schematic representation of the Super-SILAC strategy. Unlabelled experimental 

samples are quantified relative to a heavy-labelled spike-in standard, allowing the comparison 

of multiple samples at a time, including samples that cannot be SILAC-labelled, such as 

clinical samples. 
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2.8.2. Unbiased hPTMs analysis by Open Modification Search 

A critical step during the analysis of histone MS raw data is the choice of variable 

modifications to specify during the database search. As pointed out in Chapter 1.4.2, common 

database search tools produce unreliable results when multiple modifications are searched. In 

the case of histones, this problem is exacerbated by the presence of several neighbouring 

residues that can be modified, making the localization of hPTMs challenging [100]. 

Furthermore, some combinations of PTMs have the same total mass, which leads to the 

presence of many isobaric peptides that can only be discriminated by few specific MS/MS 

fragment ions. 

In the last two decades, several bioinformatics tools have been developed that allow 

researchers to consider arbitrarily large lists of variable PTMs without incurring into search 

space explosion, known as “open modification search” or “blind search” engines. The earliest 

implementation of an open modification search engine is MS-Alignment [101], which uses 

dynamic programming to align an experimental spectrum to the theoretical spectrum of an 

unmodified peptide (Figure 13). In MS-Alignment, all potential matches between 

experimental and theoretical peaks are represented in a matrix, whose top-left and bottom-

right corners represents the N-terminus and C-terminus of the peptide, respectively, and a 

spectrum interpretation is represented as a path that connects these two termini; if the delta 

m/z between two peaks equals the mass of an amino acid in the peptide sequence, the peaks 

are connected with a “diagonal jump”, otherwise they are connected with an “oblique jump”, 

which introduces a delta m/z (i.e. a PTM) in the peptide sequence. The optimal alignment 

should introduce a total delta m/z equal to the delta m/z between the mass of the precursor 

peptide and that of the theoretical peptide, and connect the peaks with the highest total 

intensity. This strategy allows MS-Alignment to evaluate all modified forms of a peptide at 

the same time. 



37 
 

 

Figure 13. Schematic representation of the MS-Alignment algorithm. Each dot in the matrix 

is a possible match between an experimental MS/MS peak and a peptide fragment. “Diagonal 

jumps” (blue) connect two peaks whose mass difference equals an unmodified amino acid, 

while “oblique jumps” (red) also introduce the mass shift of a PTM. Adapted from [102]. 

Subsequent open search tools sped up the identification process by using sequence tags to 

restrict the list of candidate sequences and to evaluate and infer the PTMs [103-105]. MODa 

takes advantage of both sequence tags and spectral alignment [106]. Alternative approaches, 

such as ModifiComb [107], do not directly sequence peptides, but compare the precursor 

masses of identified and unidentified peptides and, based on the most frequently observed 

delta m/z values, produce a list of the putative PTMs present in the sample. Methods based on 

spectral networks align MS/MS spectra without any reference to a database: instead, a good 

alignment between two spectra that have different precursor masses would suggest that one is 

a modified form of the other, with the delta m/z of the precursor matching the m/z of the PTM 

[108]. Finally, newer open search tools take advantage of machine learning models to predict a 

peptide retention time and MS/MS fragmentation pattern. Having access to theoretical spectra 

that accurately represent the real fragmentation pattern peptides, tools such as ionbot [77] and 

MSFragger [109]are much more accurate than traditional database search engines and achieve 

high accuracy even when searching spectra against large databases, as in the case of open 

search.  
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3. AIM OF THE WORK 

Protein PTMs are implicated in almost all cellular processes and represent an important field 

of study for both basic and clinical research. Therefore, in this thesis, I sought to develop and 

apply computational methods to address some of the challenges posed by PTMs, in particular, 

global Arginine methylation and histone PTMs. 

In fact, it is now consolidated that Arginine methylation and protein Arginine 

methyltransferases (PRMTs) are implicated in important biological processes (such as DNA 

repair, transcription, RNA splicing and translation) and that their dysregulation can give rise to 

a variety of diseases, including cancer and neurodegeneration. Thus, there is growing interest 

in researching protein methylation, but its systematic analysis by MS suffers from a high false 

discovery rate due to the existence of amino acid substitutions and chemical artefacts that are 

isobaric to this PTM. 

Histone PTMs are also known to play a central role in cancer onset by controlling the state of 

chromatin and the expression of genes. However, research in this field has traditionally 

focused on acetylation and mono-, di- and tri-methylation of few K residues on histones H3 

and H4 for two main reasons: they are the most abundant histone PTMs and the most common 

computational tools cannot reliably identify combinations of several PTMs from MS data. In 

spite of numerous studies highlighting the presence of several low-abundance histone PTMs 

beyond acetylation and methylation, and although computational tools that could theoretically 

identify any number of PTMs in one run are available, these methods have not been 

systematically applied to histone MS data yet. Within this context, we were interested in 

exploring the application of a novel machine learning (ML)-based “open search” software, 

named ionbot, to complex histone MS data.  

With this premise, my first goal was to carry out a re-analysis of all the hmSILAC and SILAC 

methyl-proteomics data available in our lab to generate a comprehensive database of 

methylation sites. To achieve this, I significantly improved the hmSEEKER computational 

tool by training an ML model to identify methyl-peptides with high confidence, without any 

bias that could be introduced by the manual setting of the parameters. 
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The updated version of hmSEEKER allowed us to, on the one hand, expand the current 

annotation of the R-methyl-proteome and, on the other hand, to explore the annotation of less-

known methyl-marks such as Histidine methylation, Aspartate methylation, etc.  

In parallel, I analysed histone MS data with ionbot in order to broaden the spectrum of PTMs 

that can be profiled. This unbiased analysis of histone modifications will provide better tools 

to classify cancer subtypes and predict the evolution of the disease, while possibly unravelling 

novel epigenetic mechanisms underlying tumour onset and development.   
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4. MATERIALS AND METHODS 

4.1. Cell culture 

4.1.1. hmSILAC labelling of samples 

For hmSILAC, SK-OV-3, NB4, HeLa and U2OS cells were cultured in ‘‘Light’’ and 

‘‘Heavy’’ hmSILAC RPMI media (PAA, custom) supplemented with L-Arginine (Sigma-

Aldrich, A6969) L-Lysine (Sigma-Aldrich, L8662), plus either L-[13CD3]-Methionine (M4, 

heavy, Sigma-Aldrich, 299154) or L-[12CH3]-methionine (M0, light, Sigma-Aldrich, M5308), 

respectively. The concentration of L-Methionine was 30 mg/L. The hmSILAC media were 

then supplemented with 10% dialyzed FBS (GIBCO, Life Technologies 26400-044), 1% 

glutamine, 100 U/ml Penicillin and 100 mg/ml Streptomycin. 

4.1.2. SILAC labelling of samples 

For SILAC, SK-OV-3, NB4, HeLa and U2OS cells were grown in ‘‘Light’’, ‘‘Medium’’ and 

‘‘Heavy’’ SILAC RPMI (Thermo Fisher Scientific, # 89984), supplemented with either L-

Arginine, L-Lysine or their medium (L-13C6-Arginine, Sigma-Aldrich; L-D4-Lysine, Sigma-

Aldrich) or heavy (L-13C6
15N4-Arginine, Sigma-Aldrich; L-13C6

15N2-Lysine, Sigma-Aldrich) 

isotope-counterparts. Arginine and Lysine were added at a concentration of 84 mg/L and 146 

mg/L, respectively. The SILAC media were then supplemented with 10% dialyzed FBS 

(GIBCO, Life Technologies 26400-044), 1% glutamine, 100 U/ml Penicillin and 100 mg/ml 

Streptomycin. 

4.1.3. Super-SILAC labelling of histone samples 

18 samples of breast cancer cell lines, 9 treated with histone deacetylase (HDAC) inhibitor 

Panobinostat and 9 untreated, were grown in a “light” medium; in parallel, MDA-MB-231, 

MDA-MB-468, MDA-MB-453 and MDA-MB-361 breast cancer cells lines were grown in 

SILAC-DMEM (Euroclone) supplemented with 2 mM L-Glutamine, 146 mg/l of L-Lysine 

(Sigma-Aldrich), 84 mg/l L-13C6
15N4-Arginine (Sigma-Aldrich), 10% dialyzed serum (Life 

Technologies) and penicillin/streptomycin for at least 8 doublings to obtain complete labelling 

with R10. The Super-SILAC was then spiked into the light samples and histones were 

subsequently obtained through acidic extraction 
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4.2. Protein extraction and digestion 

For the global analysis of protein methylation, cell pellets were lysed in urea lysis buffer (9 M 

urea, 20 mM Hepes (pH 8.0)) supplemented with 1x protease and phosphatase inhibitors 

cocktail (Roche), sonicated and cleared by ultracentrifugation (20,000g for 15 min at 15°C). 

For in-solution digestion, 200µg of proteins was reduced by adding 4.5 mM dithiothreitol 

(DTT) (Sigma-Aldrich) for 30 min at 55°C, alkylated with 5.5 mM iodoacetamide (10% (v/v) 

for 15 min at RT in the dark; Sigma-Aldrich), and digested overnight with sequencing-grade 

trypsin (1:100 (w/w); Promega) after a four-fold dilution in 25 mM ammonium bicarbonate 

solution. Protease digestion was terminated by the addition of 1% trifluoroacetic acid (TFA) to 

adjust pH < 3. Debris was removed by centrifugation for 15 min at 1780g at RT. Peptides 

were dried with a vacuum concentrator, re-suspended into 300 µL of 0.1% TFA and off-line 

High pH fractionated by Pierce™ High pH Reversed-Phase Peptide Fractionation Kit (Thermo 

Fisher Scientific). Eluted fractions were dried with a vacuum concentrator and resuspended in 

an aqueous 0.1% TFA solution prior to analysis by LC-MS/MS. After lyophilisation, each 

fraction was dissolved in 250 mL of 1x Immuno-Affinity Purification Buffer (IAP Buffer, 

#9993, Cell Signaling Technologies) and subjected to R-methyl-peptides enrichment using the 

anti-pan-methyl-R antibody-conjugated beads (PTMScan Asymmetric Di-Methyl-Arginine 

Motif [adme-R] Kit #13474; PTMScan Mono-Methyl-Arginine Motif [mme-RG] Kit #12235; 

PTMScan Symmetric Di-Methyl Arginine Motif [sdme-RG] Kit #13563; Cell Signaling 

Technologies) following the manufacturer’s instruction. After peptides incubation with the 

antibody-conjugated beads for 2 hours at 4°C, the immunoprecipitates were washed twice in 

ice-cold IAP Buffer, followed by three washes in water; then, bound methyl peptides were 

eluted with 2x 50 mL 0.15% TFA. Peptide eluates were desalted on RP C18 StageTip 

microcolumns, as described previously [110] and subjected to a second round of trypsin 

digestion prior to LC-MS/MS analysis. 

4.2.1. Extraction and protease digestion of hmSILAC-labelled histones 

hmSILAC labelled HeLa S3 cells (L and H channels mixed in 1:1 ratio) were resuspended in 

lysis buffer (10% sucrose, 0.5mM EGTA, 60mM KCl, 15mM NaCl, 15mM HEPES, 0.5mM 

PMSF, 5 μg/ml Aprotonin, 5 μg/ml Leupeptin, 1mM DTT, 5 mM NaButyrate, 5 mM NaF, 30 

μg/ml Spermine, 30 μg/ml Spermidine and 0.5% Triton X-100) and nuclei were separated 

from cytoplasm by centrifugation on sucrose cushions for 30 min at 3695g at 4°C. Histones 
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were then extracted through 0.4 M hydrochloric acid for 5 hours at 4°C and dialyzed overnight 

in CH3COOH 100 mM Dialysed histones were then lyophilized and either kept at -80 until use 

or directly resuspended in milliQ water before sample processing prior to MS analysis. To 

maximize the protein sequence coverage, four different aliquots of 5 μg histones each were in-

solution digested overnight using different proteases, such as ArgC, Trypsin, LysargiNase and 

LysC. Proteolytic peptides were then desalted and concentrated by micro-chromatography 

onto SCX and C18 Stage Tips micro-column, prior to LC-MS/MS analysis. 

4.2.2. Preparation of Super-SILAC histone samples 

For each run and sample, 5 μg of histones were mixed with an equal amount of Super-SILAC-

labelled histones and separated on a 17% SDS-PAGE gel. For in-gel digestions, a band 

corresponding to the histone octamer (H3, H4, H2A, H2B) was excised, chemically acylated 

with D6-acetic anhydride (D3 protocol) or propionic anhydride (PRO-PIC protocols) and in-

gel digested with trypsin, obtaining an “ArgC-like” digestion. The extraction of the digested 

peptides from the gel was performed with acetonitrile 50% and 100%, without formic acid, 

which would impair the subsequent derivatization steps. In addition, for the  PRO-PIC 

protocol, the samples were concentrated after elution to a volume below 3 μl, diluted to 9 μl 

with water and derivatized with phenyl isocyanate (PIC). The derivatization with PIC was 

initially performed as described in [97]. The samples were buffered to pH 8.5 by adding 1 μl 

of 1 M triethylammonium bicarbonate buffer, 3 μl of a freshly prepared 1% v/v PIC solution 

in acetonitrile was added (17 mM final concentration), and the mixture was incubated for 60 

min at 37 °C. Finally, the samples were acidified by addition 8 μl of 1% trifluoroacetic acid 

(TFA).  

