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Zusammenfassung 

Posttranslationale Arginin-Methylierung ist wichtig für eine vielzahl zellulärer Prozesse und 

biologischer Funktionen, einschließlich der metabolischen Homöostase. Die Rolle der Arginin-

Methylierung in der (Patho)Physiologie ist aufgrund des Mangels an adäquaten  

Nachweismethoden immer noch ungenügend verstanden. Wir haben hierfür ein einfaches, 

schnelles und robustes Protokoll zur absoluten Quantifizierung der globalen Protein-Arginin-

Methylierung auf Basis der Kernspinresonanz (NMR)-Spektroskopie entwickelt. Dieser Ansatz 

ermöglicht den quantitativen Nachweis von Veränderungen der Arginin-Methylierung, zusammen 

mit der Analyse von Stoffwechselprofilen in einer nahezu unbegrenzten Anzahl von biologischen 

Matrizen, einschließlich, aber nicht nur beschränkt auf Zellen, biologische Flüssigkeiten und 

Gewebe. In unserer Studie stellt die Rolle der Arginin-Methylierung bei post-translationalen 

Modifikation als weit verbreitet dar. Arginin-Methylierung ist eng mit dem Stoffwechselzyklus 

gekoppelt und kann durch kleine Moleküle und Metaboliten moduliert werden. Veränderungen der 

Arginin-Methylierung sind auch an Krebsbildung und Alterung beteiligt. Es wurde berichtet, dass 

Methionin-Restriktion die Lebensspanne verlängert und das Tumorwachstum unterdrückt, 

abhängig vom Fluss im Ein-Kohlenstoff-Stoffwechsel. Angesichts der Tatsache, dass ArgMet stark 

von der essentiellen Aminosäure Methionin abhängig ist, die ein Vorläufer von S-Adenosyl-L-

Methionin ist, stellen wir die Hypothese auf, dass ArgMet stark an den Stoffwechsel gekoppelt ist. 

Metabolische Veränderungen sind ein Markenzeichen von Krebs und Alterung. Wir haben wir eine 

umfangreiche Kombination aus Proteomik- und Metabolomik-Analysen von Serum, Krebsgewebe 

und peritumoralem Gewebe von 200 Patienten mit hepatozellulärem Karzinom durchgeführt, die 

eine größenabhängige metabolische Umprogrammierung zeigt. Wir fanden hier Enzyme und 

Metabolite, die mit der Glykolyse, dem Tricarbonsäurezyklus und der Pyrimidin-Synthese 

verknüpft sind, und mit zunehmender Tumorgröße zunehmend einer Dysregulation unterliegen. 

Mehrere Metabolit-Biomarker boten prognostische Informationen für PatientInnen und konnten 

mit klinisch-pathologischen Daten kombiniert werden. Somit erstellten und validierten wir ein 

integriertes klinisch-pathologisches und metabolomisches Modell zur Vorhersage des 5-Jahres-

Rezidivs. Angesichts des hohen therapeutischen Potenzials wird es interessant sein, Metaboliten 

und ArgMet-Inhibitoren über die Umprogrammierung des Ein-Kohlenstoff-Stoffwechsels zu 

kombinieren. Insgesamt unterstreichen unsere Daten, dass die gezielte Manipulation des 
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Krebsstoffwechsels/ArgMet zukünftig neue Wege für effektive Therapien von hepatozellulären 

Karzinomen ermöglichen wird. Wir haben auch eine metabolomische Analyse von alterndem 

Gewebe auf der Basis von NMR-Spektroskopie integriert. In den Geweben wurden durch das 

Altern erstaunlich unterschiedliche Metaboliten-profile verändert, und mehrere universelle 

metabolische Marker des Alterns identifiziert. Die bei den alten Mäusen gestörten 

Stoffwechselwege zeigen organspezifische und globalere Effekte des Alterns und weisen auf 

Mechanismen hin, denen man möglicherweise pharmakologisch entgegenwirken könnte, um 

Alterung und altersassoziierte Krankheiten zu behandeln. Zusätzlich können die identifizierten 

Metabolit-Biomarker zur Beurteilung der Qualität von alternden Geweben oder Organmodellen 

hergenommen werden und stellen einen Indikator zur Bewertung senolytischer 

Medikamentenkandidaten dar. Das signifikant verringerte ArgMet könnte auf die Verringerung des 

Methioninspiegels in der gealterten Milz zurückzuführen sein. Es wird interessant sein, nach 

Medikamenten zu suchen, die die Lebensspanne durch die Kombination von metabolomischen und 

ArgMet-Zielen verlängern. Zusammenfassend lässt sich sagen, dass unsere Methode neue robust 

Werkzeuge liefern, um die wichtigen (patho)physiologische Rollen der Protein-Arginin-

Methylierung zu untersuchen. 
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Abstract  

Post translational arginine methylation (ArgMet) is important for many cellular processes and 

biological functions including metabolic homeostasis. The role of ArgMet in (patho)physiology 

still remains poor understood due to the lack of applicable detection methods. Here, we developed 

a simple, fast and robust protocol for absolute quantification of global protein arginine methylation 

based on Nuclear Magnetic Resonance (NMR) spectroscopy. This approach enables the detection 

of ArgMet, together with the analyses of metabolic profiles in an almost unlimited number of 

biological matrices, including, but not limited to, cells, biological fluids and tissues. In our study, 

arginine methylation represents a high prevalent post-translational modification. Besides, arginine 

methylation is coupled with the metabolic cycle and can be modulated by small molecules and 

metabolites. Arginine methylation regulation also involved into cancers, differentiation and ageing. 

Methionine restriction has been reported to extend lifespan and suppress tumor growth depending 

on flux in the one carbon metabolism. Given that ArgMet is strongly dependent on the essential 

amino acid methionine, which is a precursor to S-Adenosyl-L-methionine, we hypothesize that 

ArgMet is strongly coupled to metabolism. Metabolic reprogramming is a hallmark of cancer and 

ageing.  We undertook an extensive combined proteomics and metabolomics analysis of serum, 

cancer tissues and peritumoral tissue from 200 hepatocellular carcinoma patients demonstrating 

sized-dependent metabolic reprogramming. We found dysregulated enzyme and metabolites 

related with glycolysis, the tricarboxylic acid cycle and pyrimidine synthesis with increased tumor 

size. Several metabolite biomarkers offered prognostic information for patients and they can be 

combined with clinical pathological data. We built and validated the integrated clinicopathological 

and metabolomic model to predict the 5-year recurrence. Given the high therapeutic potential, it 

will be interesting to combine metabolites and ArgMet inhibitors via reprogramming of one carbon 

metabolism. Altogether, our data emphasize that targeting cancer metabolism/ArgMet will open 

new avenues for effective therapies for hepatocellular carcinoma in future. We also integrated a 

metabolomic analyses of ageing tissues based on NMR spectroscopy. Greatly different metabolic 

profiles of tissues were regulated by ageing and several universal metabolic biomarkers of ageing 

were identified. The pathways perturbed in ageing demonstrate organ-specific and more-global 

effects of ageing and point to mechanisms that could potentially be counter-regulated 

pharmacologically to treat ageing and age-associated diseases. Besides, identified metabolite 
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biomarkers can be evaluated for the effectiveness of ageing tissues or organs model and provide 

an assessable indicator for senolytic drug candidates. The significant decreased ArgMet might be 

due to reduction of methionine level in aged spleen. It will be interesting to search drugs to extend 

lifespan through combining metabolomic and ArgMet targets. In summary, our method provides 

new tools to study the important (patho)physiological role of protein arginine methylation. 
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1 Introduction  

1.1 Physiology of arginine methylation  

Protein arginine methylation (ArgMet) represents an abundant posttranslational modification of 

both nuclear and cytoplasmic proteins (1). ArgMet is involved in numerous cellular processes, 

including signal transduction cascades, transcriptional regulation (2), RNA metabolism and DNA 

damage repair (3), playing a significant biological role (3, 4). Recent research has identified 

ArgMet in (patho)physiology roles linked to diseases such as cancer, metabolism and 

neurodegeneration (5). However, reliable detection and absolute quantification of arginine and its 

methylated derivatives in diverse matrices, such as cells, body fluids, and tissues, remain 

challenging because of the lack of suitable detection techniques. Hence, the development of 

suitable quantitative methods of ArgMet is of great interest in the cell biology and pathology 

(physiology) fields. 

1.1.1 RG/RGG proteome 

Arginine-glycine/arginine-glycine-glycine (RG/RGG) is highly abundant in RNA-binding proteins, 

including more than 1000 proteins containing tri-RGG or di-RGG (Figure 1) (1). Intrinsically 

disordered proteins (IDPs) or intrinsically disordered regions (IDRs) often contain RGG repeat 

sequences (6). Proteins harbouring RG/RGG regions are involved in essential processes, including 

translational repression, transcriptional regulation, DNA damage repair, pre-mRNA splicing and 

regulation of apoptosis (Figure 2). Moreover, arginine is extensively methylated in many repetitive 

RG/RGG regions. Indeed, the RG/RGG regions is strongly favoured by PRMTs (7, 8). The 

physiological pertinence of RG/RGG regions is highlighted by their association with several 

diseases (1). In addition, RG/RGG regions are implicated in regulating the cellular localization and 

binding affinities of proteins under normal conditions and cellular stress conditions. Identifying the 

mechanism of action of RG/RGG regions and of interacting partners and developing a protocol for 

distinguishing regulatory effects induced by arginine methylation are ongoing challenges in the 

field. 
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Figure 1. RG/RGG regions containing proteins in human proteome. Figure adapted from Thandapani. et al (1).  

 

Figure 2. Functions of RG/RGG proteome  
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1.1.2 PRMT enzymes and arginine methylation  

In recent studies, researchers have found that methyl groups play significant roles in protein 

function by serving as major controlling elements. Different methylation reactions are observed at 

the side chains of amino acid residues or at the N-terminus or C-terminus of proteins (9, 10). The 

most frequent protein methylation reaction is the modification of the guanidino group of the 

arginine side chain. Arginine methylation is catalysed by arginine methyltransferase (PRMT) 

proteins, and it is a common posttranslational modification in eukaryotic cells. In the reaction, a 

methyl group on the methyl donor S-adenosyl-L-methionine (Ado-Met, SAM) is transferred to the 

guanidinium nitrogen of an arginine residue. Three distinct types of arginine residue methylation 

in mammalian cells generate the following products: NG-monomethyl-L-arginine (MMA), NG,NG-

dimethyl-L-arginine (asymmetric dimethylarginine, ADMA) and NG,N'G-dimethyl-L-arginine 

(symmetric dimethylarginine, SDMA) (4). ADMA is the most prevalent modification, and MMA 

and SDMA occur at levels between 20 and 50% that of ADMA (9). At least nine different PRMT 

enzymes utilize SAM as a cofactor for the mono- and dimethylation of arginine in human. Type I 

PRMTs catalyse the formation of ADMA by PRMT1, PRMT2, PRMT3, PRMT4, PRMT6 and 

PRMT8, while type II PRMTs (PRMT5 and PRMT9) are critical for the catalysis of the SDMA. 

In addition, all PRMTs in mammalian cells can catalyse monomethylation to form MMA (Figure 

3). In yeast cells, two main methyltransferases have been identified (HMT1/RMT1 and HSL7) (11). 

Some potential arginine methyltransferases have also been identified, but their biochemical 

functions remain to be investigated (12). Overall, of all the known protein substrates for arginine 

methylation, only a small proportion are clearly assigned to a unique PRMT. Therefore, the extent 

of methylated substrates and the functional importance of arginine methylation on many proteins 

remain to be discovered. 
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Figure 3. Methylation of the arginine side chain in proteins by PRMT enzymes.  

1.1.3 PRMT substrates 

There are more than 4000 reported ArgMet proteins, and 1.7% of all arginine residues in human 

proteins are methylated according to the PhosphoSite database (13). The estimation here for 1.7% 

methylated arginines assumes that all proteins show similar expression levels in the cell. The 

signatures of PRMT catalytic sites are similar within different sequences (14). Most PRMT 

enzymes methylate proteins containing RG/RGG regions (15-17). However, the glycine residue 

immediately adjacent to the target arginine is not essential for ArgMet, as indicated by studies 

showing that RXG regions can be methylated by PRMT1. In this region, lysine, phenylalanine, 

threonine or leucine are suitable amino acids in the variable position (18, 19). In addition, 

RPAAPR- or APR-regions can be sites of ArgMet (20). The PRMT2 substrate belongs to the 

serine/arginine-rich protein family (21). PRMT4/CARM1 has been found to methylate arginine 

residues in proline-, glycine-, and methionine-rich regions, which are found in more than 130 
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PRMT4 protein substrates (22, 23). Many PRMT5 targets recognized by mass spectrometry (MS) 

revealed that this enzyme preferentially methylates an arginine situated between two adjoining 

glycine residues (GRGs) (24). PRMT6 preferentially methylates arginine residues in positively 

charged regions and disfavours target arginine residues surrounded by acidic residues (17). Within 

proteins, IDRs regularly display ArgMet, but they are not exclusive sites of methylation (25). The 

modulation of methylation in these regions involves nucleic acid binding, protein-protein 

interactions, liquid liquid phase separation (LLPS), and protein localization at the molecular level 

(12). 

1.2 Arginine methylation in diseases and ageing 

ArgMet has been identified in many diseases. In recent studies focusing on the RNA-binding 

protein fused-in-sarcoma (FUS), we found that protein arginine methyltransferase 1 (PRMT1)-

mediates arginine methylation within a disordered RG/RGG repeat region regulated FUS 

localization (26), liquid-liquid phase separation (27), and disease development (28). Interestingly, 

many human diseases show alterations in PRMT1 expression levels and/or arginine methylation, 

which in turn might affect the intracellular localization and phase separation of the RG/RGG 

proteome (29). Moreover, certain pathologies, such as human cancers, cardiovascular diseases, 

diabetes mellitus, leukaemia, multiple myeloma, sclerosis, spinal muscular atrophy, and viral 

pathogenesis, have been reported to involve arginine methylation (28, 30-36). Several recent 

studies have suggested that arginine methylation is a key regulator that ensures the survival of 

cancer cells (37). Although mutations in PRMT enzymes are uncommon, a strong association 

between PRMT overexpression and poor prognosis has been investigated (38). Overexpression of 

PRMT1 has been revealed in breast, bladder, and colon cancers (39-42). Increased PRMT4 

expression has also been found in prostate cancer, colorectal cancer and non-small cell lung 

carcinomas (43-45). Upregulated PRMT5 has been shown in lung, gastric, bladder, breast, 

epithelial ovarian and colon cancer (46-49). Overexpression of PRMT enzymes may trigger 

hypermethylation of protein substrates, accelerating tumorigenesis (50). In addition, elevated 

ADMA plasma levels are typically observed in renal failure, pulmonary disease, hypertension, and 

atherosclerosis and may constitute a hallmark of cardiovascular disease (51). Accumulation of 

aggregated proteins containing ribonucleoproteins has been found in neurodegenerative diseases, 
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which can be regulated by ArgMet (52). Kensuke Ikenaka et al. found that patients with 

amyotrophic lateral sclerosis (ALS) presented with a high ADMA/L-arginine ratio, which 

predicted a poor prognosis (53). 

Besides, PRMT6 and PRMT7 have been involved in cellular senescence modulation and cell 

proliferation (54). Ablation of PRMT6 and PRMT7 exhibited cellular senescence phenotypes. 

Abrogation of PRMT1 mediating senescence was accompanied by degradation of histone H4. 

Methylated FoxO by PRMT1 blocks its phosphorylation to prevent FoxO protein degradation 

contributing to lifespan extension (55). Significant decreased ADMA and PRMT1 have been 

revealed during senescence in WI-38 fibroblasts (56). Deprivation of PRMT1 induces breast cancer 

cellular senescence (56).   

1.2.1 inhibitors 

ArgMet is an understudied modification that is progressively increased in cancer growth. Therefore, 

targeting PRMT enzymes as therapeutic prospects has gained increasing interest. Multiple PRMT 

inhibitors have been studied and developed (Table 1), many of which have recently entered or 

soon will be entered into clinical trials of cancer therapy (https://clinicaltrials.gov)  (37). However, 

how ArgMet levels are affected by small-molecule inhibitors remains to be investigated. 

(i) Type I preclinical compounds 

Compound PRMT enzymes inhibited Mode of 

action 

Disease type(s) 

tested 

Refs 

Allantodapsone PRMT1 (IC50 1.7 µM in vitro) Competitive 

(substrate) 

N/A (57) 

AMI-1 PRMT1 (IC50 8.8 µM in vitro) 

PRMT3 (ND) 

CARM1 (IC50 169.8 µM in 

vitro) 

PRMT6 (ND) 

Competitive 

(substrate) 

N/A (58, 59) 

AMI-408 PRMT1 (ND) N/A MLL-GAS7 

leukaemia 

(mouse 

xenografts) 

(60) 

MS023 PRMT1 (IC50 9 nM cell assay) 

PRMT3 (IC50 119 nM cell 

assay)  

PRMT6 (IC50 56 nM cell assay) 

Noncompetitiv

e (SAM and 

substrate) 

N/A (61) 
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MS049 CARM1 (IC50 34 nM in vitro, 

1.4 µM cell assay) 

PRMT6 (IC50 43 nM in vitro, 

0.97 µM cell assay) 

Noncompetitiv

e 

N/A (62) 

E84 PRMT1 (IC50 3.38 µM in vitro) 

CARM1 (IC50 21.5 µM in vitro) 

PRMT5 (IC50 35.4 µM in vitro) 

PRMT8 (IC50 84.9 µM in vitro) 

N/A N/A (63) 

Furamidine 

(DB75) 

PRMT1 (IC50 9.4 µM in vitro) 

CARM1 (IC50 >400 µM in 

vitro)  

PRMT5 (IC50 166 µM in vitro) 

PRMT6 (IC50 283 µM in vitro) 

Competitive 

(substrate) 

N/A (64) 

GMS PRMT1 (IC50 500 nM in vitro) 

PRMT3 (IC50 700 nM in vitro) 

CARM1 (IC50 <15 nM in vitro) 

PRMT5 (IC50 300 nM in vitro) 

PRMT6 (IC50 90 nM in vitro) 

PRMT8 (IC50 11 nM in vitro) 

Competitive 

(SAM and 

substrate) 

N/A (65) 

PT1001B 

(DCPR049_12) 

PRMT1 (IC50 1.1 nM in vitro) 

PRMT3 (IC50 22 nM in vitro) 

CARM1 (IC50 63 nM in vitro) 

PRMT5 (IC50 >100 µM in 

vitro)  

PRMT6 (IC50 1.2 nM in vitro) 

PRMT8 (IC50 1.1 nM in vitro) 

Noncompetitiv

e 

CKD (chronic 

kidney disease, 

mouse model) 

(66) 

SGC707 PRMT3 (IC50 31 nM in vitro, 

91–225 nM cell assay) 

Noncompetitiv

e 

N/A (67) 

SGC2085 CARM1 (IC50 50 nM in vitro)  

PRMT6 (IC50 5.2 µM in vitro) 

PRMT8 (IC50 >50 µM in vitro) 

Noncompetitiv

e 

N/A (cell-

impermeable) 

(68) 

EPZ020411 PRMT1 (IC50 0.119 µM in 

vitro) PRMT6 (IC50 0.010 µM 

in vitro, 0.637 µM cell assay) 

PRMT8 (IC50 0.223 µM in 

vitro) 

Competitive 

(substrate) 

N/A (69, 70) 

EPZ0025654 

(GSK3536023) 

CARM1 (IC50 3 nM in vitro) Competitive 

(substrate) 

N/A (71) 
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EZM2302  

(GSK3359088) 

CARM1 (IC50 6 nM in vitro, 

0.015- >10 µM cell assay) 

Competitive 

(substrate)，
synergistic 

with SAH 

Multiple 

myeloma 

(mouse 

xenografts) 

(71) 

TP-064 PRMT1 (IC50 >10 µM in vitro) 

PRMT3 (IC50 >10 µM in vitro) 

CARM1 (IC50 <10 nM in vitro, 

400–716 nM cell assay) 

PRMT5 (IC50 >10 µM in vitro) 

PRMT6 (IC50 1.6 µM in vitro) 

PRMT7 (IC50 >10 µM in vitro) 

PRMT8 (IC50 8.1 µM in vitro) 

PRMT9 (IC50 >10 µM in vitro) 

Competitive 

(substrate) 

N/A (72) 

(ii) Type II and III preclinical compounds 

Compound PRMT enzymes inhibited Mode of 

action 

Disease type(s) 

tested 

Refs 

EPZ015666 

GSK3235025) 

PRMT5 (IC50 22 nM in vitro,) 

64–904 nM cell assay) 

Competitive 

(substrate 

Mantle cell 

lymphoma 

(mouse 

xenografts) 

(73) 

EPZ015866 

(GSK591) 

PRMT5 (IC50 4 nM in vitro) Competitive 

(substrate 

N/A (74, 75) 

EPZ004777 PRMT5 (IC50 30 µM in vitro) 

PRMT7 (IC50 7.5 µM in vitro) 

Competitive 

(SAM) 

N/A (76) 

LLY-283 PRMT5 (IC50 22 nM in vitro, 

25 nM cell assay) 

Competitive 

(SAM) 

Melanoma 

(mouse 

xenografts) 

(77) 

HLCL-61 PRMT5 (ND) N/A N/A (78) 

DS-437 PRMT5 (IC50 5.9 µM in vitro) 

PRMT7 (IC50 6 µM in vitro) 

Competitive 

(SAM) 

Breast cancer 

(mouse 

xenografts) 

(76, 79) 

SGC3027 PRMT7 (IC50 2.4 µM cell 

assay) 

 

Cell-permeable 

prodrug; 

converted to 

the active form 

(SGC8158) in 

the cell 

N/A (80) 

SGC8158 PRMT7 (IC50 <2.5 nM in vitro) Competitive 

(SAM) 

N/A (80) 

(iii) Inhibitors in Phase I clinical trials 

Compound PRMT enzymes inhibited Mode of 

action 

Disease type(s) 

tested 

tested 

Trial 
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numbe

r 

GSK3368715 PRMT1  Diffuse large B 

cell lymphoma 

(DLBCL) and 

refractory solid 

tumours 

(pancreatic, 

bladder, non-

small cell lung 

cancer). 

NCT03

666988 

EPZ015938 

(GSK3326595) 

 

PRMT5 (IC50 3–9.9 nM in 

vitro) 

PRMT9 (IC50 >40 µM in vitro) 

 

Competitive 

(substrate) 

 

MDS and AML 

solid tumours 

and non-

Hodgkin’s 

lymphoma 

NCT02

783300 

NCT03

614728 

JNJ-64619178 PRMT5 N/A PRMT5 B cell 

non-Hodgkin’s 

lymphoma 

(NHL) or 

advanced solid 

tumours 

 

PF-06939999 PRMT5 N/A Advanced or 

metastatic solid 

tumours (non-

small cell lung 

cancer, head and 

neck squamous 

cell carcinoma, 

oesophageal 

cancer, 

endometrial 

cancer, cervical 

cancer, and 

bladder cancer). 

NCT03

854227 

PRT811 PRMT5 N/A advanced solid 

tumor, recurrent 

glioma, CNS 
lymphoma 

 

NCT04
089449 

 

Table 1. Tool Compounds and Clinical Inhibitors of PRMTs. Table adapted from Jarrold et. al. (37) and have 

been updated.   
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aAbbreviations: N/A, not available; ND, not determined; SAH, S-adenosylhomocysteine; SAM, S-adenosyl 

methionine 

1.3 One-carbon metabolism and arginine methylation 

Metabolism plays a central role in all areas of biology, from ecology to bioengineering to diseases, 

and is interlaced with cellular signalling pathways and the posttranslational modification state of 

proteins. One carbon pool is the pool of methyl groups that are accessible for methylation reactions 

(81). Methionine is an essential amino acid involved in one-carbon metabolism that serves as the 

substrate for SAM, which provides a methyl group for methylation. PRMT enzymes catalyse 

methylated arginines and produce SAH as a side-product. SAH is hydrolysed by S-

adenosylhomocysteine hydrolase to generate homocysteine and then contributes to re-synthesis of 

methionine. SAM additionally can be utilized for polyamine metabolism by producing spermidine, 

spermine and methylthioadenosine. Serine is considered to be the primary methyl provider, 

transferring methyl groups to tetrahydrofolic acid (THF) to form glycine, N5-N10 methylene THF 

and 5-methyl THF. A methyl group from 5-methyl THF can be transferred to homocysteine by 

methionine synthase. The interaction between the folate cycle and the methionine cycle in one 

carbon metabolism refers to the methyl transfer. One carbon metabolism is not only a process that 

redistributes methyl groups but also provides additional energy. Glutamine can provide energy 

through TCA cycle and contributes one carbon building block through gluconeogenesis. Glutamine 

deprivation has been investigated to affect one carbon metabolism by changing serine level (82). 

Thus, glutamine, serine, glycine, spermidine and methionine are also involved in one-carbon 

metabolism (Figure 4). Recent publications have reported changes in threonine and methionine 

metabolism that affect histone methylation (83, 84). Threonine deprivation decreases accumulation 

of SAM and histone H3 lysine 4 methylations and methionine deleption reduces histone and DNA 

methylations (83, 84). However, it is unclear whether the regulation of the conditional metabolites 

involved in the one-carbon pathway can be directly sensed by cells to trigger a change in protein 

arginine methylation.  
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Figure 4. One-carbon metabolism and associates pathways. Methionine synthase (MS), Ornithine decarboxylase 

(ODC), S-adenosylhomocysteine hydrolase (AHCY), Methionine adenosyltransferase 2A (MAT2A), 

Methyltransferases (MTs), S-adenosylmethionine (SAM), S-adenosyl homocysteine (SAH).  

 

ArgMet involves the metabolic process and vice versa.  SAM metabolism is essentially entwined 

with PRMT enzymes. Metabolites and metabolic processes regulate PRMT enzyme activity, 

function and abundance. Methylome analyses have recognized that 3% of metabolic enzymes are 

arginine methylated, suggesting that PRMT enzymes could regulate metabolic pathways during 

tumorigenesis and ageing (15, 85-87). For example, NAUFAF7, a mitochondrial PRMT, regulates 

neuronal energy metabolism (88, 89). ArgMet of malate dehydrogenase (MDH1) by PRMT4 

inhibits glutamine metabolism and suppresses pancreatic cancer cell growth (90). The dynamics of 

the ArgMet process and its relationship to cellular metabolism remain elusive. It is crucial to 

consider whether there are generic methods to unravel the relationship between ArgMet and 

metabolism.  

