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1 Introduction 
 
Ageing is an inevitable passage of living organisms. In humans, ageing is superficially 

characterised by progressive physical changes like the appearance of grey hair, changes in 

vision, hearing, and skin structure as well as a decline in general physical strength. Aside 

these obvious changes occurring throughout the years, ageing appears to be one of the most 

complex biological events on molecular, cellular, and tissue level. In this respect, ageing can 

be defined as a progressive deterioration of physiological functions ultimately leading to 

specific or even systemic dysfunction and death (1). A turning point in ageing research was 

the remarkable discovery that life span could be genetically controlled by mutating specific 

genes in the nematode Caenorhabditis elegans (2,3). Since then, different concepts of ageing 

have been postulated regarding ageing as a genetically programmed process (4). A host of 

research activities were carried out to shed more light on the mechanisms of ageing which led 

to the establishment of nine ageing hallmarks classified as primary, antagonistic and 

integrative (Figure 1.1) (5). 

 

 

Figure 1.1: Summary of the hallmarks in ageing (modified from (5)).  



1 Introduction 

 

2 

1.1 Overview of ageing hallmarks 

1.1.1 Primary hallmarks 

The primary hallmarks comprise key molecular events resulting in cumulative adverse 

alterations over time and thus contribute to ageing. These include genomic instability, 

telomere shortening, epigenetic modifications and loss of proteostasis (5). The common 

denominator in genomic instability, telomere shortening and epigenetic alterations is the 

adverse alteration of DNA in its base code sequences, non-genetic modifications and 

structural integrity. DNA is the hereditary material encoding the blueprint of all the diverse 

cells of multi-cellular organisms like humans. Alterations of DNA can thus pose an acute, a 

severe or even a life-threatening danger as well as an insidious danger e.g. manifesting in 

ageing. Causes of DNA base code alterations can be exogenous via chemical or biological 

agents as well as endogenous via reactive oxygen species (ROS) and DNA replication errors 

(6). An acute base code DNA lesion may turn into a persisting mutation that potentially 

damages coding or regulatory information in the DNA. Hence, multiple repair mechanisms 

work to preserve the genetic information (Table 1.1) (6). However, this system is not perfect 

and can be overwhelmed.  

 

Table 1.1: DNA damages and corresponding repair mechanisms (modified from (6)). 
 

DNA damages Repair mechanisms 

Base damage at a single strand of the DNA Base excision repair 

Base damage at the double strand of the 

DNA 

Double-strand base repair 

Base damage at bulky sites of DNA Nucleotide excision repair 

Base damage caused by misincorporation, 

deletion and insertion 

Mismatch repair 

 
While genomic instability encompasses impairments at any position on the DNA, telomere 

shortening only refers to insults occurring at the capping end of chromosomes called 

telomeres. Telomeres are composed of repetitive DNA sequences and associated proteins 

protecting the integrity of chromosomes (1). Telomeres progressively shorten at each cell 

division until they become critically short. This shortening induces a state of replicative or 

cellular senescence characterised by the loss of cellular proliferative capacity also called the 

Hayflick limit (7).  Telomere shortening can be counteracted by telomerase activity, a specific 
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enzyme that synthesises telomeres. However, majority of mammalian cells lack telomerase 

(1). Epigenetic alterations on the other hand are heritable changes of gene expression without 

affecting the DNA sequence (8). These changes are mainly regulated by two dynamic 

modifications including metylation of cytosine residues and post-translational modifications 

of histones i.e. by methylation, acetylation, ubiquitylation and phosphorylation, as well as 

chromatin remodelling by energy-driven multi-protein complexes (1). Briefly, DNA 

methylation, post-translational histone modifications and chromatin remodelling are 

fundamental processes that regulate gene expression or genes that will generate functional 

RNA and protein molecules. Alterations in these processes have been shown to contribute to 

ageing and age-related diseases such as cancer (9).  

Proteostasis or protein homeostasis comprises diverse cellular processes maintaining the 

functional integrity of the intra- and extracellular proteome (10). These cellular processes 

include folding, post-translational modification and targeted trafficking of freshly translated 

unfolded proteins. Loss of proteostasis may thus result from perturbations of the biogenesis, 

folding, trafficking and/or degradation of proteins caused by exogenous and endogenous 

factors. A multitude of cellular mechanisms are in place to prevent damage to this system, 

repair damages e.g. through refolding and ultimately remove damaged proteins through 

ubiquitin-proteasome or lysosomal pathways. Loss of proteostasis hence results in an 

accumulation of unfolded/misfolded/adversely modified proteins leading to stress associated 

with ageing, i.e. in the endoplasmic reticulum (ER) (10). 

1.1.2 Antagonist hallmarks 

The central mechanisms attributed to the hallmarks of this category can be protecting the 

organism from damage or from nutrient scarcity but also be deleterious if exceeding normal 

adaptive levels. As an example, reactive oxygen species (ROS) like hydrogen peroxide can 

mediate cell signalling and have beneficial effects in immunity (11). They are continuously 

generated e.g. by electron leakage from the mitochondrial electron transport system at the 

cellular intersection of metabolism and energy production. Due to their detrimental potential 

ROS are tightly controlled by antioxidant mechanisms. Imbalance between ROS generation 

and antioxidant defence is known as oxidative stress. These elevated ROS levels damage 

crucial cell functions potentially resulting e.g. in mitochondrial dysfunction and thus impaired 

cellular energy homeostasis. Mitochondrial dysfunction and thus impaired energy 

homeostasis is a well-known mechanism associated with ageing, cancer and 

neurodegenerative diseases (12). The same is true for nutrient sensing and cellular senescence 

(5). Nutrients mostly consist of large molecules like proteins and complex sugars and lipids 
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that are broken down by catabolic metabolic processes into small molecules like amino acids 

and simple sugars. In this process energy is generated. These are then used for energy 

production as well as building blocks for development (13). There are several nutrient-sensing 

mechanisms that have been associated to ageing. However, the insulin and insulin-like growth 

factor signalling pathway (IIS) has been the most studied in several model organisms 

including yeast, worms, flies and mammals. The IIS pathway is involved in glucose sensing 

and studies have showed that genetic manipulations causing a decrease in the pathway activity 

resulted in a life span expansion (14). Additionally, caloric restriction (CR) which is a 

reduction in the food intake has also been shown to increase longevity (15) via alterations in 

the IIS pathway among others(15). 