4.3. LC-MS/MS 

For the global analysis of protein methylation, peptide mixtures were analysed by online nano-

flow liquid chromatography-tandem mass spectrometry using an EASY-nLC 1000 (Thermo 

Fisher Scientific) connected to a Q Exactive instrument (Thermo Fisher Scientific) through a 

nano-electrospray ion source. The nano-LC system was operated in one column set-up with a 

50cm analytical column (75 μm inner diameter) packed with C18 resin (easySpray PEPMAP 

RSLC C18 2M 50cm x 75 M, Fisher Scientific) configuration. Solvent A was 0.1% formic 

acid (FA) and solvent B was 0.1% FA in 80% ACN. Samples were injected in an aqueous 

0.1% TFA solution at a flow rate of 500 nL/min. Peptides were separated with a gradient of 5–
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40% solvent B over 90 min followed by a gradient of 40–60% for 10 min and 60–80% over 5 

min at a flow rate of 250 nL/min in the EASY-nLC 1000 system. The Q-Exactive was 

operated in the data-dependent acquisition (DDA) mode to automatically switch between full-

scan MS and MS/MS acquisition. Survey full-scan MS spectra (from m/z 300-1150) were 

analysed in the Orbitrap detector with resolution R=35,000 at m/z 400. The ten most intense 

peptide ions with charge states ≥2 were sequentially isolated to a target value of 3e6 and 

fragmented by Higher Energy Collision Dissociation (HCD) with a normalized collision 

energy setting of 25%. The maximum allowed ion accumulation times were 20 ms for full 

scans and 50 ms for MS/MS and the target value for MS/MS was set to 106. The dynamic 

exclusion time was set to 20s. 

Histone-derived samples were analysed by LC-MS/MS on a 25 cm reverse phase C18 column 

(inner diameter 75 μm) connected to a Q Exactive orbitrap instrument. Solvent A was 0.1% 

formic acid (FA) and solvent B was 0.1% FA in 80% ACN. Samples were injected in an 

aqueous 0.1% TFA solution at a flow rate of 500 nL/min.  After sample loading in the column, 

a gradient of 0–40% solvent B over 100 min, followed by a gradient of 40–60% solvent B in 5 

min and 60–95% solvent B over 5 min at a flow rate of 250 nL/min, for peptide elution. The 

Q-Exactive was operated in the data-dependent mode (DDA) to automatically switch between 

full-scan MS and MS/MS acquisition. Survey full-scan MS spectra (from m/z 300-1350) were 

analysed in the Orbitrap detector with resolution R=70,000 at m/z 200. The ten most intense 

peptide ions with charge states ≥2 were sequentially isolated to a target value of 3e6 and 

fragmented by Higher Energy Collision Dissociation (HCD) with a resolution of R = 17,500. 

4.4. MS data analysis 

4.4.1. hmSILAC methyl-peptides identification with MaxQuant 

MS raw data were analysed using the integrated MaxQuant software v1.6.2.10, using the 

Andromeda search engine [75,86]. In the global parameters sections, the estimated FDR of all 

peptide identifications was set to a maximum of 1%. The main search was performed with a 

mass tolerance of 4.5 ppm. A maximum of 3 missed cleavages was permitted, and the 

minimum peptide length was fixed at 6 amino acids. The June 2020 version of the Uniprot 

reference proteome (Proteome ID: UP000005640) was used for peptide identification. In the 
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group-specific parameters section, we indicated different parameters, according to the subset 

of raw data to be analysed. 

Each hmSILAC MS data file was analysed twice to identify Heavy and Light methyl-peptides 

separately. In the “Light” analysis, mono-methylation of K/R (+14.02 Da), di-methylation of 

K/R (+28.03 Da), tri-methylation of K (+42.04 Da) and oxidation of M (+15.99 Da) were 

specified as variable modifications, while Carbamidomethylation of Cysteine (+57.02 Da) was 

indicated as fixed modification. In the “Heavy” analysis, heavy mono-methylation of K/R 

(+18.03 Da), heavy di-methylation of K/R (+36.07 Da), heavy tri-methylation of K (+54.11 

Da) and oxidation of M were specified as variable modifications, while 

Carbamydomethylation of Cysteine and isotope-labelled Methionine (M4; +4.022 Da) were 

indicated as fixed modifications. Enzyme specificity was set to either Trypsin/P or 

LysargiNase. Upon re-analysis of the samples to identify non-canonical methyl-sites, the same 

parameters were indicated but mono-methylation (heavy or light) was allowed on K, R, D, E, 

H, Q, N, S and T. 

For the analysis of non-canonical methylation sites on histones, MS raw data were also 

analysed twice. Mono-methylation (light or heavy) was allowed on K, R, D, E, H, Q, N, S and 

T and we included K acetylation (+42.01 Da) as a variable modification to address the fact 

that this modification is very abundant and likely coexists with methylation on histones. 

Enzyme specificity was set to Trypsin/P, ArgC, LysC or LysargiNase. Finally, to reduce 

search complexity, a database containing only human histone sequences was used. 

4.4.2. Validation of methyl-peptides with hmSEEKER 2.0 

Identification of light and heavy methyl-peptides doublets was carried out with hmSEEKER 

[111]. Methyl-peptides identified by MaxQuant were filtered to only retain peptides with 

Andromeda Score >25, Delta Score >12 and Localization Probability of the methylation sites 

>0.75. hmSILAC doublets were reconstructed with hmSEEKER. Initially, hmSILAC v1.0 

called a methyl-peptide doublet when two peaks had the same charge, |ME| < 2 ppm, |dRT| < 

0.5 min and |LogRatio| < 1. The Machine Learning model developed in this study within 

hmSEEKER v2.0 was trained using Python package Scikit-learn v0.23.1, as described in 

chapter 5.1.1. 

4.4.3. SILAC methyl-peptides identification 
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MS raw data were analysed using the integrated MaxQuant software v1.3.0.5 or v1.5.2.8. 

Global parameters were the same the same as the hmSILAC analysis. In the group-specific 

parameters section, we indicated K8+R10 and/or K4+R6 as SILAC labels; N-terminal 

acetylation (+42.01 Da), M oxidation, mono-methyl-K/R and di-methyl-K/R as variable 

modifications; Carbamidomethylation of C as fixed modification. Enzyme specificity was set 

to Trypsin/P. 

4.4.4. Quantitative analysis of SILAC methyl-proteomics data 

The MaxQuant evidence.txt file was first filtered: potential contaminants and reverse 

sequences were removed; methyl-peptides were required to have an Andromeda score >25 and 

individual modifications were required to have a Localization Probability >0.75. For the 

methyl-peptides quantified more than once, the median SILAC ratio was calculated. Then, 

methyl-peptide SILAC ratios were normalized on the respective protein SILAC ratios 

calculated using unmodified peptides in the “input” experiments. To determine which methyl-

peptides were significantly up- or down-regulated by each stimulus, the mean (μ) and standard 

deviation (σ) of the distribution of the unmodified peptide SILAC ratios (which are expected 

not to change) was calculated and a μ±2σ cut-off was applied to the distributions of the 

modified peptides of the respective experiment. 

4.4.5. Detection of SDMA- and ADMA-specific neutral losses 

To search for symmetric and asymmetric arginine methylations within the hmSILAC peptide 

sequences, we configured MaxQuant by adding the neutral losses of light 

monomethylamine/dimethylamine [NH2CH3, 31.04 Da; NH(CH3)2, 45.06 Da] (Figure 14A) 

and heavy monomethylamine/dimethylamine [NH2(13CD3), 35.06 Da; NH(13CD3)2, 53.10 Da] 

(Figure 14B) to the variable modifications di-methyl-K/R and di-methyl4-K/R, respectively. 
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Figure 14. Schematic representation of how neutral losses arise from MS/MS 

fragmentation of di-methyl-R. A) Fragmentation of the guanidino group of MMA and SDMA 

residues releases monomethylammine. B) Fragmentation of the guanidino group of ADMA 

residues releases dimethylammine. Adapted from [31]. 

To search for symmetric and asymmetric arginine methylations within the SILAC dataset, we 

configured MaxQuant by adding the neutral losses of light monomethylamine/dimethylamine 

[NH2CH3, 31.04 Da; NH(CH3)2, 45.05 Da] and loss of heavy monomethylamine/ 

dimethylamine [15NH2CH3, 32.04 Da; 15NH(CH3)2, 46.05 Da] to the variable modification di-

methyl-R. 

MaxQuant viewer was used for manual inspection of the MS/MS spectra of the identified 

dimethylated peptides to check the presence. 

4.4.6. Unrestrictive analysis of histone MS data with ionbot 

MS raw data were analyzed with ionbot [77], a novel search engine developed by the group of 

Lennart Martens at Ghent University. The “Unexpected modification search” and “Mutation 

search” options of IonBot were activated and peptides were searched against a database of 

human proteins. An in-house Perl script was then used to remove results decoy peptides and 

peptides with q-value >0.01 from ionbot results and map identified PTMs onto histone 

proteins. Identified amino acid substitutions were submitted to Mechismo to predict their 

functional implications. 
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4.5. Functional and structural analysis of the ProMetheusDB 

Motif analysis was done using pLogo [112]. Sequence windows centred on regulated (or 

unchanging) R-methyl-sites were submitted as foreground; sequence windows centred on all 

identified R-methyl-sites (including non-quantified ones) were submitted as background; the 

resulting position weight matrices were then downloaded and visualized with the Logomaker 

Python package [113]. Functional enrichment analysis was performed using the “gprofiler2” R 

package [114]; Gene Ontology terms, Reactome [115] and KEGG pathways, and CORUM 

complexes were used as data sources; only the most significant, non-redundant terms are 

reported in the figures. Overlap of the annotated R-methyl-sites with InterPro domains [116] 

was performed with an in-house Python script; the InterPro database was filtered to include 

only regions classified as “Domain” or “Homologous superfamily”. Mapping of modification 

sites on interaction surfaces was performed with the Mechismo web application [117], with a 

stringency threshold set to “medium”. The database of currently annotated phosphorylation 

sites was downloaded on 05-28-19 from Phosphosite Plus [118]. Protein:protein functional 

interaction networks were generated within Cytoscape [119] using the Reactome plugin; 

protein:protein physical interactions were downloaded from the IMEX database [120]; 

network analysis was performed with Cytoscape and the Python package Pyntacle [121]. 

Fisher’s exact tests were performed with the Scipy package in Python. Bar plots and box plots 

were generated with the Seaborn package in Python, network displays were generated in 

Cytoscape and the UpSets plot representation of methylation sites on proteins was generated 

with R. 

4.6. Protein immunoprecipitation (IP) of NONO and Western Blot 

(WB) analysis of its R methylation state and co-IP of PSPC1 

IP of NONO was performed starting from 1mg of HeLa whole-cell extract (WCE). Briefly, 

30e6 HeLa cells were harvested, washed twice with cold PBS and re-suspended in 2 volumes 

of RIPA Buffer (10 mM Tris pH 8, 150 nM NaCl, 0.1 % SDS, 1 % Triton, 1mM EDTA, 0.1% 

Na-Deoxycholate, 1mM PMSF, 1mM DTT and 1x Protease and Phosphatase Inhibitors 

cocktail (Roche), supplemented with 10 kU of Benzonase (Merck Life Science)). The 

suspension was rotated on a wheel for 45 min at RT (vortex every 10 min), centrifuged at 

12.000 g for 1h at 4°C and the supernatant was transferred into a new Eppendorf tube. Proteins 

were quantified by BCA colourimetric assay (Pierce BCA Protein assay kit) and 1 mg of WCE 
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was used for the IP, 8% of which was saved as Input (80 µg to be divided into 4 SDS-PAGE 

gels). The WCE used for the IP was rotated at 4°C overnight with 4µg of anti-NONO/p54 (sc-

376865 Santa Cruz). G-protein-coupled magnetic beads (Dynabeads, Thermo Fisher 

Scientific) were saturated with a blocking solution (0.5% BSA) and rotated at 4°C overnight 

on a wheel. The following day, the beads were added to the lysate in 1: 100 proportion with 

the primary antibodies and incubated for 3 hours at 4°C on the wheel; the captured complexes 

were washed 4 times with the RIPA Buffer and then incubated 10 min at 95° with LSD 

Sample Buffer (2X) supplemented with 100 mM DTT to elute the immunoprecipitated 

proteins. Equal protein amounts were separated by SDS-PAGE electrophoresis (Nupage 

Novex 4-12% Bis-tris Gel 1.5 mm, Thermo Fisher) and transferred on Transfer membrane 

(Immobilon-P, Merck Millipore) by wet-transfer method. Membrane blocking was performed 

with 10% BSA/TBS 0.1% Tween-20 for 1h at RT and followed by overnight incubation with 

the selected primary antibodies and subsequent incubation with the HRP-conjugated 

secondary antibodies (Cell Signaling Technology) for 1h at RT. Proteins were detected by 

ECL (Bio-Rad). The following primary antibodies were used: 

• anti-NONO (SC-376865, 1:500) was purchased from Santa Cruz; 

• anti-ADMA (ASYM24 07-414, 1:1000) and anti-SDMA (SYM10 07-412, 1:2000) 

were purchased from Millipore; 

• anti-MMA (D5A12; 1:1000) was purchased from Cell Signaling Technology 

• anti-PSPC1 (A302-461, 1:5000) were purchased from Bethyl Laboratories; 

• anti-GAPDH (Ab9484, 1:3000) was purchased from Abcam. 