1.4 Global analysis of protein arginine methylation  

It has been difficult to understand precisely how ArgMet controls metabolism, cellular processes, 

and the mechanism remains elusive. The challenge in understanding how methylation affects 

(patho)physiological processes is identifying and quantifying protein arginine methylation (91). 
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Reliable detection and absolute quantification of arginine and its methylated derivatives in diverse 

matrices, such as cells, bodily fluids, and tissues, remain challenging because of the lack of suitable 

techniques. For instance, mass spectrometry (MS)-based approaches suffer from the lack of 

generally applicable methods to enrich the sample for methylated peptides, incomplete sequence 

coverage, and incorrect identification of methylation sites (92). The limitation of high-performance 

liquid chromatography (HPLC) relates to nonspecific and unstable derivatization and methylated 

arginine residues that are not effectively resolved under certain chromatographic conditions (Table 

2) (93, 94). Most profiling studies of ArgMet are based on antibodies used for detection because 

they can be used for preferentially identifying specific and short target sequences, such as RG/RGG 

(1). The abundance of substrate sequences limits the application of immunoaffinity methods of 

ArgMet quantification.  

 NMR HPLC MS antibody 

Sample 

preparation 

simple simple extensive simple 

Sensitivity µM nM only for peptide so far 

(not global) 

not global/quantitative 

Analysis fast slow slow fast 

Dynamics yes no technically possible, but 

haven’t been tested 

no 

Advantage dynamic study 

unlimited samples 

high sensitivity, 

 

site information visualized 

Limitations less sensitivity 

no site 

information 

slow analysis 

time, unstable 

derivatization 

incomplete sequence 

coverage, lack of 

techniques for methyl 

peptide enrichment, 

limited target 

sequences, false 

positive 

limited target 

sequences 

Table 2. Comparison of MS, HPLC, antibody and NMR for ArgMet measurements 

NMR based quantitative analysis of ArgMet has not been covered until so far. Compared to other 

methods, NMR is robust, highly reproducible, and quantitative over a wide dynamic range and are 

unmatched for determining structures of unknowns. NMR is adept at tracing metabolic fluxes and 

dynamics using isotope labels. Moreover, NMR is non-destructive and requires simpler sample 

preparation and faster analysis 

1.5 NMR based metabolomics 

Metabolomics is one of the core disciplines of systems biology (95). It focuses on the study of the 

changes of all metabolites produced by genetic alterations, in diseases and in response to 

environmental factors (96). Untargeted metabolomics has been established as a key technique for 
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the investigation of metabolic alterations in carcinogenesis (97, 98), microbiology (99, 100), 

precision medicine (101), biomarker discovery (102), chronic disease (103) and neurodegenerative 

disease (104). It can be used for quantitatively measuring dynamic multiple parameters of the 

metabolic response of the life system to pathophysiological stimuli or genetic modifications (105, 

106). Moreover, metabolomics can be used to integrate and analyse metabolic information with 

biochemical and physiological changes in pathophysiological processes by tracking and detecting 

changes in metabolite levels and their dynamic transformations, and then, it can be used to 

determine relevant biomarkers (96). Therefore, metabolomics has been widely applied in many 

fields, such as to the diagnosis of diseases, exploration of pathogenesis, study of drug action 

mechanisms and search for new drug targets (105, 107). Untargeted metabolomic evaluation of 

arginine methylation might help us to understand the relationships between arginine methylation 

and metabolic pathways. 

Currently, the main analytical techniques of metabolomics include chromatography, mass 

spectrometry, nuclear magnetic resonance (NMR) spectrometry, liquid chromatography-mass 

spectrometry (LC-MS) and gas chromatography-mass spectrometry (GC-MS) (50, 108, 109), each 

of which has its own advantages and scope of application. To achieve the goal of separating and 

analysing metabolites without bias, in a wide-ranging and high-throughput manner with high 

sensitivity and high precision, various spectral techniques combined with comprehensive analysis 

methods are increasingly being used in metabolomic research, showing the inevitable trend of the 

development of metabolomic analysis technology in the future. NMR spectroscopy is well suited 

and not destructive in the quantification of metabolites in complex mixtures of samples with 

minimal preparation (110). NMR spectroscopy has a lower sensitivity than LC-MS, but it shows 

high reproducibility and can be used for many matrices. In summary, NMR-based metabolomic 

analysis is mostly used in untargeted metabolomic studies and provides an abundance of metabolite 

information. 

1.5.1 Metabolic alterations in hepatocellular carcinoma 

Hepatocellular carcinoma (HCC) is one of the most lethal and prevalent cancers worldwide, 

accounting for between 85% and 95% of primary liver cancers (111, 112). HCC is a pathology 

process with multiple aetiologies that are dynamic consisting of multiple stages (113). The 
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observed variations in the age-, sex- and race-specific distribution of HCC in geographic regions 

are related to different types of hepatitis virus infection, alcohol abuse, aflatoxins and the 

subsequent cirrhosis (114-116). Common diagnostic tools include biopsy sampling and 

radiographic imaging; however, early diagnosis requires the impetus to conduct such testing. The 

serum marker alpha‐fetoprotein (AFP), used as the only regular means of surveillance for early 

detection, is controversial due to false positives and its limited sensitivity. The development of 

clinical biomarkers for HCC in the early stage remains poor due to the lack of typical symptoms in 

the early stage and methodologic challenges, including incomplete characterization of patient 

cohorts. Most HCCs are found when the disease is in the advanced stage; therefore, only 30% of 

HCCs are suitable for resection, and up to 80% of patients present with underlying cirrhosis (117). 

Recurrent HCC is the rate-limiting factor of long-term survival. Although surgical resection, 

targeted drug therapies, local ablation and liver transplantation are well-developed strategies and 

are routinely used in the clinic, high mortality is related to a lack of effective timely diagnosis, 

systemic therapy resistance, poor prognosis and high postoperative recurrence (118, 119). HCC 

with rapid growth and vascular invasion depends on the formation of new blood vessels, which 

induce an abnormal microenvironment characterized by low oxygen tension. Recently, 

antiangiogenic strategies have been developed as therapies, i.e., sorafenib for advanced-stage HCC 

(120). Unfortunately, the limited number of studies focused on the angiogenic microenvironment 

has made it difficult to find prognostic biomarkers, similar to the situation of recurrence prediction. 

Limited resources have hampered clinical trials of incorporating biomarker studies in HCC for the 

following reasons: first, modelling HCC in mice has been difficult; second, HCC is a highly 

heterogeneous disease for which thorough mechanistic studies with relevant clinical models are 

needed. In this respect, the challenge of exploring predictive biomarkers (early stage or prognostic) 

or promising treatment options needs to improve our understanding of HCC carcinogenesis, the 

angiogenic microenvironment, rapid recurrence and metastasis. 

The molecular mechanism of hepatocarcinogenesis is related to intracellular signalling pathways 

such as the Wnt/β-catenin, Ras/Raf/Mek/Erk, hedgehog, MAPK, AKT, ERK, VEGF, 

PI3k/Akt/mTOR and hypoxia-inducible factor pathways (121, 122). ArgMet also involves in 

hepatocarcinogenesis and enhances hepatitis virus replications (123, 124). Methylation of the core 

protein of HBV by PRMT5 induces its accumulation (125). In HCC, PRMT5 promotes cell 
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proliferation through ERK signalling pathway and enhances metastasis through Wnt/ß-catenin 

signalling pathway (126, 127). PRMT6 regulates Ras/Raf/Mek/Erk-mediate cancer stemness 

activity. These roles include regulation of cellular oxidative stress, and cell proliferation, 

differentiation and apoptosis, which in turn control hepatic growth, protein expression/post-

translational modifications, xenobiotic metabolism and metabolic reprogramming to mediate an 

increase in glucose uptake, glycolysis, angiogenesis, and stress resistance. In this context, the 

variation in protein expression or post-translational modifications and metabolite levels induced 

by signalling pathways needs to be clarified to shed light on metabolic reprogramming and 

carcinogenesis.  

First metablic data were obtained on HCC (128). For instance, Hao W et al. (129) used gas 

chromatography-mass spectrometry (GC-MS) to compare urine metabolite profiles of HCC 

patients and healthy individuals and were able to identify 18 biomarker candidates that could 

discriminate HCC patients from healthy individuals. Currently, the major analytical techniques of 

metabolomics include chromatography, mass spectrometry, NMR, liquid chromatography-mass 

spectrometry (LC-MS) and GC-MS (130). 1H NMR spectroscopy has been successfully employed 

in metabolomic studies, producing a large amount of information on metabolites in biological 

matrices (131). However, the investigation of useful biomarkers for HCC, focused solely on 

metabolomics, has been difficult. Multiple complementary analytical platforms are required as 

profiling tools to help with metabolic visualization. Proteomic and metabolomic analyses with 

high-throughput platforms offer simultaneous readouts of hundreds of proteins and metabolites for 

us in gaining insight into cell signalling pathways. Integrating multiple omics techniques in a single 

study is not easy because each omics technique has its own degree of specialization and relevant 

analysis. Most studies have applied proteomic analysis to identify metabolic pathways for one or 

two metabolites (132) or used metabolic labelling for quantitative proteomic analysis (133). 

However, use of single omics does not allow comprehensive interpretation, as it is focused on the 

technical and analytical aspects of the process not necessarily the overall biological interpretation 

of the results; e.g., the number of proteins identified by proteomics is not indicative of protein 

activity or the factors critical for its activity. A few combined metabolomic and proteomic analyses, 

such as in cardiovascular diseases (134, 135), kidney cancer (136),  atrial fibrillation (137), 

gestational diabetes mellitus (138) provide opportunities to bridge the gap between molecular and 
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systems biology and eliminate some of the bias inherent in single omics studies. 

Metabolic/proteomic adaptation should be assessed not only in terms of cancer cells but also in 

consideration of the contribution of normal (noncancerous) cells in the same tissues. Metabolomics 

and proteomics share an intracellular network that induces metabolic/proteomic dynamics through 

various chemical reactions and extracellular organic and signalling molecules that supplement and 

mediate stimuli. 

1.5.2 The metabolic regulation of ageing  

Ageing is an important contributor to energy metabolism. Ageing affects cellular function, 

including body homeostasis, DNA damage and oxidative stress (139). Several metabolic cellular 

ageing mechanisms have been implicated on the basis of studies across a range of species (140), 

including  AMPK, IGF-1, transcriptional regulation, sirtuins,  endoplasmic reticulum stress, 

autophagy, oxidative stress and mTOR (141, 142). Autophagy declines with increasing age leading 

to the accumulation of the damaged proteins and organelles (143). Autophagy-proteasomal 

degradation can be controlled by PRMT enzymes and ArgMet (144, 145). Consistently, 

methylation alterations in histones, DNA and chromatin-associated proteins prompt epigenetic 

changes that affect cellular senescence (140). As mentioned above, some PRMT enzymes affect 

cellular apoptosis or senescence (54-56).  

The inability to maintain homeostasis can be observed both within cells and during intercellular 

communication. Researchers have found disturbances in different compartments of the cell, 

suggesting that ageing is not the result of a single process but is a result of multiple pathway 

interactions. Furthermore, researchers have proposed that the accumulation of senescent cells over 

time may contribute to the course of ageing and age-related disease. These alterations are common 

in ageing tissues and are associated with age-related pathologies, such as hypertension, Parkinson’s 

disease, diabetes mellitus type 2, diabetes mellitus, multiple chronica condition, Alzheimer’s 

disease, atherosclerosis and obesity (146-151). Whereas these conditions differ greatly in their 

manifestations, they share characteristic that they are accompanied with alterations in metabolism. 

For example, in diabetes mellitus type 2, blood levels of branched chain amino acids, low-carbon 

lipids or sugar metabolites are increased (152, 153), whereas in Alzheimer’s disease, methionine, 

histidine, lysine and phosphatidylethanolamine can be detected at abnormal levels in plasma (154). 
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Moreover, there is increasing evidence showing that metabolic changes are not only a consequence 

of ageing processes but are also potential causes of ageing. Distinct physiological processes are 

controlled by tissues, substantially overlapping transcriptomes, proteomes and metabolomics. 

Whether different tissues age in the same way is an open question. For instance, muscle cells, 

among others, can utilize fatty acids for producing energy, whereas fatty acids cannot cross the 

blood-brain barrier, making the brain dependent on glucose for the same purpose. The levels of 

certain metabolites can therefore enable researchers to distinguish between the origins of single 

specimens and characterize them in ageing manner (155). Furthermore, distinct changes in the 

metabolic profile of organs in different states of health seems to be a reasonable supposition. This 

presumption was validated by Houtkooper et al., who investigated changes in the metabolic 

profiles of muscle and liver tissue associated with ageing (156). As expected, when comparing the 

tissues of old and young mice, the activity of different pathways seemed to differ in those two 

tissue types. A sharp increase in metabolites associated with starch and sucrose metabolism, 

glycerolipid metabolism or phospholipid biosynthesis was seen in the livers with increasing age, 

where in muscles, the alterations mainly affected starch and glucose metabolism, galactose 

metabolism and polyunsaturated fatty acid metabolism (157). Consequently, the discovery of both 

ageing- and tissue-specific biomarkers seems a reasonable and desirable goal in the continuous 

search for reliable universal biomarkers of ageing. Several studies have revealed molecular effects 

of ageing on genomic instability, epigenetic alterations and metabolome levels. However, a 

comprehensive overview of metabolic changes in healthy ageing is lacking, especially in relation 

to post-translational modifications.  

In addition to the potential use of metabolomics in the search for new biomarkers, identifying which 

metabolites are altered in different states of pathophysiological status or healthspan can help trace 

the primary interfering pathway(s) that play roles under the investigated conditions. Following this 

approach and assuming that the state of ageing differs from the state of health, identifying 

metabolites that change significantly with ageing seems important in classifying pathways that are 

closely connected to senescence. Moreover, a potential therapeutic approach targeting one carbon 

metabolism may be valuable by integrating arginine methylation and metabolomic correlations. 
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2 Motivation and Aims 

ArgMet represents an abundant posttranslational modification regulating numerous cellular 

processes and biological functions. Given that ArgMet is strongly dependent on the essential amino 

acid methionine, which is a precursor to SAM, we hypothesize that ArgMet is strongly coupled to 

metabolism. Understanding alterations of ArgMet in fundamental processes, especially in 

metabolic contexts, has provided the rationale for targeting ArgMet in differentiation, ageing and 

oncology. However, due to the lack of appropriate tools for the quantitative analysis of global level 

of protein arginine methylation, we aim  

1)     To develop a novel, simple and fast protocol for absolute quantification of protein arginine 

methylation, including: 

i.  Apply our methods in unlimited biological matrices, i.e. serum, urine, cell, organoid 

and tissue. 

ii.  Validate whether ArgMet represents highly abundant post-translational modification 

and determine ArgMet levels in biological samples.  

iii.  Apply our methods for characterizing PRMT enzymatic specificities and understand 

substrates specificity of PRMT enzymes. 

iv.  Evaluate how ArgMet is modulated by metabolites.  

v.  Evaluate the effectiveness of PRMT inhibitors to suppress ArgMet levels.  

vi.  Understand dynamics and turnover of ArgMet, including the existence of an efficient 

arginine demethylase  

 

2)   To converge on ArgMet as a metabolic master switch for biological processes, including:  

i. Differentiation  

ii. Carcinogenesis  

iii. Ageing 
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3)    To integrate with metabolomic data to analyse the relationship between ArgMet and 

metabolism.  

i. Hepatocarcinogenesis, to merge the proteomic and metabolomic datasets derived from 

experiments on HCC (n=200) serum, carcinoma tissues and peritumoural tissue of 

distinct tumour sizes for understanding the signalling pathways and underlying 

mechanisms. 

ii. Ageing, to study metabolic changes in the brain, heart, kidney, liver, lung and spleen 

in young (9-10 weeks) and old (96-104 weeks) mice. 
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3 Publication I 

Publication I has been published in the open access journal Cell Reports Methods with permission 

to reprint data under the terms of the Creative Commons CC BY license. 
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3.1 Highlights 

 NMR enables robust quantification of (methylated) arginines in biological matrices 

 Arginine methylation represents a highly abundant post-translational modification 

 Arginine methylation can be modulated by small-molecule inhibitors and metabolites 

 Alterations provide insights into phenotypes of cancer, differentiation and ageing 

3.2 Motivation 

Protein arginine methylation (ArgMet) is of high current and increasing interest due to its 

fundamental role in regulation of cellular processes, including transcription, RNA processing, 

signal transduction cascades, the DNA damage response and liquid–liquid phase separation. 

However, due to the lack of methods for global analysis of ArgMet, the mechanistic link between 

ArgMet levels, dynamics and (patho)physiology remain largely unknown. Here, we took advantage 

of the high sensitivity and robustness of Nuclear Magnetic Resonance spectroscopy and developed 

and applied a general method for quantification of global protein ArgMet. 

3.3 Summary 

Quantitative information about the levels and dynamics of post-translational modifications (PTMs) 

is critical for an understanding of cellular functions. Protein arginine methylation (ArgMet) is an 

important subclass of PTMs and is involved in a plethora of (patho)physiological processes. 

However, due to the lack of methods for global analysis of ArgMet, the link between ArgMet levels, 

dynamics and (patho)physiology remains largely unknown.  We utilized the high sensitivity and 

robustness of Nuclear Magnetic Resonance (NMR) spectroscopy to develop a general method for 

the quantification of global protein ArgMet. Our NMR-based approach enables the detection of 

protein ArgMet in purified proteins, cells, organoids, and mouse tissues. We demonstrate that the 

process of ArgMet is a highly prevalent PTM and can be modulated by small-molecule inhibitors 

and metabolites and changes in cancer and during ageing. Thus, our approach enables to address a 

wide range of biological questions related to ArgMet in health and disease. 
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Graphical Abstract 
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3.4 Introduction 

Arginine methylation (ArgMet) is a prevalent post-translational modification (PTM) evolutionary 

conserved from unicellular eukaryotes to humans. It regulates a plethora of fundamental biological 

processes, such as transcription, translation, RNA metabolism, signal transduction, DNA damage 

response, apoptosis, and liquid-liquid phase separation (LLPS) (3, 4, 9, 10, 158) 

Three main types of methylated arginine residues are present in cells, including ω-NG-

monomethylarginine (MMA), ω-NG, NG-asymmetric dimethylarginine (ADMA) and ω-NG-N’G-

symmetric dimethylarginine (SDMA). Formation of MMA, SDMA and ADMA is catalysed by a 

broad spectrum of protein arginine methyltransferases (PRMTs). The number of PRMTs varies 

from unicellular eukaryotes to humans, with yeast having at least one or two main PRMTs 

(HMT1/RMT1 and HSL7) and a family of nine PRMTs being present in mammals (9, 10). 

Depending on the type of methylated arginine they produce, PRMTs are categorized into four main 

classes (10, 12). Type I PRMTs, including PRMT1, 2, 3, 4 (also called CARM1), 6, and 8 catalyse 

the formation of MMA/ADMA, whereas type II PRMTs, including PRMT5 and 9, catalyse the 

formation of MMA/SDMA (Figure S1A). Type III PRMTs such as PRMT7 catalyse the formation 

of MMA. In yeast, only the type IV PRMT RMT2 has so far been reported (11) to methylate the 

delta (δ) nitrogen atom of arginine residues (159). Additional potential arginine methyltransferases 

have been identified, but remain to be biochemically validated (NDUFAF7, METTL23) (12). 

Most PRMTs methylate glycine- and arginine-rich, so-called arginine-glycine-glycine (RG/RGG), 

protein regions (15-17). More than 1000 human (in particular RNA-binding) proteins contain 

RG/RGG regions (1, 8). However, adjacent glycine residues are not a prerequisite for the ArgMet 

as it has been shown that RXG motifs can be methylated by PRMT1, where X is preferably lysine, 

phenylalanine, threonine or leucine (18, 19). Moreover, RPAAPR- or APR-motifs have been 

identified as sites of ArgMet (20). PRMT4/CARM1 has been reported to methylate arginines 

within proline-, glycine-, and methionine-rich regions (22, 23). A set of PRMT5 targets identified 

by mass spectrometry revealed the enzyme’s preference for methylating arginine located between 

two neighbouring glycines (GRG) (24). PRMT6 prefers arginines in positively charged regions 

and disfavours acidic residues at essentially any position around the target arginines (17). Within 
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proteins, intrinsically disordered regions regularly display ArgMet, but are not exclusive sites (25). 

On a molecular level, methylation of these regions regulates nucleic acid binding, protein-protein-

interactions, LLPS, and protein localization (12).   

PRMTs are ubiquitously expressed in human tissues (160), with the exception of  PRMT8, mainly 

expressed in the brain (158), and regulate important cellular processes that affect cell growth, 

proliferation and differentiation (5). Embryonic loss of most of these PRMTs results in pre- and 

perinatal lethality in mice (161, 162). Dysregulation of PRMTs has been implicated in the 

pathogenesis of several diseases, including cardiovascular, metabolic, and neurodegenerative 

diseases, viral infections, and various types of cancer (5). Since PRMTs tend to be upregulated in 

cancer malignancies (31, 37) they represent a promising target in cancer therapy and are currently 

being investigated in several clinical studies with PRMT inhibitors. Moreover, loss of PRMTs has 

been linked to cellular senescence and ageing in mice (5). 

Despite the biological significance of ArgMet, several key questions are still elusive: (i) The global 

levels of ArgMet are largely unknown. Pioneering studies indicated that ArgMet might be as 

abundant as phosphorylation, with around 0.5 - 2% of arginine residues being methylated in 

mammalian cells and tissues (163-166). Although more than 1000 ArgMet-sites have already been 

identified by immunoaffinity purification and liquid chromatography–tandem mass spectrometry 

(LC-MS/MS)  (15, 167), specific concentrations of ArgMet in cells and tissues, including the 

coupling of ArgMet and metabolism, have so far not been comprehensively studied by Nuclear 

Magnetic Resonance (NMR). The methyl group for protein ArgMet is provided by the universal 

methyl-donor S-adenosyl methionine (SAM), which is synthesized from methionine and ATP by 

SAM synthase. One carbon metabolism is required for recycling of the essential amino acid 

methionine (168, 169). How metabolism regulates ArgMet needs to be determined. (ii) Dynamics 

and turnover of ArgMet, including the existence of an efficient arginine demethylase, are 

controversial issues and still largely unexplored (12). (iii) Regulators of PRMTs (e.g. BTG1, 

TIS21/BTG2, or NR4A1) were proposed in the last years, but their impact on PRMT activity and, 

in turn, their contribution to global ArgMet concentrations remain enigmatic (3, 31). (iv) Small-

molecule inhibitors of PRMTs have been discovered, yet their influence on the extent of ArgMet 

and how ArgMet levels are affected in vivo is currently unknown.  
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Addressing these questions is challenging, in part due to the lack of robust methods for (absolute) 

quantification of global ArgMet values and dynamics in cells and tissues. Most of the current 

approaches use antibodies to detect and distinguish differentially methylated arginines. These 

methods successfully track and annotate these PTMs (170). However, these antibodies are still only 

raised against specific, short target sequences (e.g. RGG) and mixtures of selected motifs, but fail 

to recognize or enrich the entire pool of arginine methylated proteins. This limits their use in 

quantifying of global ArgMet levels due to the large sequence diversities found around these sites 

(171, 172).  

We therefore developed a general method for absolute, label-free quantification of (methylated) 

arginines in cells, organoids and tissues by using the high sensitivity and robustness of NMR 

spectroscopy. We demonstrate that ArgMet is a highly abundant PTM, whereas cellular dynamic 

changes of protein ArgMet occur at a slow rate. Our study provides a strong methodological 

development for the quantification of ArgMet levels and their dynamic changes, that also 

conceptually advances our understanding of the importance of ArgMet in biology and medicine. 

Moreover, we offer ways to study the modulation of protein ArgMet by inhibitors, metabolites and 

biological processes such as differentiation and ageing, enabling future studies from basic to 

translational research and drug discovery/development far beyond the current state of the art. 
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3.5 Results 

3.5.1 NMR enables quantification of global protein arginine methylation 

NMR spectroscopy enables robust quantification of metabolites in complex mixtures paired with 

simple and fast sample preparation, measurement and analysis (173). We built on previous 

chromatography-based approaches to analyse (methylated) arginines in protein hydrolysates (174, 

175) and developed a NMR-based protocol for absolute quantification of protein ArgMet. A 

schematic representation of the workflow is shown in Figure 5A. Proteins were extracted from 

biological matrices, hydrolysed using hydrochloric acid, and delipidated. Basic/hydrophobic amino 

acids, including arginine and its derivatives, were purified by solid phase extraction (SPE) and 

analysed by NMR spectroscopy. NMR analysis of arginine, ADMA, MMA and SDMA standards 

revealed good separation of their 1H signals, both in 1D Car-Purcell-Meiboom-Grill (CPMG) as 

well as in 2D homo-nuclear J-resolved experiments (JRES) (Figure 5B, Figure 5C and Figure 

S1B). The CPMG pulse sequence is routinely employed removing the residual broad signals from 

macromolecules (such as lipids) to avoid the signals from compounds with low molecular weight 

are overshadowed by signals of macromolecules (176, 177). The JRES approach separates the 

chemical shift and J-couplings into two different spectral dimensions. To minimise signal overlap 

with other metabolites present in biological materials, 1H 1D projections of 2D J-resolved, virtually 

decoupled NMR spectra are recommended strategies for quantify ArgMet. We used the 1H 1D 

projections of 2D J-resolved, virtually decoupled NMR spectra for all follow-up analyses, 

facilitating assignments and quantifications (173, 178-180). 1H-methyl signals of MMA and 

SDMA overlapped in 1H spectra when recorded in buffer, but could be resolved in d6-DMSO as 

solvent (Figure 5D).  

To validate the robustness of our workflow, we first evaluated stability and recovery of ADMA, 

MMA and SDMA signals in diverse biological matrices. All compounds were highly stable during 

hydrolysis and showed high recovery both from a protein matrix containing lysozyme and a 

methylation-free Escherichia coli cell matrix (Figure 5E, Figure 5F, Figures S1E-G). Protein-

unbound free methyl arginines did not contribute to the detected protein ArgMet (Figures S1C, 

S1D). A quantitation limit for ADMA of 100 nM was determined (Figure S1H). Concentrations 

remained linear over a wide concentration range of 4 orders of magnitude up to the SPE column 
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saturation limit of 3 mM, as shown for arginine (Figures S1I). In summary, our NMR approach 

offers a simple, rapid and highly reproducible workflow for arginine and ArgMet quantification. 

Compared to HPLC-based quantification, NMR is label-free, does not require chromatographic 

separation or standards for quantification. Moreover, it enables detection of yet unknown arginine 

derivatives and can be combined with isotope labelling. 

 

Figure 5. Absolute quantification of protein ArgMet by NMR. 

(A) Schematic workflow depicting steps for protein arginine and ArgMet quantification. Biological matrices are 

extracted with water/methanol. Protein precipitate containing protein arginine and ArgMet is hydrolysed, lipids 

are removed with chloroform, and solid phase extraction (SPE) is used to isolate positively charged amino acids, 

including (methylated) arginine(s). The eluate is analysed by NMR spectroscopy.  
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(B) Overlay of 1H 1D-CPMG NMR spectra of 100 µM arginine (black), ADMA (orange), MMA (blue, dashed 

line) and SDMA (blue, solid line). Chemical shift ranges for characteristic 1H signals are shown in the spectra. 

Positions of the corresponding protons are labelled in the structure formula (ADMA - orange, MMA - blue, 

dashed line, SDMA-blue, solid line; an acetate impurity is labelled with an asterisk).  