Cellular senescence is defined as the permanent proliferation limit that a cell reaches in 

response to stimuli (16). There are various stimuli than can lead to cellular senescence 

including telomere shortening and other DNA damages (17). Primarily, cellular senescence is 

advantageous in cellular development as it prevents the proliferation of impaired cells. 

However, in adverse conditions cellular senescence lead to ageing. It is not yet clearly 

understood how cellular senescence lead to ageing, nevertheless, some theories have been 

proposed that accumulation of senescent cells during ageing reduces or impairs tissue 

regeneration. Besides ageing, the other antagonist effect of cellular senescence is the 

promotion of cancer formation (16). 

1.1.3 Integrative hallmarks 

This category arises as a consequence of the cumulative effect of both primary and antagonist 

hallmarks and includes stem cell exhaustion and altered intercellular communication. Stem 

cell exhaustion occurring as a result of a combination of molecular insults already mentioned 

above induces a loss in regenerative abilities and the impairment of homeostasis (18). Altered 

intercellular communication on the other hand encompasses hormonal imbalances in the brain 

and inflammation processes causing a loss of homeostasis (5). 

At a glance, quite a lot is already known in the field of ageing. Even though some molecular 

mechanisms underlying ageing are already known, other important mechanisms are yet to be 

understood. Identifying age-related alterations using proteomics will play an important role in 

the understanding of ageing at a molecular level and age-related complications.  
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1.2 Proteomic methods 

1.2.1 Definition of proteome analysis 

The proteome analysis or proteomics is the study of all proteins present in a given cell, tissue 

or organism including protein-protein interactions and also posttranslational modifications 

(19). Protein is the final product of gene expression (Figure 1.2) and the aim of using 

proteomics or any other “omics” technologies is to gather a systemic understanding of 

complex molecular processes occurring within the organism. One of the applications of using 

proteomics includes the ability to identify biomarkers. Biomarkers are defined as measurable 

indicators that are able to differentiate between a normal state and a pathological state. This 

section is modified from (20). 

 

Figure 1.2: Gene expression. 

 

There are various proteomic techniques, however only mass-spectrometry based proteomics 

(Table 1.2) are further discussed (21). 

 

Table 1.2: Comparison of different proteomic methods (modified from (21)). 

Proteomic methods Advantages Disadvantages 

Capillary electrophoresis 

coupled to mass 

spectrometry (CE-MS) 

High resolution, fast, high-

throughput and cost-effective 

Small sample volumes and 

not suitable for proteins >20 

kDa 

Reversed phase 

chromatography coupled to 

mass spectrometry (LC-MS) 

High resolution, high-

throughput and 

multidimensional separation 

of proteins 

carry-over detection 

Two-dimensional gel 

electrophoresis coupled to 

mass spectrometry (2DE-

MS) 

Detection of post-

translational modifications 

Gel-to-gel variability, labour-

intensive, low-throughput 

and limited separation of 

highly acidic, basic and 

hydrophobic proteins 
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1.2.2 Mass spectrometry 

Since the development of invention of soft ionisation techniques (MALDI, ESI), there has 

been a breakthrough in proteomics with improvements in analysis time and resolution as well 

as specificity (22). Mass spectrometry (MS) has become a method of choice to investigate 

complex protein mixtures and generate high-throughput information. The technology can be 

divided into three major parts including an ion source, a mass analyser measuring the mass-to-

charge ratio of ionised analytes and a detector evaluating the number of ions (23). There are 

two main types of ionisation sources used for peptide analysis: matrix-assisted laser 

desorption ionisation (MALDI) and electrospray ionisation (ESI). The ionisation process of a 

sample using MALDI is achieved by energy transfer from a laser to the protein through a 

matrix. MALDI further relies on accurate sample preparation and crystallisation to reduce 

signal (ion) suppression effects e.g. by involatile solvents, matrix clusters or competing 

analytes (depending on the analyte to matrix mole ratio) especially in complex samples 

potentially compromising MS peptide mass fingerprinting and protein identification (24). In 

ESI analytes are ionised via a high voltage field (1–6 kV) leading to the generation of 

multiple charged ions (22,25). An important feature of the ESI technique is that it allows 

online coupling of the liquid chromatography or capillary electrophoresis with the mass 

spectrometer enabling maintenance of the resolution obtained in separation and minimising 

ion suppression. Ionisation is then followed by the mass determination with different 

instruments like time-of -flight (TOF), quadrupole (Q), ion traps, orbitrap or Fourier-

transform ion cyclotron resonance (FTICR) that generate mass to charge ratio spectrum via 

detectors (22). For identification of the molecular identity of peptides, the ions of interest (e.g. 

a specific peptide) are isolated in the mass spectrometer, fragmented by e.g. collision with gas 

molecules or by transferring an unpaired electron (26) and the resulting fragment ions are 

subjected to MS/MS analysis to give fragment patterns of desired peptides in a data-

dependent analysis. The complex spectra are typically interpreted using appropriate 

algorithms (like Mascot and Sequest) that compare the experimentally obtained spectra with 

theoretical spectra of the respective species’ proteome. Nowadays, proteomic has evolved into 

a mature approach that enables the analysis of several thousands proteins or peptides in one 

experiment. 
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1.2.3 Capillary electrophoresis coupled to mass spectrometry (CE-MS) and data 

evaluation  

Capillary electrophoresis (CE) coupled to an electrospray mass spectrometry (CE–MS) is a 

cost-effective and high-throughput technology that enables separation of proteins via CE 

followed by detection using MS. The separation of analytes from a complex protein mixture is 

achieved in a single step and with high resolution through buffer-filled capillaries flowing in a 

strong electrical field (300–500 V/cm). Additionally, CE–MS is fast, enabling separation of 

several thousand peptides in 60 min in a single run making it an ideal technology to be used in 

clinical proteomics (27). A potential limitation is the fact that only small sample volumes can 

be applied to CE capillaries even if stacking approaches are used. In addition, the technique is 

not appropriate for the separation of proteins >20 kDa due to potential precipitation.  