Quantification of the signal intensity for each band was performed by Fiji software [122] and 

signal intensity was normalized at 4 different levels: 

• quantification of NONO in the Input was normalized on GAPDH (as loading control); 

• quantification of NONO in its IP was normalized on the previous normalized input for 

each condition; 

• R methylation (MMA, ADMA or SDMA) and PSPC1 signals were normalized on the 

amount of normalized NONO in the IP; 

• signal intensity in MS023 condition was normalized on DMSO (untreated). 
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5. RESULTS 

5.1. Annotation of hmSILAC-validated methyl-proteome 

5.1.1. Implementation of Machine learning into hmSEEKER 2.0 

Heavy methyl SEEKER (hmSEEKER) is a computational tool we first published in 2019 with 

the aim of providing the research community with a new method to identify methyl-peptides 

from hmSILAC MS data [111]. hmSEEKER distinguished true hmSILAC doublets from false 

positives based on their retention time difference (dRT), their log-transformed intensity ratio 

(LogRratio) and the difference between expected and observed mass shift (Mass Error, ME). 

In the initial version of hmSEEKER, the cut-offs for these parameters were provided by the 

users and if no cut-off values were specified, the tool would perform the analysis with its 

default cut-offs. To calculate optimal default cut-offs, we generated a dataset of M-containing 

peptides that did not bear any methylation, labelled “True positives”; in fact, the labelling with 
13CD3-M causes M-containing peptides to generate hmSILAC doublets that have the same 

properties as those generated by methyl-peptides (Figure 15A). To model “True Negatives”, 

we created a second dataset of unmodified peptides that did not contain M and randomly 

assigned methylations to them, to mimic an erroneous identification by MaxQuant (Figure 

15B). The datasets were then analyzed and hmSEEKER parameters were manually adjusted to 

maximize the number of “True peptides” recovered while minimizing the number of “True 

negative” identifications [111]. 
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Figure 15. Schematic representation of hmSEEKER workflow. A) Schematic representation 

of true positive and true negative doublets. Our rationale for optimizing hmSEEKER 

parameters, which was later also deployed for training the machine learning model, was that 

M-containing peptides produce hmSILAC doublets that are indistinguishable from those 

generated by methyl-peptides. B) Schematic representation of the hmSEEKER workflow upon 

metabolic labelling with stable-isotope encoded Methionine (M). Cells grown in “light” (M0) 

and “heavy” (M4) media are mixed 1:1, then proteins are extracted, digested and analyzed by 

LC-MS/MS. MaxQuant detects MS1 peaks in the MS raw data. Peaks with an associated MS2 

spectrum are processed by the database search engine Andromeda to obtain peptide 

identification. The hmSEEKER software reads MaxQuant peptide identifications and, for each 

methyl-peptide that passes the quality filtering, finds its corresponding MS1 peak, then 
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searches its heavy/light counterpart. A peak doublet is defined by the difference in the 

retention time, the intensity ratio and the deviation between expected and observed m/z delta; 

these three parameters are used to predict if the peak pair is a real hmSILAC doublet or a 

false positive. 

However, the default parameters we defined were very conservative and while they resulted in 

a low FDR, they also showed a suboptimal sensitivity. To address this point and improve the 

performance of hmSEEKER, we trained a machine-learning (ML) logistic regression model to 

discriminate between putative true and putative false hmSILAC doublets without relying on 

user-defined criteria. This model allowed us to increase the number of hmSILAC-validated 

methyl-peptides in our dataset without compromising the FDR and provides more rigorous 

criteria for the identification of hmSILAC doublets compared to the empirical cut-offs. To 

obtain a dataset for training the model, we followed the same strategy employed previously in 

Massignani et al., i.e. using M-containing peptides as “mock methyl-peptides” and the rest of 

the unmodified peptides as “negative control”. The “True positive” and “True negative” 

peptides were processed with hmSEEKER using the following cut-offs: |ME|< 100 ppm, |dRT| 

< 25 and |LogRatio| < 25. These cut-offs allowed us to retrieve as many putative doublets as 

possible, to have enough data for the training of the model. Doublets generated by a “mock 

methyl-peptide” were then filtered to only include the so-called “Matched” doublets (i.e. those 

where both heavy and light peptide are identified, which are the most confident) and labelled 

as “True” (n=4434); doublets generated by a “true negative” peptide were labelled “False” 

(n=3618). In total, the dataset used to train the predictor consisted of 8052 doublets.  

The independent variables (features) used within the Logistic Regression model were the ME, 

dRT and LogRatio; the dependent variable was whether the doublet was a true hmSILAC 

doublet (“True”) or a random peak pair (“False”). After plotting the model learning curve to 

estimate the optimal training set size (Figure 16A) the model was trained on 6000 doublets 

(3000 True + 3000 False) using stratified five-fold cross-validation. During the training 

process, to reduce the impact of potential outliers, we applied a quantile transformation to the 

features, which were then normalized based on their median and IQR values. Moreover, we 

observed that taking the absolute values of the features improved the performance of the 

model, allowing it to reach an area under the ROC curve >0.99 (Figure 16B). Inspection of the 

logistic regression coefficients revealed that ME was the most important feature in 
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distinguishing true and false doublets as it had the largest absolute weight (-5.393), followed 

by LogRatio (weight: -3.067), whereas dRT (weight: -0.927) appeared to be the least 

important (Figure 16C). Upon validation of the model on the remaining 2052 doublets, we 

found that only 40 (<2%) doublets were incorrectly labelled by the logistic regression (Figure 

16D). 

We then tested whether the inclusion of the ML model improved hmSEEKER v1.0 

performance by comparing it to the default cut-offs defined in [111]: the entire set of 8052 

doublets used for the training of the model was reanalysed twice, first with the default cut-offs 

(i.e. |ME| < 2 ppm, |dRT| < 0.5 min, |LogRatio| < 1) and then by using the model predictions. 

The logistic regression showed an increase in sensitivity and accuracy and a negligible 

reduction in specificity and precision; the metrics F1 score and Matthew’s Correlation 

Coefficient (MCC) were also improved upon applying the model (Figure 16E). Overall, these 

results prove our initial suspicion that the initial cut-offs were very conservative.  
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Figure 16. Training and evaluation of the Machine Learning model within hmSEEKER 

v2.0. A) The optimal training set size was determined by plotting the model learning curve, 

which reaches a plateau when the training set size is ~6000. B) Receiving Operator 

Characteristics (ROC) curves obtained by testing the models trained by using either the raw 

or absolute value of the features. C) Representation of the ML model weights with (blue) and 

without (red) taking the absolute values of the features. D) Confusion matrix generated by 
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applying the model to the validation set. E) Comparison of the performance of hmSEEKER 

with (New ML Model) and without (Old Cut-offs) the ML predictor (*MCC = Matthews 

correlation coefficient). 

5.1.2. Re-annotation of the human methyl-proteome with hmSEEKER v2.0 

We first applied hmSEEKER v1.0 as described in [111] to our hmSILAC data. Briefly, the 

data consisted of samples from four different cell lines (HeLa, SK-OV-3, NB4 and U2OS) 

which were subjected to different biochemical pipelines before LC-MS/MS, such as immuno-

enrichment of methyl-peptides with CST PTMScan kits or immuno-enrichment of proteins 

with antibodies against methyl-R, methyl-K or Large Drosha Complex (LDC) components 

(Figure 17A, Table 1). These enrichment methods were combined with separation techniques 

such as polyacrylamide gel electrophoresis, isoelectric focusing and HpH-RP liquid 

chromatography to reduce sample complexity and further boost the identification of methyl-

peptides). Samples were then acquired on a Q Exactive orbitrap instrument and the resulting 

MS raw data were processed with MaxQuant to identify R- and K-methyl-sites. 

The high-confidence methyl-proteome obtained from hmSEEKER v1.0 contained 2174 

methyl-peptides, mapping to 490 different proteins, which carried a total of 1324 methyl-sites 

and 1735 methylation events (Figure 17B, left). 

By re-analysing the hmSILAC dataset with hmSEEKER v2.0, we annotated 2688 methyl-

peptides mapping on 703 proteins and 2191 methylation events distributed on 1750 methyl-

sites. Overall, we were able to identify 23% more methyl-peptides, 32% more methyl-sites and 

26% more methylation events (Figure 17B, right). 
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Figure 17. Annotation of the human methyl-proteome with hmSEEKER 2.0. A) Summary of 

hmSILAC experiments analyzed. B) Composition of the high-confidence hmSILAC R-methyl-

proteome before (left) and after (right) the implementation of the machine learning model. 

5.2. Analysis of Dynamic SILAC 

To understand the role of methylation in cancer cells, the analysis of the hmSILAC data was 

paralleled by SILAC-based methyl-proteomics experiments, which were performed by my 

colleagues in the Bonaldi group (Table 2). 

5.2.1. Relocalization of PRMT1 to chromatin upon genotoxic stress 

To investigate the role of R methylation in the response to cisplatin (CDDP, a crosslinking 

agent that induces replicative stress) in ovarian cancer cells, we carried out three independent 

R-methyl-proteomics experiments, each in two replicates (forward and reverse). By combining 

SILAC labelling, immunoenrichment with anti-pan-MMA and ADMA antibodies, High-pH 

RP fractionation and MS-based analysis (Figure 18A), we reproducibly quantified 411 R-

methyl-peptides, mapping to 157 proteins and bearing 413 methylation events distributed on 

354 R-sites. The analysis of the six paired CDDP/untreated (CDDP/UT) experiments allowed 

defining statistically significant changes in R methylation induced by the drug, with 58 and 18 

R-methyl-peptides being significantly down- and up-regulated, respectively (Figure 18B). 

Motif analysis performed on these regulated peptides identified an RG/RGG motif that is 

known to be preferentially targeted by PRMTs, especially PRMT1 (Figure 18C). Moreover, 
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we found that most of the down-regulated methyl-peptides belong to stress granule proteins, 

such as G3BP1, hnRNPA1 and KHDRBS1. 

 

Figure 18. Methyl-proteome profiling of ovarian cancer cells upon CDDP treatment. A) 

Schematic representation of the experimental setup of SILAC labelling coupled with affinity 

enrichment of methyl-peptides, followed by MS analysis with MaxQuant software for methyl-

peptides identification and quantification. B) Bar graph showing the number of SILAC-

quantified methyl-sites grouped based on the modification level and the response to CDDP. 

DMA, methyl-sites exclusively di-methylated; MMA, methyl-sites exclusively mono-

methylated; MMA/DMA, methyl-sites found both mono- and di-methylated. C) Logo analysis 

of the methyl-sites regulated by CDDP, performed using as background random sequences 

from the human proteome. Adapted from [9]. 
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To address the PRMT1 dependency of the changes induced by CDDP, I compared the 

regulation of R-methyl-peptides elicited by CDDP in control and PRMT1-depleted cells. 

Unsupervised clustering of the peptides SILAC ratios in the different conditions (CDDP/UT, 

CDDP+KD/UT, CDDP+KD/CDDP) identified five methyl-peptides clusters corresponding to 

different regulation patterns (Figure 19): Cluster 1 includes peptides that are unresponsive in 

all conditions; Cluster 2 consists of methyl-peptides down-regulated by CDDP irrespective of 

PRMT1 KD; vice versa, cluster 3 consists of methyl-peptides down-regulated by PRMT1 KD 

irrespective of CDDP; Cluster 4 includes peptides that are down-regulated upon CDDP 

treatment but up-regulated by PRMT1 depletion, probably through substrates scavenging by 

other PRMTs; finally, Cluster 5 comprises peptides up-regulated by CDDP and reduced in 

PRMT1-depleted cells, a behaviour that identifies them as CDDP-responding specific targets 

of PRMT1. Our hypothesis that peptides in clusters 3 and 5 are bona fide targets of PRMT1 is 

corroborated by the fact that, while mono-methylated peptides were equally distributed in the 

five clusters, di-methylated peptides were mostly found in clusters 3 and 5; moreover, visual 

inspection of the MS/MS spectra of these peptides demonstrated that 70% of them carried the 

ADMA methylation mark. 
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Figure 19. PRMT1 dependency of CDDP-induced methyl-proteome changes. Unsupervised 

clustering analysis of the SILAC ratios of methyl peptides in response to CDDP and PRMT1 

knock-down reveals five major patterns of changes. Only methyl-peptides reproducibly 

identified in the forward and reverse experiments are shown. Adapted from [9]. 

Overall, this analysis showed that PRMT1-mediated protein methylation is involved in the 

cellular response observed upon CDDP treatment. Subsequent experiments revealed that the 

resistance of cancer cells to genotoxic stress caused by the CDDP treatment is indeed 

mediated by PRMT1 relocalization from the cytoplasm to chromatin. Briefly, phosphorylated 

PRMT1 is recruited to chromatin at sites of DNA damage, where it asymmetrically di-

methylated histone H4 R3; the deposition of the H4R3me2a mark then triggers the expression 

of Senescence-Associated Secretory Phenotype (SASP) genes, which cause the arrest of the 

cell cycle and prevent apoptosis, eventually leading to cancer cells becoming resistant to 

chemotherapy. Hence, targeting PRMT1 by small molecule inhibitors may overcome SASP 
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genes activation and increase the effectiveness of CDDP-based cancer treatment. These results 

were published in [9]. 

5.2.2. Profiling of PRMT5 targets to uncover PRMT5 sequence specificity 

As the most active type II PRMT, PRMT5 has emerged as an attractive drug target in the last 

few years, and intense research has been devoted to designing selective and potent small-

molecule inhibitors targeting its methyltransferase activity. However, in-depth research on 

PRMT5 substrates to understand the consequences of its inhibition on the cellular methyl-

proteome was lagging. To fill this gap, we profiled PRMT5 substrates in a SILAC setup, using 

pan-methyl antibodies to enrich peptides carrying MMA and SDMA from total extracts of 

HeLa cells, treated with either the selective PRMT5 inhibitor GSK591 or its inactive structural 

analogue SGC20969. 