(C) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of the samples shown in 

(B). Characteristic regions of ADMA, MMA and SDMA methyl groups are indicated (arginine, black; ADMA, 

orange; MMA, blue, dashed line; and SDMA, blue, solid line). 

(D) Overlay of 1H 1D projections of 2D J-resolved NMR spectra of 100 µM MMA (blue, dashed line) and SDMA 

(blue, solid line) recorded in DMSO-d6 show the resolution of methyl resonances.  

(E) Overlay of representative recovery experiments of 1H 1D projections of 2D J-resolved NMR spectra recovery 

experiments from E. coli lysates spiked with ADMA (solid line), MMA (dashed line) or SDMA (dotted line), 

respectively. Shaded regions represent characteristic regions of ADMA (orange), MMA and SDMA (blue) 

methyl groups. 

(F) Statistical analysis of ADMA, MMA, SDMA recovery from lysozyme (square, n=5; mean ± SD) (0.34 mM) 

and E. coli lysates (triangle, n=5, mean ± SD). Samples were spiked with 100 µM ADMA (orange), MMA (blue), 

SDMA (blue) and prepared according to the workflow shown in (A).  

 

3.5.2 NMR-based protein ArgMet profiling in vitro and in cells 

To identify the proportion of ArgMet in protein and cell samples of unknown methylation status, 

we determined levels of arginine, ADMA, MMA and SDMA in recombinant proteins, yeast cell 

cultures and mammalian cell lines. Levels of ADMA, MMA and SDMA are presented normalised 

to the total arginine content to allow a direct comparison of ArgMet concentrations between 

different biological matrices. Alternatively, and because NMR is completely quantitative, absolute 

concentrations can be displayed, normalised to either cell number, tissue mass or protein content. 

Methylation by PRMTs occurs preferentially within RG/RGG-rich and proline-glycine-

methionine-rich regions (5). In mammals, PRMT1 is the most abundant methyl transferase and 

catalyses formation of both ADMA and MMA. As expected, NMR analysis of the methylation-

free recombinant RG/RGG model proteins cold-inducible RNA-binding protein (CIRBP) and 

RNA-binding protein fused in sarcoma (FUS) revealed that ADMA and MMA are detectable in 
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recombinant proteins after incubation with PRMT1 and the methyl-donor SAM (Figure 6A). Both 

model proteins are suitable as in vitro substrates for PRMT1, with 12% and 5% of all arginine 

residues being asymmetrically dimethylated in CIRBP and FUS, respectively. Interestingly, the 

levels of ADMA and MMA varied between CIRBP and FUS, with CIRBP lacking MMA/SDMA 

and FUS showing MMA (Figure S2A). The increased content of MMA in FUS might be due to 

the presence of two RGGY motifs in FUS. A preference for tyrosine in the +3 position was 

observed for PRMT1 MMA target sites (181).We cannot rule out the possibility that in vitro 

methylation might lead high MMA levels. These data indicated that PRMT1 selectively recognizes 

amino acid sequences in substrate (15) and that ArgMet-NMR is well-applicable to study levels 

and kinetics of ArgMet in purified protein substrates.  

First HPLC-based studies estimated 0.5 - 2% of arginine residues to be methylated in mammalian 

cells and tissues (163-166). In yeast, four PRMTs (HMT1/RMT1 (182, 183), RMT2 (159), HSL7 

(184) and SFM1(185)) have been described.  Additionally, a large number of methylation sites and 

their associated proteins have been identified by mass spectrometry (186, 187), suggesting that 

ArgMet may represent an important mechanism in yeast. Of these PRMTs, HMT1/RMT1 has 

already been identified as a PRMT1 homologue in 1996 (182, 183). Analysis of wild-type and 

HMT1 or HSL7 knockout yeast strains, assessed in two distinct but related genetic backgrounds 

(BY4741 and BY4742) showed that on average more than 0.25% of all arginines are methylated 

in S. cerevisiae (Figure 6B). MMA was detectable in wild-type yeast (BY4741 and BY4742), 

albeit at low levels (~20% of ADMA), whereas SDMA was undetectable (Figure 6C and Figure 

S2B). Deletion of HMT1 essentially abolished ADMA and MMA levels in both backgrounds, 

consistent with an HPLC-based validation experiment (Figure S2B), suggesting that none of the 

other PRMTs contributed significantly to the global ArgMet levels. In line with these results, only 

very few substrates of RMT2, HSL7 and SFM1 have been reported so far (11, 185, 188). In contrast 

to HMT1 deletion, deletion of HSL7 showed no significant impact on global ADMA and MMA 

levels in BY4741 and BY4742 (Figure 6B), probably because HSL7 only recognizes a small subset 

of potential substrate proteins in yeast (188). Indirect effects associated with the loss of HMT1 are 

unlikely as the expression of other PRMTs is not affected by HMT1 knockout (189) 
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Our approach offers an excellent opportunity to characterise ArgMet in a variety of commonly 

used human cell lines. ArgMet-NMR analysis of nine human cells lines showed that ADMA and 

MMA/SDMA concentrations differ significantly, with primary fibroblasts showing the lowest and 

A375 malignant melanoma cells showing the highest levels of both ADMA and MMA/SDMA, 

respectively (Figure 6D). In all cell lines tested, ADMA was the predominant ArgMet species with 

more than 3% of all arginine residues being methylated in A375 cells. SDMA/MMA levels were 

significantly lower (Figures 6D and E). This finding is in line with previous studies estimating 

MMA and SDMA at levels of 20-50% of ADMA (9), although the MMA/SDMA values detected 

by NMR are consistently lower (~10% of ADMA). The significantly increased concentrations of 

ArgMet in A375 cells compared to all other cell lines is in agreement with a recent study showing 

overexpression of PRMT1 in these cells (190). In contrast, HPLC-based methods detected 0.8% of 

all arginine residues in A375 cells being asymmetrically dimethylated, which is lower than the 

3.4% of ADMA we found (191). The increase of ADMA in all investigated cell lines is correlated 

with a concomitant increase in MMA and SDMA, indicating that the corresponding enzymes may 

be co-regulated (Figure S2C). Nevertheless, we cannot exclude, that the level of substrate proteins 

and PRMTs might also affect the ArgMet levels. PRMTs are constitutively active and localised in 

the nucleus and  cytoplasm (192, 193). In the nucleus, histone ArgMet is an important modulator 

of dynamic chromatin regulation and transcriptional controls (194). We therefore analysed the 

ArgMet levels of chromatin and cytoplasm in A375 and HeLa cells and observed a significant 

increase of ArgMet in the chromatin fractions compared to the cytoplasmic fractions or whole-cell 

lysates (Figures S2D and S2E). This is in agreement with a previous study identifying lower 

PRMT1 protein levels in the chromatin fractions compared to the cytoplasm in HeLa cells (195). 

The higher levels of ArgMet observed in chromatin maybe due to a higher proportion of well-

established PRMT substrates, such as histone proteins, which can be methylated by multiple 

PRMTs (29). Our observation that ArgMet levels in the cytoplasm are similar to ArgMet levels in 

whole cells confirmed that the high ArgMet content in whole cells is not due to the chromatin 

compartment but to an overall high ArgMet level.  

Generally, non-cancer cell lines such as primary fibroblasts show a tendency to lower 

concentrations of ArgMet compared to cancer cell lines such as HeLa, A375 or MDA-MB-231. 

Although HaCaT cells, an immortalized human keratinocyte line, exhibit also higher ArgMet levels, 
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the values are still lower than in cancer cell lines. In summary, our approach provides a direct read-

out of protein ArgMet in cell lines.  

 

  

 

Figure 6. Characterisation of ArgMet in purified proteins, yeast and mammalian cell lysates.  

(A) ArgMet quantification of recombinant CIRBP (triangle) and FUS (circle) peptides without methylation or in 

vitro methylated by recombinant PRMT1, respectively (n=6; mean ± SD; n.d. - not detectable; Tris buffer 

impurities are labelled with asterisks).  

(B) Protein ArgMet quantification of yeast lysates (n=4; mean ± SD; n.d. - not detectable).  

(C) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO show that MMA and 

SDMA methyl resonances can be resolved (n=3).  
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(D) Protein ArgMet quantification of human cell lysates (n=4-5; mean ± SD; n.d. - not detectable). ADMA levels 

in relation to the total amount of arginine are indicated. Spectral overlays of characteristic ADMA and 

MMA/SDMA NMR methyl signals are shown (n=4).  

(E) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO show that MMA and 

SDMA methyl resonances can be resolved (n=3). In A, B and D, the ADMA concentrations are indicated relative 

to the total amount of arginine. Spectral overlays of characteristic ADMA (orange) and MMA/SDMA (blue) 

NMR methyl signals are shown as shaded regions (n=4-5). 
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3.5.3 NMR reveals modulation and dynamics of protein ArgMet 

Although it has taken 50 years to acknowledge the significance of PRMTs in cancer, the pace at 

which major discoveries have been made in recent years is phenomenal. Disruption of ADMA 

modification at key substrates decreases the metastatic and proliferative ability of cancer cells (190), 

suggesting that PRMT inhibitors may be an effective strategy to combat different types of cancer. 

Several PRMT inhibitors have entered or are on the verge of entering the clinic, but how they alter 

global protein ArgMet levels remains to be uncovered.  

Since our method provides a direct read-out of ArgMet modulation by PRMT inhibitors, we 

characterized ArgMet concentrations under distinct conditions of PRMT inhibition (Figures 7A 

and B). We first tested the impact of the commonly used general ArgMet inhibitor adenosine 

dialdehyde (AdOx) and the type I PRMT inhibitor MS023 (12, 73, 196). In line with our hypothesis, 

AdOx unselectively, though incompletely, reduced any kind of protein ArgMet significantly by 

~60% (p<0.0001). As expected for a selective type I PRMT inhibitor, MS023 inhibited mostly 

ADMA, but not SDMA formation. PRMT5, the major enzyme catalysing the formation of SDMA, 

has been implicated in cancer biology, and controls expression of both tumour-suppressive and 

tumour-promoting genes (12). Inhibition of PRMT5 by the small-molecule compounds 

GSK3203591 or GSK3326595 has been reported to act anti-proliferatively on mantle cell 

lymphoma, both in vivo and in vitro (73, 74). Moreover, GSK3368715, a reversible type I PRMT 

inhibitor, exhibited anti-tumour effects in human cancer models and is currently in phase I clinical 

trials (12). GSK3203591 and GSK3368715 have been reported to synergistically inhibit tumour 

growth in vivo, possibly through a tumour-specific accumulation of 2-methylthioadenosine, an 

endogenous inhibitor of PRMT5, which correlates with sensitivity to GSK3368715 in cell lines 

(197). In agreement, GSK3368715 inhibited formation of ADMA, but not SDMA formation 

(Figure S3A), whereas GSK3203591 inhibited generation of MMA/SDMA but not of ADMA. 

These results were further validated by reverse-HPLC (Figure S3B). Compared to all other 

conditions tested, a combination of GSK3203591 and GSK3368715 showed the strongest 

inhibition of any type of ArgMet in HeLa cells. Interestingly, inhibition of type I PRMTs by MS023 

or GSK3368715 doubled the levels of SDMA/MMA, suggesting that, on a global scale, several 

type I PRMT targets become symmetrically instead of asymmetrically dimethylated. Accordingly, 
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recent Western blotting experiments resulted in increased MMA/SDMA levels after treatment with 

PRMT1 inhibitors (61, 197, 198). Comparable results in other cell lines demonstrated that the 

mechanisms of ArgMet inhibition are independent of the cell line (Figures S3C and D). 

One of the main goals of current ArgMet research is to further refine our mechanistic understanding 

of ArgMet and how this process is coupled with metabolism. PRMTs add methyl groups to arginine 

residues using the universal methyl-donor SAM, which is recycled through one-carbon metabolism  

(168, 199). Methionine is a key substrate for SAM production. Beyond the single-carbon metabolic 

pathway, additional metabolites can alter global cellular ArgMet by modulating the SAM levels 

and recycling. Indeed, considering that methionine is an essential amino acid and its recycling can 

therefore only partly contribute to the methionine pool required for SAM generation, deprivation 

of methionine strongly reduced the concentrations of ADMA and MMA/SDMA in HeLa cells 

(Figures 7C and D). Production of SAM requires ATP, and its recycling via S-adenosyl-

homocysteine depends on supply of the single-carbon building block from serine (168). In cancer 

cells, glutamine can provide both the single-carbon building block through gluconeogenesis and 

energy through the tricarboxylic acid cycle, respectively. Thus, we tested in HeLa cells if depletion 

of glutamine reduced the overall levels of protein ArgMet. In line with our hypothesis, 

concentrations of ADMA and SDMA/MMA were reduced, although not as profoundly as in the 

case of methionine withdrawal. Glycine supplementation has been proposed to mimic the effects 

of methionine deprivation through inhibition of the serine-to-glycine conversion that otherwise 

provides the single-carbon building block for SAM recycling (200). In contrast to these studies, we 

observed even an increase in ADMA when cells were incubated with 2 mM glycine (Figure 7C). 

Taken together, ArgMet-NMR provides a toolbox for future studies of protein ArgMet regulation 

by inhibitors and metabolites. 

Dynamics of arginine methylation and demethylation is one of the yet unsolved and controversial 

questions in the field (12). Several enzymes have been reported to act as demethylases. 

Peptidylarginine deiminase 4 (PAD4) might ‘demethylate’ proteins by converting methylated 

arginine to citrulline (201). The Jumonji domain-containing 6 (JMJD6) protein has been reported 

to demethylate arginine in histone tails (202). Nevertheless, both demethylation pathways remain 

controversial. 
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We therefore addressed the dynamics of re-methylation in a low-ArgMet background. We treated 

cells with medium supplemented with AdOx to reduce ArgMet, then exchanged the medium to 

AdOx-free medium and collected cells at different time points. We found that levels of ArgMet 

recovered slowly after AdOx removal, with ADMA having a half-life of > 11 hours (Figure 7E). 

As this process might have been affected by the levels of AdOx decreasing slowly inside the cell, 

we further validated the changes in ArgMet concentrations using methionine deprivation. Under 

these conditions, levels of protein ArgMet decreased considerably (~60%), with half-lives of 45 

and 40 hours for ADMA and MMA/SDMA, respectively (Figure 7F). Although these alterations 

are strongly coupled to the dynamics of the cellular pool of methionine, our results indicate that 

de-methylation of methylated arginine residues is a slow process and that the available levels of 

methionine are insufficient to maintain the methylation levels over a longer period of time. 

To monitor the dynamics of ArgMet in the absence of any interferences due to the manipulation of 

metabolic pathways, we combined ArgMet-NMR with stable isotope tracing using 13C-methyl-

labelled methionine. With methionine being an essential substrate for SAM production, we next 

examined whether the methyl group crucial for ArgMet is donated by methionine and investigated 

the dynamics of the associated methylation reaction. To track and quantify de novo ArgMet, we 

pulsed HeLa cells in media with 13C-methyl-labelled methionine and chased its appearance by the 

decay of the 12C-methyl NMR signals upon exchange with media containing 13C-methyl labelled 

methionine (Figures 7G and H). Coupled with the decrease of 12C protein ArgMet, ‘newly’ 

synthesized and 13C isotopically labelled protein ArgMet appears (Figure 7H). Fitted half-lives of 

de-methylation (12C-decay) and de novo methylation (13C-increase) were in excellent agreement 

and approximately 18-19 and 34-37 hours for ADMA and MMA/SDMA, respectively. In line with 

the AdOx removal and methionine deprivation changes, these data indicate that the overall 

dynamics of arginine demethylation are slow.  
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Figure 7. NMR enables quantification of protein ArgMet modulation and dynamics.   

(A) Protein ArgMet quantification of HeLa cells treated for 3 days with either DMSO, 40 µM adenosine 

dialdehyde (AdOx), 10 µM MS023, 2 µM GSK3368715 (GSK715), 1 µM GSK3203591 (GSK591), or a 

combination of 2 µM GSK715 and 1 µM GSK591 (n=5; mean ± SD). ADMA levels in relation to the total 

amount of arginine are indicated. Spectral overlays of characteristic ADMA (orange) and MMA/SDMA (blue) 

NMR methyl signals are shown as shaded regions (n=5).  

(B) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO show that MMA and 

SDMA methyl resonances can be resolved (n=3). Shaded regions represent characteristic regions of MMA and 

SDMA (blue) methyl groups. 

(C) Protein ArgMet quantification of HeLa cells cultured with or without 4 mM glutamine (Gln), 0.2 mM 

methionine (Met) or glycine (1 mM and 2 mM Gly) (n=5; mean ± SD). ADMA levels in relation to the total 

amount of arginine are shown. Spectral overlays of characteristic ADMA (orange) and MMA/SDMA (blue) 

NMR methyl signals are presented as shaded regions (n=5). (Unmethylated lysines are labelled with asterisks.) 

(D) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO show that SDMA 

levels strongly decrease upon methionine deprivation (n=3).  

(E) Changes of ArgMet levels after removal of AdOx. Prior to removal of AdOx, HeLa cells were treated with 

AdOx for 3 days to reduce ArgMet. Integral ratios of ADMA/arginine (orange) and (SDMA+MMA)/arginine 

(blue) are plotted as mean ± standard error (n=3) for each time point. To estimate the half-life of ArgMet recovery 

(t1/2) the data were fitted using a single exponential recovery function (95% CI: 7.5-19.9 h). Dotted lines indicate 

the level of methylation in the absence of AdOx.  

(F) Changes of ArgMet levels after methionine removal. Integral ratios of ADMA/arginine (orange) and 

(SDMA+MMA)/arginine (blue) are plotted as mean ± standard error (n=3) for each time point. To estimate the 

half-life of ArgMet decay (t1/2) the data were fitted using a single exponential decay function (ADMA/arginine - 

95% CI: 34.0-62.7 h; (SDMA+MMA)/arginine - 95% CI: 27.8-61.1 h). Dotted lines indicate the level of 

methylation in the presence of methionine.  

(G) Dynamics of de novo ArgMet via 13C labelling are shown as decay of the 12C-methyl NMR signals upon 

exchange of media containing 13C-methyl-labelled methionine. Integral ratios of ADMA/arginine (orange) and 

(SDMA+MMA)/arginine (blue) are plotted as mean ± standard error (n=3) for each time point. To estimate the 

half-life of ArgMet 12C-methyl signal decay (t1/2), the data were fitted using a single exponential decay function 

(ADMA/arginine, 95% CI: 14.4-24.7; (SDMA+MMA)/arginine, 95% CI:21.9-73.8). Change of ADMA 12C/13C-

methyl signals at the beginning and after 48 h of cultivation in presence of 13C-methyl-labelled methionine (1H 

1D projections of 2D J-resolved NMR spectra). 
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(H) Dynamics of de novo ArgMet via 13C labelling are shown as increase of the 13C-methyl NMR signals detected 

in 1H,13C HSQC NMR spectra upon exchange of media containing 13C-methyl-labelled methionine. Fractions of 

13C-labeling are plotted as mean ± standard error (n=3) for each time point. To estimate the half-life of ArgMet 

13C-methyl labelling (t1/2), the data were fitted using a one phase association function (ADMA/arginine, 95% CI: 

16.4-21.2; (SDMA+MMA)/arginine, 95% CI:27.4-43.5). Arginine (black), ADMA (orange), MMA, and SDMA 

(blue) 1H,13C NMR signals are labelled in a representative 1H,13C HSQC NMR spectrum. 

 

3.5.4 NMR provides insights into dynamics of ArgMet in organoids and tissues  

Increasing evidence suggests that ArgMet is required to maintain cells in a proliferative state and 

plays a key role in the homeostasis of stem cell pools (5). In addition, the role of PRMTs has been 

associated with cell growth, differentiation, apoptosis and ageing (5, 12, 31). For example, 

depletion and exhaustion of muscle and hematopoietic stem cells in adulthood was linked to loss 

of ArgMet (54, 203). In addition, PRMTs play important regulatory roles in the differentiation of 

myeloid cells (204). To study the relationship of ArgMet and in vitro differentiation in a controlled 

manner, we generated cell type-enriched mouse small intestinal organoid cultures. We grew the 

organoids in complete ENR medium (EGF, Noggin, R-Spondin) as reference. In ENR medium, 

organoids contain stem cells, enterocytes and Paneth cells (roughly 15%, 80%, 5%, respectively). 

Stem cells, enterocytes and Paneth cells were enriched using media supplemented with Wnt-CM 

(conditioned medium)/valproic acid (VPA; stem cells enriched), removal of R-Spondin (EN; 

enterocytes enriched), or supplementation of Wnt-CM/N-[N-(3,5-difluorophenacetyl)-L-alanyl*]-

S-phenylglycine t-butyl ester) (DAPT; Paneth cells enriched), respectively. Our data show 

alterations of ADMA and MMA/SDMA dependent on organoid composition (Figure 8A). In line 

with a high expression of PRMTs in stem cells found in single-cell mRNA sequencing of mouse 

small intestine (205-207) (Figure S4A-C, http://www.proteinatlas.org/), reference organoids 

(ENR) show higher ADMA and MMA/SDMA. Enrichment of Paneth cells in organoids (DAPT) 

results in a strong decrease in overall ArgMet, in line with a low expression of PRMTs in Paneth 

cells (Figure S4A-C). However, it remains to be investigated whether ArgMet is a cause or 

consequence of differentiation and to elucidate the key regulatory and metabolic mechanisms 

modulating ArgMet during differentiation.  
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Studying the global levels of ArgMet in vivo is the ultimate goal to reveal the mechanistic links 

between ArgMet and (patho)physiology. To demonstrate the feasibility of our approach for in vivo 

studies, we characterised ArgMet levels in commonly studied mouse tissues (brain, heart, kidney, 

liver, spleen and lung) in two groups of female wild-type mice (mixed background of 129/J and 

C57BL/6J) at young (9-11 weeks) and old (96-104 weeks) age. Strikingly, we observed varying 

levels of ADMA and MMA/SDMA among tissues, with highest levels of ArgMet in brain and 

spleen of young mice (Figure 8B). Recent studies revealed high expression of PRMT1 in the rat 

spleen and a high expression of PRMT5 in the rat brain (208), substantiating our findings of high 

ADMA in the spleen and high MMA/SDMA in the brain. Moreover, PRMT1 and PRMT8 

expressions were elevated in mouse brain compared to liver (209). The PRMT7 mRNA expression 

in the spleen in old mice was markedly reduced (Figure S4H), consistent with the decreased 

ArgMet level in old mice. However, overall PRMT mRNA expression levels were not associated 

with protein ArgMet level in the tissues tested (Figure S4D-I). With the exception of brain and 

spleen, we observed no significant ageing-related changes in ArgMet levels in any other tissues. 

Expression and catalytic activity of PRMT1, PRMT4, PRMT5, and PRMT6 have been reported to 

be reduced in replicatively senescent cells relative to young cells (56, 210). In addition, senescent 

cells accumulate in tissues with age along with a decline in immune function (211). Although the 

underlying molecular mechanisms remain elusive, one might speculate that the changes in the aged 

spleen are caused by the accumulation of senescent cells.  
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Figure 8. NMR enables characterization of ArgMet in cell differentiation and ageing in vivo.   

(A) Protein ArgMet quantification of mouse small intestinal organoids cultured with EGF/Noggin/R-spondin1 

(ENR), EGF/Noggin (EN), ENR plus valproic acid (VPA), or ENR plus Notch pathway inhibitor DAPT (N-[N-

(3, 5-difluorophenacetyl)-L-alanyl*]-S-phenylglycine t-butyl ester) (n = 3; mean ± SD). ADMA levels are 

presented with respect to total amounts of arginine. Spectral overlays of characteristic ADMA (orange) and 

MMA/SDMA (blue) NMR methyl signals are shown as shaded regions (n=3).  

(B) Quantification of protein ArgMet in mouse tissues collected from young (9-11 weeks, dots) and old mice 

(96-104 weeks, triangles) (n=5; mean ± SD). ADMA levels are presented with respect to total amounts of arginine. 
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Spectral overlays of characteristic ADMA (orange) and MMA/SDMA (blue) NMR methyl signals are shown as 

shaded regions (n=3).  
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3.6 Discussion 

Protein ArgMet modulates the physicochemical properties of proteins and thus plays a major role 

in a multitude of regulatory pathways, including gene regulation, signal transduction, regulation of 

apoptosis and DNA repair (5, 12, 31). Although previous studies exist in this field, the lack of a 

reliable quantification of ArgMet is a restricting factor in elucidating the relevance of ArgMet in 

physiological and pathological processes. We have developed a simple, fast and robust protocol 

for NMR-based quantification of protein ArgMet levels and dynamics in purified proteins, cells, 

organoids and tissues. Our study reveals that NMR spectroscopy provides a sensitive read-out for 

detection and quantification of MMA, ADMA and SDMA in all matrices tested. We show that 

ArgMet-NMR enables detection of methylation patterns in purified proteins incubated with 

PRMT1. Methylation by PRMTs in the human proteome occurs preferentially (but not exclusively) 

within glycine-arginine- and proline-glycine-methionine-rich regions (1, 22, 212), but specific 

consensus sequences targeted by most of the human PRMTs remain to be identified. Our approach 

provides a toolbox for fast and label-free screening for PRMT selectivity in purified 

proteins/peptides, complementary to peptide arrays (213) and mass spectrometry (18). The 

limitations of our study are that distinguishing of MMA from SDMA requires an additional analysis 

step, and that our protocol does not provide site-specific information.  

Although some of human PRMTs are well-studied, it is yet unknown for a plethora of PRMTs from 

other organisms whether they exhibit any enzymatic activity (214). For example, the main yeast 

methyltransferase is Hmt1, the presumable ortholog of human PRMT1. In addition, in silico studies 

have predicted 33 additional putative methyltransferases in S. cerevisiae, and it is likely that beside 

nucleic acid methyltransferases, and protein methyltransferases specific to other amino acids, also 

arginine methyltransferases are among them  (215). We found that S. cerevisiae produces ADMA 

and MMA, but no SDMA, in line with a previous report (216). Strikingly, deletion of Hmt1 led to 

a complete loss of ADMA and MMA, suggesting that the contribution of any other 

methyltransferase to global levels of ArgMet are negligible, at least in this yeast strain. However, 

we cannot exclude the possibility that the other putative methyltransferases methylate only a small 

subset of targets, resulting in low global ArgMet levels. Our proof-of-principle analysis in human 

cell lines identified a large fraction of arginine residues in a methylated state, ranging from 1 to 
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3.4%. In all cell lines tested, ADMA constituted the predominant methylated arginine species, 

followed by SDMA with about 10% and MMA with about 1% of ADMA. These ADMA levels are 

in agreement with the findings that PRMT1 is the predominant and most active PRMT present in 

mammalian cells (217). Screening the PhosphoSitePlus(R) database of PTMs for ArgMet revealed 

that for 1.7% of all arginines in human proteins methylation (ADMA, SDMA or MMA) has been 

reported. Given that we identified between a methylation status of 1 and 3.4% of arginines to be 

methylated indicates that most of the proteins for which ArgMet has been reported are entirely 

methylated. Note that this estimation assumes that all proteins are present at comparable levels 

inside the cell (13). Methylarginines are predominantly found in intrinsically disordered protein 

regions, e.g. RG/RGG regions, which are intimately connected to LLPS (8, 12, 212). A large 

proportion of the proteins implicated in LLPS are known targets for ArgMet, and therefore LLPS 

could be regulated by their ArgMet (8, 12, 25). Thus, it is conceivable that the global ArgMet levels 

regulate LLPS on a global scale in vivo by regulating fluidity and dynamics of membrane-less 

organelles containing e.g. RG/RGG proteins.  