The efficiency of using CE-MS for urine analysis as a diagnostic tool has been widely 

demonstrated through the identification of biological indicators of diseases or biomarkers in 

several pathologies including chronic kidney diseases, cardiovascular diseases and cancers 

(28). The technique enables the identification of naturally occurring peptides or protein 

fragments in urine. Urine is the preferred biological sample over others as it is stable since no 

proteolytic activity is observed after collection, it can be obtained non-invasively and in large 

quantities, it is easy to handle with minimal sample preparation procedures for the detection 

of naturally occurring peptides (28). However from the urine collection down to the CE-MS 

analysis and data evaluation, several steps unfold (Figure 1.3). Briefly, there are three main 

steps including sample entry in the database, sample analysis and sample evaluation that have 

to be successfully fulfilled to generate results. Patient information and other available clinical 

data of samples to be analysed are faithfully recorded in the database. This step is very 

important for the database as information provided will in turn help in the development of an 

accurate diagnostics tool. Then samples are prepared via mainly centrifugation steps to 

remove higher proteins and analysed by CE-MS. The data evaluation step is mainly carried 

out using proprietary software. After CE-MS analysis, MosaVisu a proprietary software 

developed by Mosaiques Diagnostics GmbH, is used to deconvolute mass spectral peaks of 

similar molecules at different charge states into single masses and also to transfer data in an 

appropriate format for downstream processes (24). Then, data are calibrated using ProCaliban 

a proprietary software developed by Mosaiques Diagnostics GmbH with internal standards 

consisting of 29 highly abundant and “housekeeping” collagen fragments (29) to check the 

comparability of measurements and to improve efficiency. Detected peptides are then 

assigned unique IDs using a structured query language (SQL) database which has been 
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specifically adapted for the company use and further used for disease classification. Finally, 

disease classification is performed by MosaDiagnostics (MosaDia) another proprietary 

software, using a support vector machine (SVM)-based classifier. SVM is an algorithm that 

separates features using multiple independent parameters in a high-dimensional hyperplane 

(24). 

In addition to peptide detection, peptide sequencing is another pivotal step in proteomics. The 

accurate determination of the amino acid sequence of a peptide allows for the identification of 

the protein it derives from. This is achieved by detection of differently charged fragment b- 

and y-ion products of precursor peptide ions through tandem MS or MS/MS analysis (25). 

The mass-to-charge ratios of an observed fragmentation pattern are then matched to amino 

acid sequences using different platforms such as Proteome Discoverer by applying distinct 

search parameters. 
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Figure 1.3: Workflow from sample collection to data evaluation (modified from (24)). QC: quality 

control, MosaVisu, Procaliban and MosaDiag (MosaDiagnostics) are proprietary software developed 

by Mosaiques Diagnostics GmbH. 
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1.2.4 Liquid chromatography coupled to mass spectrometry (LC-MS) 

Liquid chromatography (LC) coupled to mass spectrometry (LC–MS) is a powerful and 

sensitive analytical technique to perform proteome analysis. LC comprises several separation 

principles like, e.g. reversed phase chromatography, cation exchange chromatography and 

others achieving a high-resolution separation of various chemically different but solvent-

soluble compounds. Separation is achieved via differences in the affinities/distribution 

between the stationary and mobile phase. Modern nanoLC systems achieve high resolution 

separation of peptides and are excellent tools for shot-gun proteomics combined with data-

dependent analysis (30) or data-independent analysis (31). Multi-dimensional protein 

identification technology (MudPIT) based on two-dimensional liquid chromatography (2-D 

LC) allows the analysis of highly complex samples (tissues and body fluids) (32). Sample 

carryover might be  a limitation of LC characterised by the detection of residual analytes from 

previous measurements that can easily be overcome by purging columns that increases the 

analysis time (33,34). The versatility of different chromatographic techniques including ion-

exchange, hydrophobic interaction, affinity and size-exclusion used in LC provide a unique 

platform for the separation of complex mixtures. While the separation principle of ion-

exchange and size-exclusion chromatography techniques is based respectively on charge and 

size properties, affinity and hydrophobic interaction chromatography on the other hand, rely 

on specific bio-chemical or hydrophobic interactions (35). The most popular one-dimensional 

chromatographic technique in proteomics is reversed-phase liquid chromatography (RP-LC) 

due to its high resolution and suitability with MS online coupling (19,36). The online 

coupling of RP-LC is facilitated by the use of mobile phases including ion-pairing reagents 

that are compatible with MS (19,37). 

Quantification in a LC-MS can be achieved using label-free approaches or labelling 

approaches including stable-isotope labelling by amino acids in cell culture (SILAC) and 

isobaric tags for relative and absolute quantification (iTRAQ) (38). SILAC is based on the 

quantitative replacement of a specific amino acid in viable cells by the same amino acid 

labelled with stable heavy isotopes including 13C and 15N before the planned experiment. 

Due to the resulting distinct mass differences of peptides containing this amino acid, this 

allows for the comparison of two or even three different conditions by MS-based relative 

quantification (39). Labelling by iTRAQ is implemented after cell or tissue lysis and based on 

the quantitative covalent modification of N-terminal and side chain primary amines of 

peptides with isobaric (same mass) stable isotope reagents. Quantification is then facilitated 

through MS/MS analysis of the reporter groups (different mass) that are generated upon 
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fragmentation in the mass spectrometer (40). Quantification in the label-free approach is 

achieved by comparing the peak intensity of a peptide present in both the sample and its 

control (41). Spectral counting is another label-free proteomic approach based on a principle 

that the more abundant a protein is, the more peptides it generates by tryptic digestion. Protein 

quantification is achieved through the comparison of the number of identified MS/MS spectra 

derived from the same protein in large liquid chromatography–MS/MS datasets (41). 