The experiment was carried out in two biological replicates, in forward and reverse 

experimental setups, in which SILAC labels were swapped among the two conditions. Upon 

MS acquisition and processing of the data through the MaxQuant algorithm, we robustly 

quantified in both biological replicates 686 R-methyl peptides, with 507 R-methyl-sites 

including 470 mono-methylations and 115 di-methylations, with 92 R that were identified as 

both mono- and di-methylated. 

The analysis of normalized methyl-peptide SILAC ratios revealed that the inhibition of the 

major type II PRMT had an overall mild effect on the R-methyl-proteome with only 86 

(12.9%) methyl-sites down-regulated and 56 (8.4%) up-regulated in both forward and reverse 

replicates (Figure 20A). The di-methylations were particularly enriched in the subset of 

peptides down-regulated by GSK591 (27.9%) compared to the up-regulated (21.4%) or the 

unchanging (20.7%) subsets, in line with the expected decrease of DMA following the 

inhibition of a type II PRMT. We also observed an increase of MMA on various sites 

paralleling a reduction in DMA at the same sites (Figure 20B). This suggests that the 

paradoxical increase of MMA after PRMT5 inhibition could actually result from the partial 

loss of SDMA at PRMT5 target sites. 
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Figure 20. Profiling of methylation changes in HeLa cells treated with PRMT5 inhibitor. A) 

Histogram indicating the number of R-sites carrying mono- and di-methylation within each 

group of sites differentially responding to GSK591. B) Bar graph displaying the opposite 

trend of response to GSK591 between mono- and di-methylation for the peptides carrying the 

indicated methylated R sites, as quantified in both forward and reverse experiments and 

expressed as log2-transformed SILAC ratios (PRMT5i/control). Adapted from [31]. 

To establish whether the methyl-sites changing upon GSK591 treatment display a specific 

sequence motif, we analyzed them with pLogo using the whole R-methyl-sites dataset as 

background. The motif analysis revealed that the regulated methyl peptides show significant 

enrichment for Glycine (G) residues at positions −1 and +1 with respect to the modified R 

(Figure 19, top). To ensure the analysis was not biased by the antibodies used to enrich the 

peptides, we also analysed regulated sites identified in the Input samples before the 

immunoenrichment: we found that G was still enriched at position −1 (Figure 19, bottom). 

This step confirmed that the GR/GRG motif was genuinely associated with the activity of 

PRMT5. 
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Figure 21. Motif analysis performed on GSK591-regulated methyl-sites. The analysis 

shows the overrepresentation of glycine residues at positions −1 and + 1 with respect to the 

methylated R in the peptides regulated by GSK591 (i.e. PRMT5 targets). 

Several proteins involved in interactions with DNA and RNA, as well as other proteins, 

present repetitive and intrinsically disordered regions that are rich in G and R residues (termed 

glycine-arginine-rich, or GAR, domains). Within these domains, RG and GR motifs often 

overlap with each other, generating GRG/GRGG motifs that could represent shared targets of 

PRMT1 and PRMT5. The GR sequence belongs to the family of arginine- and glycine-rich 

motifs, whose asymmetrical and symmetrical arginine di-methylation affects protein-DNA and 

protein-protein interactions. Hence, it is very likely that these RGG domains carry both 

ADMA and SDMA in human cells, making the selective immunoenrichment of one di-

methylation form over the other an indispensable step before LC-MS. 
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This observation prompted us to search for the neutral loss of monomethylamine and 

dimethylamine among the identified di-methylated peptides, as a way to distinguish the 

different di-methyl-R forms [123]. Notably, we identified the loss of monomethylamine in the 

MS2 spectra of all significantly down-regulated R-methyl peptides, confirming that they were 

true SDMA-bearing peptides (Figure 22). Conversely, the peptides displaying loss of 

dimethylamine, and not monomethylamine, were all found in the group of the ones 

unchanging upon PRMT5 inhibition. These results were published in [31]. 

 

Figure 22. Neutral losses identified in the dimethyl-R-peptides MS/MS spectra. The bar 

graph showing the number of R-methyl peptides displaying the neutral loss of 

monomethylamine (derived from SDMA) or dimethylamine (derived from ADMA) in the 

subsets of the GSK591-responding or not regulated. Adapted from [31]. 

5.2.3. Targeting of RNA Splicing Catalysis through PRMTs inhibition 

The observation that RNA splicing factors (SFs) are often mutated in cancer has led to clinical 

efforts to treat drug-resistant leukaemia with inhibitors of the spliceosome [124]. To uncover 

new means to therapeutically impact the process of splicing, our collaborators from the group 

of Ernesto Guccione sought to identify proteins with functional relationships to components of 

the core splicing machinery. In line with the notion that RNA-binding proteins (RBPs), 

including many SFs, are R-methylated, the specific PRMT5 inhibitor GSK591 and the type I 

PRMTs inhibitor MS023 emerged as promising candidates due to their capability to 

preferentially kill SF-mutant cells over their wild-type (WT) counterparts. Given these 

premises, we set out to explore the mechanistic basis for the link between inhibition of R 

methylation and its effects on SF-mutant leukaemia. 

In brief, we performed two pairs of SILAC experiments (forward and reverse). In the forward 

experiments, cells cultured in the medium complemented with heavy-labelled Arginine and 
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Lysine were treated with GSK591 or MS023, while cells cultured with light amino acids were 

treated with vehicle; in the reverse experiments, the culture media were swapped. We 

quantified a total of 391 and 735 R-methyl-peptides in the GSK591 and MS023 experiments, 

respectively. Specifically, in the GSK591 treatment experiment, we found 299 peptides 

bearing MMA, 40 bearing DMA, and 52 bearing both modifications; in the MS023 

experiment, we found 433 MMA peptides, 200 DMA peptides, and 102 peptides bearing both 

modifications. In total, these peptides carried 1188 R methylation events and were distributed 

on 219 different proteins. Analysis of the R-methyl-peptide SILAC ratios, normalized by the 

respective protein ratios, revealed that both MS023 and GSK591 caused a prominent down-

regulation of methylation, with 135 (16%) and 49 (15%) methyl-peptides being significantly 

decreased, while only 97 (11%) and 4 (1%) were up-regulated, respectively (Figure 23). 

 

Figure 23. Heatmap of log2 SILAC ratios of each methyl-peptide identified and quantified 

from the SILAC experiment. 

Motif analysis of the regulated peptides revealed that G was enriched around the methylation 

sites, as expected from sites that are targeted by PRMT1 and PRMT5 (Figure 24). This 

analysis also corroborated our previous finding that PRMT5 preferentially targets R-sites with 



64 
 

a G in position -1 (i.e. GR/GRG motifs), whereas PRMT1 and the other type I PRMTs target 

mostly RG/RGG motifs. 

 

Figure 24. Motif analysis performed on methyl-sites regulated upon treatment with MS023 

or GSK591. The results indicate the consensus sequences significantly enriched in the methyl-

peptides regulated by MS023 (left) or GSK591 (right). 

Building on these preliminary results, our collaborators from the Guccione group assessed the 

effect of combinatorial treatment of SF-mutant leukaemia cells with MS023 and GSK591. The 

treatment induced a unique pattern of splicing alterations that caused the mutant cells to 

undergo apoptosis. These results were published in [10]. 

5.2.4. Impact of PRMT1 modulation on microRNA biogenesis 

Our group’s preliminary data [125] revealed for the first time that many protein components of 

the Large Drosha Complex (LDC) were methylated. The LDC consists of RBPs that comprise 

the DEAD-box helicases DDX5 and DDX17 (also known as p68 and p72, respectively), 

several heterogeneous ribonucleoproteins (hnRNPs), the FET protein family EWSR, and other 

factors [126]. At the core of the LDC is the Microprocessor, a smaller complex formed by type 

III RNase Drosha, which processes primary miRNAs (pri-miRNAs) into precursor miRNAs 

(pre-miRNAs), and its interacting partner DGCR8, which binds the pri-miRNA. Notably, 

some LDC components such as ILF3, EWSR1, FUS and TAF15 were already known to be 

targets of PRMT1 [127,128], and R methylation is known to affect protein:protein and 

protein:RNA interactions. Based on this initial evidence, we performed a more in-depth 

analysis of R methylations within the LDC in order to understand how this PTM can regulate 

miRNA biogenesis. 
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We analysed the MS/MS spectra of the hmSILAC peptides detected in the LDC protein IP 

experiments and found that the majority of R di-methylations on LDC components are ADMA 

(Figure 25), pointing towards the involvement of the major type I PRMT, PRMT1, in the 

regulation of the complex activity and composition. This was later confirmed by observing a 

down-regulation of the miR-15a/16 and miR-17-92 miRNA clusters, whose deregulation was 

already associated with deregulation of some Microprocessor-associated proteins [129], in 

PRMT1 knock-down HeLa cells. 

 

Figure 25. Composition of the LDC methyl-proteome. Left) Overlap between mono- and di-

methyl-R-sites identified on the components of the LDC. Right) Overlap between MS/MS 

spectra of di-methyl-R-peptides displaying a neutral loss of dimethylammine (associated to 

ADMA) or monomethylammine (associated to SDMA). Adapted from [34]. 

To gain insights into the PRMT1-mediated regulation of the LDC activity we used SILAC to 

profile the composition and methylation state of the complex in PRMT1 knock-down (KD) or 

overexpressing (OE) HeLa cells (Figure 26A). After mixing, H and L cells were fractionated 

into nuclear and cytoplasmic extracts and a fraction of the nuclear extract was directly 

subjected to MS analysis for protein profiling of LDC. The rest was used as input to carry out 

three co-IPs in parallel, using DDX5, DGCR8 and FUS as baits. Each experiment was 

performed in three biological replicates. Although protein SILAC ratios indicated that the 

overall composition of the LDC was not altered upon PRMT1 modulation, 26 R-methyl-

peptides were significantly regulated. These peptides could be divided into two clusters: 

cluster A, which included peptides hyper-methylated upon PRMT1 KD and hypo-methylated 

upon PRMT1 OE, and cluster B, which instead comprised peptides hyper-methylated by 

PRMT1 OE and hypo-methylated by PRMT1 KD (Figure 26B). 
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Figure 26. Methyl-proteomics profiling of LDC components upon PRMT1 modulation. A) 

Schematic representation of the experiment. B) Heatmap representation of methyl-peptides 

SILAC rations in response to PRMT1 knock-down or overexpression. Adapted from [34]. 

Motif analysis revealed that peptides in cluster B were enriched for the RG and RGG motifs, 

whereas cluster A peptides were only enriched for the RG motif (Figure 27). Therefore, we 

hypothesize that peptides in cluster B might be specific targets of PRMT1 (as suggested by 

their dynamic changes upon modulation of the methyltransferase), while peptides in cluster A 

are shared substrates of many PRMTs and are subject to scavenging by other PRMTs when 

PRMT1 is depleted. Overall, we identified and characterized by quantitative proteomics 29 R-

methyl-sites on 8 LDC subunits (TAF15, FUS, EWSR1, ILF3, DDX3X, DDX3Y, DDX5 and 

DDX17) that are significantly regulated in dependence of PRMT1. Also, cluster B included 

peptides from DDX17, DDX3X, DDX5 and HNRNPH1 proteins, which we identify as novel 

targets of PRMT1. These results were published in [34]. 
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Figure 27. Motif analysis of methyl-peptides regulated upon PRMT1 modulation. Peptides 

in cluster B show a stronger enrichment of G in position +2 compared to peptides in cluster A, 

suggesting that they are specific targets of PRMT1. 

5.3. Integration of SILAC and hmSILAC into ProMetheusDB 

Upon completing the analysis of methyl-proteome changes in response to CDDP treatment, 

PRMT1 modulation, and PRMT5 and type I PRMTs inhibition, we integrated the “static” 

hmSILAC database with “dynamic” data from the SILAC experiments (summarized in Figure 

28A). Notably, we included the final database, which was named ProMetheusDB, all the 

significantly regulated methyl-peptides quantified in the SILAC that were not already 

identified in the hmSILAC experiments. This was done under the assumption that methyl-

peptides displaying statistically significant changes to a biological stimulus are likely to be 

enzymatic, whereas amino acid substitutions and chemical artefacts introduced by sample 

preparation should remain unaffected by perturbations. We thus obtained a final, larger dataset 

consisting of 2865 methyl-peptides, 723 methyl-proteins, 1814 methyl-sites and 2271 

methylation events, which corresponds to our reference ProMetheusDB dataset of MS-

identified high-quality K/R-methylations (Figure 28B, left).  
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Figure 28. Integration of SILAC and hmSILAC datasets to generate ProMetheusDB. A) 

Summary of SILAC experiments used to integrate our high-confidence methyl-proteome. Only 

peptides that were significantly regulated in one or more experiments were included, based on 

the assumption that dynamically regulated peptides are unlikely to be artefacts. B) 

Composition of the R-methyl-proteome after inclusion of the regulated SILAC methyl-peptides. 

To characterise the features of ProMetheusDB, we first checked its composition in terms of K 

and R methylation events. To avoid misassignment of R methylation events to K, and vice 

versa, K methylation was included in the MaxQuant database search; however, we expected 

the overall coverage of the R-methyl-proteome in the ProMetheusDB to be much larger than 

that of K-methyl-proteome, due to the employment of antibodies raised against methyl-Rs in 

most of our experiments. We identified 113 proteins bearing K-methyl-sites or combinations 

of K- and R-methyl-sites (Figure 29A), although peptides on which K and R methylation 

coexist were overall quite rare (n=88, Figure 29B), suggesting that K- and R-methyl-sites are 

not necessarily neighbouring but rather located in different protein regions. Subsequent 

analyses were focused on the R-methyl-proteome, which included 2482 R-methyl-peptides, 

590 proteins, 1472 R-sites and 1874 R-modification (Figure 28B, right).  