By comparing the methylation levels in cell lines, ArgMet were up to 3-fold higher in immortalized 

and cancer cells compared to primary cells. Strikingly, cells isolated from human metastases 

contained the highest levels of protein ArgMet. The increased ArgMet levels found in cancer cells 

are in line with overexpression of PRMT1 in human melanoma, breast and prostate cancer (29, 

218). In addition, PRMT5 expression and activity seem to be important in tumorigenesis and are 

markers of poor clinical outcome (219). Based on the observation that increased PRMT expression 

is associated with tumour growth, inhibitors of protein arginine methyltransferases have been 

developed and showed promising results in clinical studies (https://clinicaltrials.gov). Our study 

demonstrates that ArgMet-NMR provides a precise and specific read-out for modulation of ArgMet 

levels in cells treated with distinct (specific) PRMT inhibitors. This suggests that ArgMet-NMR 

might be a valuable tool for ArgMet-based drug discovery, drug validation and patient stratification 

in the future.  

By examining the modulation of ArgMet levels upon metabolite deprivation in cells, we detected 

a tight metabolic regulation of ArgMet levels by methionine, glutamine and glycine. Methionine 

is required for protein synthesis and its adenylation produces SAM, which serves in turn as a methyl 
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donor for methylation reactions (168, 169). Accordingly, we demonstrated that methionine 

deprivation had a strong impact on protein ArgMet by reducing ADMA, MMA and SDMA by 

more than 61%. Given that methionine is an essential amino acid whose levels are dictated by 

dietary factors (220), it is conceivable that nutrition and fasting could, in addition to protein 

synthesis, additionally affect protein ArgMet in vivo. Moreover, glutamine deprivation in HeLa 

cells culture reduced protein ArgMet by more than 30%, corroborating the observation that 

glutamine is a key energy source in cancer cells and can provide the single-carbon building block 

for SAM recycling through gluconeogenesis (221). Glutamine plays a pleiotropic role in cellular 

function and its consumption is elevated in proliferating cells not only due to increased DNA 

production (222, 223), but also for maintaining high ArgMet levels. Notably, ArgMet requires an 

energy demand of 12 molecules of ATP per methylation event (224). Thus, reduced energy supply 

by glutamine deprivation could be the major factor of the observed reduction in protein ArgMet. 

Glycine is an interesting metabolite due to its role in SAM recycling and methionine clearance. On 

the one hand, glycine can act as methyl group acceptor, leading to the formation of sarcosine (N-

methylglycine) and S-adenosylhomocysteine. On the other hand, glycine is converted when the 

single-carbon block is transferred to tetrahydrofolate, which in turn is used to recycle SAM (168, 

199, 225). Excess glycine has been proposed to reduce methionine levels and to mimic methionine 

deprivation (200). According to our findings but in contrast to previous studies, glycine 

supplementation failed to reduce global levels of protein ArgMet. The fact that glycine 

supplementation did not alter methionine levels in adult worms (226) suggests that under 

physiological conditions glycine supplementation is not generally applicable to mimic methionine 

deprivation in cancer cells. Our approach is expected to substantiate specific aspects of protein 

methylation research in the future. Moreover, it will be interesting to reveal whether lifespan 

extension via methionine restriction is mediated via modulation in ArgMet (227-229).  

Dynamics of cellular protein ArgMet, the process of methylation and the process of 

‘demethylation’, can also be easily examined by our methodology. The existence of an efficient 

arginine demethylase has not yet been proven and is a long-disputed question in this field (230). 

Our results obtained using different setups of re-methylation after treatment with the general 

methylation inhibitor AdOx and ‘demethylation’ upon methionine deprivation show that global 

arginine (de)methylation is a slowly developing process in a cellular context. We further 
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substantiated these findings by combining ArgMet-NMR with stable isotope tracing using 13C-

methyl-labelled methionine. A decrease of the NMR signal characteristic for unlabelled methylated 

arginine residues in combination with an increase of the NMR signal characteristic for 13C-

methylated arginines indicated that both de novo ArgMet and ‘demethylation’ are slow processes, 

especially in comparison to phosphorylation and de-phosphorylation. For example, global 

phosphorylation of the epidermal growth factor receptor occurs within 2–3 hours with a half-life 

of approximately 30 min, whereas its intracellular domain is dephosphorylated considerably faster 

(t1/2 = 15 s) (231). We therefore conclude that no efficient demethylase exists that affects global 

methylation levels in HeLa cells. Whether demethylation affects specific targets rather than the 

global ArgMet levels remains to be investigated.  

We observed even in mouse tissues a large fraction of arginines being methylated with brain and 

spleen showing the highest ArgMet levels. In line with the specific pattern of ADMA, SDMA and 

MMA observed in cells, ADMA was the most abundant methylated species, followed by SDMA 

and MMA. During ageing of mice, levels of protein ArgMet changed drastically in brain and spleen 

proteins, whereas other tissues, such as heart, liver and kidney, were less affected. The spleen is 

among the most affected organs during ageing, and a link to the accumulation of senescent cells 

has been hypothesised (56, 210). Thus, it is conceivable that the loss of protein ArgMet is 

associated with loss of PRMT1 expression/activity under physiological conditions, as 

demonstrated by a recent study linking PRMT1 downregulation with senescence of neuroblastoma 

cells (232). High levels of protein ArgMet in spleen and a strong reduction during ageing raises the 

question whether accelerated ageing of the spleen could be an inevitable side effect of the 

aforementioned protein arginine methyltransferase inhibitors. First links between ArgMet and 

neurodegenerative diseases have been suggested as hypomethylated RNA-binding proteins FUS 

and poly-GR dipeptide repeats were found to be enriched in patients with frontotemporal dementia 

or amyotrophic lateral sclerosis, respectively (233-235). Given the globally reduced levels of 

SDMA/MMA in the brain of old mice, it will be interesting to investigate whether ArgMet is 

associated with risks of neurodegenerative diseases, for example through modulation of LLPS of 

RNA-binding proteins. 
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Taken together, our findings support the idea that (i) protein ArgMet is a highly abundant PTM in 

cells and tissues, (ii) ArgMet and specific aspects of metabolism are tightly coupled, (iii) 

demethylation is a slow process, and (iv) cancer and ageing lead to substantial changes in global 

ArgMet levels. Given its relatively high proportion, we hypothesise that ArgMet plays a key role 

in maintaining cellular homeostasis, e.g. by regulating LLPS and formation of membrane-less 

organelles on a global scale. Concentrations of ADMA, SDMA and MMA in proteins might be 

used as biomarkers for drug discovery, treatment response and (potentially) for diagnosis of tumour 

susceptibility for arginine methyltransferase inhibitors. These findings could lead to the 

development of improved methods for basic research on ArgMet and implementing routine 

ArgMet-based screening in the clinic. 

Limitations of the study  

Despite the qualitative and quantitative information gathered by using our ArgMet-NMR protocol, 

some limitations to this study exist. With this assay, the detection limit for ADMA was 

approximately 100 nM (Figure S1H), and a saturation level of the SPE column of 3 mM arginine 

has been observed (Figure S1I). Thus, more material might be necessary for samples with low 

ArgMet content. Our method relies on sample clean-up by SPE using cation-exchange columns, 

which leads to a loss of some acidic and neutral amino acids and derivatives thereof. Distinguishing 

MMA from SDMA requires an additional analysis step using DMSO as solvent. In contrast to 

proteomics-based methods, our protocol does not provide site-specific ArgMet information. 

Nevertheless, our method could be combined with peptide-based libraries to evaluate sequence 

specific ArgMet mediated by PRMTs in vitro. Our protocol provides insight into changes in 

ArgMet levels related to cancers, cell differentiation, and aging. However, whether ArgMet is a 

cause or consequence in these contexts requires further studies in the future. 
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3.9 STAR METHODS 

RESOURCE AVAILABILITY 

Lead contact 

Further information and requests for resources and reagents should be directed to and will be 

fulfilled by the Lead Contact, Tobias Madl (tobias.madl@medunigraz.at).  

Materials availability 

This study did not generate new unique reagents.  

Data and code availability 

This study did not generate computer algorithm or code. 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 

Cell lines and culture conditions 

MDA-MB-231 (Sigma Aldrich, Vienna, Austria), HaCat (ATCC, US), MCF10A (LGC 

Promochem, US), A375 (ATCC, US), SW-872 (ATCC, US), 93T449 (ATCC, US), SW1353 (CLS, 

Germany) and juvenile fibroblasts fresh established from foreskin samples were obtained from 

Division of Biomedical Research (BMF), Medical University of Graz, Austria. HeLa (ATCC®, 

Guernsey, UK), fibroblast, HaCat, SW1353 and A375 cells were cultured in DMEM supplemented 

with 2 mM glutamine, 1% PS (100 U/mL penicillin, 100 µg/mL streptomycin) and 10% fetal 

bovine serum (FBS). MCF10A were cultured in DMEM with single quot kit suppl. Gr, 5% Horse 

Serum, 20 ng/mL hEGF, 0.5 µg/ml hydrocortison, 100 ng/ml choleratoxin, 10 µg/ml insulin and 2 

mM glutamine. MDA-MB-231 were maintained in DMEM Hams F12 with 10% FBS, 2 mM 

glutamine and 1% PS. SW872 were cultured in DMEM Hams F12 supplemented with 5% FBS, 2 

mM glutamine and 1% PS. 93T449 were cultured with RPMI-1640 with 10% FBS, 2 mM 

glutamine, 10mM 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES), 1mM sodium 

pyruvate and 1% PS. 

 Cells were maintained in a humidified incubator at 37°C with 5% CO2. HeLa cells were treated 

for up to 3 days with AdOx (40 µM), MS023 (10 µM), GSK715 (2 µM), GSK591 (1 µM) and 

DMSO, before cell extracts were prepared.  

mailto:tobias.madl@medunigraz.at


   

 

 

68 

Yeast strain and culture conditions 

Yeast experiments were carried out in S. cerevisiae BY4741 (MATa his3-1 leu2 -0 met15 -0 

ura3 -0) and BY4742 (MATa his3 -1 leu2 -0 lys2 -0 ura3-0)  wild type yeast (236) and the 

same strains carrying either an HMT1-knockout (hmt1:kanMX4), or HSL7-knockout 

(hsl7:kanMX4) all obtained from Euroscarf. Correct presence of respective gene knockouts was 

verified by PCR using forward primers 5’-TGAAGACATCCCATGTCCAG-3’ (HMT1_up), 5’-

TGAATGCTACTGATGTCTGC-3’ (HSL7_up), and reverse primer 5’-

CAAGACTGTCAAGGAGGG- 3’ (KanR5b). Cells were grown to logarithmic phase in SC 2% 

glucose medium consisting of 0.14% yeast nitrogen base (BD Difco™, 233520), 5% (NH4)2SO4 

supplemented with 30 mg/L of all amino acids (except 80 mg/L histidine, 200 mg/L leucine, 120 

mg/L lysine and 26 mg/L methionine), 30 mg/L adenine, and 320 mg/L uracil, allowing 

comparable growth of both BY4741 and BY4742 strains. Fresh overnight cultures were diluted to 

0.1 OD600 (Genesys 10uv photometer, corresponds to ~2×106 cells/mL), incubated for 6 h at 28 °C, 

145 rpm, to reach logarithmic growth phase at a culture density of ~0.6 OD600. 15 OD600 

equivalents were harvested by centrifugation (1,700 g, 3 min, 4 °C), washed once with 10 ml ice-

cold water, and the cell pellet was immediately snap frozen in liquid nitrogen and stored at -80 °C 

until processing for NMR analysis.  

Organoid culture 

Mouse small intestinal organoids were cultured as described previously (237). In short, the 

organoids were maintained using basic culture (ENR) medium, which contained advanced 

DMEM/F12 supplemented with penicillin/streptomycin (1%, 10 mM HEPES, 1× Glutamax, 1× 

B27 (all from Life Technologies) and 1 mM N-acetylcysteine (Sigma) supplemented with murine 

recombinant epidermal growth factor (Peprotech), R-spondin1-CM (5% v/v) and noggin-CM (10% 

v/v). A mycoplasma-free status was confirmed routinely. Organoids were split every 4–5 days by 

mechanical disruption and plated in Matrigel. Three days after splitting, stem cell‐enriched 

organoid cultures (CV) were generated by supplementation of ENR with CHIR99021 (3 μM) and 

valproic acid (1 mM). Paneth cell-enriched organoids were generated by addition of Chir (3 µM) 

and DAPT (5 µM), stem cell‐depleted organoid cultures (EN) were grown in ENR medium without 

R‐Spondin‐1. Organoids were harvested after 3 days by using mechanical dissociation of matrigel 
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followed by 3 washing steps with ice‐cold PBS. Organoid pellets were immediately frozen at -

80°C for further analysis. 

Animals and diets 

For all experiments, young (9-11 weeks) and old (96-104 weeks) female wild type mice (mixed 

genetic background of 129/J and C57BL/6J) were used (n=5). Mice were maintained in a clean, 

temperature-controlled (22 ± 1°C) environment with a regular light–dark cycle (12 h/12 h) and 

unlimited access to chow diet (Altromin 1324, Altromin Spezialfutter GmbH, Lage, Germany) and 

water. All experiments were performed in accordance with the European Directive 2010/63/EU 

and approved by the Austrian Federal Ministry of Education, Science and Research (GZ 

66.010/0051-WF/V/3b/2015). 

METHOD DETAILS 

In vitro methylation assay  

The recombinant CIRBP-RGG and FUS-RGG-PY sequences were as follows: 

RSRGYRGGSAGGRGFFRGGRGRGRGFSRGGGDRGYGG and 

GPGGGPGGSHMGGNYGDDRRGGRGGYDRGGYRGRGGDRGGFRGGRGGGDRGGFGPG

KMDSRGEHRQDRRERPY. Expression and purification of recombinant His6-PRMT1, His6-

CIRBP-RGG and His6-FUS-RGG-PY have been described in previous study (27, 238). Untagged 

CIRBP-RGG and FUS-RGG-PY recombinant proteins and His6-PRMT1 were equilibrated in 

methylation buffer containing 50 mM Tris-HCl, 150 mM NaCl, and 2 mM Tris(2-

carboxyethyl)phosphine, pH 7.5; 100 μM CIRBP-RGG or FUS-RGG-PY was incubated with 10 

μM His6-PRMT1 in the presence of 2 mM S-Adenosylmethionine (New England Biolabs) for 16 

h at room temperature. Untagged methylated CIRBPRGG (meCIRBP) and FUS-RGG-PY (meFUS) 

were then isolated from PRMT1 performing a second affinity purification using Ni-NTA beads, 

and further analyzed using NMR.  

Sample preparation 

Cells (5 x 106) were plated onto 60 mm dishes and incubated under standard conditions as described 

above. To harvest the cells, medium was removed, cells were washed three times with 5 ml of cold 

phosphate-buffered saline (PBS, 137 mM NaCl, 2.7 mM KCl, 8 mM Na2HPO4, and 2 mM KH2PO4) 
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solution and collected using a cell scraper. A solution of 5 × 106 cells was centrifuged at 1,000 rpm 

for 1 min, the supernatant was discarded and the cell pellet was flash frozen in liquid nitrogen and 

stored at -80°C for the extraction step. The organs were isolated from sacrificed mice, divided into 

20–30 mg and snap-frozen in liquid nitrogen for storage at -80°C until extraction. Cell pellets, 

tissues and mounse intestinal organoids were re-suspended in 400 µl ice-cold methanol (-20°C) 

and 200 µl MilliQ H2O and transferred to a tube containing Precellys beads (1.4 mm zirconium 

oxide beads, Bertin Technologies, Villeurbanne, France) for homogenization on a Precellys 24 

homogeniser for 2 cycles of 20 seconds with 5,000 rpm, 10-s breaks. Cell and tissues debris were 

pelleted by centrifugation at 13,000 rpm for 30 min (4°C) and the precipitate was used for 

hydrolysis. Supernatants were frozen at -80°C and be used for e.g. metabolite analysis. 

The precipitates were hydrolysed with 500 µl 9 M HCl for 12 h at 110°C to obtain (modified) 

amino acids. The solution was lyophilised and resuspended in 900 µl of 0.1 M HCl and 100 µl 

chloroform to remove lipids, centrifuged (10 min, 13,000 rpm) and the supernatant subjected to i) 

solid-phase-extraction (SPE) using Waters™ cartridges (1 ml Oasis MCX 1 cc/30 mg, Waters™, 

Eschborn, Germany) containing a mixed-mode polymeric sorbent with both reverse phase and 

cation exchange functionalities. Each step was performed with 1 ml of solution and by 

centrifugation at room temperature (1,000 rpm for 1 min). ii) auto SPE using Gilson® GX-241 

ASPEC system (Gilson Incorporated, Middleton, WI) and Waters™ cartridges. The flow rate for 

the injection of liquids was set to 2 ml/min for the sample, 7 ml/min for the replacement solution 

and the 0.1 M HCl, and to 10 ml/min for methanol, PBS and MilliQ-water. The cartridges were 

pre-conditioned with a detachment solution (2x 1 ml, 10% NH3 saturated solution, 40 % MilliQ 

H2O, 50 % methanol), methanol (1x 1 ml) and with PBS (2x 1 ml). After sample loading (1x 1 ml), 

cartridges were washed with MilliQ-water (3x 1 ml), 0.1 M HCl (5x 1 ml) and methanol (2x 1 ml,). 

The arginine and its derivatives were recovered with the replacement solution (2x 1 ml), 

lyophylized and dissolved in 500 µl NMR buffer [0.08 M Na2HPO4, 5 mM 3-(trimethylsilyl) 

propionic acid-2,2,3,3-d4 sodium salt (TSP), 0.04 (w/v) % NaN3 in D2O, pH adjusted to 7.4 with 

8 M HCl and 5 M NaOH] for measuring. The Chromatin Extraction Kit (ab117152, Abcam) was 

used for HeLa/A375 chromatin and non-chromatin fractions extraction according to the 

manufacturer’s instructions. 
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NMR measurements and spectral processing 

All NMR experiments were acquired at 310 K using Bruker 600 MHz spectrometer equipped with 

a TXI probe head. The 1D CPMG (Carr–Purcell–Meiboom–Gill) pulse sequence (cpmgpr1d, 512 

scans, size of fid 73728, 11904.76 Hz spectral width, recycle delay 4 s), with water signal 

suppression using presaturation, was recorded for 1H 1D NMR experiments. 1H-13C HSQC 

(heteronuclear single quantum coherence spectroscopy) NMR spectra were recorded for 13C-

methyl labelled methionine assays with a recycle delay of 1.0 s, spectral widths of 20.8228/83.8554 

ppm, centered at 3.923/50 ppm in 1H/13C, with 2048 and 256 points, respectively, and 8 scans per 

increment. The 2D JRES (1H homo-nuclear J-resolved spectroscopy) pulse sequence (jresgpprqf, 

16 scans, size of fid 16384 (direct dimension F2)/256 (indirect dimension F1), 10000.00/78.042 

Hz spectral width in F2 (chemical shift axis)/F1 (spin-spin coupling axis), recycle delay 2 s, Figure 

S1J) with presaturation during the relaxation delay was recorded to obtain virtually decoupled 

spectra (173, 178-180). In brief, data were processed in Bruker Topspin version 4.0.6 using one-

dimensional exponential window multiplication of the FID, Fourier transformation and phase 

correction. Processing of 2D JRES was done using the SINE and QSINE window functions 

(SSB = 0) in F2/F1. Fourier transform was performed with 16384/256 F2/F1 points of the fid. 2D 

J-resolved experiments were processed using back prediction implemented in the Bruker au 

program proc_jres.be (173, 239-241). The JRES spectra were then projected along F2 and exported 

as 1D NMR spectra.  

The 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra data processing was 

carried out using MestReNova 12.0.4 software’s automatic phase and baseline correction. 

Calibration was made by using tetramethylsilane (δH = 0). Quantification of arginine, MMA, 

ADMA and SDMA used integration of characteristic peaks. Calculation of absolute concentrations 

is based on known concentrations of external standards. The ADMA levels relative to total amounts 

of arginine are calculated by the formula: ADMA/arginine (%) = (integrals (ADMA)/integrals 

(arginine)) * (integrals (100µM arginine)/integrals (100µM ADMA)), MMA/arginine (%) = 

(integrals (MMA)/integrals (arginine)) * (integrals (100µM arginine)/integrals (100µM MMA)). 

High performance liquid chromatography (HPLC) assay 



   

 

 

72 

To verify the accuracy of NMR results, cell hydrolysates were compared with an established 

chromatographic method with slight modifications (242). Samples were derivatized with an 

autosampler by mixing with o-phtalaldehyde solution (1mg/mL in 0.2 M borate puffer pH=9.5 with 

0.5% mercaptopropionic acid). After a two-minute incubation, the mixture was injected. Arginine 

and metabolites were separated on a Chromolith® Performance RP-18e, column 100 x 4.6 mm 

(Merck, Darmstadt, Germany) with an isocratic mobile phase (flow 2.0 mL/min) consisting of 50 

mM KH2PO4 pH=6.8 and 6% (v/v) acetonitrile. After 15 min, the column was regenerated for 2 

min with a mixture of 50 mM KH2PO4 pH=6.5 and 50% (v/v) acetonitrile and reequilibrated before 

the next injection. The compounds were detected with a fluorescence detector (Agilent 1260 FLD, 

Santa Clara, CA, USA) at excitation 340 nm and emission 455 nm. Data were acquired on the 

Agilent Chemstation version B04.03. In contrast to the original protocol, no internal standard was 

used and the analysis was performed with the standard addition method. Defined concentrations of 

Arginine, ADMA, SDMA and MMA were added to the hydrolysates and analysed without and 

with the addition of pure substance. From the differences, the concentrations of the initial 

concentrations were calculated. 

RNA isolation, reverse transcription and real-time PCR 

RNA was isolated using TRIsureTM following the manufacturer’s guidelines (Meridian 

BioscienceTM, Cincinatti, OH). Then 2 µg of RNA were reverse transcribed with the High 

Capacity cDNA Reverse Transcription Kit (Applied Biosystems, Carlsbad, CA) and quantitative 

real-time PCR was performed using the Bio Rad C1000 TouchTM Thermal Cycler combined with 

CFX96 Real Time SystemTM (Bio Rad Laboratories, Hercules, CA). For expression analyses, 6 

ng cDNA were analysed in duplicate and normalised to the expression of the housekeeping gene 

cyclophilin A. Expression profiles were determined using the 2-ΔΔCT method. 

QUANTIFICATION AND STATISTICAL ANALYSIS 

Data are presented as mean ± standard deviation (SD). Statistical differences among multiple 

groups (one-way ANOVA) are indicated by multiplicity adjusted P-values of < 0.05 (*), < 0.01 

(**), < 0.001 (***) or < 0.0001 (****).  Statistical analyses and graphs were generated using Graph 

Pad Prism 5.01. software (GraphPad Software, La Jolla, CA, USA).  
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3.10 Supplemental Information 
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Figure S1. Related to Figure 1. Absolute quantification of protein arginine methylation by ArgMet-NMR. 

(A) Arginine residues are methylated by the protein arginine methyltransferase (PRMT) (type I, orange; type II, 

blue; type III, grey) family members. PRMTs catalyze either the formation of monomethylarginine (MMA) (blue), 

asymmetric dimethylarginine (ADMA) (orange) or symmetric dimethylarginine (SDMA) (blue).  

(B) Overlay of 1H 2D J-resolved experiments of arginine (magenta), ADMA (green), MMA (purple) and SDMA 

(red), each 100 µM.  

(C) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of E. coli lysates spiked 

with 100 µM ADMA, MMA and SDMA (black, solid line) before whole workflow, and 100 µM ADMA (orange, 

solid line), MMA (blue, dotted line) or SDMA (blue, dashed line), respectively, showing free methylarginines 

are negligible using our protocol. 

(D) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of metabolites extraction 

from HeLa cells (black), and then spiked with 100 µM ADMA (orange), MMA and SDMA (blue), respectively.  

(E) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of ADMA recovery from 

lysozyme (yellow) and E. coli cell lysates (red). Shaded regions represent characteristic regions of ADMA 

(orange) methyl groups. 

(F) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of MMA recovery from 

lysozyme (yellow) and E. coli cell lysates (red). Shaded regions represent characteristic regions of MMA (blue) 

methyl groups. 

(G) Overlay of 1H 1D projections of 2D J-resolved, virtually decoupled NMR spectra of SDMA recovery from 

lysozyme (yellow) and E. coli cell lysates (red). Shaded regions represent characteristic regions of SDMA (blue) 

methyl groups. 

(H) Correlation between integrals and concentration changes of ADMA signal of 1H 1D projections of 2D J-

resolved spectra. Correlation coefficient (R2 = 0. 9489, p = 0.033) was computed with the Pearson Product 

Moment statistic.  

(I) Integrals of arginine (red, square) recovery from SPE compared to standard concentrations (black, circle).  

(J) Pulse sequence of the 2D JRES NMR experiment.  
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Figure S2. Related to Figure 2. Characterisation of ArgMet in purified proteins, yeast and mammalian 

cell lysates.  

(A) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO (n=3). Shaded 

regions represent characteristic regions of MMA and SDMA (blue) methyl groups. 

(B) HPLC and NMR based protein ArgMet quantification of yeast lysates (n=3; mean ± SD; n.d. - not detectable). 

ADMA or MMA levels in relation to the total amount of arginine are indicated. The MMA peak obtained from 

HPLC showed spectral overlap interference.  

(C) The correlation between integral ratios of ADMA/arginine and (SDMA/MMA)/arginine. Correlation 

coefficient (R2 = 0. 6381, p = 0.0143) was computed with the Pearson Product Moment statistic. 

(D) ArgMet quantification of chromatin and cytoplasm in A375 cells (n=5; mean ± SD). Spectral overlays of 

characteristic ADMA (orange) and MMA/SDMA (blue), NMR methyl signals are shown as shaded regions. 
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(E) ArgMet quantification of chromatin and cytoplasm in HeLa cells (n=5; mean ± SD). Spectral overlays of 

characteristic ADMA (orange) and MMA/SDMA (blue), NMR methyl signals are shown as shaded regions. 

 

Figure S3. Related to Figure 3. ArgMet NMR enables quantification of protein ArgMet modulation and 

dynamics. 