1.2.5 Two dimensional gel electrophoresis coupled to mass spectrometry (2DE-

MS) 

The principle of two-dimensional gel electrophoresis (2-DE) coupled to MS is based on the 

separation of complex protein mixtures via a two-step protocol (42). Classically, proteins are 

first separated according to their isoelectric points (Ip) in a pH gradient gel strip and second 

according to their molecular weight (MW) using sodium dodecyl sulphate polyacrylamide gel 

electrophoresis (SDS-PAGE). Both physicochemical properties of a protein, Ip and MW, are 

independent and can be altered by post-translational modifications (PTMs) such as 

phosphorylation, glycosylation and oxidation. 2-DE can therefore not only be utilised to 

analyse differential protein expression but also to detect aberrations of PTMs. For in-gel 

protein detection, various staining methods exist (43) which also include some PTM-specific 

dyes (44). Staining-based relative quantification to compare the abundance of proteins in 

different samples can be compromised by limitations in the linear dynamic range of dyes. 

Further complications of a 2-DE protein separation approach include labour-intensiveness, 

limited separation of hydrophobic and highly acidic or basic proteins (45), high sample 

amounts and low gel-to-gel variability. The latter two can be partly overcome by two-

dimensional fluorescence differential gel electrophoresis (2-D DIGE) where two samples can 

be compared in one gel (46). Proteins of interest can be identified, typically by tryptic 

digestion of the selected protein spots in the gel and subsequent identification by MS. 

1.3 Proteomic findings in ageing studies (focus urine) 

Urinary proteomics/peptidomics is a rapidly growing field displaying changes not only in the 

kidney and urinary tract but also systemic changes (47).In one study the urinary proteome was 

assessed in a cohort of 218 healthy subjects (male and female) between the age of 19 and 73 

years through CE–MS analysis, to investigate changes associated with ageing (48). A total of 

49 peptides were observed to be significantly altered during ageing with fragments of 

collagen type 1 and 3 as well as uromodulin representing the majority of identified peptides. 

All collagen type 1 fragments were shown to be decreased in the urine of older subjects 
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suggesting alterations in the extracellular matrix (ECM) possibly including fibrotic processes 

(49). The ECM is a non-cellular compartment not only providing physical support to tissue 

morphology but also plays an important role in developmental processes (50). However, to 

fulfil its functions, the ECM is remodelled via various processes including synthesis and 

degradation (50). The findings also suggested similarities in molecular mechanisms between 

kidney ageing and chronic kidney disease (48). A recent study investigated the human urinary 

proteome in 37 healthy subjects (19 male and 18 female) between the age of 19 and 90 years 

(51). Urine samples were analysed using LC–MS/MS and 19 proteins involved in tissue 

remodelling (e.g. secreted protein acidic and rich in cysteine and epidermal growth factor 

(EGF)-containing fibulin-like extracellular matrix protein) and inflammation (alpha-1-acid 

glycoproteins) were differentially identified between young and old subjects. The secreted 

protein acidic and rich in cysteine (SPARC), a collagen-binding matricellular glycoprotein 

regulating cell–matrix interactions, was found to decrease in older subjects. SPARC promotes 

tissue repair and differentiation (52). Therefore, reduced levels of SPARC may suggest 

alterations in the ECM and an impairment of tissue healing properties during ageing (51). 

Levels of EGF-containing fibulin-like extracellular matrix protein or fibulins were also 

reported to reduce in the urine of older subjects. Fibulins are extracellular matrix proteins 

involved in the integration of elastic fibres into the ECM (53), hence a reduction in fibulins 

could lead to loss of elasticity in the tissue, an event observed during ageing. Inflammation in 

older subjects was characterised by elevated levels of acute phase proteins alpha-1-acid 

glycoprotein 1 and 2. Increased levels of Alpha-1-acid glycoprotein were shown to be 

strongly correlated with age, inflammation and high mortality risk of in-hospital elderly 

patients (54). This illustrates the importance of alpha-1-acid glycoprotein in ageing and also 

highlights urine as an adequate and informative biological source.  
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2 Scope and objectives 

According to a recent report on ageing from the World Health Organization (WHO), the 

world’s population of individuals being 60 years of age and above will double to 22% 

between 2015 and 2050 (1). As ageing is an important risk factor for several pathologies 

including osteoporosis, cancers, cardiovascular, renal and neurological conditions, the 

expected demographic shift towards a more elderly population will inevitably cause an 

unprecedented burden on healthcare. Major difficulties in human ageing research arise from: 

(i) similarities in molecular mechanisms associated with ageing and age-related diseases 

making it challenging to clearly distinguish between “healthy or normal” ageing and 

“pathological” ageing (2); as well as (ii) problems in obtaining sufficient tissue samples. 

Recent proteome analysis determined that several biological processes are altered in normal 

ageing including energy homeostasis, proteostasis and inflammation (2). However, these 

findings were mostly achieved in animal models and alterations of the observed processes are 

also present in diseases.  

In this thesis, the aim was to identify ageing biomarkers in urine using proteomic analysis to 

unravel molecular mechanisms associated with ageing. To achieve the goal of this work 

several objectives were set: 

1. Evaluate which “omics” approach would be suitable to study ageing. It was 

demonstrated in a study comparing biomarkers from urinary peptides, urinary 

metabolites and plasma metabolites in patients with chronic kidney disease; an age-

related disease that urinary peptides biomarkers showed a better performance than 

plasma metabolites (3). Therefore, urinary proteomics was demonstrated to be a 

suitable approach to investigate ageing. 

2. Identify ageing-related peptides using capillary electrophoresis coupled to mass 

spectrometry (CE-MS), a proteomic approach. Using a cohort of 1227 healthy 

subjects, peptides related with normal ageing were identified (4). 

3. Distinguish between molecular processes present in normal ageing and also 

pathological ageing. In a unique cohort combining the 1227 healthy subjects with 

10333 diseased individuals, distinct molecular mechanisms were identified in normal 

and pathological ageing (4). Briefly, alterations in collagen homeostasis, trafficking 

of toll-like receptors and endosomal pathways were detected in both normal and 

pathological ageing. However, perturbation in the insulin-like growth factor 

signalling pathway was uniquely associated with pathological ageing. 
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4. Identify ageing biomarkers in mouse models and investigate whether findings in 

mouse models can be translated in humans. It was found using urinary proteomics 

that, mouse models are relevant for human ageing. 

 

In conclusion, proteomic analysis is a suitable technology to identify age-related biomarkers. 