Afterwards, we asked how many peptides of the “R-methyl-peptides only” dataset were 

identified in the hmSILAC and SILAC experiments (Figure 29C) and found that most of the 

R-methyl-peptides were identified in the hmSILAC data (1945) or both (364); overall, the 

SILAC data contributes to 173 R-methyl-peptides (7% of the entire R-methyl-proteome). In 

addition, we compared the R-methyl-sites in ProMetheusDB to the hmSILAC-validated R-
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methyl-sites in PhosphositePlus. We found that 752 (51%) of the sites in ProMetheusDB are 

already annotated, while the remaining 720 (49%) are novel (figure 29D). To uncover a 

possible cross-talk between the two degrees of R methylation, we compared the identified 

mono-methyl-sites and di-methyl-sites and observed that, of the total 1478 R sites, 783 are 

only mono-methylated, 290 are only di-methylated and 405 are identified in both forms 

(Figure 29E).  

 

Figure 29. Analysis of the composition of ProMetheusDB. A-B) Overlap between R-

methylated and K-methylated peptides and proteins, respectively. C) Comparison between 

methyl-peptides identified with high confidence in the hmSILAC and SILAC experiments. D) 

Venn diagram comparing R-methyl-peptides in ProMetheusDB and annotated in Phosphosite 

Plus. E) Venn diagram comparing R-methyl-sites that have been identified as mono- or di-

methylated. 

To verify if these counts of mono- and di-methylated R residues reflected a bias in the sample 

preparation protocol, we grouped our experiments based on whether the anti-pan-R-methyl 

antibodies from CST PTMScan kits were used for methyl-peptides enrichment before MS. 
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Indeed, we observed that mono- and di-methyl-R sites were equally represented when no 

affinity enrichment of R methylations was performed (Figure 30). 

 

Figure 30. Bar chart displaying the fraction of methylation marks identified in each sub-

category of hmSILAC experiments. Numbers on top of each bar indicate the total number of 

modifications annotated. 

5.4. Functional analysis of the R-methyl-proteome 

To explore the potential impact of protein R methylation on cellular processes, we used 

Cytoscape to generate a network of protein functional interactions, starting from the full list of 

R-methyl-proteins included in our final ProMetheusDB. Clustering analysis highlighted the 

presence of eight protein clusters enriched for distinct biological pathways (Figure 31): the 

largest cluster includes several components of the spliceosome and other proteins involved in 

mRNA processing, for a total of over 100 proteins (Figure 29), confirming the known role of 

R methylation in RNA metabolism that has been already described by both our group and 

others [10,34,130]. The remaining clusters included around 20-30 proteins each and were 

enriched for terms such as “DNA-binding transcription factor activity”, “Lipid metabolism”, 

“Cytoskeleton” and “Mitotic Anaphase and Metaphase”, “Fc Gamma receptor (FCGR)-
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dependent phagocytosis”, “Translation”, “Antigen processing” and “Chromatin organization” 

(Figure 32). 

 

Figure 31. Protein clusters identified in the functional interaction network of R-methylated 

proteins. Larger nodes represent proteins with 5 or more methylation sites, while red borders 

highlight proteins bearing regulated methylation sites. 
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Figure 32. Functional enrichment of protein within each cluster. The top 5 most enriched 

functional terms for each protein cluster are shown (GO:BP = Gene ontology biological 

processes; GO:CC = gene ontology cellular component; GO:MF = Gene ontology molecular 

function; REAC = Reactome pathways). 

Having previously observed a strong tendency of methylated proteins to be part of complexes 

[125], we asked whether this observation still held in the newly annotated, expanded methyl-

proteome: we found that hyper-methylated proteins (bearing five or more R methyl-sites) 

presented significantly higher node degree and network centrality, not only compared to 

unmethylated proteins (detected in the Input samples) but also to hypo-methylated ones 

(presenting one or two R-methyl-sites) (Figure 33). 
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Figure 33. Network topology analysis to compare unmethylated, hypo-methylated and 

hyper-methylated proteins. Boxen plot representation of node degree and closeness centrality 

for each category of proteins. The degree and centrality of proteins increase at increasing 

numbers of R-methyl-sites (p-values calculated with Kruskal-Wallis test). The analysis was 

initially performed on a network of functional interactions and the results were later 

corroborated by repeating the analysis on a network of physical interactions. 

As expected, several high-centrality, hyper-methylated proteins are known RBPs, such as 

RBMX, NONO, various ribosomal proteins, nucleolin and several HNRNPs [131]; yet, we 

find interesting the presence of R-methyl-proteins in pathways related to lipid metabolism, 

cytoskeleton organization and phagocytosis. These proteins include the stress granule 

nucleator G3BP1, which is also part of DNA/RNA-sensing pathways implicated in the 

regulation of innate immunity [132,133]; the cytoskeletal protein Actin (ACTB); the nuclear 

receptors NCOA2 and NCOA3, that are involved in metabolism, inflammation and adipocytes 

differentiation [134]; CUL1, a component of several E3 ubiquitin-protein ligase complexes 

[135]; SMARCA5, a helicase whose nucleosome-remodelling activity has a role in 

transcription, phosphorylation of H2AX, and maintenance of chromatin structures during 

DNA replication [136]. When taken together, these proteins and pathways suggest a role of R 

methylation in innate and adaptive immunity, in line with evidence linking PRMT1 to 

macrophage differentiation and apoptosis, inflammation and cytokine production [137-139].  

Moreover, although all the cited proteins were already known to be methylated, we found 

several novel R-methyl-sites on RBMX (R383, R388), NONO (R142), SMARCA5 (R616), 

HSP90B1 (R51, R557) and ACTB (R206, R312). 
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As a further analysis, we integrated the network with the quantitative data on methylation 

dynamics obtained from the SILAC experiments, to identify which proteins present at least 

one R-methyl-site that is significantly regulated in at least one SILAC experiment (i.e. 

regulated in the same way in one pair of Forward and Reverse replicates) in response to 

different perturbations. Proteins featuring at least one significantly regulated R-site show 

higher node degree and centrality in the network (Figure 34). 

 

Figure 34. Network topology analysis to compare proteins bearing significantly regulated R-

methyl-sites or not. Boxen plot representation of node degree and closeness centrality for 

each category of proteins. Proteins bearing at least 1 regulated R-methyl-site have a 

significantly higher degree and network centrality than the rest (p-values calculated with 

Mann-Whitney test). The analysis was initially performed on a network of functional 

interactions and the results were later corroborated by repeating the analysis on a network of 

physical interactions. 

In addition, we observed that this group of proteins is also enriched for gene ontology terms 

like “RNA binding”, “RNA splicing” and “nucleic acid transport” (Figure 35, top), whereas 

proteins without regulated methylations were not enriched for any specific category (Figure 

35, bottom). This result may suggest that there are two categories of R-methyl-sites: one 

includes sites that play a role in the regulation of protein-RNA interactions while the other 

comprises “structural” methylations, which are unperturbed by biological stimuli and occur on 

a wider range of proteins. 
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Figure 35. Functional enrichment of proteins being regulates R-methyl-sites (top) or not 

(bottom) 

RBPs are often involved in the process of Liquid-Liquid Phase Separation (LLPS). To see if 

there was a connection between this process and R methylation, we intersected 

ProMetheusDB with PhaSepDB, a database of proteins that are involved in LLPS. We found 

that more than half of the proteins in our database were also annotated as part of one MLO 

inside PhaSepDB, reinforcing the concept that R methylation is crucial for MLOs assembly 

(Figure 36).  
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Figure 36. Intersection of PhaSepDB and ProMetheusDB. 57% of R-methyl-proteins are 

involved in the process of liquid-liquid phase separation (LLPS). 

Finally, having already observed during the analysis of the individual SILAC experiments that 

the major type I and II PRMTs (PRMT1 and PRMT5) preferentially target R-sites within 

glycine/arginine-rich (GAR) motifs, we repeated the motif analysis on the overall database. 

We found that regulated sites are surrounded by G residues, indicating that they are 

methylated by PRMT1 and PRMT5 (Figure 37, left). Instead, R-methyl-sites that emerged as 

unchanging in the different functional states did not produce a significant enrichment for any 

amino acid consensus motif (Figure 37, right): this result may suggest that unchanging 

methylations are deposed by methyltransferases other than the best-known ones, which may 

recognize different sequence motifs, yet to be characterised. 

 

Figure 37. Motif analysis performed on significantly regulated (left) and unchanging 

(righty) R-sites. Logos were generated using the full list of identified methyl-sites as 

background. 
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5.5. Structural analysis of R-methyl-protein regions 

In the last two decades, growing evidence indicated that intrinsically disordered regions of 

proteins play a role in different processes (such as protein-protein and protein-nucleic acid 

interactions and LLPS) and are often regulated by PTMs [140-142]. Having previously 

observed the preferential localisation of R-methyl-site in unstructured regions, we wanted to 

verify whether the functional link between R methylation and specific protein structures could 

be confirmed in our large-scale, high-quality R-methyl-proteome. Hence, we overlapped the 

R-methyl-sites in the ProMetheusDB with disordered regions and domains annotated in 

MobiDB [143] and confirmed that the vast majority (77%) of the R-methyl-sites are indeed 

located in disordered regions. When we carried out the same analysis on a subset of 1500 non-

methylated R-sites, randomly extracted from the UniProt human proteome (version 2020_01), 

we observed a more even distribution between structured domains and disordered regions 

(Figure 38A). In fact, upon performing a Fisher’s exact test on the counts of methylated or 

unmodified R located in structured or disordered regions, we found that the distribution was 

not random; this result corroborates previous evidence that R-methyl-sites tend to occur much 

more frequently within low complexity and disordered regions. 

 

Figure 38. Structural analysis of R-methyl-sites. A) Counts of R-methyl-sites that occur in 

regions that are annotated as domains or disordered in the MobiDB database. Counts of 

Random R sites are also included as a comparison and a p-value was calculated with Fisher 

exact test. B) Counts of R-methyl-sites occurring on specific protein domains, as annotated in 

the InterPro database. 

Despite their low number, we focused on the 308 R-methyl-sites located in structured regions 

and mapped them to InterPro domains [116] to investigate their possible association with 
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specific protein structures. We found that most R-methyl-sites localize within “RNA Binding 

Domain” or “K Homology domain”, or on the “Fragile X mental retardation syndrome-

related” family of proteins (figure 38B). Besides the “RNA Binding Domain”, whose 

enrichment was expected, the K Homology domain is also mainly located in RBPs 

(specifically heterogeneous nuclear ribonucleoproteins, [144]) and the Fragile X mental 

retardation syndrome-related proteins also belong to the RBP family; hence, these results are 

consistent with the notion that RNA binding and processing are highly dependent on this 

PTM. 

We then set out to investigate the physical interaction of R-methyl-proteins with other types of 

biomolecules. To do so, we analysed ProMetheusDB using Mechismo, a web application that 

maps alterations of amino acid residues (induced by mutations or PTMs) onto protein crystal 

structures to identify modifications sites that putatively engage in physical interactions 

[117,145]. We identified 26 R-methyl-sites that were involved in a total of 65 interactions with 

nucleic acids (n = 11), chemical compounds (n = 7), other copies of the same protein (n = 5) 

and other proteins (n = 42) (Figure 39). The presence of more interactions with proteins rather 

than with nucleic acids for these modifications located in structured domains is surprising, 

given that methyl-proteins are enriched for RBPs, but it can be explained by the fact that many 

RBPs bind RNA through low complexity regions for which crystal structures are not available. 

Still, these results support the hypothesis that R methylation can also modulate interactions 

with biomolecules other than RNAs, such as protein:protein and protein:chemical.  
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Figure 39. Network obtained from Mechismo. Methyl-proteins in ProMetheusDB and their 

known or predicted interaction partners are shown. DNA/RNA and chemicals are highlighted 

in orange and green, respectively. R-methylated proteins are indicated by a blue border. 

We followed up the R-methyl-sites indicated by Mechismo analysis as putatively involved in 

protein-:rotein interactions: based on reports that methylation of the guanidino group of R can 

exert distinct effects on protein:protein interactions by reducing the number of hydrogen bond 

donors on this amino acid while also increasing its hydrophobicity [146], we hypothesized that 

methylation could, on the one hand, enhance interactions between R and hydrophobic residues 

and, on the other hand, inhibit the interactions between R and negatively charged amino acids. 

Based on this, we inspected the crystal structures of the methyl-proteins bound to their 

respective interactors that emerged from the Mechismo analysis, to formulate specific 

predictions on the impact of methylation on specific pairs of protein interactors.  

An interesting case study highlighted by the structural analysis is represented by the protein 

pair NONO:PSPC1, where R256 of NONO is found at the interface with PSPC1 (Figure 40A). 