(A) Spectral overlays of characteristic MMA and SDMA NMR methyl signals in d6-DMSO show that MMA and 

SDMA methyl resonances can be resolved (n=3), and higher SDMA represented in GSK715 than DMSO. Shaded 

regions represent characteristic regions of MMA and SDMA (blue) methyl groups. 

(B) HPLC and NMR based protein ArgMet quantification of HeLa cells treated for 3 days with either DMSO, 2 

µM GSK3368715 (GSK715) or 1 µM GSK3203591 (GSK591) (n=3; mean ± SD). ADMA levels in relation to 

the total amount of arginine are indicated.  

(C) Protein ArgMet quantification of fibroblast cells treated for 3 days with either DMSO, 40 µM AdOx, 10 µM 

MS023, 2 µM GSK715 (n=5; mean ± SD). ADMA levels with respect to total amounts of arginine are shown. 

Both MMA and SDMA are non-detectable in these conditions. 

(D) Protein ArgMet quantification of A375 cells treated for 3 days with either DMSO, 40 µM AdOx, 10 µM 

MS023, 2 µM GSK715 (n=5; mean ± SD). ADMA levels are presented with respect to total amounts of arginine.  

 



   

 

 

77 

 



   

 

 

78 

Figure S4. Related to Figure 4. NMR enables characterization of ArgMet in cell differentiation and ageing 

in vivo.   

(A) t-distributed stochastic neighbourhood embedding (t-SNE) visualization of 1,522 single-cell full-length sc-

RNaseq data. Cluster annotation was done based on the expression of known cell type markers.  

(B) PRMT1, 3, 5 and 7 gene expression levels are plotted on t-SNE plots.   

(C) Boxplots represent the quantification of gene expression in each cluster gene (median values and 25th and 

75th percentiles). The analysis was performed on mouse small intestine single cell RNAseq data set from Haber 

et al. (207) and the analysis was performed as described in Ludikhuize et al. (206). 

(D-I) mRNA expression of PRMTs in (D) brain, (E) heart, (F) kidney, (G) liver, (H) spleen and (I) lung from 

young (9-11 weeks) and old mice (96-104 weeks) analysed by real-time PCR and normalized to cyclophilin A 

as reference gene. Expression profiles and associated statistical parameters were determined by the 2−ΔΔCt method. 

Data represent means ± SD (n=3); *p < 0.05, **p < 0.01, ***p < 0.001. 

  



   

 

 

79 
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4.1 Simple Summary 

Metabolic reprogramming is a hallmark of malignancy. Hepatocellular carcinoma (HCC) cancer 

cells alterations in metabolism are due to the adaption to hypoxia and hypo-nutrient conditions. 

Several proteins and metabolites associated with glycolysis, tricarboxylic acid cycle and 

pyrimidine synthesis were found to be differentially regulated in serum, tumor and peritumoral 

tissues with increased tumor size, suggesting that microenvironment and tumor cell cooperate to 

regulate metabolism. In this study, the metabolomic characterization of HCC using paired tumor 

and adjacent liver tissues indicated tumor size-dependent metabolic reprogramming. Targeting 

cancer metabolism provides potential diagnostic and prognostic metabolic biomarkers. Our study 

brings new insight into the potential therapeutic use of metabolic targets and a methodological 

framework and diagnostic and prognostic metabolic markers that may be used in a clinical setting. 

The stratification of future clinical trials based on these metabolic subsets should improve the 

development of effective therapies and more intensive surveillance. 

4.2 Abstract 

Hepatocellular carcinoma (HCC) is a common malignancy with poor prognosis, high morbidity 

and mortality concerning with lack of effective diagnosis and high postoperative recurrence. 

Similar with other cancers, HCC cancer cells have to alter their metabolism to adapt to the changing 

requirements imposed by the environment of the growing tumor. In less vascularized regions of 

tumor, cancer cells experience hypoxia and nutrient starvation. Here, we show that HCC undergoes 

a global metabolic reprogramming during tumor growth. A combined proteomics and 

metabolomics analysis of paired peritumoral and tumor tissues from 200 HCC patients revealed 

liver-specific metabolic reprogramming and metabolic alterations with increasing tumor sizes. 

Several proteins and metabolites associated with glycolysis, the tricarboxylic acid cycle and 

pyrimidine synthesis were found to be differentially regulated in serum, tumor and peritumoral 

tissue with increased tumor sizes. Several prognostic metabolite biomarkers involved in HCC 

metabolic reprogramming were identified and integrated with clinical and pathological data. We 

built and validated this combined model to discriminate against patients with different recurrence 

risks. An integrated and comprehensive metabolomic analysis of HCC is provided by our present 
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work. Metabolomic alterations associated with the advanced stage of the disease and poor clinical 

outcomes, were revealed. Targeting cancer metabolism may deliver effective therapies for HCC. 

Keywords: hepatocellular carcinoma; metabolomics; proteomics; NMR spectroscopy; predictive 

model 

 

4.3 Introduction 

Hepatocellular carcinoma (HCC) is one of the most prevalent cancers around the world and the 

second-most common cause of cancer-related death (243). HCC is a pathology processed with 

multiple etiologies, which are dynamic and multi-staged (244). The observed variations in the age-

, sex- and race-specific distributions of HCC in geographic regions are related to different 

abundance of risk factors, with chronic hepatitis B virus (HBV), chronic hepatitis C virus (HCV) 

infection and cirrhosis being the largest risk factors (245). 

The high lethality (10-20/100,000, in East Asia) associated with HCC is mainly due to the late 

diagnosis and high post-operative recurrence, which is, in turn, due to the lack of symptoms at the 

early stage (246). Currently, there is no standard or routine screening test for liver cancer. 

Depending on the local guidelines, ultrasound, X-ray Computed Tomography scan and α-

fetoprotein (AFP) are the typical tests being used to screen for liver cancer (247-249). The available 

tests have several limitations: for example, early/small tumors are difficult to be detected by 

ultrasound and computed tomography scan and often show negative AFP levels (250). In contrast, 

AFP levels are often elevated under certain conditions, including pregnancy, hepatitis, cirrhosis 

and other types of cancer, causing up to 20% false-positive results (249, 250). Furthermore, there 

is currently no consensus regarding the risk stratification. These limitations complicate the 

recurrence surveillance of high-risk patients. Recently, several models to evaluate postoperative 

recurrence have been developed—for example, the Korean model, the Singapore Liver Cancer 

Recurrence (SLICER) score and the Surgery-Specific Cancer of the Liver Italian Program (SS-

CLIP) (251-253). However, the performance of these models is still not satisfactory for clinical 

practice, due to the lack of specific biomarker integration. Thus, novel biomarker candidates for 
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the early diagnosis of HCC and new approaches that allow clinicians to estimate the risk of 

recurrence in an individual patient are urgently required. 

Recent studies based on mass spectrometry and next-generation sequencing unveiled the activation 

status of signaling pathways and reprogramming of liver-specific metabolism in HBV-related HCC 

on the genomic and the proteomic levels (254, 255). MS-based proteomics can provide measures 

of the global changes in protein abundance related to the deregulation of signaling and metabolic 

pathways in HCC. Nonetheless, how the cancer metabolic phenotypes are driven by proteomic 

alterations remains unexplained in HBV-related HCC. Moreover, the application of proteomics-

based biomarkers for diagnosis and prognosis remains difficult in a clinical setting (256, 257). One 

of the reasons of these complications might be imposed by the observation that tumors can undergo 

re-programming during growth to allow the tumor to adapt to changing conditions and challenges, 

including, for example, limited access to nutrients and oxygen (258, 259). However, how proteomic 

and metabolomic signatures change upon tumor growth in HCC remains unknown. 

Nuclear Magnetic Resonance (NMR) spectroscopy-based metabolomics can provide an 

untargeted, quantitative snapshot of global metabolite abundance to provide additional biological 

insights, which cannot be deciphered by proteomics alone (131). Compared to other “omics”, the 

metabolome provides the most direct snapshot of the actual functional and physiological state of 

biological networks (97). Related to HCC, metabolic fingerprints have the potential to capture 

metabolic changes, which could help clarifying the pathogenesis and changes in environmental or 

lifestyle factors (105). Untargeted metabolomics has been established as key technique for 

investigation of metabolic alterations in carcinogenesis (97, 98), and the first metabolites have been 

identified to be changed in HCC (260, 261). Metabolomic research associated with HCC allows an 

unparalleled opportunity to discover metabolites for early diagnosis candidates and to assess the 

progression of treatment. The combination with MS-based proteomics promises to fill the current 

knowledge gap between HCC cancer proteomic and metabolomic phenotypes and the underlying 

molecular mechanisms (262). 

Here, we performed a metabolomic analysis of patient serum samples and integrative analyses of 

metabolomic and proteomic (257) data from tumor and matched peritumoral liver tissues. 

Significant alterations in crucial metabolic and signaling pathways were revealed by this analysis. 
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Strikingly, a comparison of the proteomic and metabolomic signatures obtained for different tumor 

sizes and their matched peritumoral tissues showed that both tumors and their surrounding tissues 

undergo proteomic and metabolic reprogramming during growth. Proteomic clustering resulted in 

a set of proteins that are differentially regulated in different-sized tumors. Several proteins, and 

metabolites involved in glycolysis, the tricarboxylic acid (TCA) cycle and pyrimidine synthesis were 

found to be differentially regulated with increased tumor sizes in serum, tumor and peritumoral tissues. 

We further used our metabolomic data to develop a statistical model that can predict the risk of 

HCC recurrence based on clinical pathological data, metabolomics data and a combination thereof. 

This model will be valuable in predicting the clinical outcomes of the treatment, guiding follow-

up surveillance or in the design of post-resection clinical strategies aiming to decrease the risk of 

recurrence. In conclusion, our study provides high-quality and high-content proteometabolomic 

resources of HBV-related HCC complementary to the sequencing-based data. Moreover, it 

highlights the therapeutic and prognostic implications and inherent regulatory mechanisms of 

metabolomic data benefiting clinical practice. 

4.4 Materials and Methods  

4.4.1 Patients 

Tissues (carcinoma tissues (CT) and peritumoral tissues (PT)) and fasting sera were collected from 

200 patients (male/female, 160/40) with HCC ranged from age 23 to 77 years. Several tumorous 

factors were collected, including tumor size, microvascular invasion, tumor lesion number, 

differentiation grade and portal vein tumor thrombus. According to the Barcelona Clinic Liver 

Cancer (BCLC) staging classification system (263) or TNM-based staging system (264), the tumor 

size is an important factor to grade HCC patients. In a number of more recent studies, the tumor 

size reflects changes in tumor growth, which were related with metastasis, microvascular invasion, 

operative complications and recurrence. Herein, serum, CT and PT were divided into 4 groups 

according to the tumor size (diameter ≤ 3 cm, grade I, n = 50; 3 cm < diameter ≤5 cm, grade II, n 

= 50; 5 cm < diameter ≤ 10 cm, grade III, n = 50; diameter > 10 cm, grade IV, n = 50). Serum and 

tissues were taken from each individual, i.e., serum, CT and PT were from the same patient. Intact 

encapsulation or distinct boundary tumors of patients through computed tomography scan were 
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selected as the clinical samples. Of these, 45 of grade I patients, 40 of grade II, 48 of grade III and 

41of grade IV HCC patients were HBsAg-positive (Hepatitis B surface antigen) and one grade III 

patient with unknown HBsAg (all HCV (Hepatitis C virus) negative). All patients received the 

standard radical resection without any other therapies before surgery. The detailed clinical 

information is summarized in Table S1.  

In addition, 42 HCC patients with cirrhosis and 23 cirrhosis controls without HCC enrolled at the 

Medical University of Graz were included. These patients were enrolled 2007–2009 in a biomarker 

study, and plasma samples stored at −70 °C were used for metabolomic analyses. In the HCC 

patients (male/female, 35/7; age range 54–83 years) all had underlying cirrhosis of different 

etiologies (alcohol, 13; NASH, 13; HCV, 12; other, 4). Cirrhosis controls without HCC were 

matched to age, sex and etiology. 

This study was approved by the ethics committee of the Institution Review Board of Mengchao 

Hepatobiliary Hospital of Fujian Medical University, China (ethical code: 2018_067_01) and by 

the Ethics Committee of the Medical University of Graz (ethical code: 33-040 ex 20/21), 

respectively. Written informed consent was obtained from all patients. 

4.4.2 MS Sample Preparation, Data Acquisition  

In our previous study (265), CT and PT tissues were collected from 60 patients and were divided 

into 4 groups according to their tumor sizes, including small (n = 15), medium (n = 15), large (n = 

15) and huge HCC groups (n = 15), respectively. The criteria for grouping was the same as in this 

study. After sample preparation, 5 individual samples with equal amounts from the same group 

were pooled together and were labeled using the iTRAQ kit, resulting in 3 biological repeats of 

each group, named as CT/PTI1, CT/PTI2, CT/PTI3, CT/PTII1, CT/PTII2, CT/PTII3, CT/PTIII1, 

CT/PTIII2, CT/PTIII3, CT/PTIV1, CT/PTIV2 and CT/PTIV3, respectively. Proteomic profiles of 

pooled samples were identified by 2D LC-MS/MS. Here, the raw data obtained in the previous 

study was used as input for the analysis.  

4.4.3 NMR Sample Preparation, Data Acquisition and Analysis 

Tissues samples were flash-frozen in liquid nitrogen and stored at −80°C until analysis. In each 

patient, approximately 9-mm3 CT and PT was resected and 200-µL serum was used for the 
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metabolomics analysis. Serum and tissue sample preparation was conducted as described 

previously (266, 267). Tissuelyser-24 was used for homogenization at 60 Hz for 180 seconds (Lixin 

Co., Ltd, Shanghai, China). NMR measurements for 1H NMR metabolic profiling and analyses 

were performed as described and using a Bruker Avance III HD 600-MHz NMR spectrometer 

equipped with a TXI probe head (267, 268). Chenomx NMR suite 8.4 and reference compounds 

were used to identify the metabolites in the serum and tissue during the analysis. A Receiver 

Operating Characteristic (ROC) analysis was done in MetaboAnalyst 5.0 to evaluate the specificity 

and sensitivity of each metabolite. GraphPad Prism 5.01 (GraphPad Software, La Jolla, CA, USA) 

was employed to perform a univariate statistical analysis where the data are represented as the 

mean +/− standard deviation (SD). Statistical differences among multiple groups (one-way 

ANOVA) are indicated by multiplicity adjusted P-values of < 0.05 (*), < 0.01 (**), < 0.001 (***) 

or < 0.0001 (****).   

4.4.4 Multivariable Prediction Model  

The model building and evaluation were performed by SPSS statistical software (V19.0, SPSS Inc., 

Chicago, IL, USA) or in R version 3.2.5 (R Foundation for Statistical Computing, Vienna, Austria). 

Two models to predict the recurrence of HCC were built using the derivation cohort. The difference 

between two models is whether the metabolites as a parameter are included in the model. Cox 

regression was conducted to evaluate the correlation between the clinicopathological parameters 

and metabolites. Univariable factors with p < 0.05 were incorporated into the multivariable cox 

regression analysis. Multivariate cox regression was then applied to establish the final model. As 

shown in Table 3 and Table S4, two novel risk score formulae were developed, including or 

omitting metabolites, respectively. The risk score of enrolled HCC patients was calculated 

according to the aforementioned risk scoring formulae. The median risk score was subsequently 

used as cut-off to divide the patients into low- and high-risk groups. The survival differences 

between low- and high-risk groups were examined by a Kaplan–Meier analysis. 

The sensitivity and specificity of this prognosis prediction model were assessed by the area under 

the time-dependent receiver operating characteristic (tdROC) curve (tdAUC), which was analyzed 

using the “tdROC” package of R software (4.0.3, R core Team, R Foundation for Statistical 
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Computing, Vienna, Austria). The discriminatory performance of the models was assessed by 

Harrell’s c-index, Gönen & Heller’s K, as previously described (269-271). 

4.5 Results  

4.5.1 Metabolic Serum Profiles Change during Tumor Progression 

Given that metabolic reprogramming is a hallmark of cancer development (272), we hypothesized 

that tumors of HCC patients undergo metabolic changes upon growth. To this end, we carried out 

an in-depth analysis using recently published proteomic data (257). Proteomic clustering was 

performed based on differentially expressed proteins in different-size tumors, revealing 509 

dysregulated proteins during tumor growth (Figure 9A). The proteins whose expression were 

altered the most significantly (p < 0.01), along with the increase in tumor size, are listed in Figure 

9A. Among these differentially expressed proteins, many proteins have been demonstrated to be 

involved in glycometabolism, such as glyceraldehyde 3-phosphate dehydrogenase (GAPDH) (273) 

and phosphoglycerate kinase 1 (PGK1) (274), lipid metabolism such as apolipoprotein A4 

(APOA4) (275) and protein synthesis or degradation such as plasminogen protein (PLG) (276) in 

cancer cells. Next, a Gene Ontology (GO) enrichment analysis identified the top terms (ranked by 

p-values) specific for the upregulated biological processes involving metabolic, mRNA, cellular 

metabolic, RNA, organic substances and catabolic processes (Figure 9B, upper panel). Tumors 

with larger sizes showed a decrease of mRNA processing related to the carboxylic acid, oxoacid, 

organic acid, small molecule and monocarboxylic acid metabolic processes (Figure 9B, lower 

panel). These results clearly indicate that metabolism undergoes tremendous change in tumors with 

different sizes. Therefore, we hypothesized that the metabolomic profile might consistently change 

in tumors with different sizes.  
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Figure 9. Proteome changes during tumor progression. (A) Hierarchal molecular clustering of 509 dysregulated 

(1.5-fold up or down regulation) proteins in tumors of different HCC subtypes. Each column represents a pool 

of patient samples, and rows indicate proteins. Up- and downregulated proteins were compared to the peritumoral 

tissue, respectively. The red frame surrounds the proteins whose upregulation was significantly associated with 

larger tumor sizes (p < 0.001), while the purple frame surrounds proteins whose downregulation was significantly 

associated with bigger tumor sizes (p < 0.001). (B) An enriched analysis of the Gene Ontology Biological 

Processes (GOBP) using protein panels based on upregulated and downregulated proteins to generate top-term 

significant biological process. Each column represents a pool of patient samples, and rows indicate proteins 

involved in that particular biological process. Cells are colored according to their Z-score (log2 of the relative 

protein abundance). The analysis was performed on the HCC cancer tissue proteome dataset from a previous 

work (257). 

To obtain a comprehensive molecular understanding of the metabolic changes in HCC patients, 

tumor tissues, their paired peritumoral tissues and serum collected from 200 HCC patients were 

used for a metabolomic analysis based on stringent criteria (see Materials and Methods). The study 
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was designed to obtain samples of 50 HCC patients for each of the four groups defined according 

to a classification based on tumor size (277, 278). To this end, the HCC patients were divided into 

four subtypes, including small HCC (diameter ≤ 3 cm, grade I), medium HCC (3 cm < diameter ≤ 

5 cm, grade II), large HCC (5 cm < diameter ≤ 10 cm, grade III) and huge HCC (diameter > 10 cm, 

grade IV). 

Using untargeted NMR spectroscopy, we determined the metabolic fingerprints of the serum and 

tissues. A Principal Component Analysis (PCA) and Partial Least Squares-Discriminant Analysis 

(PLS-DA) of the serum samples showed that the serum metabolic profiles of HCC patients 

gradually change with increasing the tumor size (Figure 10A). While the metabolic profiles of 

HCC patients with small tumors are more homogenous, the profiles become more heterogeneous 

with the increasing tumor size. An inspection of the PCA loading plot revealed a strong increase 

of several 1H NMR signals between 3.5–4.0 ppm and between 5.4 and 5.7 ppm in a subset of patient 

samples with grade III and IV tumors. A statistical total correlation spectroscopy (STOCSY) (279) 

analysis confirmed that all the signals belong to the same group of metabolites (Figure S5A). 

Although the corresponding metabolites could not be assigned unambiguously, we suspect that this 

group of metabolites corresponds to circulating DNA. This is in line with previous works reporting 

high levels of circulating tumor and cell-free DNA in HCC (280, 281). When comparing the 

differences in the metabolic fingerprints between the serum samples of patients with different 

tumor sizes, O-PLS-DA revealed increasing correlation coefficients R2Y up to 0.924 and a Q2 of 

0.714 (p < 0.01) (Figure 10B, C) with increased clustering of the patient samples. In patients with 

different tumor sizes, altered serum metabolites were indicated by the reduced NMR spectra 

(Figure 10D) and indicated that the serum levels of glucose, pyruvate, glutamine, succinate, valine 

and 3-hydroxyisovalerate significantly changed (Figure 10E). The results obtained for succinate 

and valine were in line with a recent study using gas chromatography-mass spectrometry (GC-MS) 

on a small HCC patient cohort (282) and indicated that metabolites are stable markers for HCC. In 

line, we also observed significantly decreased glutamine and increased 3-hydroxyisovalerate in 

plasma samples of HCC patients with cirrhosis compared to matched cirrhosis controls without 

HCC in the European cohort (Graz, Austria) (Figure S5B). We further analyzed HCC metabolomic 

results in subgroups (Asian vs. non-Asian and nonalcoholic steatohepatitis (NASH) vs. other 

etiologies). When comparing the metabolic fingerprints between serum/plasma from Asian 



   

 

 

89 

(Chinese cohort) and non-Asian (European cohort), the O-PLS-DA revealed distinct clustering 

with correlation coefficients R2Y of up to 0.977 (p < 0.01) and a positive Q2 of 0.942 (p < 0.01) 

(Figure S5C). We found significantly increased levels of branched-chain amino acids (BCAAs; 

valine, leucine and isoleucine) in the Asian group (Figure S5D), which demonstrated changes in 

the metabolites may be relevant to HCC in a population-specific manner. Lower valine levels in 

the non-Asian group are in agreement with a previous study (283). However, we cannot exclude 

the possibility that pre-analytics (plasma vs. serum), diet or lifestyle cause the differences. NASH 

is a common preneoplastic state of HCC (284). Emerging data has revealed excessive hepatic lipid 

accumulation as the major contributor for NASH that sensitizes the liver to oxidative stress, along 

with subsequent necroinflammation (285, 286). The distinguishing clustering of plasma samples 

(European cohort) from NASH and other etiologies is shown in the score and validation plots of 

the O-PLS-DA (Figure S5F) with a correlation coefficients R2Y value of 0.936 (p = 0.81) and the 

Q2 value of 0.217 (p = 0.02). We observed elevated concentrations of glucose in the NASH group 

(Figure S5E). Consistently, a global meta-analysis demonstrated that NASH patients have a higher 

prevalence of type 2 diabetes and obesity compared to patients having nonalcoholic fatty liver 

diseases (287). Glucose metabolism is complexly associated with other metabolic pathways (i.e., 

fatty acids metabolism), which will require further studies to obtain a deeper understanding (286). 
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Figure 10. NMR metabolomics analysis of serum samples. (A) PCA and PLS-DA plots of serum samples. (B) 

Heatmap showing O-PLS-DA-derived Q2 for pairwise comparisons of the serum samples. (C) O-PLS-DA plot 

of the serum samples, including a cross-validation. (D) The reduced NMR spectrum reveals altered components 

in normalized serum samples. Positive covariance corresponds to the components present at increased 

concentrations, whereas negative covariance corresponds to decreased component concentrations. The 

predictivity of the model is represented by R2. (1) glutamine, (2) succinate, (3) pyruvate, (4) 3-

hydroxyisovalerate, (5) valine, (6) glucose and (7) and (8) DNA. (E) Statistical analysis of individual metabolites 

in serum samples. Statistical differences among multiple groups (one-way ANOVA) are indicated by p-values 

of < 0.05 (*), < 0.01 (**), < 0.001 (***) or < 0.0001 (****). 

 

4.5.2. Metabolic Profiles of Tumor and Peritumoral Tissues Change 

duringTumor Progression 

In line with the serum data, the PCA and PLS-DA of tumor and peritumoral tissue samples showed 

that the metabolic profiles of tumor and peritumoral tissues gradually changed with the increasing 

tumor size, with grade III and IV tumor tissues showing the largest metabolic heterogeneity 

(Figure 11A). Interestingly, about half of the peritumoral tissue samples show a metabolic profile 

more similar to cancer tissues, whereas the other half showed a distinct metabolic phenotype. We 

hypothesized that this could be due to increased metastasis in these patients. To test our hypothesis, 

we performed a PCA analysis dividing the NMR metabolomics datasets into three groups: (i) 

cancer tissue, (ii) peritumoral tissue without metastasis and (iii) peritumoral tissue with metastasis. 

In agreement with our hypothesis, peritumoral tissue samples without metastasis clustered with a 

distinct metabolic phenotype, whereas peritumoral tissue samples with metastasis showed a more 

cancer-like metabolic phenotype (Figure S6A, B). Reduced NMR spectra revealed glucose and 

succinate as the most significantly changed metabolites (Figure S6C). Given that many 

peritumoral tissue samples showed a cancer-like phenotype even without reported metastasis, 

metabolic biomarkers might help to detect metabolic reprogramming and early metastasis in 

peritumoral tissue in the future. O-PLS-DA of pairs of tumor–tumor, peritumoral–peritumoral and 

tumor–peritumoral tissue revealed an increased clustering of patient samples with different tumor 

sizes (Figure 11B, C and Figure 12A, B, D, E). Strikingly, not only the metabolic profiles of 

tumors but, also, peritumoral liver tissues are affected, depending on the size of the tumors. 
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Reduced NMR spectra revealed altered metabolites under all conditions compared, i.e., between 

tumor and peritumoral tissue (Figure 11D), as well as between different grade tumors (Figure 

S7B) and peritumoral tissues (Figure S7A), respectively. The levels of glucose, lactate; succinate; 

3-hydroxyisovalerate; glutamate; choline; fumarate; nucleotides (uridine and UDP sugars) and 

other amino acids (isoleucine, leucine, valine, phenylalanine, tyrosine and lysine) were changed in 

tumor tissues compared to peritumoral tissue (Figure 11E), with a largest difference observed for 

grade IV tumor–peritumoral tissue pairs (Figure 11C). Within the tumor, the levels of glucose; 

lactate; glutamine; fumarate; nucleotides (uridine and UDP sugars) and other amino acids 

(isoleucine, leucine, valine, phenylalanine, tyrosine and lysine) were affected (Figure 12F). 

Interestingly, most of these metabolites were affected similarly in peritumoral tissues—in 

particular, lactate; glutamine; nucleotides (uridine and UDP sugars) and several amino acids 

(isoleucine, leucine, valine and lysine) (Figure 12C). Glucose, lactate and leucine have been 

identified previously by solid-state 1H NMR in HCC tumor tissues and are in line with our results 

(261). In summary, our results indicate that NMR metabolomics are well-suited to studying tumor 

metabolism and that metabolism of the tumor is strongly coupled to its environment (Figure 12C).  
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Figure 11. NMR metabolomics analysis of the tissue samples. (A) PCA and PLS-DA plots of tissue samples 

(grade IV carcinoma tissues (CTIV) and peritumoral tissues (PTIV)). (B) Heatmap showing O-PLS-DA-derived 

Q2 for pairwise comparisons of the tissue samples (same stage, carcinoma tissues vs. peritumoral tissues). (C) 

O-PLS-DA plot of the tissue samples, including a cross-validation. (D) The reduced NMR spectrum reveals 

altered components in the normalized tissue samples. Positive covariance corresponds to the components present 

in increased concentrations, whereas negative covariance corresponds to decreased component concentrations. 