Furthermore, this work presents the first observational study in ageing using urinary 

proteomics in a cohort of more than 10,000 individuals. Molecular pathways underlying 

normal ageing and pathological ageing were distinguished for the first time. Additionally, 

similarities were identified between mouse and human ageing showing the advantage of 

using mouse models in evaluating intervention strategies for the management of age-related 

complications in humans. 
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3 Assessment of metabolomic and proteomic biomarkers in 

detection and prognosis of renal function in chronic kidney 

disease 

3.1 Abstract 

Chronic kidney disease (CKD) is part of a number of systemic and renal diseases and may 

reach epidemic proportions over the next decade. Efforts have been made to improve 

diagnosis and management of CKD. We hypothesised that combining metabolomic and 

proteomic approaches could generate a more systemic and complete view of the disease 

mechanisms. To test this approach, we examined samples from a cohort of 49 patients 

representing different stages of CKD. Urine samples were analysed for proteomic changes 

using capillary electrophoresis coupled to mass spectrometry and urine and plasma samples 

for metabolomic changes using different mass spectrometry-based techniques. The training 

set included 20 CKD patients selected according to their estimated glomerular filtration rate 

(eGFR) at mild (59.9±16.5 mL/min/1.73m2; n=10) or advanced (8.9±4.5 mL/min/1.73m2; 

n=10) CKD and the remaining 29 patients left for the test set. We identified a panel of 76 

statistically significant metabolites and peptides that correlated with CKD in the training set. 

We combined these biomarkers in different classifiers and then performed correlation 

analyses with eGFR at baseline and follow-up after 2.8±0.8 years in the test set. A solely 

plasma metabolite biomarker-based classifier significantly correlated with the loss of kidney 

function in the test set at baseline and follow-up (ρ=-0.8031; p<0.0001 and ρ=-0.6009; 

p=0.0019, respectively). Similarly, a urinary metabolite biomarker-based classifier did reveal 

significant association to kidney function (ρ=-0.6557; p=0.0001 and ρ=-0.6574; p=0.0005). A 

classifier utilising 46 identified urinary peptide biomarkers performed statistically equivalent 

to the urinary and plasma metabolite classifier (ρ=-0.7752; p<0.0001 and ρ=-0.8400; 

p<0.0001). The combination of both urinary proteomic and urinary and plasma metabolic 

biomarkers did not improve the correlation with eGFR. In conclusion, we found excellent 

association of plasma and urinary metabolites and urinary peptides with kidney function, and 

disease progression, but no added value in combining the different biomarkers data. 

3.2 Introduction 

Chronic kidney disease (CKD) is characterised by progressive loss of renal function resulting 

in reduced glomerular filtration. The condition is categorised into 5 different stages with the 

final stage being end-stage renal failure (1). Although current clinical analytical methods are 
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accurate in diagnosing advanced kidney dysfunction, this is not the case for early stages (2). 

Most importantly, tools for predicting the risk of progression towards end-stage renal failure 

are lacking and developing accurate biomarkers for prognosis of CKD progression represents 

a clinical challenge. Hence, efforts are directed towards earlier detection and better prognosis 

in order to allow for better therapeutic interventions to slow down or potentially prevent the 

progression of the disease in the future (3). New technologies such as “omics”-based 

approaches, including proteomics and metabolomics, provide more insight into disease 

mechanisms and therefore hold the potential to improve of CKD by providing stage-specific 

biomarkers (4). Proteomic methods are widely used to identify biomarkers in tissues (5) and 

various other biological entities including urine (6). We have recently developed a CKD 

classifier based on 273 urinary peptides (CKD273) with high specificity and sensitivity for the 

diagnosis of CKD (7). In the course of this study 889 urine samples of healthy volunteers and 

patients with CKD were analysed using capillary electrophoresis–mass spectrometry (CE-

MS). The CKD273 classifier performs better than the currently used markers (i.e. albuminuria 

and serum creatinine) in the early diagnosis of diabetic nephropathy (8,9). In addition, a 

recent study used plasma metabolomics to investigate the decline of the renal function (10) 

and to predict incident CKD (11). The latter study utilised a large cohort comprising of 1434 

participants and identified 16 metabolites in the plasma significantly associated with CKD via 

liquid chromatography-mass spectrometry (LC-MS); 9 of these metabolites performed better 

than serum creatinine. In a prospective cohort, a urinary metabolite-based profile was found to 

have diagnostic and monitoring values in CKD (12). Proteomics and metabolomics therefore 

seem to enable displaying CKD stages with high confidence. However, the potential of the 

combination of the two technologies in improving CKD diagnosis has never been explored so 

far. We thus hypothesised that proteomic and metabolomic biomarkers might perform even 

better when combined.  

In the present study, our aim was to investigate the potential value of molecular classifiers for 

CKD that combine urinary and/or plasma metabolomics with urinary proteomics. The study 

cohort comprised a group of patients from mild to moderate and advanced CKD, classified by 

the estimated glomerular filtration rate (eGFR). For this cohort metabolomic and proteomic 

data were available and allowed for a direct and uniform comparison of metabolomic and 

proteomic traits. Thus, we established a new proteomic CKD classifier based on this cohort 

and did not use the previously established proteomic classifier CKD273. We indeed 

established such classifiers and then tested their performance at baseline and at follow-up 

after 2.8 ± 0.8 (mean ± SD) years.  
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3.3 Patients and methods 

3.3.1 Patients 

Some of the data evaluated in this study have already been described in previous manuscripts 

(13,14). During three consecutive days, all patients eligible and attending the outpatient 

clinics of the hospitals of Sète and Montpellier, as well as the dialysis unit in Sète, were 

invited to participate in the study. Clinically stable patients, over 18 years old, who have not 

been admitted to hospital for at least 2 months and did not have acute inflammatory diseases, 

were included. A total of 49 patients were involved in the study; of those, 26 had diabetic 

nephropathy and the remaining 23 had other aetiologies. For evaluation, glomerular filtration 

rate (eGFR) was estimated by the simplified MDRD formula (15). 