We, therefore, assumed that methylation of R256 would increase its hydrophobicity, thus 

stabilizing the NONO: PSPC1 interaction interface, which also entails apolar residues such as 

L222 of PSPC1. To experimentally verify this prediction, we set up the NONO IP in HeLa 

cells and profiled PSCP1 co-immunoprecipitation efficiency, both in basal conditions and 

upon treatment with the PRMT type I inhibitor MS023, which typically leads to ADMA 

reduction and MMA/SDMA increase, depending on the enzyme processivity on a specific site 

and/or the scavenging effects by other PRMTs, already reported [147,148]. When we profiled 
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both NONO R methylation state and interaction with PSPC1, we observed that MS023 

induced the decrease of ADMA on NONO, with a parallel increase of MMA and - to a minor 

extent - of SDMA; in parallel, a mild increase of the amount of PSPC1 co-immunoprecipitated 

was also observed, which confirms that increased methylation levels favour NONO:PSPC1 

interaction (Figure 40B). 

 

Figure 40. Assessment of NONO:PSPC1 interaction dependency on R methylation. A) 

Crystal structure of NONO (orange) and PSPC1 (green) showing how R256 of NONO, which 

we identify as methylated, interacts with L222 of PSPC1, suggesting a potential role in the 

binding of the two proteins. B) IP of NONO and western blot (WB) analysis of NONO, its R 

methylation state and PSPC1 co-IP, in cells untreated or MS023-treated. Increased levels of 

MMA and SDMA on NONO and of co-immunoprecipitated PSPC1 were observed upon 

MS023 treatment, compared to DMSO. Quantification of the signal intensity for each band 

was performed by Fiji software and normalized as described in Material & Methods. 
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5.6. Cross-talk between R methylation and S/T-Y phosphorylation  

The cross-talk between R methylation and S/T-Y phosphorylation has already been described 

in the literature and linked to the subcellular localization of proteins [149] and the promotion 

of stem-like properties in cancer [150]. Interestingly, phosphorylation and methylation share 

some features, such as both being localized in disordered protein regions and both being 

functionally linked to the modulation of protein-RNA interaction and LLPS [151-153]. To 

study this aspect more in-depth, we determined a 15-amino acid window, centred on each R-

methyl-site annotated in ProMetheusDB, then we downloaded the list of annotated 

phosphorylation sites from the Phosphosite Plus database [154] and assessed if phosphorylated 

residues are preferentially enriched within the methyl-R-centred sequence windows. We found 

that 706 (47.8%) of the 1478 R-methyl-sites in our dataset present an S, T or Y 

phosphorylation site within their respective 15-amino acid window (Figure 38). By repeating 

this analysis on 1500 R residues randomly selected from the human proteome, we observed 

that the proportion of sites featuring a phosphorylation site in the same 15-amino acid window 

was halved (356 sites, corresponding to 23.7%). This result indicates a statistically significant 

overrepresentation of phosphosites in the proximity of methyl-R compared to randomly 

selected R sites, and supports the idea of co-occurrence of these two PTMs (Figure 41A). We 

then expanded the analysis of possible cross-talk of R methylation with other PTMs and found 

that R-methyl-sites seem to significantly anti-correlate with the presence of a nearby K 

ubiquitination site, compared to the dataset of randomly selected R-sites (Figure 41B). Instead, 

the associations between R methylation and K acetylation or sumoylation are not statistically 

significant (Figure 41C-D). However, these observations shall be taken with caution because 

the numbers of acetylation, ubiquitination and sumoylation sites annotated in Phosphosite Plus 

is one order of magnitude lower than that of phosphosites thus introducing a potential bias in 

our analysis. Still, the co-presence of phosphorylation and methylation seems to be specific 

and not generically applicable to all annotated PTMs. 
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Figure 41. Counts of R-methyl-sites that occur in the proximity of a phosphorylation (A), 

ubiquitination (B), acetylation(C) or sumoylation (D) site. As a control, counts of randomly 

sampled R sites from the human proteome are also shown (p-values calculated by Fisher’s 

exact test). 

To understand whether this co-presence of methylation and phosphorylation was linked to a 

specific biological process, we performed GO analysis on the proteins showing a statistically 

significant co-presence of R-methyl-sites and phospho-S/T-Y sites. Overall, upon performing 

a functional enrichment using the entire list of proteins in ProMetheusDB as background, we 

found these proteins are even more strongly linked to RNA binding and splicing (Figure 42). 
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Figure 42. Functional terms enriched from proteins that display proximal R methylation 

and S/T-Y phosphorylation sites. (GO:BP = Gene ontology biological processes; GO:CC = 

gene ontology cellular component; GO:MF = Gene ontology molecular function; REAC = 

Reactome pathways; KEGG = KEGG pathways; CORUM = CORUM protein complexes.) 

Next, we asked whether the R-methyl-sites co-occurring with phosphosites are subject to more 

change in response to a biological stimulus than those that are not associated. We intersected 

the results of the cross-talk analysis with the dynamic information of the SILAC experiments, 

where we profiled methylation changes in response to type I PRMTs inhibition by MS023, 

cisplatin (CDDP) treatment and PRMT1 knock-down (KD) or overexpression (OE). Despite 

being very different stimuli, we expected to observe an effect on PRMT1 methylation targets 

in all cases, as it is the most active type I enzyme (and thus more affected by MS023 than 

other PRMTs) and CDDP treatment causes relocalization of PRMT1 to chromatin (therefore 

inducing a decrease in the methylation levels of cytosolic proteins). Interestingly, we found 

that phospho-S and phospho-Y sites seem to occur significantly more frequently in the 

proximity of methyl-sites that are MS023-regulated than of the non-regulated ones (Figure 

43A-B). We also observed that the R-methyl-sites unchanging upon either CDDP treatment or 

PRMT1 knock-down tend to present a phospho-T site in their surrounding 15-amino acid 

sequence window (Figure 43C-D). The different responses we observe to these stimuli suggest 

that there are multiple ways these PTMs can affect each other; these different mechanisms 

imply that non-histone proteins could be regulated by a “code” of modification similar to the 

one extensively described on histones.  
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Figure 43. Cross-talk between regulated R-methyl-sites and phosphorylation sites. The bar 

plots show counts of R-methyl-sites classified based on their regulation state upon different 

stimuli and their proximity to S/T-Y phosphorylation sites (p-values calculated by Fisher’s 

exact test). 

5.7. Methylation beyond K and R: hmSILAC-based detection of non-

canonical methylation sites 

Protein methylation has been observed not only on K and R but also on residues such as 

Aspartate (D), Glutamate (E), Asparagine (N), Glutamine (Q), Serine (S) threonine (T) and 

Histidine (H). However, besides H [16], a systematic study on these non-canonical methylated 

residues by MS is lacking, due not only to the high FDR that already plagues R methylation 

studies but also to the difficulty in pinpointing the PTM to its exact residue when multiple 
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putative methyl-sites are present on the same peptide. Within this context, we aimed to assess 

to what extent the hmSILAC strategy could help to address this issue and fill this gap of 

knowledge. Intending to fully exploit the hmSILAC strategy and the large set of MS data 

available to us, we set to re-analyze all our hmSILAC-labelled, non-affinity enriched samples 

with the Andromeda search engine of MaxQuant, allowing mono-methylation to occur not on 

D, E, N, Q, S, T and H in addition to K and R, under the rationale that all enzymatically-

driven methylation should use SAM as the universal methyl-group donor.  

MaxQuant output data were processed with hmSEEKER 2.0 using the same criteria employed 

for the assignment of the high-quality R-methyl-sites (i.e. peptide score > 25; PTM 

localization probability > 0.75; use of ML model to identify true doublets) to produce a list of 

orthogonally-validated, non-canonical protein methylation sites. We identified a total of 111 

methylation sites, 42 of which occurring on non-canonical residues (Figure 44A). Although 

most proteins only present one type of methylated residue, combinations of up to 5 different 

methyl-residues appear on a few proteins (Figure 44B), such as TAF15 (experimentally found 

to be methylated at R, K, S, D and Q), HSPA8 (methylated at K, D, E and N) and EEF1A1 

(methylated at K, S, D, Q). The methylated residues that co-occur most frequently appear to 

be R and S, which coexist on five proteins (HNRNPD, HNRNPK, SFPQ, TAF15 and 

VIRMA). In addition, we performed functional enrichment analysis on the proteins bearing 

non-canonical methylated residues; this analysis does not highlight novel functional categories 

or pathways but suggests that non-canonical methylations might share with R methylation a 

role in the regulation of splicing and RNA binding (Figure 44C). 
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Figure 44. Re-analysis of hmSILAC MS data to identify methylations sites beyond K and R. 

A) Number of methyl-sites detected upon re-analysis of the Input MS data, grouped by residue. 

B) UpSets plot representation of the co-occurrence of methylated residues on different 

proteins. C) Gene Ontology terms, pathways and complexes significantly enriched among 

proteins bearing methylations on non-K/R residues. 

This exploratory analysis also revealed the presence of two unconventional novel methyl-sites 

on H3, on S28 (H3S28me) and T32 (H3T32me). This initial observation prompted us to focus 

on non-canonical methylation on histones upon two main considerations: first, histone 

methylation is widely regarded as a core component of the histone code, hence the detection of 

novel methyl-sites may lead to a better understanding of this molecular barcode in the gene 

expression regulation; second, since standard database search engines produce suboptimal 

results when multiple PTMs are searched in a large protein database, we reasoned that limiting 
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the analysis to histones would be a reasonable trade-off to expand our methylation search to 

non-canonical methyl-residues while avoiding the issues that arise from the expansion of 

search space (i.e. high number of false positives and false negatives). 

Thus, we applied an optimized biochemical and analytical pipeline to a set of hmSILAC-

labelled histone samples for the in-depth identification of methylation sites on these proteins; 

from a biochemical point of view, we took advantage of multiple proteases (i.e. Trypsin, 

LysC, ArgC and LysargiNase) digestion of histones to generate overlapping peptides and 

maximise protein coverage (Figure 45). 

 

Figure 45. Schematic representation of the histone samples preparation protocol. Four 

different proteases were used in parallel to digest histones to generate overlapping peptides 

and maximize sequence coverage. 

From the computational point of view, the acquired MS data were searched with MaxQuant 

using a filtered version of the UniProt Human protein database that included only histone 

proteins, using the same search parameters selected for the global methylation search. The 

subsequent analysis with hmSEEKER v2.0 for methyl-pair matching and orthogonal 

validation of novel methyl-sites led to the unambiguous annotation of mono-methylation at the 

following sites: H3S28, H3T32, H1F0K125, H1F0S131. 
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Both S28 and T32 are found on the H3 27-40 peptide, which includes two important sites of 

epigenetic modifications, K27 and K36. Our experimental data showed that the S28me mark 

could coexist with K27me and T32me, while peptides carrying simultaneously K27me and 

T32me or bearing S28me or T32me in combination with K36me were not detected (Figure 

46). 

Additional novel methylations were found on the linker histone variant H1F0 (Figure 47), 

which is found in fully differentiated cells or cells with have low rates of division [155]; the 

observation that K125 of H1F0 was annotated as modified by all methylation degrees (mono-, 

di- and tri-methylated) supports the idea that this is a naturally occurring methylation 

regulated in vivo, whose function and associated enzymes are however still unknown. 
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Figure 46. MS/MS spectra of histone H3 27-40 peptide methylated on S28 (top), T32 

(middle) or both (bottom). 
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Figure 47. MS/MS spectra of histone H1 peptides. The fragmentation spectra permit the 

localization of methylation on K125 (top) and S131 (bottom) of histone H1. 
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5.8. Unrestricted analysis of Histone PTMs 

5.8.1. MS-based identification of histone PTMs by Open Modification Search 

Having expanded the annotation of methyl-sites on non-canonical residues of histones, we 

attempted to expand our analysis to other hPTMs. To do so, we analysed histone MS data with 

ionbot [77], a machine learning-based database search engine that predicts the intensities of 

fragment ions in MS/MS spectra, making it much more accurate in the identification of 

modified peptides. More importantly, ionbot is able to perform an “open PTM search”, a 

strategy that allows the detection of virtually any mass shift on an amino acid residue. 

To expand the annotation of hPTMs, histone samples from MDA-MB-46 triple negative breast 

cancer (TNBC) cell lines, treated or not with the histone deacetylase inhibitor Panobinostat, 

were analyzed by MS. Three different sample preparation protocols were used: in-solution 

ArgC digestion and in-gel Trypsin digestion after chemical derivatization with either D6-

acetic anhydride or propionic anhydride and phenyl isocyanate (Pro-PIC). Each experiment 

was done in triplicate, for a total of 18 samples (Figure 48). 

 

Figure 48. Summary of the biochemical and analytical workflow adopted to analyse histone 

PTMs with open search. 

The ionbot open search identified a total of 180 modifications sites on histones, bearing a total 

of 299 modifications (Figure 49). Among them, the most abundant were, as expected, K 

acetylation (n=58), K methylation (n=52) and R methylation (n=28). Notably, we identified all 
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the well-annotated modification sites on histones H3 (K4, K9, K14, K18, K23, K27, K36, 

K37, K79) and H4 (K5, K8, K12, K16, K20). Regarding other PTMs, we found (among 

others) 4 methyl-S-sites, 10 K butyrylation sites, 7 T acetylation sites and 3 S acetylation sites. 

Although we did not directly detect phosphorylation, we identified a total of 20 dehydrated 

S/T/Y residues, which could result from the loss of a phosphate group by a phosphorylated 

S/T/Y residue. 

 

Figure 49. Counts of different PTM sites identified on histones by ionbot. 

5.8.2. Histone mutations detected by Open Search 

Interestingly, in addition to PTMs, the unbiased MS-based analysis of histones by ionbot 

identified 350 amino acid substitutions (Figure 50). This finding is interesting because mutant 

histones (often called “oncohistones”) have been found in a wide range of cancer types, 

including head and neck cancers, gliomas, sarcomas, and carcinosarcomas. The most well-

known examples of these oncohistone mutations are H3K27M, H3K36M and H3G34R/V, 

which are present in paediatric gliomas and disrupt the deposition of methylation marks on H3 

[156]. Notably, these mutations were not detected in the TNBC samples analysed here, 

suggesting that our analysis was reliable. 
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Figure 50. Counts of mutated residues identified on histones by the ionbot open search. 