The predictivity of the model is represented by R2. (1) leucine, (2) isoleucine, (3) valine, (4) 3-

hydroxyisovalerate, (5) lactate, (6) lysine, (7) glutamate, (8) succinate, (9) choline, (10) glucose, (11) uridine, 

(12) UDP sugars, (13) fumarate, (14) tyrosine and (15) phenylalanine. (E) Statistical analysis of the individual 

metabolites in the tissue samples. 
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Figure 12. NMR metabolomics analysis of peritumoral and cancer tissue samples at different stages. (A) 

Heatmap showing O-PLS-DA-derived Q2 for pairwise comparisons of peritumoral tissue samples. (B) O-PLS-

DA plot of peritumoral samples, including a cross-validation. (C) Statistical analysis of individual metabolites 

in peritumoral tissue samples. (D) Heatmap showing O-PLS-DA-derived Q2 for pairwise comparisons of cancer 

tissue samples. (E) O-PLS-DA plot of cancer tissue samples, including a cross-validation. (F) Statistical analysis 

of individual metabolites in cancer tissue samples. Statistical differences among multiple groups (one-way 

ANOVA) are indicated by p-values of < 0.05 (*), < 0.01 (**), < 0.001 (***) or < 0.0001 (****). 

4.5.3. Metabolite Panels Enable Diagnosis and Prognosis Potential of HCC 

We performed a supervised analysis to identify robust and representative metabolites for the serum-

based discrimination against the tumor size and prognosis. In the serum, increased levels of 

succinate and decreased levels of glutamine and pyruvate were observed depending on the tumor 

grade (Figure 10E). To assess the specificity and sensitivity for each serum metabolite, an ROC 

analysis was applied. The highest predictivity associate with a tumor grade, as indicated by the 

highest values of the Area under the Curve (AUC), was obtained for pyruvate (AUC, 0.849), followed 

by glutamine (AUC, 0.84), and succinate (AUC, 0.809) (Figure S8B). Glutamine also exhibited a high 

diagnostic accuracy for the discrimination of HCC with underlying cirrhosis from cirrhosis without 

HCC in the European cohort (AUC, 0.787) (Figure S8C). These metabolites also showed an elevated 

response probability to the prognosis, which was consistent with the above order for pyruvate 

(AUC, 0.625) followed by glutamine (AUC, 0.621) and succinate (AUC, 0.583) (Figure S8D). 

Using a combination of these metabolites yielded a slightly higher AUC (~0.65) compared to the 

AUC using single metabolites (pyruvate of serum, 0~0.625), revealing an improved predictive 

estimate of recurrence (Figure S8E). 

Surgical resection offers a potential curative treatment for HCC patients. Nonetheless, as a major 

cause of mortality, recurrence happens in around 50–70% of the patients within the 5 years’ 

recurrence period (288, 289). Out of 200 patients of the Chinese cohort tested in this study, a total of 

96 patients (48%) developed recurrence within 5 years of surgery.  

We hypothesized that metabolites might assist to enable clinicians to determine the suitable therapy 

and surveillance of patients who were at higher risk of recurrence after surgery. Despite a lack of 

consensus regarding the optimal tool for stratification, Chan et al. recently proposed a prognostic 
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model called the Early Recurrence After Surgery for Liver tumor (ERASL) (290) for the surgical 

treatment of the patients with HCC according to the accessible pathological and clinical parameters. 

As described before, the tumor number and size, the preoperative alpha-fetoprotein (AFP) level, 

the preoperative albumin-bilirubin (ALBI) grade and gender were first combined as independent 

predictors to first validate the pre-ERASL model. In our cohort, 86 out of 184 patients (46.73%) 

developed recurrence within 5 years of surgery. An additional 16 patients with missing data in our 

cohort were excluded; in eight patients, no AFP could be detected, in six patients, no exact AFP 

value could be reported and, in two patients, no ALBI could be determined). We found that the 

ERASL model is suitable to predict the 5-year (preoperative) recurrence of HCC patients with our 

own data provided (p = 0.03) (Figure S9). 

Among the 22 clinicopathological parameters analyzed, a univariate Cox regression analysis was 

performed, and tumor number, tumor size, TNM stage (8th version (264)), serum alanine 

transaminase (ALT), alkaline phosphatase (ALP), serum glutamic-oxaloacetic transaminase 

(AST), Gamma-glutamyltransferase (γ-GT) and tumor encapsulation were found to be potentially 

relevant with p < 0.05 (Table S2 and Table S3). Here, in contrast to previous studies (291), we did 

not find microvascular invasion to improve the prediction of recurrence-free survival in our 

derivation cohort (100 randomly picked samples, p = 0.377), although it could improve the 

prediction in the entire cohort (200 samples, p = 0.0041). Patients were divided randomly into two 

groups of 100 patients each to generate a derivation and validation cohort, and the eight relevant 

parameters were used to build a modified and slightly improved preoperative model to predict the 

5-year recurrence (p = 0.006 for the derivation and p = 0.025 for the validation cohort) (Figure 

13A, B). The formula of the constructed preoperative model is shown in Table S4. Using 0.691 as 

the cut-off value for the clinicopathological preoperative model score, two prognostically distinct 

groups were stratified, a low risk (5-year recurrence-free survival, RFS = 64/37%) and a high-risk 

(5-year RFS = 33/0%) group in the derivation and validation groups, respectively. 
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Figure 13. Recurrence-free survival (RFS) according to risk groups defined by the clinicopathological and 

metaboclinicopathological model. Clinicopathological model (A) derivation group and (B) validation group. 

Metaboclinicopathological model (C) derivation group and (D) validation group. 

Next, we aimed to validate the suitability of metabolites to improve the preoperative model by 

using the same derivation and validation cohorts. To this end, all significantly changed serum and 

tissue metabolites and their ratios were subjected to a univariable Cox regression analysis. Several 

metabolites were found to be potentially relevant, with p < 0.05 in the univariable Cox regression 

analysis: serum succinate and glucose, CT lactate, PT lactate, isoleucine, glucose, UDP sugars and 

valine, as well as the ratios of serum pyruvate/PT valine, serum pyruvate/PT isoleucine, serum 

pyruvate/CT lactate, serum pyruvate/PT leucine and serum succinate/pyruvate (Table S2 and 

Table S3). These 13 metabolite parameters were combined with the eight relevant 

clinicopathological parameters to build an integrated metaboclinicopathological model. The 

combination of parameters showed a comparable performance in the derivation group (from p = 
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0.006 to p = 0.010) and an improved performance in the validation group (from p = 0.025 to p = 

0.001) (Figure 13C, D). The multivariable analysis identified the tumor number, alanine 

aminotransferase, succinate and pyruvate as the key parameters related to a poor prognosis. Using 

these variables, a metaboclinicopathological preoperative model was constructed, and the 

independent parameters and their formulae are shown in Table 3. Using 0.874 as the cut-off value, 

two prognostically distinct groups were stratified, a low-risk (5-year RFS = 61/50%) and high-risk 

(5-year RFS = 42/6%), in the derivation and validation groups, respectively. The discriminatory 

performance of the models was compared via Harrell’s c-index, Gönen & Heller’s K and tdAUC, 

as shown in Table 4. By including NMR metabolite data, the metaboclinicopathological 

preoperative model showed a better discriminatory performance compared to the 

clinicopathological preoperative model. Both models may help to design clinical guidelines trials. 

Table 3. Multivariable Cox regression analyses of the prognostic factors in the derivation and 

validation groups of the Chinese cohort with metabolic factors. 

Variable 

Derivation Group (n = 100) Validation Group (n = 100) 

Hazard Ratio 

(95% CI) 

β-Estimate 

(95% CI) 
p-Value 

Hazard Ratio 

(95% CI) 

β-Estimate 

(95% CI) 
p-Value 

ALT       

<50 Ref Ref  Ref Ref  

>50 
2.557 (1.191, 

5.490) 

2.552 

(1.291, 

5.046) 

0.007 
0.916 (0.473, 

1.774) 

−0.088 (−0.749, 

0.573) 
0.794 

serum 

succinate/serum 

pyruvate 

4.572 

(1.360,15.372) 

1.520 

(0.307, 

2.733) 

0.014 
1.968 (1.185, 

3.268) 

0.677 (0.170, 

1.184) 
0.009 
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Tumor number 
2.242 (1.540, 

3.264) 

0.807 

(0.432, 

1.183) 

<0.0001 
2.228 (1.614, 

3.075) 

0.801 (0.479, 

1.123) 
<0.0001 

Model score = tumor number * 0.807 + serum succinate / serum pyruvate * 1.52 + ALT (0, <50; 1, ≥50) * 

0.937;  

PI = e^ model score/(1 + e^model score); Cut-off to generate the risk groups: PI ≤ 0.874 (low) and PI > 

0.874 (high). 

ALT, Alanine aminotransferase. 

 

Table 4. Prognostic performance of the models. 

Measure of Discrimination 

With Metabolites Without Metabolites 

Derivation (SE) Validation (SE) Derivation (SE) Validation (SE) 

Harrell’s c-index 0.661 (0.047) 0.638 (0.041) 0.610 (0.045) 0.573 (0.040) 

Gönen & Heller’s K 0.658 (0.041) 0.619 (0.036) 0.669 (0.056) 0.637 (0.052) 

tdAUC (5 years) 0.671 (0.059) 0.667 (0.060) 0.618 (0.055) 0.572 (0.052) 

Standard errors (SE) were estimated from 200 bootstrap samples; tdAUC, areas under the time-

dependent receiver operating characteristic curve. 

4.6 Discussion  

A comprehensive global genomic, transcriptomic, proteomic and phosphoproteomic analysis of 

HCC provided the first insights into the underlying molecular mechanisms and first insights into 

the biological understanding of HCC (254, 292). Herein, the global metabolomics data provided 

new insights into the biological understanding of HCC, with particular implications related to the 

clinical and therapeutic understanding of HCC. NMR spectroscopy is a powerful tool in this regard, 
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as it is characterized by its high reproducibility and outstanding suitability for in vitro diagnostics 

(IVD). The integrated metabolomic characterization of the serum and paired tumor and peritumoral 

liver tissue tumor samples at different grades of tumor growth revealed metabolic reprogramming, 

communication between tumor and peritumoral tissue and clinically and therapeutically relevant 

metabolite markers in HCC.  

Our integrated analysis revealed alterations of the metabolic pathways in the serum, tumor tissue 

and peritumoral liver tissue. Moreover, we discovered that metastasis affects the metabolic profile 

of peritumoral tissue. The related metabolites can be used in follow-up studies as markers in a 

clinical setting for the early diagnosis of HCC and to detect metastasis in peritumoral tissue, which 

is a difficult task—in particular, for micrometastasis (293).In addition, we compared the metabolic 

changes of serum/plasma in subgroups (Asian vs. non-Asian and others vs. NASH). Our results 

showed that BCAAs may act as population-specific HCC metabolites and identified glucose as a 

plasma biomarker candidate for distinguishing NASH from other etiologies. A limitation of our 

analysis concerns the inability to subdivide HBV and HCV in the same population.  

Strikingly, the metabolic phenotypes of the serum and tumor tissue, as well as peritumoral liver 

tissue, are shifted gradually with the increasing tumor size. Together with an alteration of the 

proteomics phenotype, this indicates that tumors undergo metabolic reprogramming with 

increasing size. Metabolic reprogramming is a hallmark of tumor growth, independent of their 

carcinogenetic origin (294). Our results in the serum and tissues of HCC patients show that the 

tumor shifts metabolic pathways and indicates that the resulting change in the nutrient supply is 

indispensable to overcome nutrient starvation and the changing environmental conditions. Notably, 

metabolites related with glycolysis, the tricarboxylic acid (TCA) cycle and pyrimidine synthesis 

were changed in tumor tissues of different stages. The increasing demand of growing tumors for 

glucose and glutamine is well-visible in the serum and both tumor and peritumoral tissues, 

respectively. In line with this, the lactate levels increased both in tumor and peritumoral tissues, as 

well as the expression of glutamine transporters (i.e., SLC1A5) and glycolytic enzymes, such as 

glucose-6-phosphate isomerase (GPI), phosphoglycerate kinase (PGK1), aldolase A (ALDOA) and 

hexokinase 2 (HK2) (Figure 14). Despite the increased glutamine uptake, enzymes involved in the 

conversion of glutamate to α-ketoglutarate are downregulated, such as glutamate dehydrogenases 
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(GLUD1), glutamic-oxaloacetic transaminases (GOT1) and glutamic-pyruvate transaminases 

(GPT). This might be coupled to the altered expression of downstream TCA enzymes. A prominent 

example is the drop in the tumor suppressor succinate dehydrogenase (SDHA and SDHB) with the 

increasing tumor size. Converting succinate to fumarate, the loss of this enzyme is in agreement 

with reduced levels of fumarate in tumors and increased levels of succinate in the serum. In addition 

to glutamine, other amino acids such as branched-chain amino acids (BCAAs; valine, leucine and 

isoleucine) can function as opportunistic fuel sources for cells. In line with this expression of 

related catabolic enzymes such as BCAT2 are increased in tumor tissues, although other enzymes 

are undetectable.  

 

Figure 14. Schematic overview of growing human hepatocellular tumors undergoing a global metabolic 

reprogramming and proteomic changes. Metabolic genes and metabolites involved in glycolysis, the tricarboxylic 

acid (TCA) cycle and pyrimidine synthesis. Red line represents tumor tissues, and green line represents 

peritumoral tissues in proteomics. Red arrow represents tumor tissues, green arrow represents peritumoral tissues 

and yellow arrow represents the serum in the metabolism. 

 

Strikingly, we observed large changes in the metabolites associated with pyrimidine synthesis 

(UDP sugars and uridine), which are in line with the recent proteogenomic analysis of HCC (254) 

and the upregulation of CAD protein (CAD), dihydroorotate dehydrogenase (DHODH), uridine 5'-
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monophosphate synthase (UMPS), CTP synthase 2 (CTPS2) and nucleoside diphosphate kinase A 

(NME1). These findings suggested that pyrimidine synthesis pathways could be an alternative 

target for HCC therapy. 

Encouraged by the large changes in HCC metabolic profiles, we validated and adapted a recently 

proposed a preoperative model that enables risk assessment of 5-year recurrence before resection 

for the inclusion of metabolomics data. Our validation shows that the recently proposed model can 

be applied to our setting and that it was capable of stratifying patients into two groups with discrete 

risk profiles. In the low-risk group comprising about 56.52% of patients among the entire cohort, 

only 34.61% developed 5-year recurrence, whereas in the intermediate-risk group of 42.39% 

patients, 61.53% developed 5-year recurrence (Figure S5). Although the metabolomics data on 

their own were not sufficient to predict the 5-year recurrence (p = 0.000 for the derivation and p = 

0.705 for the validation cohort), the inclusion of metabolomics data improved the predictions of 

the clinical model. Currently, the serum AFP levels and ultrasonography are regarded as common 

means for the surveillance of HCC and the early detection of recurrence (295). Ultrasonography 

shows a low level of sensitivity for the surveillance of HCC, especially in patients with cirrhosis 

(295). Indeed, AFP leads to high rates of false negatives for HCC, both in the case of the Chinese 

(66/192) and the European cohorts (20/42). The ROC curve analysis and AUC revealed a higher 

diagnostic performance of our metaboclinicopathological model (AUC 0.669) than AFP (AUC 

0.518) to predict the 5-year recurrence (Figure S4A). Our models are clinically relevant, as they 

enable the identification of a small, although potentially manageable group of patients with a high 

risk of recurrence for which an adjuvant therapy and more intensive surveillance could be provided. 

The benefit of adding metabolomics data to the set of clinicopathological parameters should be 

further validated in a multicenter study in the future.  

In all, after the curative surgery for HCC, recurrence of the tumor is a common and potentially 

severe complication. Our combined clinicopathological and metabolomic model is a clinically 

relevant, validated and potent tool to predict the 5-year recurrence. Further prospective studies are 

needed to demonstrate the applicability of our model in patient allocation for adjuvant trails and 

more frequent follow-up. 
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4.7 Conclusions 

An integrated and comprehensive metabolomic analysis of HCC is provided by our current work. 

It could be established that poor clinical outcomes, coupled with an advanced disease stage, were 

the key factors associated with metabolic alterations. Targeting cancer metabolism, especially 

purine metabolism, may offer a promising strategy for the effective treatment of HCC. The 

methodological framework, diagnostic and prognostic metabolic markers capable of being used in 

a clinical setting are provided by our study, besides generating a high-quality untargeted analysis 

of HCC metabolism, also benefitting the basic research. 
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kinase (PGK1), aldolase A (ALDOA), hexokinase 2 (HK2), glutamate dehydrogenases (GLUD1), 

glutamic-oxaloacetic transaminases (GOT1) and glutamic-pyruvate transaminases (GPT), 

branched-chain amino acids (BCAAs), CAD protein (CAD), dihydroorotate dehydrogenase 
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(DHODH), uridine 5'-monophosphate synthase (UMPS), CTP synthase 2 (CTPS2), nucleoside 

diphosphate kinase A (NME1), non-alcoholic steatohepatitis (NASH). 

4.8 Supplemental information 

 

Figure S5. NMR metabolomics analysis of serum/plasma samples. (A) Statistical total correlation spectroscopy 

(STOCSY) analysis of NMR signals at 5.399 ppm. (B) Statistical analysis of individual metabolites in serum 

samples of European cohort. (C) O-PLS-DA plot of HCC serum/plasma samples, including cross validation 
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(Asian vs. non-Asian). (D) Statistical analysis of individual metabolites in serum/plasma samples (Asian vs. non-

Asian). (E) Statistical analysis of individual metabolites in serum/plasma samples (others vs. NASH). (F) O-

PLS-DA plot of HCC serum/plasma samples (European cohort), including cross validation (others vs. NASH). 

 

Figure S6. NMR metabolomics analysis of metastasis. (A) PCA and PLS-DA plots of tissue samples separated 

according to metastasis. (B) O-PLS-DA plot of peritumoral tissue samples with vs. without metastasis, including 

and cross validation. (C) Statistical analysis of individual metabolites in tissue samples. 
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Figure S7. NMR metabolomics analysis of peritumoral and cancer tissue samples at different stages (grade IV 

vs. grade I). (A) The reduced NMR spectrum reveals altered components in normalized peritumoral tissue 

samples. Positive covariance corresponds to component present at increased concentrations, whereas negative 

covariance corresponds to decreased component concentration. Predictivity of the model is represented by R2. 

1…leucine, 2…isoleucine, 3…valine, 4…lactate, 5…lysine, 6…glutamine, 7…uridine, 8…UDP-sugars. (B) The 

reduced NMR spectrum reveals altered components in normalized cancer tissue samples. Positive covariance 

corresponds to component present at increased concentrations, whereas negative covariance corresponds to 

decreased component concentration. Predictivity of the model is represented by R2. 1…leucine, 2…isoleucine, 

3…valine, 4…lactate, 5…lysine, 6…glutamine, 7…glucose, 8…uridine, 9…UDP-sugars, 10…fumarate, 

11…tyrosine, 12…phenylalanine. 
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Figure S8. ROC analysis of AFP, metaboclinicopathological model and altered metabolites. (A) ROC curve of 

metaboclinicopathological model (high vs. low risk) and AFP (positive vs. negative) in HCC patients with 

recurrence versus non-recurrence. Absolute integrals were used to calculate ROC curves for distinct metabolites 

and to assess the prognostic value of the distinct metabolites of serum for tumor size (B), HCC (European cohort) 

(C) and recurrence (D). (E) Combination of all metabolites (serum and tissues) for ROC analysis.  Statistically 

significant differences between groups (Student’s t-test) are indicated by p-values of < 0.05 (*), < 0.01 (**), < 

0.001 (***) or < 0.0001 (****). 

 

Figure S9. Recurrence-free survival (RFS) according to risk groups defined by Early Recurrence 

After Surgery for Liver tumor (ERASL)-pre model. 
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Table S1. Patient demographics and clinical characteristics (Chinese cohort). 

Patient variables All (N=200) Grade I (N=50) Grade II (N=50) 
Grade III 

(N=50) 

Grade IV 

(N=50) 

Age (years) 54 (23–77) 64 (37–77) 56 (29–75) 54 (23–72) 52 (24–77) 

Female, N (%) 40 (20%) 11 (22%) 8 (16%) 10 (20%) 11 (22%) 

AFPa      

    >10 126 27 25 35 39 

    ≤10 66 21 24 13 8 

ALTb U/L      

    >50 38 10 10 18 0 

    ≤50 162 40 40 32 50 

Albumin (g/mL) 38.83±5.11 38.98±4.36 38.30±7.13 39.12±4.26 38.92±4.21 

Bilirubin (mol/L) 18.32±14.36 17.58±7.31 22.46±26.90 15.91±5.90 17.42±8.22 

Hepatitis B 174 45 40 48 41 

Diameter of tumor 6.41±4.47 2.04±0.53 3.64±0.53 7.15±1.37 12.81±3.02 

Cirrhosis      

    N 70 7 11 20 32 

    Nodular 130 43 39 30 18 

MVIb      
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    MV0 119 40 35 25 19 

    MV1 37 7 11 12 7 

    MV2 44 3 4 13 24 

aAFP, alpha-fetoprotein, AFP value > 10 is positive through the manufacturer's introduction (8 

patients did not receive AFP measurement). bALT, Alanine aminotransferase. MVI, microvascular 

invasion, MV0 means the number of MV is 0, MV1 means the number of MV = 1–5, MV2 shows 

the number of MV > 5. 
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Table S2. Univariate and multivariate analysis of pre-operative factors. 

Variables 

Recurrence 

Univariate Analysis Multivariate Analysis 

HR (95%) p Value HR (95%) p Value 

Gender (female vs male) 1.576 (0.663-3.743) 0.303    

Age (≥55 vs <55) 0.657 (0.355-1.216) 0.181    

Cirrhosis (yes vs no) 0.593 (0.324-1.085) 0.09   

Tumor number (single vs multiple) 2.045 (1.396-2.998) 0.000 2.242 (1.540-3.264) 0.000 

AFP (≥10 vs <10) 1.315 (0.691-2.504) 0.405   

HBV (yes vs no) 0.903 (0.322-2.533) 0.847   

DCP (>40 vs ≤40) 1.610 (0.790-3.283) 0.190   

ϒ-GT (>60 vs ≤60) 2.501 (1.345-4.650) 0.004   

LDH (>245 vs ≤245) 1.866 (0.915-3.803) 0.086   

ALP (>125 vs ≤125) 2.285 (1.163-4.491) 0.016   

PT (>14.5 vs ≤14.5) 0.543 (0.193-1.527) 0.247   

ALB (>34 vs ≤34) 1.057 (0.376-2.967) 0.916   

ALT (≥50 vs <50) 2.003 (1.060-3.785) 0.032 2.552 (1.291-5.046) 0.007 

AST (≥40 vs <40) 1.898 (1.028-3.507) 0.041   

TBIL (≥26 vs <26) 0.650 (0.157-2.696) 0.553   
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TG (>1.7 vs ≤1.7) 1.250 (0.384-4.068) 0.771   

Platelet (>125 vs ≤125) 1.010 (0.524-1.946) 0.976   

No. of WBC (>9.5 vs ≤9.5) 0.858 (0.207-3.557) 0.833   

Serum succinate 1.393 (1.009-1.921) 0.044   

Serum glucose 0.987 (0.976-0.999) 0.029   

Serum succinate/serum pyruvate 3.941 (1.219-12.748) 0.022 4.572 (1.360-15.372) 0.014 

AFP, alpha-fetoprotein; ALB, albumin; PT, prothrombin time; ALT, alanine aminotransferase; 

AST, aspartate aminotransferase; TBIL, total bilirubin; TG, triglyceride; WBC, white blood cell; 

DCP, abnormal prothrombin; ϒ-GT, glutamyltranspeptidase; LDH, lactate dehydrogenase; ALP, 

alkaline phosphatase; Significant p-values are indicated in bold (significance considered p < 0.05). 

Table S3. Univariate analysis of other factors. 

Variables 

Recurrence 

Univariate Analysis 

HR (95%) p Value 

Tumor size 1.120 (1.052-1.193) 0.000  

Tumor encapsulation (present vs absent) 0.424 (0.244-0.736) 0.002  

Microvascular invasion (yes vs no) 1.316 (0.715-2.420) 0.377 

TNM stage  1.524 (1.102-2.106) 0.011 

peritumoral isoleucine 1.450 (1.075-1.957) 0.015 

peritumoral glucose 0.995 (0.991-1.000) 0.042 
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peritumoral valine 1.308 (1.110-1.541) 0.001 

peritumoral UDP-sugars 0.894 (0.818-0.976) 0.013 

cancers lactate 1.000 (1.000-1.000) 0.005 

peritumoral lactate 1.000 (1.000-1.000) 0.023 

serum pyruvate/peritumoral valine 0.177 (0.049-0.637) 0.008 

serum pyruvate/peritumoral isoleucine 0.445 (0.239-0.829) 0.011 

serum pyruvate/tumoral lactate 0.000 (0.000-0.000) 0.033 

serum pyruvate/peritumoral leucine 0.000 (0.000-0.193) 0.02 

Significant p-values are indicated in bold (significance considered p < 0.05). 
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Table S4. Multivariable Cox regression analyses of prognostic factors in the derivation and 

validation cohort without metabolic factors. 

Variable 

Derivation Group Validation Group 

Hazard Ratio 

(95% CI) 

β-Estimate 

(95% CI) 
p Value 

Hazard Ratio 

(95% CI) 

β-Estimate (95% 

CI) 
p Value 

ALT       

<50 Ref Ref  Ref Ref  

>50 
2.424 (1.230, 

4.778) 

0.8850 (0.207, 

1.564) 
0.011 1.040 (0.546, 1.982) 

0.039 (−0.606, 

0.684) 
0.905 

Tumor 

number 

2.241 (1.519, 

3.305) 

0.807 (0.418, 

1.195) 

<0.000

1 
2.074 (1.509, 2.850) 

0.729 (0.411, 

1.047) 
<0.0001 

Model score = tumor number * 0.807 + ALT * 0.885; PI = e^ model score/(1 + e^model score);  

Cut-off to generate the risk groups: PI ≤ 0.691 (low), PI > 0.691 (high) 
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5.1 Abstract 

 The dysregulation of cellular metabolism is a hallmark of ageing. To understand the metabolic 

changes that occur as a consequence of the ageing process and to find biomarkers for age-related 

diseases, we conducted a metabolomic analyses of brain, heart, kidney, liver, lung and spleen in 

young (9-10 weeks) and old (96-104 weeks) wild type mice [mixed genetic background of 129/J 

and C57BL/6] using NMR spectroscopy. We found differences in metabolic fingerprints of all 

tissues and distinguished several metabolites to be altered in most tissues, suggesting that they may 

be universal biomarkers of ageing. In addition, we found distinct tissue-clustered sets of 

metabolites throughout the organism. The associated metabolic changes may reveal novel 
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therapeutic targets for the treatment of ageing and age-related diseases. Moreover, the identified 

metabolite biomarkers could provide a sensitive molecular read-out to determine the age of 

biologic tissues and organs and to validate the effectiveness and potential off-target effects of 

senolytic drug candidates on both a systemic and tissue-specific level. 