Plasma and urine samples were obtained from all patients. Fresh, midstream urine was 

collected and centrifuged; protein and creatinine concentrations were determined by the 

hospital laboratory. Two aliquots of urine were frozen immediately for proteomic and 

metabolomic analyses as described below, and stored at -80ºC until analysis. Blood samples 

were collected in EDTA-containing tubes. Blood was put on ice and immediately centrifuged 

(10 minutes at 2000×g or following the tube manufacturer’s instructions) at 4°C. Plasma was 

removed and stored at -80°C until analysis. Urine and plasma samples were coded and 

shipped to two laboratories. Samples were unblinded after receiving results.  

The patients were subsequently seen regularly in the outpatient clinic; clinical and laboratory 

data were recorded. Patient management during the follow-up period was only based on usual 

clinical care. When patients did not attend the clinic, data were obtained from general 

practitioners. After 2.8 ± 0.8 years of follow-up, outcome was obtained from 43 patients. Of 

those, eight patients started dialysis and four patients died not being on dialysis. 

The study was designed and conducted fulfilling all the requisites of the French law on the 

protection of individuals collaborating in medical research and was in accordance with the 

principles of the Declaration of Helsinki. Written informed consent was obtained from all 

participants. The data were handled according to the rules of the CNIL (Centre National 

d’Informatique et Liberté) warranting the respect of privacy. Sample collection was declared 

to the French Ministry with the allocated reference number DC – 2008 – 417 and was 

approved by the local ethics committee, the Comité de Protection de Personnes (CPP) of 

Montpellier. The CPP is based in the University Hospital of Montpellier (13). 
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3.3.2 Study design 

According to current recommendations (16,17), a training set was determined and the results 

were assessed in an independent test set (Table 3.1). The training set was selected based on 

eGFR measurements at baseline of the 49 samples used in this study. The “mild CKD” group 

was defined by patients with the highest eGFRs (59.9 ± 16.5 mL/min/1.73m2; mean ± SD) 

whereas the “advanced CKD” group was defined by patients with the lowest eGFRs (8.9 ± 4.5 

mL/min/1.73m2; mean ± SD) (Table 3.1).  

 

Table 3.1: Patients Characteristics 

 Training set Test set 

 “mild CKD”  “advanced 

CKD” 

p-values  

n 10 10  29 

Age (years) 65.9 ± 10.9 70.7 ± 9.8 0.2767 73.3 ± 9 

Gender (M/F) 7/3 7/3  17/12 

Baseline eGFR 

(mL/min/1.73 m2) 

59.9 ± 16.5 8.9 ± 4.5 <0.0001 29.5 ± 15.6 

Follow-up eGFR 

(mL/min/1.73 m2)* 

61.2 ± 26.2 8.7 ± 3.1 0.0025 28.1 ± 14.5 

BMI (kg/ m2) 31.5 ± 5.9 29 ± 4.7 0.3085 29.7 ± 6.7 

Serum creatinine 

(μmol/L) 

110.7 ± 27.1 473.7 ± 162.2  <0.0001 232.4 ± 136.7 

Serum albumin 

(g/L) 

41.6 ± 2.4 35.5 ± 3.7  0.0004 38.5 ± 3.1 

CRP (mg/L) 3.4 ± 3.0 4.9 ± 4.4 0.3848 4.4 ± 3.9 

*The mean duration of the follow-up study was 2.8 ± 0.8 years. 

 

The total sample of the training set was 20 patients equally distributed between the two 

groups and the remaining 29 patients constituted the independent test set in agreement with 

current recommendations for clinical biomarker studies (18). However, as age and gender are 

two factors used to calculate eGFR, they were taken into consideration during study design 

and the training set was sex and age matched. A follow-up cohort was provided after 2.8 ± 0.8 

years to investigate the progression of renal function. Inter-group comparison of the mean age 

in the training set was achieved using t-test. 



3 Assessment of metabolic and proteomic biomarkers in detection and prognosis of renal 
function in chronic kidney disease 

24 

3.3.3 Metabolome analysis 

Targeted metabolome analysis was performed using the AbsoluteIDQ p180 Kit 

(BIOCRATES Life Sciences AG, Innsbruck, Austria). The commercially available 

AbsoluteIDQ p180 kits were used according to the manufacturer’s instructions for the 

quantitation of amino acids, acylcarnitines, sphingomyelins, phosphatidylcholines, hexose 

(glucose), and biogenic amines. The fully automated assay was based on PITC 

(phenylisothiocyanate)-derivatization in the presence of isotopically labelled internal 

standards followed by flow injection analysis tandem mass spectrometry (FIA-MS/MS) 

(acylcarnitines, lipids, and hexose) as well as liquid chromatography (LC)-MS/MS (amino 

acids and biogenic amines). Multiple reaction monitoring (MRM) detection was used for 

quantitation. Prostaglandins, other oxidised polyunsaturated fatty acids and bile acids were 

extracted in aqueous acetonitrile containing deuterated internal standards (19). The 

metabolites were determined by reverse phase HPLC-ESI-MS/MS in negative MRM 

detection mode. For determining reducing mono-, di- and oligosaccharides, samples were 

labelled with 1-phenyl-3-methyl pyrazolone in the presence of internal standards. The 

derivative allowed sugars to be isolated, desalted and concentrated using C18 solid-phase 

extraction (SPE). Sugar concentrations were determined by FIA-MS/MS using MRM mode in 

positive and negative ion mode. For quantitation of energy metabolism intermediates from the 

citrate cycle, glycolysis, pentose phosphate pathway and urea cycle in the presence of internal 

standards, an LC-MS/MS method in MRM mode was performed. All above described assays 

used an API4000 QTRAP tandem mass spectrometer instrument with electrospray ionisation 

(AB Sciex, Concord, Canada) for quantitation. The content of free and total fatty acids was 

determined as their corresponding methyl ester derivatives (FAMEs) using gas 

chromatography (GC) coupled with mass spectrometric detection (Agilent 7890 GC / 5795 

MSD, Agilent Technologies, Santa Clara, CA, USA) with an Electron Impact ion source in 

SIM mode against external standards after derivatisation. Where no external standard was 

available, compounds were measured semi-quantitatively using spectra recorded in SCAN 

mode, respective ratios of characteristic ions and the retention behaviour. The (semi)-

quantitation was carried out with response factors extra- and/or intrapolated from the nearby 

eluting compounds having the same number of double bonds. 