To try and understand their biological relevance, we mapped mutations onto histones 3D 

crystal structures the web-based tool Mechismo, in order to identify mutations that occurred at 

sites of protein-protein interaction and predict the effect that these mutations could have on the 

binding of other proteins. The majority of mutated residues is involved in interactions between 

histones and the most represented non-histone protein is DAXX (Figure 51), with 131 

interactions involving mutated residues (62 with histone H3 and 69 with histone H4): 58 of 

these were predicted by Mechismo to negatively affect the interaction. 
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Figure 51. Counts of physical interactions between histone and non-histone proteins that 

are affected by mutations. Interactions are classified by Mechismo based on their predicted 

effect. Several mutation were predicted to impair the interaction between histone H3/H4 and 

the histone chaperone DAXX. 
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6. DISCUSSION 

In this study, we employed MS-based proteomics to study protein post-translational 

modifications (PTMs) from different perspectives. Our initial focus was the analysis of one 

specific PTM, i.e. methylation, at the level of the whole human proteome. The study of protein 

methylation by MS is made challenging by the high false discovery rate of this modification, 

which stems from the fact that amino acid substitutions and chemical artefacts can be 

erroneously interpreted as methylations. Thus, we first generated a dataset of orthogonally-

validated protein methylations through the analysis of heavy methyl SILAC (hmSILAC) MS 

data with an updated version hmSEEKER, an in-house developed bioinformatics tool. Briefly, 

doublets of light and heavy methyl-peptides were evaluated by an ML model that was trained 

on doublets generated by M-containing peptides, which, unlike proper methyl-peptides, can be 

easily identified by database search engines and therefore provide a reliable positive control to 

our model. After training the model, we observed that the Retention Time difference (dRT) 

parameter of the doublets was the least important for discriminating true and false peptide 

pairs. On the one hand, this is in contrast with the first iteration of hmSEEKER, where dRT 

and Mass Error (ME) were the main predictors of methyl-peptide doublets, but on the other 

hand, this choice of features further differentiates our ML model from the one adopted by 

MethylQuant [157], a similar tool that scores putative hmSILAC doublets based on the isotope 

distribution and elution profile correlation of the two peaks. 

Second, we studied changes in R methylation, which over the last decade was found to be a 

key player in a wide variety of biological processes. We used a SILAC setup to profile R 

methylation dynamics in different cell lines in response to genetic modulation of the major 

type I PRMT, PRMT1, and upon treatment with the chemotherapic drug cisplatin (CDDP), the 

type I PRMTs inhibitor MS023 and the PRMT5 inhibitor GSK591. Briefly, within the context 

of CDDP response, we found that this drug triggers the relocalization of PRMT1 to chromatin, 

leading to a reduction in the methylation levels of cytosolic proteins and the increase of the 

H4R3me2a histone mark at the promoters of Senescence-Associated Secretory Phenotype 

(SASP) genes. Activation of the SASP genes induces the arrest of the cell cycle and protects 

cancer cells from apoptosis, eventually making them resistant to chemotherapy. In addition, 

we were able to define the sequence specificity of PRMT5, showing that this PRMT 

preferentially methylates R sites that are located between two G (i.e. GRG motifs), as opposed 
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to PRMT1, which preferentially methylates RG/RGG motifs. This finding was strengthened 

by our investigation of R methylation changes in Acute Myeloid Leukemia cells treated with 

either GSK591 or MS023, which showed that PRMT1 and PRMT5 can methylate different 

sites on a common set of protein substrates. Finally, by analysing R methylation changes on 

components of the Large Drosha Complex (LDC) upon knock-down or overexpression of 

PRMT1, we were able to link R methylation to the process of miRNA biogenesis. 

Next, to perform a deeper and more comprehensive analysis of the human methyl-proteome, 

results from the hmSILAC and SILAC experiments were combined to produce the 

ProMetheus database (ProMetheusDB), which, at the time of writing, is the largest repository 

of high-confidence methylation sites. The functional analysis performed on R-methyl-sites 

revealed that proteins carrying either multiple R-methyl-sites and/or dynamically regulated 

ones are more strongly interconnected with other proteins in our Reactome-derived network, 

thus representing potential hubs of protein:protein interactions. Interestingly, the protein 

clusters emerging from the network analysis suggest a potential role of R methylation in the 

immune response, as exemplified by the “FCGR-dependent phagocytosis” cluster. While it is 

known that PRMT1-mediated H4R3me2a promotes the expression of PPARgamma, a 

transcription factor regulating monocyte differentiation into anti-inflammatory macrophages 

[158], our results expand the role of R methylation in immunity beyond mere transcriptional 

regulation, showing that several methyl-proteins are involved in antigen processing and 

exogenous DNA/RNA sensing pathways (such as CUL1 and G3BP1, respectively). Other 

clusters that might be connected to this biological process are the ones related to cytoskeleton 

dynamics and lipid metabolism. Anti-inflammatory macrophages metabolize lipids as a source 

of energy, while inflammatory ones use fatty acids to produce prostaglandins and leukotrienes, 

which act as hormone-like signal molecules to regulate the inflammatory response [159,160]. 

The impact of R methylation on proteins of the cytoskeleton (such as Actin) has been already 

described in neuronal development, where PRMTs regulate the formation of both the axon and 

the dendrites [161]; it is possible PRMTs control cytoskeleton dynamics also in macrophages 

and potentially other cell types. 

By mapping the R-methyl-sites annotated in ProMetheusDB onto protein structures, we 

confirmed that this PTM mostly occurs in unstructured, low-complexity regions, which are 

characterized by short linear motifs well-established as important mediators of protein:RNA 

and protein:protein interactions (PPIs) [162]. Our observation that R methylation most 
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frequently occurs in IDRs, together with the notion that heavily R methylated proteins are also 

central nodes within functional and physical PPI networks, is indicative of a functional link 

between R methylation and PPI modulation. Indeed, by inspecting available 3D complexes, 

we found a small number of sites where R methylation could modulate protein:protein 

interactions by increasing or reducing the hydrophobicity and hydrogen-bonding capability of 

R situated at protein interfaces. 

Our data and a recent study by Xiang-Bo Wan and co-workers [163] identify NONO R256 

and R251, respectively, as methylation sites. Both residues are predicted by Mechismo to 

interact with apolar residues of PSPC1 (L171 and L222, respectively). Moreover, the amino 

acid substitution of NONO R256 with an Isoleucine (I) is a mutation associated with 

colorectal cancer in ActiveDriverDB [164] and is also predicted by Mechismo to enhance the 

NONO:PSPC1 interaction; similarly, a hypothetical R251I substitution is also predicted to 

strengthen the binding. Taken together, these observations suggest that PRMT1 may elicit an 

oncogenic effect (at least in colorectal cancer) by modulating the interaction between NONO 

and PSPC1 through the methylation of NONO R251 and/or R256.  

By contrast, we hypothesize that methylation of SRSF1 on R154 might inhibit the interaction 

between SRSF1 and SRPK1. SRPK1-mediated phosphorylation of SRSF1 regulates 

alternative splicing and promotes the expression of protein variants that have anti-apoptotic 

and pro-angiogenic properties [165]. In this context, Jacky Chi Ki Ngo and collaborators 

showed that blocking the interaction of SRPK1 and SRSF1 with a PPI inhibitor could reduce 

SRSF1 phosphorylation and thus suppress angiogenesis [166]. Our data suggest that a similar 

result could be achieved by regulating SRSF1 methylation levels, although more in-depth 

mechanistic studies are needed to confirm this hypothesis. 

An additional interesting interaction suggested by Mechismo involves the R264 of SAM 

Synthase (MAT2A), which is located at the interface between the subunits that form the active 

dimer of the enzyme, where it contacts E57, A281 and K285 of the other MAT2A monomer. 

This residue also interacts with the substrate ATP and the metal ions serving as cofactors for 

the reaction. The observation that the enzyme that synthesizes SAM, the biological methyl-

group donor, can also be methylated at a site relevant for its catalytic activity may suggest the 

existence of a feedback loop controlling SAM levels in the cell. It has already been reported 

that the RNA methyltransferase METTL16 binds and methylates the 3'-UTR region of 
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MAT2A mRNA to prevent its translation. When SAM levels are low, the mRNA of MAT2A 

cannot be methylated due to lack of the methyl donor and the protein is translated [167]. 

Therefore, MAT2A protein methylation at R264 could represent an additional layer of post-

translational regulation of the enzyme. 

Still, our structural analysis suffers from two limitations: first, as already discussed, 

methylation often occurs in disordered regions which cannot be studied through classical 

crystallography approaches; second, not all the structures of proteins that can be crystallized 

have necessarily been solved. However, thanks to the advancements in the field of AI, the 

scientific community now has access to AlphaFold, which can predict a protein structure from 

its primary sequence with unprecedented speed and accuracy [168]. Therefore, as a future 

perspective, it could be interesting to expand our analysis using AI-predicted protein 

structures. 

Phosphorylation and methylation sites co-localize on disordered SRGG motifs of some 

proteins, where the two PTMs are mutually exclusive because the presence of negative 

charges inhibits the binding of PRMTs to their recognition motifs [149]. By overlapping 

ProMetheusDB with the Phosphosite Plus phosphoproteomics dataset, we confirmed that 

methylated R-sites are significantly more likely to occur in the proximity of a phospho-S but 

also expand this observation to phospho-T and -Y residues. Furthermore, the analysis of co-

occurrence of these two PTMs in the context of dynamic regulation suggests the existence of a 

link between the regulation of an R-methyl-site and its proximity to a phosphosite. Acute 

stimuli such as treatment with MS023 (which inhibits type I PRMTs, with a preference for 

PRMT1 at the experimental condition used in our studies) cause a change in the methylation 

of Rs that are close to phosphosites; instead, modulation of PRMT1 expression and the 

treatment with the chemotherapeutic drug cisplatin affect methyl-Rs that are distant from 

phosphorylation sites. This result highlights the importance, in the future, of developing 

experimental pipelines enabling the simultaneous profiling of these two (or even more) PTMs, 

something that is currently still at a pioneering stage [151]. Our analysis, for instance, focused 

exclusively on methyl-sites, whereas the datasets of phosphorylation, acetylation, 

ubiquitination and sumoylation sites were mostly derived from other studies focused on one 

individual PTM at a time. Profiling differently modified isoforms of a peptide (e.g. 

unmodified, methylated, phosphorylated, co-modified) within a single experiment would be 
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very informative to experimentally assess which PTMs can truly co-exist and which are 

mutually exclusive, both a basal state but also during transition or in response to external cues. 

In the second part of this work, we extended the range of our analysis beyond R methylation. 

This was prompted by the observation that the hmSILAC biochemical and analytical pipeline 

could be used to annotate methyl-sites also on amino acids that are traditionally excluded from 

MS-based analysis, such as D, E, N, Q, S, T and H. To be able to search methylation on all 

these residues, however, we chose to focus our attention on histone proteins, as histone PTMs 

(hPTMs) are well-known to be involved in crucial biological processes like DNA 

transcription, replication and repair. 

Our analysis of non-canonical histone methylation sites identified two hPTMs of particular 

interest: H3S28me and H3T32me. Both occur on the peptide 27-40 of histone H3 and attracted 

our attention for their potential cross-talk with well-known modifications on K27 and K36. 

For instance, methylation of H3K27 is a repressive mark [169], whereas methylation of 

H3K36 plays a role in transcriptional regulation, whereby H3K36me2 counteracts gene 

silencing by blocking the recruitment of PRC2 complexes; however, when genes are 

transcribed, this mark is replaced by H3K36me3 to prevent transcription initiation from 

intragenic regions [170].  Our experimental data showed that the S28me mark could coexist 

with K27me and T32me, while peptides carrying simultaneously K27me and T32me, or 

bearing S28me/T32me in combination with K36me were not detected. A more in-depth 

analysis of this peptide and its numerous differentially modified isoforms is needed to 

corroborate this observation: measuring the relative abundance of the K27me/S28me and 

S28me/T32me peptide isoforms could allow developing some hypotheses on their biological 

role and cross-talk with other epigenetic marks. Similarly, it would be interesting to confirm 

whether S28me/T32me are mutually exclusive with K36 methylation or to find how these 

novel methyl marks are associated with neighbouring acetylation and phosphorylation. 

We argue that our analysis of non-canonical methylation sites could be linked to our previous 

analysis on PTMs cross-talk. A recent paper from the Eyers’ group [171] explored the field of 

non-canonical phosphorylations and identified several phosphosites on R, K, D, E, H and C 

residues. Interestingly, these residues overlap with the putative non-canonical methyl-residues 

we have investigated here: it is, therefore, possible to envisage that the cross-talk of 

methylation and phosphorylation is not limited to proximal sites, but that may also occur 
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through the physical competition for the same substrates/residues. Two possible case-studies 

emerging here are H3S28 and R55 of Keratin type I cytoskeletal 18 (KRT18R55). H3S28 is a 

known phosphorylation site that we identify as methylated in our hmSILAC histone dataset. 

Phosphorylation of H3S28 can occur in response to extracellular stress and is proposed to 

override repressive epigenetic marks to temporarily express genes that would normally be 

silenced [172]. A reasonable hypothesis is that methylation of H3S28 may cooperate with 

methylation of H3K27 in silencing genes [169], which would explain why we did not detect 

H3S28 in combination with the aforementioned active transcription marks H3K36me2/me3 

and H3K27ac [173]. As a future perspective, since H3S28ph is also necessary for chromatin 

condensation [174], we could investigate how this residue is modified specifically during 

mitosis. 