Keywords: ageing; tissues-specific; metabolomics; biomarker 

5.2 Introduction 

Ageing might be defined as the process by which structural and functional changes accumulate in 

an organism over time. Overall, ageing is characterized by a reduction in the ability to maintain 

metabolic and functional homeostasis in multiple tissues (140). This can occur at vastly different 

compartments within the cell, implying that ageing proceeds as a consequence of the interplay 

between a multitude of pathways, rather than from a single cause. Altogether, the following nine 

hallmarks are most frequently proposed to be epiphenomena of ageing: genomic instability, 

telomere attrition, epigenetic alterations, loss of proteostasis, deregulated nutrient-sensing, 

mitochondrial dysfunction, stem cell exhaustion, altered intercellular communication and cellular 

senescence (140). In particular, senescence has been suggested to contribute to the course of ageing 

and age-related diseases (296) by imbalanced cellular function, leading to increased DNA damage, 

generation of reactive metabolites, oxidative stress and inflammation (297-299). These changes 

can lead to pathophysiological manifestations like tissue atrophy and nerve loss, both of which are 

common in ageing tissues. In addition, they are associated with age-related pathologies, such as 

geriatric syndromes, Parkinson’s and Alzheimer’s disease, diabetes mellitus type 2, and 

atherosclerosis (146-151, 300, 301). Whereas these conditions differ greatly in their clinical 

manifestations, they share a common trait of dysregulated metabolism (152-154, 301-303). As an 

example, blood concentrations of branched chain amino acids (BCAAs), lipids with low carbon 

numbers, or sugar metabolites are increased in diabetes mellitus type 2 (152, 153), whereas 

methionine, histidine, lysine and phosphatidylethanolamine are increased in patients suffering from 

Alzheimer’s disease (154). Moreover, there is increasing evidence that metabolic changes do not 

only occur as a consequence of ageing processes, but, vice versa, might be drivers thereof (302). 

In each organism, tissues are combined in structural and functional units to form organs. Different 

organs are integrated and connected by blood and lymph vessels to form a whole organism. The 
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tissue conditions may affect basic vital functions and the health status of the entire organism and 

vice versa. With respect to age-related alterations in the metabolome at the tissue level, only few 

studies have been performed so far in mice, and even less in humans (157, 304-306). Mice are a 

key tool for ageing research due to their relatively short life span, which allows monitoring of the 

ageing process within a reasonable time frame, and due to the ability to perform genetic 

manipulations. Ageing research has so far mostly focused on genetically modified mice mimicking 

progeroid syndromes and not on animals that age by themselves. Therefore, aging mice under 

normal physiological condition are a highly valuable model to investigate the changes in 

metabolites and metabolic pathways as a consequence of the spontaneous deterioration of 

homeostatic balance over time. Metabolomics enables the capturing of the entire metabolic state 

of an organism, allows its temporal resolution at distinct time points during the ageing process, and 

helps to identify altered pathways and biomarkers during ageing and in disease (105, 106). Today´s 

biomarkers of ageing mainly include phenotypical read-outs such as frailty or grip-strength (307) 

and a small set of to-be-further-evaluated molecular markers, which provide a more general 

assessment of the physiological age (308). These biomarkers are an important tool to describe the 

physiological changes that occur with age, the process of ageing and the occurrence of age-related 

diseases. 

Here, we aimed to provide a comprehensive set of ageing-related metabolic biomarkers in mouse 

tissues for the identification of tissue-specific and systemic metabolic changes in an ageing 

organism. To this end, we employed untargeted Nuclear Magnetic Resonance (NMR) spectroscopy 

and determined changes in polar metabolites in brain, heart, kidney, liver, lung and spleen of young 

(9-10 weeks) and aged (96-104 weeks) wild type mice (mixed genetic background of 129/J and 

C57BL/6J). We found alterations in the metabolic phenotypes of all tissues and identified sets of 

both tissue-specific and systemic metabolite biomarkers of ageing. We identified the following 

organ-specific biomarkers: i) BCAAs, uracil and glutamine in the brain, ii) leucine, isoleucine, 

valine and 4-aminobutyrate (GABA) in the heart, iii) succinate and choline in the kidney, iv) 

nicotinamide, glycerol and inosine in the liver, v) lysine, nicotinamide, aspartate and fumarate in 

the lung, and vi) taurine and uridine in the spleen. Uridine changed systemically in most tissues, 

indicating conserved mechanisms of ageing. Our comprehensive metabolic profiling of the key 

mouse tissues at different ages provides a robust set of metabolic biomarker candidates to study 
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the mechanisms of metabolic reprograming associated with ageing. A deeper understanding of the 

underlying processes might not only shed light onto the causes of age-related pathologies, but also 

help to discover novel targets for pharmacological interventions. These biomarker candidates could 

serve as a read-out of the biological age of tissues and may be utilized to validate the effectiveness 

of proposed senolytic therapies. Taken together, comprehensive analyses and utilization of 

metabolomics provide a useful tool to monitor changes of metabolites during ageing and 

degenerative process, respectively, and may eventually help to increase health span and, thus, the 

life quality of the aged population. 

5.3 Materials and Methods  

5.3.1 Animals and diets 

For all experiments, organs were isolated from young (9-10 weeks) and old (96-104 weeks) female 

wild type mice (mixed genetic background of 129/J and C57BL/6J) were used (n=5). Mice were 

maintained in a clean, temperature-controlled (22 ± 1°C) environment with a regular light–dark 

cycle (12 h/12 h) and unlimited access to chow diet (Altromin 1324, Altromin Spezialfutter GmbH, 

Lage, Germany) and water. All experiments were performed in accordance with the European 

Directive 2010/63/EU and approved by the Austrian Federal Ministry of Education, Science and 

Research. 

5.3.2 NMR sample preparation, data acquisition and analysis 

Organ samples were snap frozen in liquid nitrogen and stored at -80°C until analysis. For NMR 

metabolomics analysis, 30-50 mg of each organ were resected. To extract metabolites, 400 µl of 

ice-cold methanol and 200 µl MilliQ H2O were added and the samples transferred to a tube 

containing Precellys beads (1.4 mm zirconium oxide beads, Bertin Technologies, Villeurbanne, 

France) for homogenisation by Precellys24 tissue homogeniser (Bertin Technologies, Montigny-

le-Bretonneux, France). After centrifugation at 13,000 rpm for 45 min (4°C), the supernatant was 

transferred to a fresh tube, and the samples were lyophilised at < 1 Torr, 850 rpm, 25 °C for 10 h 

in a vacuum drying chamber (Savant Speedvac SPD210 Vacuum Concentrator), with an attached 

cooling trap (Savant RVT450 Refrigerated Vapor Trap) and vacuum pump (VLP120 Vacuum 

pump) (Thermo Scientific, Waltham, MA). For NMR experiments, samples were re-dissolved in 
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500 µl of NMR buffer [0.08 M Na2HPO4, 5 mM TSP (3-(trimethylsilyl) propionic acid-2,2,3,3-d4 

sodium salt), 0.04 (w/v) % NaN3 in D2O, pH adjusted to 7.4 with 8 M HCl and 5 M NaOH]. 

Metabolic profiling analysis was conducted at 310 K using a 600 MHz Bruker Avance Neo NMR 

spectrometer equipped with a TXI 600S3 probe head. The Carr–Purcell–Meiboom–Gill (CPMG) 

pulse sequence was used to acquire 1H 1D NMR spectra with a pre-saturation for water suppression 

(cpmgpr1d, 512 scans, 73728 points in F1, 12019.230 Hz spectral width, 1024 transients, recycle 

delay 4 s) (309). The 1H−13C heteronuclear single-quantum correlation (HSQC) spectra were 

recorded with a recycle delay of 1.0 s, spectral widths of 15.9/30 ppm, centered at 4.7/118.0 ppm 

in 1H/13C, with 1024 and 256 points, respectively, and 16 scans per increment. NMR spectral data 

were processed as previously described (266). Briefly, data were processed in Bruker Topspin 

version 4.0.2 using one-dimensional exponential window multiplication of the FID, Fourier 

transformation, and phase correction. NMR data were then imported to Matlab2014b, TSP was 

used as internal standard for chemical shift referencing (set to 0 ppm), regions around the water, 

TSP and methanol signals were excluded, NMR spectra were aligned, and a probabilistic quotient 

normalization was performed. Principal component analysis (PCA), orthogonal partial least 

squares discriminant analysis (O-PLS-DA) and partial least squares-discriminant analysis (PLS-

DA) were performed in Matlab2014b and MetaboAnalyst 4.0 (268) as well as all associated data 

consistency checks and cross-validation. The statistical significance of the determined differences 

is validated by the quality assessment statistic Q2. This measure provides information about cross-

validation and is a qualitative measure of consistency between the predicted and original data with 

a maximum value of 1. Metabolite identification was carried out using Chenomx NMR Suite 8.4 

(Chenomx Inc., Edmonton, AB, Canada) and reference compounds. Quantification of metabolites 

was carried out by signal integration of normalized spectra. For each metabolite, a representative 

peak with no overlapping signals was identified, the start and end points of the integration were 

chosen to revolve around that peak, and the area of the peak was integrated by summing up the 

value for each point. For visualization of our integration approach, the characteristic peaks of 

selected metabolites are shown in Figure S10, with the area of integration indicated by the black 

bars. Univariate statistical analysis was carried out using GraphPad Prism 5.01 (GraphPad 

Software, La Jolla, CA). Data are represented as mean ± standard deviation (SD). P-values were 
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calculated using a two-tailed Student’s t-test for pairwise comparison of variables and are only 

given for metabolites with p < 0.05. 

5.4 Results  

Our goal was to establish both tissue-specific profiles and systemic metabolic signatures of ageing, 

which could serve as a basis for understanding the overall ageing process. 1H-NMR spectroscopy 

is a powerful technique capable of simultaneous identification and quantification of multiple 

metabolites in complex biological matrices (310). To better understand the systemic and tissue-

specific ageing process and to identify metabolites influenced by age, we carried out metabolic 

profiling of brain, heart, kidney, liver, lung and spleen from young and aged mice using an 

untargeted NMR spectroscopy approach. Using this approach, we were able to plot all spectra of 

identifiable metabolites within one sample and allocated the particular peaks to the respective 

metabolites available in metabolite databases (311). The identified respective biomarker candidates 

will provide a valuable resource for a variety of applications in ageing research and drug discovery. 

Using this method, we first determined the metabolic fingerprints of brain samples in young (9-10 

weeks) and aged mice (96-104 weeks). Neurocognitive ageing is characterized by a reduction in 

the information processing time, an impaired long-term memory (312), both of which are related 

to an imbalance in energy metabolism and redox homeostasis (313).The discriminant clustering 

between brains from young and old mice shown in the Orthogonal-Partial Least Squares - 

Discriminant Analysis (O-PLS-DA) plot in Figure 14A indicates the underlying differences in the 

metabolome, supported by the correlation coefficients R²Y up to 0. 997 (p=0.02) and a positive Q² 

of 0.727 (p=0.03), validating the significance of these results. Reduced NMR spectra revealed 

alterations in the levels of metabolites in mouse brains of different ages (Figure 14B), with 

decreased concentrations of lactate, methionine, N-acetylaspartate, uridine and inosine. In contrast, 

concentrations of leucine, isoleucine, valine, glutamine, allantoin, uracil, tyrosine and 

phenylalanine were increased in the aged mice (Figure 14B and C). 2D HSQC spectra of one brain 

sample further confirmed the assigned metabolites (Figure S11A). 
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Figure 14. NMR metabolomics analysis of mouse brain samples. (A) O-PLS-DA plot of brain samples, including 

cross validation. (B) The reduced NMR spectrum reveals altered components in normalized brain samples. 

Positive covariance corresponds to components present at increased concentrations, whereas negative covariance 

corresponds to decreased component concentration. Predictivity of the model is represented by R2. 1. Leucine, 

2. isoleucine, 3. valine, 4. lactate, 5. 4-aminobutyrate, 6. N-acetylaspartate, 7. glutamine, 8. allantoin, 9. uridine, 

10. uracil, 11. inosine, 12. tyrosine, 13. phenylalanine. (C) Statistical analysis of altered metabolites in brain 

samples using Student’s t-test. p <0.05 was considered statistically significant. 

 

Impaired metabolic flexibility is a hallmark of the ageing heart, with decreased capacity to oxidize 

fatty acids and increased glucose metabolism (314). When comparing the metabolic fingerprints 

between heart samples isolated from young and aged mice, O-PLS-DA revealed distinct clustering 

of respective heart samples with correlation coefficients R2Y of up to 0.999 (p=0.19) and a Q2 of 

0.786 (p =0.02) (Figure 15A). Reduced NMR spectra demonstrated altered abundance of 

metabolites in normalized heart samples (Figure 15B) and indicated decreased uridine 

concentrations in the hearts of aged mice, whereas the levels of leucine, isoleucine, valine, acetate, 

GABA, creatine, uracil, tyrosine and phenylalanine were increased (Figures 15C). 2D HSQC 

spectra of one heart sample is consistent with the assigned metabolites in Figure S11B. 
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Figure 15. NMR metabolomics analysis of mouse heart samples. (A) O-PLS-DA plot of heart samples, including 

cross validation. (B) The reduced NMR spectrum reveals altered components in normalized heart samples. 

Positive covariance corresponds to component present at increased concentrations, whereas negative covariance 

corresponds to decreased component concentration. Predictivity of the model is represented by R2. 1. Leucine, 

2. isoleucine, 3. valine, 4. acetate, 5. 4-aminobutyrate, 6. creatine, 7. uracil, 8. tyrosine, 9. uridine, 10. 

phenylalanine. (C) Statistical analysis of altered metabolites in heart samples using Student’s t-test. p <0.05 was 

considered statistically significant. 

A plethora of abnormalities in kidney structure and function are positively correlated with 

advancing age (315). In the kidney, local immune responses induce cellular metabolic 

reprogramming that changes with ageing (316). The distinct clustering of kidney samples from 

young and old mice is shown in the score and validation plots of the O-PLS-DA (Figure 16A). 

The two clusters show correlation coefficients R2Y of up to 0.997 (p=0.03) and Q2 values of 0.898 

(p = 0.01) (Figure 16A). In reduced NMR spectra, we found differences in the abundance of 23 

age-dependent metabolites (Figure 16B). Leucine, isoleucine, valine, alanine, methionine, 

glutamate, succinate, aspartate, asparagine, lysine, ethanolamine, choline, glycerol, creatine, 

serine, uridine, inosine, tyrosine and nicotinamide were decreased in the cohort representing the 

older mice, whereas the levels of allantoin and uracil were increased (Figures 16C). 2D HSQC 

spectra of one kidney sample in Figure S11C also matched the assigned metabolites in 1D spectra. 
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Figure 16. NMR metabolomics analysis of mouse kidney samples. (A) O-PLS-DA plot of kidney samples, 

including cross validation. (B) The reduced NMR spectrum reveals altered components in normalized kidney 

samples. Positive covariance corresponds to component present at increased concentrations, whereas negative 

covariance corresponds to decreased component concentration. Predictivity of the model is represented by R2. 

1. Leucine, 2. isoleucine, 3. valine, 4. threonine 5. alanine, 6. methionine, 7. glutamate, 8. succinate, 9. aspartate, 

10. asparagine, 11. lysine, 12. ethanolamine, 13. choline, 14. glycerol, 15. creatine, 16. serine, 17. allantoin, 18. 

uracil, 19. uridine, 20. inosine, 21. tyrosine, 22. nicotinamide. (C) Statistical analysis of altered metabolites in 

kidney samples using Student’s t-test. p <0.05 was considered statistically significant. 

 

Impaired fatty acid oxidation and increased de novo lipogenesis in the liver contribute to the risk 

for age-associated chronic liver disease (317). Comparable to other organs described above, we 

also identified two distinct metabolic clusters in livers of old and young mouse with correlation 

coefficients R²Y of up to 0.997 (p<0.01) and a positive Q² of 0.842 (p<0.01) (Figure 17A). 

Reduced NMR spectra revealed nine metabolites with varying concentrations (Figure 17B). In old 

mice, the concentrations of lactate, alanine, glycerol, glucose, uridine, inosine, fumarate and 

nicotinamide were decreased, whereas aspartate was increased (Figure 17C). The assignment of 

metabolites was confirmed by 2D HSQC spectra of one liver sample in Figure S11D. 
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Figure 17. NMR metabolomics analysis of mouse liver samples. (A) O-PLS-DA plot of liver samples, including cross 

validation. (B) The reduced NMR spectrum reveals altered components in normalized liver samples. Positive 
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covariance corresponds to component present at increased concentrations, whereas negative covariance corresponds 

to decreased component concentration. Predictivity of the model is represented by R2. 1. Lactate, 2. alanine, 3. 

aspartate, 4. glycerol, 5. glucose, 6. uridine, 7. inosine, 8. fumarate, 9. nicotinamide. (C) Statistical analysis of altered 

metabolites in liver samples using Student’s t-test. p <0.05 was considered statistically significant. 

 

Lung ageing is related to structural remodeling, decreased respiratory function and chronic lung 

diseases, which are closely linked to the ageing process of the immune system (318). The 

hierarchical O-PLS-DA scores plots (Figure 18A) allowed a clear discrimination between lung 

samples from young and old mice with correlation coefficients R²Y of up to 0.986 (p=0.26) and a 

positive Q² of 0.755 (p=0.02)). Malonate, fumarate, and nicotinamide were decreased in the old 

mice, whereas leucine, isoleucine, valine, threonine, methionine, aspartate, lysine, allantoin, 

tyrosine, and phenylalanine concentrations were increased (Figures 18B and C). Additional 

confirmation of assigned metabolites of lung sample was provided by 2D HSQC spectra in Figure 

S11E. 
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Figure 18. NMR metabolomics analysis of mouse lung samples. (A) O-PLS-DA plot of lung samples, including and 

cross validation. (B) The reduced NMR spectrum reveals altered components in normalized lung samples. Positive 

covariance corresponds to component present at increased concentrations, whereas negative covariance corresponds 

to decreased component concentration. Predictivity of the model is represented by R2. 1. Leucine, 2. isoleucine, 3. 

valine, 4. threonine, 5. methionine, 6. aspartate, 7. lysine, 8. malonate, 9. allantoin, 10. fumarate, 11. tyrosine, 12. 

phenylalanine, 13. nicotinamide. (C) Statistical analysis of altered metabolites in lung samples using Student’s t-test. 

p <0.05 was considered statistically significant. 

 

The spleen plays an important role in the immune system. In aged mice, structural changes in the 

spleen result in a less effective or decreased immune response (319). O-PLS-DA models clearly 

discriminated NMR spectra of spleen samples from young and aged mice (Figure 19A). Reduced 

NMR spectra revealed decreased concentrations of alanine, methionine, glutamate, aspartate, 

asparagine, lysine, o-phosphocholine, taurine, glycine, uridine, fumarate, tyrosine, and 

phenylalanine in the aged mice, whereas lactate, glucose, and allantoin concentrations were 

increased (Figures 19B, C). The 2D HSQC spectra assignment of spleen sample was found to be 

consistent with the assigned metabolites in 1D spectra (Figure S11F). 

 

 



   

 

 

132 

 



   

 

 

133 

Figure 19. NMR metabolomics analysis of mouse spleen samples. (A) O-PLS-DA plot of spleen samples, including 

cross validation. (B) The reduced NMR spectrum reveals altered components in normalized spleen samples. Positive 

covariance corresponds to component present at increased concentrations, whereas negative covariance corresponds 

to decreased component concentration. Predictivity of the model is represented by R2. 1. Alanine, 2. methionine, 3. 

glutamate, 4. aspartate, 5. asparagine, 6. lysine, 7. o-phosphocholine, 8. taurine, 9. glycine, 10. lactate, 11. glucose, 12. 

allantoin, 13. uridine, 14. fumarate, 15. tyrosine, 16. phenylalanine. (C) Statistical analysis of altered metabolites in 

spleen samples using Student’s t-test. p <0.05 was considered statistically significant. 

 

Finally, we compared the abundance of all metabolites between the organs of young and aged mice. 

Figure 20 depicts a correlation heatmap of metabolites in the six investigated tissues from both 

young and old mice, which exhibited the different distribution patterns of metabolites between 

different age and organs. 

 

Figure 20. Heat map of NMR analyses showing the relative metabolite levels in organs from young and old 

mice. Each column represents one single sample, each row represents one distinct metabolite as indicated. 

Increased and decreased metabolites are given in red and blue, respectively. Metabolites are indicated and sorted 

according to different chemical classes or biomolecular pathways. Bioinformatic analysis of data was performed 

using the statistical package in MetaboAnalyst 5.0 (http://www.metaboanalyst.ca/MetaboAnalyst/).  

http://www.metaboanalyst.ca/MetaboAnalyst/
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5.5 Discussion 

Ageing is a process that gradually increases the organism’s vulnerability and affects multiple 

biological pathways, including metabolism. The health state of tissues plays a key role in ageing 

or vice versa, as age-associated organ failure, for example, can lead to the death of an organism. 

Therefore, revealing the consequences of ageing on specific metabolites in distinct tissues is 

essential to provide information of the underlying mechanisms as they explain the metabolic 

activity in various tissues and provide functional evidence for biochemical activity. By studying 

metabolic reprogramming in ageing mice using untargeted NMR-based metabolomics, we 

identified a set of robust biomarkers for ageing in several murine tissues. NMR spectroscopy is a 

powerful tool in this regard due to its high reproducibility and simple analysis. 

For all six tissues studied, we identified sets of tissue-specific biomarkers of ageing. In the brain, 

we identified 13 metabolites comprising amino acids and their derivatives, such as tyrosine, 

phenylalanine and N-acetylaspartate. In addition to amino acid metabolism, the ageing metabolome 

of mouse brain is characterized by alterations in the purine and pyrimidine metabolism, with a 

significant increase in uracil (306). In line, we also observed increased uracil in aged mice. Larsson 

et. al. reported that the elevated plasma levels of BCAAs (isoleucine, leucine and valine) are 

associated with Alzheimer’s disease (320). In line with this observation, we also found increased 

levels of BCAAs in brain lysates of old mice. This phenomenon may be related to the production 

of the neurotransmitter glutamate known to be altered in the nervous system during ageing (321). 

Additionally, our results on changes in glutamine concentrations, in line with a study that 

investigated metabolites of the motor cortex of the brain in humans of different age (24 to 68 years) 

by 1H-NMR indicate that these metabolites represent stable ageing markers in the brain of both 

mice and humans (322). Thus, changes in BCAAs, uracil and glutamine are in accordance with 

recent studies of brain metabolites (320, 323).  

With ageing, the heart exhibits alterations in amino acid and purine metabolism. Here we found a 

set of ten metabolites significantly changed in the ageing mouse heart. Downregulation of BCAA 

catabolism in cardiomyocytes has been previously reported to disrupt autophagy, which in turn 

may be associated with ageing (324, 325). Elevated BCAA levels can therefore be seen as 

detrimental, in line with large-scale human cohort studies, investigating heart failure (326) and 
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risks of cardiovascular disease (327). Thus, increased BCAA levels suggest an increased risk of 

cardiovascular disease in course of aging. Similarly, the neurotransmitter GABA has been proposed 

to interfere with cardiac function and was increased by ageing (328, 329). A direct association with 

cardiac function has previously been demonstrated (326, 328, 329), rendering leucine, isoleucine, 

valine and GABA particularly promising as aging-heart biomarkers.  

In the kidney, we identified profound changes in metabolic profiles, with more than 20 metabolites 

differing between old and young mice. Most metabolic changes were associated with amino acid, 

purine/pyrimidine metabolism, and the tricarboxylic acid (TCA) cycle. Among additional 

metabolites, changes in the choline status might indicate kidney damage (330). Choline deficiency 

has been reported to cause kidney damage in rats due to a decrease in the formation of 

phospholipids, which in turn causes degeneration of the kidney structure (331). Thus, the decreased 

choline status in aged mice point to similar mechanisms (330). Succinate activates the longevity 

regulator DAF-16 C in C. elegans, which increases stress resistance and may extend lifespan (332). 

Decreased succinate levels in old mice suggest a more important role of this metabolite in age-

related metabolic adaptations than previously assumed. The importance of glutamate is still 

investigated, but recent publications indicate a tight connection to cellular senescence (333, 334). 

Here, a decrease in glutamate seems to be linked to the avoidance cell death in senescent cells, 

mediated through the expression of glutaminases. We could observed lowered glutamate levels in 

the kidney and spleen of our old mice, supporting the theory that lowered glutamate levels are 

linked to senescence and ageing (334). Choline, succinate and glutamate might be used in the future 

as promising biomarkers to determine the health- and age-related status of the kidneys. 

Metabolic profiles of mouse livers differ substantially in old compared to young mice with marked 

changes in the TCA cycle, as shown by the altered levels of alanine, aspartate and fumarate. Ageing 

reduces glycerol-3-phosphate acyltransferase activity (335) and glycerol (336), respectively, in 

rats, which is consistent with decreased glycerol concentrations in old mice. Nicotinamide, a poly 

ADP-ribose synthetase inhibitor, attenuated ischemia-induced liver injury with potent anti-

inflammatory effects (337). Inosine also has an anti-inflammatory potential and has been shown to 

be decreased in 24 month- compared to 1.5 month-old rats (338). We also observed decreased 

nicotinamide and inosine levels in old mice, which may be related to chronic inflammation during 
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ageing (339). Due to the low variability within each group and the clear distinction between the 

groups, we propose nicotinamide, glycerol and inosine as potential biomarkers for differentiating 

between young and old liver tissues.  

In the lung, a panel of 13 metabolites was identified and linked mostly to amino acid metabolism 

and the TCA cycle (alanine, aspartate and glutamine). The concentration of the two aromatic amino 

acids tyrosine and phenylalanine, all three BCAAs and methionine were increased. To date, few 

metabolome-wide analyses have been performed on lung tissues and no data at all are available for 

heathy lung tissue in context of ageing. Thus, our results could set the base for further 

investigations, focusing on the general protein biosynthesis activity and its alterations as potential 

cause or consequence of the ageing process. Compared to other organs, lung lysates showed smaller 

differences in their metabolic profiles between the two respective mouse groups. This may suggest 

that the change in the metabolic phenotype of the lung is a consequence of metabolic derailing in 

other organs which in turn affects the lung metabolome. Nevertheless, the levels of lysine, 

nicotinamide, aspartate and fumarate differ between the two groups, implying these metabolites as 

biomarkers for the assessment of ageing in lung tissue. In addition to amino acids and metabolites 

of purine/pyrimidine metabolism, glucose and lactate levels were changed, indicating derailing of 

the glucose metabolism with age. Altered levels of nicotinamide and inosine in lung and liver might 

be linked to the ability of both molecules in triggering inflammatory responses (337). 