The concentrations of amino acids, amines, eicosanoides and bile acids were calculated with 

Analyst 1.4.2 Software (AB Sciex). Quantitation of acylcarnitines, lipids and reducing mono- 

and oligosaccharides was accomplished by relating peak heights of the analytes to peak height 

of the chosen internal standard using the MetIDQ Software (Biocrates Life Sciences AG). 
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MetIDQ contains all listed annotated metabolites with settings for validation. Quantitation of 

individual FAME (fatty acid methyl ester) was carried out with reference to the internal 

standard 18-methylnonadecanoic acid with the Agilent ChemStation Enhanced Data Analysis 

Software. The API4000 QTRAP was controlled using Analyst 1.4.2. 

Concentrations of all analysed metabolites were corrected for natural isotope distribution 

using algorithms developed by Biocrates and implemented in the MetIDQ software suite (20) 

and reported in µM units. 

3.3.4 Proteome analysis 

Urine samples were prepared as described in (7). Briefly, a 0.7 mL aliquot stored urine was 

thawed and diluted with 0.7 mL 2 M urea, 10 mM NH4OH containing 0.02% SDS. Samples 

were filtered using Centrisart ultracentrifugation filter devices (20 kDa cut-off; Sartorius, 

Goettingen, Germany) at 3,000 g until 1.1 mL of filtrate was obtained. Subsequently, filtrate 

was desalted using PD-10 column (GE Healthcare, Sweden) equilibrated in 0.01% NH4OH in 

HPLC-grade water. Finally, samples were lyophilised and stored at 4°C prior analysis. The 

proteomics technique used was CE-MS. Shortly before CE-MS analysis, lyophilisates were 

re-suspended in HPLC-grade water to a final protein concentration of 0.8 mg/mL checked by 

BCA assay (Interchim, Montlucon, France). CE-MS analysis was performed as described 

(7,8,21). The average recovery of sample in the preparation procedure was, ~85% and the 

limit of detection was, ~1 fmol. Mass resolution was above 8,000 Da enabling resolution of 

monoisotopic mass signals for z≤6. After charge deconvolution, mass accuracy was, <25 ppm 

for monoisotopic resolution and, <100 ppm for unresolved peaks (z.6). The analytical 

precision of the platform was assessed extensively (7,21,22). 

3.3.5 Proteomic data processing  

Mass spectral peaks representing identical molecules at different charge states were 

deconvoluted into single masses using MosaiquesVisu software (23). Only signals with z>1 

observed in a minimum of 3 consecutive spectra with a signal-to-noise ratio of at least 4 were 

considered. Reference signals of 1770 urinary polypeptides were used for CE-time calibration 

by locally weighted regression. For normalisation of analytical and urine dilution variances, 

signal intensities were normalised relative to 29 ‘‘housekeeping’’ peptides (21,24). The 

obtained peak lists characterise each polypeptide by its molecular mass [Da], normalised CE 

migration time [min] and normalised signal intensity. All detected peptides were deposited, 

matched, and annotated in a Microsoft SQL database allowing further statistical analysis (25). 
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For clustering, peptides in different samples were considered identical if mass deviation was 

<50 ppm. CE migration time was controlled to be below 0.35 minutes after calibration. All 

data of the proteomic and metabolomic analyses were included in Table S3.1, spreadsheet: 

‘peptides’ and ‘metabolites’. 

3.3.6 Statistical analysis and development of high dimensional classifiers 

For biomarker discovery, statistical analysis was performed by the use of Wilcoxon rank sum 

test to calculate the p-values. Only biomarkers that were found at a 70% frequency in either 

case or control group were examined. The false discovery rate adjustments of Benjamini-

Hochberg (26) were employed to correct for multiple testing. A p-value less than 0.05 was 

considered to be statistically significant. MosaCluster (version 1.7.0) was used to build a 

classifier based on support vector machine (SVM) that allows the classification of samples in 

the high dimensional data space (27,28). MosaCluster calculated classification scores based 

on the amplitudes of the CKD biomarkers. Classification is performed by determining the 

Euclidian distance (defined as the SVM classification score) of the vector to a maximal 

margin hyperplane. The SVM classifier uses the log transformed intensities of x features 

(peptides or metabolites) as coordinates in a x-dimensional space. It then builds a x-1 

dimensional hyperplane that spans this space by performing a quadratic programming 

optimisation of a Lagrangian using the training labels only while allowing for samples to lie 

on the wrong side of the plane. For such mistakes in classification the SVM introduces a cost 

parameter C. Because non separable problems in low dimensions may be separable in higher 

dimensions the SVM uses the so called Kernel-trick to transform the samples to a higher 

dimensional space. MosaCluster uses the standard radial basis functions as kernel. These 

functions are just Gaussians with the parameter gamma controlling their width. The optimal 

parameters C and gamma are found via e.g. leave one out cross validation error estimation. 

There are generally implemented in SVMs in all popular data mining software, particularly 

the kernlab cran contributed R package is a versatile tool for building SVM based-classifiers 

(29). After identification of significant biomarkers and generation of different classifiers, they 

were assessed in a test set to check their performance. 

3.3.7 Correlation of CKD classifiers with eGFR 

After biomarker identification using the training set, CKD molecular classifiers were 

developed and their performance was assessed. Individual CKD classifier scores were 

correlated with eGFR at baseline and follow-up eGFR was used to predict the progression of 

the renal function. The test set of 29 patients was used in multiple correlation analyses using 
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the classification scores of the different classifiers with baseline eGFR. For the correlation 

analysis with the follow-up eGFR after a period of 2.8 ± 0.8 years, data from 43 out of 49 

patients were available. The analysis was performed using MedCalc version 8.2.1.0 (MedCalc 

Software, Mariakerke, Belgium).  