KRT18R55 is a methyl-site that was first identified in [175] and orthogonally validated in our 

hmSILAC experiments. The site is also present in the list of non-canonical phosphosites 

published by Eyers and co-workers, thus could be another example of competition between 

PTMs. Unfortunately, there is not enough data in the literature to make a hypothesis on the 

function of this modification site. 

In the final section of this work, we explored the possibility of further expanding the hPTMs 

analysis by making use of open modification search tools. In fact, one limitation of proteomics 

studies is the ability to profile many PTMs at the same time; in the context of histones, this is 

critical because histones are hyper-modified proteins and their PTMs show extensive cross-

talk. As such, it is not the individual histone modification marks but the way they combine 

with each other that defines the functional state of chromatin regions. 

Histone MS data were analyzed with ionbot, a novel search engine developed by the group of 

Lennart Martens at Ghent University [77]. The analysis re-identified all the most well-known 

modifications sites on histones H3 and H4 but also highlighted the presence of many low-

abundance PTMs such as short-chain acylations, which are closely linked to cell metabolism 

and could represent interesting biomarkers or therapeutic targets.  

Intriguingly, the open search identified not only PTMs but also several amino acid 

substitutions, of which over 100 are predicted by Mechismo to destabilize the interaction of 

DAXX with histones H3 and H4. We believe this finding to be noteworthy because DAXX is 

a histone chaperone with a wide range of biological functions and can act as either an 
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oncogene or a tumour suppressor; while its overexpression has been observed in several 

cancers [176], its depletion can activate transposable elements (such as endogenous 

retroviruses) and lead to genomic instability [177]. This behaviour is influenced by its 

interaction with the H3.3:H4 histone dimer, which stabilizes DAXX: in Hoelper et al. [177], 

the authors showed that the reduction of DAXX levels can be caused by its inability to bind 

histone H3.3. and performed point mutations on DAXX yet did not investigate histone 

mutations that could also disrupt the interaction. In fact, mutations of H3.3 are much more 

common in cancers compared to those of DAXX [156]. Therefore, investigating mutations 

that prevent the formation of the DAXX:H3.3:H4 complex could lead to the discovery of 

novel cancer biomarkers. 

Some major points remain to be addressed within the field of PTMs. In the methyl-proteomics 

field, there is a need for more efficient workflows that allow to annotate R-methyl-proteomes 

through sensibly smaller scale experiments, as the prerequisite for the investigation of this 

PTM in more relevant model systems, such as primary cells, tissues, organoids, similarly to 

what was made possible in the phospho-proteomics field [178]. The implementation of Data-

Independent Acquisition (DIA) methods could also prove beneficial by reducing the 

identification bias towards the most abundant proteins and thus increase the depth of coverage 

of the methyl-proteome [179]. Better strategies for the enrichment of di-methyl-R-peptides are 

also needed to address the bias introduced by the use of the CST anti-MMA kit. Although 

quantification of intracellular methyl-R derived from degradation of methylated proteins 

showed that ADMA is the most abundant of the three [180], most MS-based methyl-

proteomics studies have so far reported a significantly larger number of MMA sites than 

ADMA/SDMA sites. Our group already discussed this issue, suggesting that the anti-pan-

MMA antibodies traditionally used to enrich methyl-peptides outperform anti-pan-ADMA and 

SDMA ones thus generating a bias in methyl-proteomics studies [34]. Along the same line, 

there is a strong need for efficient antibodies for the enrichment of K-methyl-peptides to map 

the non-histone K-methyl-proteome. The availability of such reagents would allow researchers 

to finally address the question whether K methylation is widespread beyond histone, similarly 

to K acetylation and R methylation, regulating cellular processes beyond chromatin-based 

transcriptional regulation. 

Besides the annotation of the steady-state methyl-proteome, we recognize a need to accelerate 

the acquisition of dynamic data. The triple SILAC strategy we adopted for some experiments 
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is overall laborious and limited in its multiplexing capabilities. In the near future it would be 

useful to assess the feasibility of applying isobaric mass tags (TMT) to MS-based methyl-

proteomics profiling, to overcome this limitation and perform multiplexed experiments where 

methylation changes can be profiled across multiple experimental conditions. 

From the analytical point of view, some future developments can also be conceived: first, 

spectral library searching [181] is faster than conventional database searching (which can take 

several weeks when non-canonical methyl-sites are considered), however its application to 

methyl-proteomics was limited by the low number of high-confidence methyl-peptides spectra 

available. Within this context, the MS/MS spectra of methyl-peptides that were orthogonally 

validated by hmSILAC could be used to build a spectral library to be used as reference, thus 

speeding up the analysis of new data. Second, it is crucial to separately analyse ADMA and 

SDMA, which can be distinguished by searching for their diagnostic neutral loss ions within 

the MS/MS spectra [31,123]. However, at the moment, a systematic method for the automatic 

annotation of these characteristic neutral losses is still lacking; while general purpose tools can 

be adapted to perform this task [182], the aforementioned lack of high-confidence spectra 

makes this task difficult. For these reasons, it is still recommended to visually inspect the 

MS/MS spectra of di-methyl-R-peptides, which is impractical in the case of large datasets 

such as ProMetheusDB. 

Finally, our unbiased analysis of hPTMs is one of the earliest applications of an open search 

algorithm to MS data as complex as those obtained from hyper-modified histone proteins. 

Because open search produces large amounts of data, it is indispensable to develop an 

effective way to filter the peptide identifications and narrow down few hPTMs that can later 

be validated through in vitro or in vivo experiments. At the moment, we are experimenting 

with intersecting acetylated and methylated peptides identified by open search with those 

identified by MaxQuant to produce a set of positive controls, then using these control peptides 

to train machine learning-based methods that select PSMs that have the highest probability of 

being correct. As a future perspective, we might attempt to score PSMs based on the 

“generating function approach” rather than the traditional target-decoy approach, which is 

used by MaxQuant and ionbot. The generating function approach was proposed by Kim et al. 

in 2008 [183] and is supposed to eliminate the requirement of a “decoy” database by 

calculating the statistical significance of individual PSMs instead of the global FDR of the 

results. This approach has been already implemented by MS-GF+ [73] and StarGF [184], a 
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database search and a spectra search engine respectively, both of which outperform state-of-

the-art tools in their respective category of search engines. 

Overall, we believe that, despite its current limitations, our unbiased analysis of hPTMs could 

serve as a starting point to develop and optimize ad hoc bioinformatics methods to study the 

histone code more in depth. Moreover, it is likely that advances in the identification of hyper-

modified histone peptides will also benefit the open search of PTMs on non-histone proteins: 

from this point of view, it would be interesting to carry out a systematic analysis of non-

canonical methylations and phosphorylations with open search tools and compare its results to 

those obtained by traditional methods.  
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8. Tables 

 

Table 1. Summary of hmSILAC experiments analyzed. MMA = Mono-methyl-arginine; 

SDMA = Symmetric di-methyl-arginine; ADMA = Asymmetric di-methyl-arginine. 

Cell line Fraction Enrichment Antibody AA specificity PTM specificity Separation Method Protease
HeLa Ncl Protein IP APO 9328PU-N K Pan-methyl SDS-PAGE Trypsin
HeLa Cyt Protein IP APO 9328PU-N K Pan-methyl SDS-PAGE Trypsin
HeLa Ncl Protein IP LS-C60093/28979 K Pan-methyl SDS-PAGE Trypsin
HeLa Cyt Protein IP LS-C60093/28979 K Pan-methyl SDS-PAGE Trypsin
HeLa Ncl Protein IP Ab23366 K me1, me2 SDS-PAGE Trypsin
HeLa Cyt Protein IP Ab23366 K me1, me2 SDS-PAGE Trypsin
HeLa Ncl Protein IP ICP0501/ICP0601 K me1, me2, me3 SDS-PAGE Trypsin
HeLa Cyt Protein IP ICP0501/ICP0601 K me1, me2, me3 SDS-PAGE Trypsin
HeLa Ncl Protein IP Ab76118 K me3 SDS-PAGE Trypsin
HeLa Cyt Protein IP Ab76118 K me3 SDS-PAGE Trypsin
HeLa Ncl Protein IP D5A12 R MMA (R*GG) SDS-PAGE Trypsin
HeLa Cyt Protein IP D5A12 R MMA (R*GG) SDS-PAGE Trypsin
HeLa Ncl Protein IP Me-R4-100 R MMA SDS-PAGE Trypsin
HeLa Cyt Protein IP Me-R4-100 R MMA SDS-PAGE Trypsin
HeLa Ncl Protein IP Rabbit 2 (SYM) R SDMA SDS-PAGE Trypsin
HeLa Cyt Protein IP Rabbit 2 (SYM) R SDMA SDS-PAGE Trypsin
HeLa Ncl Protein IP SYM10 R SDMA SDS-PAGE Trypsin
HeLa Cyt Protein IP SYM10 R SDMA SDS-PAGE Trypsin
HeLa Ncl Protein IP Rabbit 1 (ASYM) R ADMA SDS-PAGE Trypsin
HeLa Cyt Protein IP Rabbit 1 (ASYM) R ADMA SDS-PAGE Trypsin
HeLa Ncl Protein IP ASYM24 R ADMA SDS-PAGE Trypsin
HeLa Cyt Protein IP ASYM24 R ADMA SDS-PAGE Trypsin
HeLa Ncl - - - - SDS-PAGE Trypsin
HeLa Cyt - - - - SDS-PAGE Trypsin
HeLa Ncl - - - - SDS-PAGE Trypsin
HeLa Cyt - - - - SDS-PAGE Trypsin
HeLa Ncl - - - - IEF Trypsin
HeLa Cyt - - - - IEF Trypsin
HeLa Ncl - - - - IEF Trypsin
HeLa Cyt - - - - IEF Trypsin
HeLa Ncl - - - - IEF Trypsin
HeLa Cyt - - - - IEF Trypsin

SK-OV-3 WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13563, PTMScan Kit #13474
R

MMA, SDMA, 
ADMA

- Trypsin

HeLa WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13563, PTMScan Kit #13474
R

MMA, SDMA, 
ADMA

- Trypsin

NB4 WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13474
R MMA, ADMA

HpH-RP (before 
enrichment)

Trypsin

NB4 WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13474
R MMA, ADMA

HpH-RP (before 
enrichment)

Lysarginase

HeLa WCE Protein IP
DGCR8 (Abcam ab90579), FUS (Bethyl 
A300-293A), DDX5 (Abcam ab126730), 

Drosha (Santa Cruz sc-33778),
- SDS-PAGE Trypsin

U2OS WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13563, PTMScan Kit #13474
R

MMA, SDMA, 
ADMA

HpH-RP (before 
enrichment)

Trypsin

SK-OV-3 WCE Peptide IP
PTMScan Kit #12235, PTMScan Kit 

#13563, PTMScan Kit #13474
R

MMA, SDMA, 
ADMA

- Trypsin

HeLa WCE - - - - - Trypsin
NB4 WCE - - - - - Trypsin
NB4 WCE - - - - - Lysarginase
HeLa WCE - - - - - Trypsin
U2OS WCE - - - - SDS-PAGE Trypsin
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Table 2. Summary of SILAC experiments analyzed. MMA = Mono-methyl-arginine; SDMA 

= Symmetric di-methyl-arginine; ADMA = Asymmetric di-methyl-arginine. 

 

  

Cell line Fraction Enrichment Antibody AA specificity PTM specificity Separation method Protease Stimulus

NB4 WCE Peptide IP
PTMScan Kit #12235, PTMScan 

Kit #13474
R MMA, SDMA HpH-RP Trypsin GSK591 -vs- UT

NB4 WCE Peptide IP
PTMScan Kit #12235,  PTMScan 
Kit #13563, PTMScan Kit #13474

R MMA, SDMA, ADMA HpH-RP Trypsin MS023 -vs- UT

SK-OV-3 WCE Peptide IP
PTMScan Kit #12235, PTMScan 

Kit #13474
R MMA, ADMA HpH-RP Trypsin

CDDP -vs- UT / shPRMT1+CDDP -vs- 
UT / shPRMT1+CDDP -vs- CDDP

SK-OV-3 Nuclear Peptide IP
PTMScan Kit #12235, PTMScan 

Kit #13474
R MMA, ADMA HpH-RP Trypsin

CDDP -vs- UT / MS023+CDDP -vs- UT 
/ MS023+CDDP -vs- CDDP

SK-OV-3 WCE Peptide IP
PTMScan Kit #12235,  PTMScan 
Kit #13563, PTMScan Kit #13474

R MMA, SDMA, ADMA - Trypsin CDDP -vs- UT

SK-OV-3 WCE Peptide IP
PTMScan Kit #12235,  PTMScan 
Kit #13563, PTMScan Kit #13474

R MMA, SDMA, ADMA - Trypsin shPRMT1 -vs- UT

HeLa WCE Peptide IP
PTMScan Kit #12235, PTMScan 

Kit #13563
R MMA, SDMA HpH-RP Trypsin GSK591 -vs- UT

HeLa Nuclear Protein IP

DGCR8 (Abcam ab90579), FUS 
(Bethyl A300-293A), DDX5 
(Abcam ab126730), Drosha 

(Santa Cruz sc-33778),

- - SDS-PAGE Trypsin shPRMT1 -vs- UT / oePRMT1 -vs- UT
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