The results we obtained for the levels of the BCAAs (leucine, isoleucine and valine) are of special 

interest, since the catabolism of these amino acids does not occur in hepatic cells, but in non-hepatic 

cells like neurons, cardiomyocytes or the diaphragm (324). Usually, the degradation of BCAAs in 

mice is regulated by an enzyme called protein phosphatase 2Cm (PP2Cm), whose mRNA is 

particularly highly expressed in the brain and heart, indicating their primary sites of BCAA 

catabolism (340). In the context of diseases, BCAAs have been correlated with cardiac pathology, 

since the expression of their catabolism activator PP2Cm can be influenced by stress and was 

therefore decreased in conditions like hypertrophy or heart failure. In vivo studies in zebrafish with 

deficiency of PP2Cm led to a loss of cardiac contractility and premature death, further pointing out 

the potential role of a functioning BCAA catabolism on cardiac health (340). Since stress signals 

such as oxidation or genetic damage increase with age, these stress signals may affect the 
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expression of PP2Cm, and a defect in BCAA catabolism may have adverse health effects, possibly 

explaining the increase of these metabolites in the aged mice (324). In detail, the increased levels 

of the BCAAs (leucine, isoleucine and valine) were detected in the brain, heart and lung, whereas 

no significant changes were seen in the liver, which broadly fits to the hypothesis that accumulating 

stress signals may influence BCAA levels. Whether there is a causal or close relationship between 

these observations and ageing cannot be answered by our results. Nevertheless, the role of BCAAs 

in healthy ageing should be further investigated in the future, as this subset of amino acids 

represents promising biomarkers for the assessment of healthy ageing. mTOR signalling is active 

in all tissues particularly involved in cell growth, ageing and metabolism, which is presumably 

important in tissues with high metabolic rates, such as the liver (341). Here we found significant 

changes in glucose and glycerol, which are involved in glycolysis/gluconeogenesis, which in turn 

are downstream targets of the mTOR signalling pathway. 

Sixteen metabolites have been found as biomarker candidates for the ageing spleen. Among them, 

metabolites emerge as components of metabolic pathways linked to amino acid, glucose and lipid 

metabolism. A decreased concentration of taurine, a sulfur-containing amino acid that augments 

the proliferative responses of T-cells, indicates defective proliferative response of T-cells in old 

mice (342) and point to a reduced potential for detoxification of reactive oxygen species (343). In 

line with previous results (344), we observed decreased uridine levels in the ageing spleen, 

suggesting uridine and taurine as robust spleen-specific biomarker candidates for the ageing 

process. Accordingly, reduced levels of uridine might be associated with increased cellular 

senescence in all tissues, as uridine has been shown to affect senescence in human mammary 

epithelial cells (345). During ageing, senescent cells stop producing nucleotides, the essential 

building blocks of DNA, implying that precursors like inosine, uridine, uracil and nicotinamide 

might also be found at abnormal levels (345).  Taking all of this into account, decreased uridine 

concentrations in the brain, heart, kidney, liver and spleen of aged mice indicate that uridine may 

be a general biomarker for ageing.  

5.6 Conclusions 

Research desperately seeks for molecular markers of ageing (346). Our straightforward workflow 

of NMR-based untargeted metabolomics together with the identified metabolite biomarker panels 
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is well suited to study the effect of senolytic drug candidates such as dasatinib, quercetin (347), 

FOXO4-DRI peptide (348), Bcl-2 family inhibitors (349) and Hsp90 inhibitors (350) to increase 

overall health span and enable healthy ageing. Although experiments with mouse models have 

already been performed to test the efficacy of certain senolytics in the past, these investigations 

mostly focused on measuring motor activities, frailty or physical characteristics (308). The ageing-

associated, tissue-specific metabolite biomarkers discovered in the current study should provide a 

novel molecular read-out for ageing-associated changes of an organism. Our results represent a 

powerful tool for future drug discovery projects to build a bridge between in vitro and in vivo 

studies, and to validate the molecular efficacy of investigated therapeutics.  

Importantly, besides the power of metabolomics for biomarker discovery and validation, 

identification of metabolites altered in different states of health and disease can help tracing back 

the pathway(s) causing metabolic derailing during ageing. Following this approach, and assuming 

that ageing influences the health status, the identification of altered metabolites during ageing is 

crucial in classifying metabolic pathways closely linked to key ageing processes such as cellular 

senescence (351). Senescent cells are “hypermetabolic”, a condition that could potentially be 

therapeutically targetable. As previously demonstrated, interventions such as rapamycin treatment 

and methionine restriction impact important aspects of metabolism and delay cellular senescence 

to extend cellular lifespan (352, 353). How metabolically targeted drugs can achieve sufficient 

specificity for senescent over non-senescent cells in vivo to allow successful translation remains an 

open question. Our study provides a protocol to evaluate these metabolism-targeting drugs in vivo, 

based on both universal and tissue-specific metabolite alterations that accompany the ageing 

process. In addition, our approach also depicts a metabolite panel for future in vivo NMR studies 

in living animals.  

In this study, NMR-based untargeted metabolomics was applied to investigate the metabolic profile 

of key tissues in young and old mice. We revealed that ageing is associated with considerable 

metabolic alterations specifically in amino acids, neurotransmitters and other small molecules. Our 

study not only generated a high-quality untargeted analysis of ageing metabolism, but also provided 

a set of metabolic markers that may be used in further translational studies, such as the development 
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of senolytic compounds. Taken together, our approach brought up a metabolite panel for future in 

vivo magnetic resonance studies.  

Patents 

Not applicable. 

5.7 Supplementary Materials 

 

Figure S10. Overlapping signals of 1H-NMR spectra of significantly different metabolites for each organ from 

young and old mice. The curves visualize the altered levels of metabolites between each group and/or organ. 

Signals originating from 9-10 weeks old mice are coloured in green, curves in orange represent samples from 96-

104 weeks old mice. The black bars indicate the integrated area further used for statistical analysis. Three 

metabolites and their characteristic peak in the NMR spectra are shown in (A) brain, (B) heart, (C) kidney, (D) 

liver, (E) lung and (F) spleen. 



   

 

 

140 

 

Figure S11. 2D 1H, 13C HSQC NMR spectra for the different organs with assigned and cross-validated 

metabolites for (A) brain, (B) heart, (C) kidney, (D) liver, (E) lung and (F) spleen.  
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6 Discussion 

The protein ArgMet plays a significant role in regulating several signalling pathways. Gene 

regulation, DNA repair, signal transduction, metabolism and regulation of apoptosis have been 

involved in physicochemical processes shown to be modulated by ArgMet (5, 12, 31). ArgMet has 

been involved into metabolic dyregulation during tumorigenesis and ageing, but the molecular 

mechanism still remains unclear. Despite the existence of literature on this topic, insufficient and 

unreliable quantitative methods limit the interpretation of the significance of ArgMet in pathological 

and physiological processes. Here, a simple, robust and fast NMR-based quantification protocol 

was developed to quantify ArgMet levels and dynamics in purified proteins, cells, organoids and 

tissues. ADMA, MMA, and SDMA in all the tested biological samples can be quantified and 

detected by our NMR spectroscopy-based protocol. In the recovery experiments, methylated 

arginine residues were recovery at an average of approximately 100%. The levels of ArgMet 

obtained using our new NMR-based approach have been validated for a subset samples (Figure 

S2B and Figure S3B) by a reversed-phase HPLC method. Summarizing, we found that the results 

from NMR and HPLC are in good agreement. The MMA peak in BY4741 obtained from HPLC 

show spectral overlap interference (Figure S2B), suggesting that our method exhibits higher 

resolution of ArgMet in complex samples than HPLC. In addition, protein unbound arginine 

methylation and other metabolites can also be quantified in this protocol. A cold methanol extraction 

solvent is used to simultaneously extract metabolites and precipitate proteins/lipids in the same 

samples during sample preparation. Therefore, we can use the supernatant for untargeted 

metabolomics studies and the precipitated fraction is then analysed for protein arginine methylation. 

In the same approach, we can also perform untargeted metabolomic analysis to understand the 

metabolic profiles alongside the changes of arginine methylation., both relying on the robust 

analysis of NMR. 

ArgMet-NMR proved to be useful for detecting methylation patterns in recombinant protein when 

PRMT1 was incubated with protein to induce in vitro methylation reactions. According to Cheng 

et al., methylation motifs in PRMTs contain RG/RGG, RXG, RPAAPR or APR sites of ArgMet (1, 

22, 212). However, the actual consensus patterns in the majority of human PRMTs are not yet 



   

 

 

143 

known. In the development of this method, we sought to devise a strategy to not only quantitate but 

also to understand how perturbations to the sequence/substrate alter ArgMet or PRMT specificity. 

Our protocol may help to determine arginine methylation of simple and repetitive AA sequence 

patterns. For example, different recombinant proteins or synthetic peptides can be further studied 

using our protocol using different PRMTs as basic ArgMet screening agents because it is based on 

label-free protein and requires only minimal sample preparation, i.e., for protein or peptide 

concentrations greater larger than 5 µM. Our protocol may help in understanding different PRMT 

MMA or ADMA/SDMA target sequences. This approach offers a quick platform for label-free 

screening for PRMTs in recombinant proteins, which may be a supplementary analysis for use with 

peptide arrays (213) or mass spectrometry (18). 

Recent bioinformatic studies have predicted an additional 33 putative methyltransferases in S. 

cerevisiae (215). It is possible that some protein methyltransferases may have been misclassified 

because the prediction of putative methyltransferase function is imperfect. Our protocol may enable 

an effective evaluation of these methyltransferases. For example, we detected ArgMet in S. 

cerevisiae BY4741 and BY4742, strains that produce ADMA and MMA but not SDMA, yielding 

results consistent with those of previous publications (216). HMT1 is a major enzyme critical for 

most of the formation of ArgMet. Knocking out HMT1 in yeast abolished ADMA and MMA, 

suggesting that other methyltransferases do not affect global ArgMet levels. However, these results 

may have been obtained because other methyltransferases recognize only a small set of the specific 

substrates tested. Our method can be used to help explore which type of PRMT is crucial for 

hypomethylation or hypermethylation, the potential demethylase and the coupling metabolism in 

yeast. In addition, our protocol can be used to investigate the conservation of the biological functions 

of methylarginine residues in yeast and mammals. 

Highly abundant arginine methylation has been found in up to 3.4% of cells, which required high 

levels of metabolism, with 12 molecules of ATP per methylation event (224). The cytoplasm of 

these cells showed lower levels of chromatin, but it was equal to that at whole-cell level, suggesting 

highly abundant ArgMet not of chromatin but at an overall level. We found that ADMA was the 

major methylated arginine species in all tested cell lines, followed by SDMA and MMA, with only 

approximately 10% and 1% in the form of ADMA, respectively. PRMT1 is the predominant 



   

 

 

144 

enzyme in mammalian cells (217), which is in line with our results. Consistent with our previous 

works, many of the enriched ArgMet proteins found in our latest study were involved in RNA-

binding, associated with nuclear functions and embedded in intrinsically disordered proteins (8, 12, 

25). Our group also found that ArgMet affected intrinsically disordered protein localization and 

LLPS but only in specific proteins, i.e., FUS or CIRBP. How the global ArgMet level regulates 

LLPS through fluidity and dynamics remains unknown. Our future study will be focused on this 

area. 

Arginine methylation is a highly abundant posttranslational modification in different matrices. 

Given the high levels of ArgMet protein, we hypothesized that ArgMet plays a key role in 

maintaining cell homeostasis. High levels of the ArgMet protein in cancer cell lines are likely related 

to aberrant clinicopathological characteristics and poor prognosis. Interestingly, we found increased 

ADMA levels in cancer cells compared to primary cells, which is consistent with PRMT1 

overexpression in human melanoma and breast and prostate cancer (29, 218). The increased PRMT 

expression in cancer has encouraged people to focus on PRMT-targeted inhibitors for tumour 

therapy. An increasing number of small-molecule ArgMet inhibitors are expected to be entered into 

the clinic. Our study provided a comprehensive understanding of the consequences of small-

molecule ArgMet inhibitors. We tested the most commonly commercially available inhibitors. Our 

results showed that ArgMet-NMR is well suited to study differences in inhibitors of arginine 

methylation and provide guidance for synergistic drug screening with ArgMet targets. Other 

investigations can be evaluated with our protocol to dissect the role of PRMT inhibitors or 

metabolites on both cancer cells and immune cells, as the net balance of inhibiting both likely 

determines the long-term therapeutic efficacy of these compounds. 

Our work shows the prevalent and dynamic occurrence of ArgMet in cancer cells. Given the strong 

relationship between arginine methylation and metabolism, both are involved in carcinogenesis. 

Here, HCC has been further investigated for metabolomic analysis. A comprehensive global 

proteomic, genomic, transcriptomic and phosphoproteomic analysis of HCC has been revealed as a 

strategy to better understand the molecular mechanism and biological functions of HCC. Metabolic 

pathways, including one carbon metabolism, free fatty acids, cellular energy metabolism, glutamine 

metabolism, amino acid metabolism and the TCA cycle, have been shown to be involved in HCC 
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(354, 355). These specific dysregulated metabolic pathways related to cancer may constitute novel 

biomarkers or targeted therapeutics. Metabolic reprogramming is now considered a hallmark of 

cancer (356). However, the metabolic changes are still not clear, especially during tumour growth. 

Our work reveals the global metabolic landscape of HCC reprogramming, providing a clinical and 

therapeutic understanding of HCC. Interestingly, the metabolic phenotypes of serum, cancer tissues 

and peritumoural tissues show evidence of gradual metabolic changes with increasing tumour size. 

Our integrated analysis combining metabolomics and proteomics showed alterations during tumour 

growth, suggesting metabolic reprogramming with increasing size. Strikingly, metabolites related 

to glycolysis, the TCA cycle and pyrimidine synthesis were changed in the tumour tissues with 

increasing size. The increasing requirements of growing tumours for glucose and glutamine are 

obvious in serum and tissues (both tumour and peritumoural tissues). In previous work, elevated 

expression of glutamine synthetase (GS) has been shown to also be a marker of HCC (357). In 

tumour cells, both glutamine and glucose, acting as fuels, fulfil the requirements for energy and for 

the synthesis of macromolecules (358). Consistently, PRMT5 enhances tumorigenicity and 

glycolysis in pancreatic cancer (359). PRMT1 and PRMT6 increase hepatic gluconeogenesis (360, 

361). PRMT4 regulated glucose metabolism through GAPDH methylation. ArgMet plays a crucial 

role in liver metabolism with regulating metabolic enzyme and one carbon cycle. We have not yet 

analysed ArgMet levels of HCC tissues and this will be the focus of our future work to explore the 

potential mechanism. In this study, we focused on the changes in metabolites during tumour growth. 

We also discussed changes in proteomic data regarding pathways influencing cell metabolism. 

Whether metabolic reprogramming in cancer is intrinsically different from the metabolic response 

to proliferative stimuli in peritumoural tumour cells is not clear. Cancer cells can take up exosomes 

secreted by surrounding cells and proteins from the microenvironment by endocytosis and 

micropinocytosis. Nutrients are delivered to lysosomes, which contain abundant enzymes that are 

metabolized into metabolic intermediates and small molecules (362). Our data suspect that there 

seem symbiotic bridges to support nutrient availability in cancer and/or that the same metabolic 

behaviours may induce tumour invasion. Metabolic reprogramming in HCC is a multifactor and 

multistep process. These data revealed markedly different biochemistry of larger tumours, which 

suggested that stratification may be advantageous in the clinic. As indicated by the current results, 
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these phenotypes can be utilized in cancer therapy based on the use of metabolite or enzyme 

inhibitors. In addition, we validated and adapted a recently proposed preoperative model for the 

evaluation of 5-year recurrence risks after resection (290). Our metaboclinicalpathological model 

led a better prediction than that realized using clinicopathological parameters alone. Our predictive 

model is clinically relevant and enables the identification of patients at high risk. The benefit of 

including metabolites in the clinicopathological setup should be validated in future research. Further 

prospective studies are required to verify the applicability of our model in patient allocation for 

adjuvant trials and follow-up. In addition, the changes in metabolites have profound implications 

for designing new targets or biomarker candidates for HCC. Our predictive model offers a powerful 

approach for predicting 5-year recurrence. 

ArgMet regulates metabolic processes, and we also found that the levels of protein ArgMet can be 

modulated (selectively) by metabolites. The link between metabolism and protein ArgMet level has 

been under discussion for a long time. The SAM-donated methyl groups modulate one-carbon 

metabolism. Methionine is the basis of SAM production through ATP-derived adenylation, and 

then, SAM provides methyl groups to substrates for use in methylation reactions (168, 169). In our 

study, methionine, glutamine and glycine were tested for their relationships with ArgMet. Given 

that methionine is used as an upstream substrate in SAM production, we first sought to determine 

whether methionine levels affect ArgMet level. As we expected, deletion of methionine led to the 

loss of 61% of the ArgMet. Methionine, as an essential amino acid, is mainly obtained from the 

diet. Therefore, both diet and fasting behaviour may affect ArgMet levels in vivo. Glutamine is a 

provider of fuel for cancer cells, and the glutamine requirement level is increased in proliferating 

cells. Deprivation of glutamine decreased ArgMet by approximately 30%, which may be due to the 

limited energy sources and the need for single-carbon building blocks for SAM recycling through 

gluconeogenesis because ArgMet is an energy-consuming event (221). Glycine supplementation, 

which has been reported to mimic methionine deprivation, prolongs lifespan but does not lead to 

reduction in the global levels of proteins ArgMet; in contrast, an increase in ArgMet has been 

observed (200). Glycine plays a role in methionine clearance due to its effects on the SAM 

production cycle. In addition, glycine can be used as a methyl group acceptor for the formation of 

sarcosine (N-methylglycine) and S-adenosylhomocysteine. We found that glycine supplementation 
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did not increase ArgMet levels, suggesting that the addition of glycine may not mimic methionine 

deprivation in cancer cells. Consistently, in adult worms, glycine supplementation did not change 

methionine levels (226). Our methods provide a better understanding of the regulation of arginine 

methylation by methionine. If prolonged lifespan through limited methionine is due to regulation of 

ArgMet, then further study is warranted (227-229). 

The discussion thus far raises the follow-up long-disputed question in the entire field of biology: 

Does an efficient demethylase exists (230). Using our methodology, it will be possible to address 

this question. Our methods can provide a better understanding of whether a dedicated arginine 

demethylase that enables cycling of methylation and demethylation truly exists. Further 

understanding of dynamic changes in proteins with ArgMet may indicate opportunities for 

manipulating ArgMet levels in diseases. We used different setups to measure the ArgMet dynamics 

as regulated by inhibitors and metabolites. First, we utilized AdOx or methionine deprivation to 

inhibit ArgMet, and both treatments showed that the ArgMet demethylation process was slow. In 

addition, remethylation of arginine residues required hours. Our approach with stable isotope tracing 

obtained deeper insight into metabolic fluxes. For example, 13C-methyl-labelled methionine was 

used to trace the dynamics of ArgMet. Loss of unlabelled methylated arginine and increases in 13C-

methyl-labelled methylated arginine were in sync, validating the finding that ArgMet and 

demethylation are slow. Therefore, we demonstrated that there is no efficient demethylase that 

affects global ArgMet levels. However, we cannot exclude the possibility that demethylases affect 

only a small set of protein substrates. Using our methodology, we expect to stimulate several 

paradigm shifts in the field of metabolism research. 

How arginine methylation affects physiological or pathological processes is also a topic of interest. 

Our approach was also studied in mouse intestinal organoids and mouse tissues. For organoids at 

different levels of differentiation and enriched with different cell types, we found different arginine 

methylation levels. However, it remains to be confirmed that the arginine methylation levels were 

truly altered because of their differentiation levels. During the ageing of mice, we found significant 

changes in the spleen and brain. There were no changes in the heart, liver, lung or kidney. According 

to our hypothesis, the increase in ArgMet levels in the spleen is due to the accumulation of senescent 

cells. Increased atrophy of the spleen has been found in advanced age (56, 210). In a previous report, 
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downregulated PRMT1 was found in senescent neuroblastoma cells with senescence (232). The 

reduced arginine methylation in the spleen may be due to some methyltransferase inhibitors, thus 

accelerating the ageing of the spleen. ArgMet has been found to be related to neurodegenerative 

diseases. Hypomethylated RNA-binding protein FUS and poly-GR dipeptide repeat regions have 

been identified in frontotemporal dementia and in ALS (27). In line with this finding, we found 

decreased MMA/SDMA in the brains of old mice. Detection of arginine methylation in relation to 

neurodegenerative diseases has clinical significance. 

In the same cohort of mouse tissues, we also integrated the metabolic analysis of ageing. Metabolites 

are key biological molecules and they indicate metabolic activity in cells and tissues by providing 

functional evidence of biochemical activity. However, in a state of stable growth arrest, senescent 

cells exhibit a highly active metabolism that may be essential to the senescent phenotype. Senescent 

cells accumulate in ageing tissues and contribute to age-related decline in tissue function (296, 363). 

By understanding metabolic reprogramming in the ageing process, we sought to identify appropriate 

biomarkers for ageing or lifespan stage. We have illustrated the use of metabolomics to identify 

differences in metabolite profiles in different tissues (liver, heart, lung, spleen, kidney, and brain) 

in young and old mice. We used NMR-based metabolomics to study metabolic reprogramming in 

ageing mice. Each of the organs on which we focused is involved in a major public health issue 

related to ageing: chronic kidney disease, heart dysfunction and neurodegenerative diseases, chronic 

lung diseases, fatty liver disease, and chronic spleen disease. Metabolomics offers potential in 

establishing tissue-specific biomarkers of ageing, and efforts are needed to provide a metabolite 

database for assessing a wide range of ageing markers in different tissues. NMR spectroscopy is a 

powerful tool in this regard because of its high reproducibility and simple analysis. Integrated 

metabolomic characterizations of different tissue samples at different ages revealed metabolic 

reprogramming at different ages and relevant metabolite markers during ageing. 

Young mice have more DNA relative to RNA per organ, with kidney and spleen DNA decreasing 

between cell maturity and senescence (364). Uridine suppresses fatty liver in an age-related manner 

by modulating the liver protein acetylation profile. Decreased uptake of uridine was found in the 

brain, heart, kidney, liver and spleen of aged mice, which is in line with previous results suggesting 

that uridine could be a potential common biomarker for ageing (345). Minimal uracil levels in DNA 
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help to prevent genomic instability because repeated glycosylase cycles lead to risk of accumulating 

basic sites, subsequent DNA strand breaks and, ultimately, cell death. Accumulation of uracil was 

found in old mouse brain, heart and kidney tissues, suggesting that uracil could be a common 

biomarker for ageing may be induced by DNA damage (306). The methyl transfer (one carbon 

metabolism) plays an important role in the synthesis of purines and pyrimidines, DNA and RNA. 

Recent evidence demonstrates that ArgMet inhibition induces cell cycle-check point defects in 

response to DNA damage (365), which is consistent with hypomethylation in aged spleen. Deletion 

of PRMT enzymes in transgenic mice has been shown to be relevant for cellular senescence and 

premature ageing (366). Are PRMTs recruited to DNA damage sites and is their activity regulated 

by metabolites? Significant decreased methionine has been observed in aged spleen, which is 

consistent with low ArgMet induced by methionine restriction. Is hypomethylated aged spleen due 

to a harmful side effect of the aforementioned protein arginine methyltransferase inhibitors? 

Interestingly, increased methionine and glutamine have been observed in aged brain, in agreement 

with increased ArgMet. It remains to be investigated whether ArgMet is a cause or consequence of 

metabolic changes. These questions remain in-depth analyses and our study provides some clues to 

the relationship among ageing, ArgMet and metabolism. Metabolomics has revealed similar changes 

in the TCA cycle across multiple tissues, including the lung and liver. Our analysis revealed 

alterations in metabolic pathways in brain, heart, kidney, lung, liver and spleen tissues. The related 

metabolites can be used in follow-up studies as markers in ageing and lifespan. Our study provided 

metabolic profiles of key tissues in young and old mice. We demonstrated metabolic alterations in 

amino acids, neurotransmitters and other molecules during the ageing process. In this study, we not 

only provided a high-quality metabolic landscape of ageing but also generated a set of metabolic 

markers that may further benefit the study of senolytic compound development. In addition, our study 

may provide some clues to extend the cell lifespan. In summary, our study provides a metabolite 

panel for future studies on ageing in different tissues. 

In addition, we also combined our method with a commercially available automated SPE system, 

which is suitable for large-scale disease studies and used to assess the relevance of arginine 

methylation. Untargeted metabolomics also can be analyses under same approach. Thus, this method 
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is suitable for highly accurate quantification of ArgMet, which can be utilized for further studies of 

metabolism, mechanisms and disease states that coincide with ArgMet. 

In summary, our study not only provides a first general method for the quantification of ArgMet 

levels and dynamics but also highlights the importance of ArgMet in biology and medicine. 

Moreover, we provide new routes for studying the modulation of protein ArgMet by inhibitors, 

metabolites and biological processes, such as ageing, that will enable future studies, from basic to 

translational research and drug discovery/development. i) We found that the levels of protein ArgMet 

can be modulated (selectively) by inhibitors of protein arginine methyltransferases and by 

metabolites. The link between metabolism and protein ArgMet has been under discussion for a long 

time. Our method allows simultaneous quantification of arginine methylation and analyses of 

metabolic profiles. Overall, the lack of methods for the quantification of ArgMet levels and dynamics 

has created a bottleneck in the entire field, which we overcame with our novel approach. Confirming 

previous findings, we found that methionine deprivation has a strong impact on protein ArgMet. We 

extended and combined our approach with stable isotope tracing to obtain deeper insight into 

metabolic fluxes. We have also identified metabolites that change significantly with tumourigenesis 

and ageing, and deeper mechanistic study still need to be invesitigated. ii) The dynamics of protein 

ArgMet can be followed using our novel methodology. We show in cells that both the process of 

methylation and the process of “demethylation” (i.e., the loss of protein ArgMet) are slow. iii) Given 

the large differences in ArgMet observed in cells, we hypothesized that ArgMet might be changed 

during cell differentiation. Addressing the link between ArgMet and differentiation will be important 

for the entire field. Our technology will enable us to address this question. iv) Interestingly, we also 

identified high levels of protein ArgMet in tissues, with the brain and spleen showing the highest 

levels in young mice. We observed that with ageing, levels of protein ArgMet changed dramatically 

in these tissues, whereas other tissues, such as the heart, liver and kidney, were affected to a lesser 

extent. The spleen is among the most affected organs during ageing, and it has been hypothesized 

that these changes are linked to the accumulation of senescent cells. Our approach will enable the 

discover of a link between cellular senescence and ArgMet. Observations of high levels of protein 

ArgMet in the spleen and a great reduction of protein ArgMet during ageing raise the question of 

whether accelerated ageing of the spleen could be a harmful side effect of the aforementioned protein 

arginine methyltransferase inhibitors. 
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