3.4 Results 

Urine and plasma samples obtained from patients representing different stages of CKD were 

divided into two cohorts: a training set (n=20; Table 3.1) for biomarker identification and 

generation of CKD classifiers and a test set (n=29; Table 3.1) to asses the classifier 

performance. The training set defined according to eGFR measurements included a “mild 

CKD” group (59.9 ± 16.5 mL/min/1.73m2, mean ± SD; n=10) with patients between mild to 

moderate CKD and a second group named “advanced CKD” (8.9 ± 4.5 mL/min/1.73m2, mean 

± SD; n=10) with patients in advanced CKD that were matched for demographic and clinical 

data (Table 3.1). Follow-up data were obtained after 2.8 ± 0.8 years. In the training set, the 

mean eGFR progressed to 61.2 ± 26.2 mL/min/1.73m2 (mean ± SD; Table 3.1) in the “mild 

CKD” group and to 8.7 ± 3.1 mL/min/1.73m2 (mean ± SD; Table 3.1) in the “advanced CKD” 

group. 

3.4.1 Metabolomic and proteomic biomarkers in urine and plasma 

The statistical analysis resulted in the identification of 76 significant biomarkers with p<0.05 

(Table S3.1, spreadsheet ‘overview’). The biomarkers included 30 metabolites comprising 17 

plasma metabolites (Figure 3.1A) and 13 urinary metabolites (Figure 3.1B) and 46 peptides 

(Figure 3.1C). Serum creatinine, one of the significant metabolomic biomarker identified in 

plasma, was excluded, as it is the major driver in the calculation of the eGFR. 

Among the most significant metabolites identified were asymmetric dimethylarginine 

(ADMA) and hydroxykynurenine (Figure 3.1B, 3.1C and Table S3.1, spreadsheet ‘overview’). 

ADMA was the only identified metabolite present in both plasma and urine (Figure 3.1B and 

3.1C). While the concentrations of ADMA and acylcarnitines were higher in the plasma 

samples of “advanced CKD” compared to the “mild CKD” group, ADMA concentrations 

were lower in the urine of late CKD patients (Figure 3.1A and B). Of the 46 urinary peptides 

to be significantly changed in CKD in this small study, 28 were collagen fragments with 

collagen type I alpha 1 being the most represented (Figure 3.1C and Table S3.1, spreadsheet 

‘overview’). Eighteen additional non-collagen peptides were associated with CKD, including 

uromodulin, beta-2-microglobulin, apolipoprotein A-I, CD99 antigen and cadherin (Figure 

3.1C and Table S3.1, spreadsheet ‘overview’). Most of the collagen type I (Figure 3.1C) and 



3 Assessment of metabolic and proteomic biomarkers in detection and prognosis of renal 
function in chronic kidney disease 

28 

uromodulin fragments (Figure 3.1C) were in lower abundance in advanced CKD while beta-

2-microglobulin, apolipoprotein AI and protein S100-A9 fragments were in higher abundance 

in advanced CKD (Figure 3.1C) in accordance with previous findings (7,8).  

 

 

Figure 3.1: Regulation of metabolites and peptides. The fold changes of metabolites and peptides 

“mild CKD” vs. “advanced CKD”. A. Plasma metabolites. B. Urinary metabolites. C. Urinary peptides. 

C19:0: Nonadecanoic acid. SM C26:1: Sphingomyelin with acyl residue sum C26:1. PC aa C42:4: 

Phosphatidylcholine with acyl-alkyl residue sum C42:4. C14:2: Tetradecadienoylcarnitine. cis-

C20:1w9: cis-11-Eicosenoic acid. PC aa C42:4: Phosphatidylcholine with acyl-alkyl residue sum 

C42:4. C17:0: Heptadecanoic acid. PC aa C42:5: Phosphatidylcholine with acyl-alkyl residue sum 

C42:5. C4: Nonanoylcarnitine. C5: Isovalerylcarnitine. ADMA: Asymmetric dimethylarginine. Total 

DMA: Total dimethylarginine. C9: Nonanoylcarnitine. C4:1: Butenoylcarnitine. C5-DC(C6-OH): 

Acylcarnitine. C14:1-OH: 3-Hydroxytetradecenoylcarnitine. dH: Deoxyhexose. HNAc(S2): (N-

acetylhexosamine)-disulfate. C3:1: Propenoylcarnitine. C7-DC: Pimelylcarnitine. H2-dH2: Dihexose-

dideoxyhexose. Asn: Asparagine. Leu: Leucine. H1: Hexose. Pro: Proline. Cit: Citrulline. 

 

Significant metabolite biomarkers associated with CKD were further combined into classifiers 

and assessed in the test set. Two different classifiers were established using metabolite 

biomarkers: one classifier incorporating the 17 metabolites from plasma only named MetaboP 

and another classifier based only on 13 urinary metabolite biomarkers named MetaboU. 
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Figure 3.4: Correlation analysis of a combined proteomics and metabolomics based classifier with 

baseline or follow-up eGFR. A. Classifier Pept_MetaboP (urinary peptides and plasma metabolites) 

with baseline eGFR ρ=-0.7833 and p<0.0001. B. Classifier Pept_MetaboP with follow-up eGFR ρ=-

0.8061 and p<0.0001. 

3.5 Discussion 

The aim of the present study was to investigate the value of proteomics and metabolomics in 

assessing renal function, and to assess if combining metabolomic and proteomic approaches 

in one comprehensive biomarker-based classifier for CKD may be advantageous. We 

investigated the value of these molecular markers in a cross sectional design, and their 

performance in the prediction of the renal function decline.  

 

Proteomics (7-9) and metabolomics (10-12) have already demonstrated value in classifying 

CKD patients. However, the diagnostic potential of the combination of both approaches has 

not been investigated so far. In our study, we examined samples from 49 patients at different 

stages of CKD. Urine samples were analysed employing proteomics, and urine and plasma 

samples were analysed using metabolomics. We identified a panel of 30 metabolites (17 

plasma and 13 urinary metabolites) significantly different when comparing a training set of 

patients with early and with advanced stage CKD. In the same training set 46 peptides also 

demonstrated significantly different distribution. We combined these potential biomarkers in 

different classifiers and then performed correlation analyses with the baseline and follow-up 

eGFR in an independent testset. All three classifiers, plasma metabolite-based (MetaboP) 

urinary metabolite-based (MetaboU), and urinary peptide-based (Pept) correlated very well 

with eGFR, with no significant difference between them. Thus, the plasma and urinary 

metabolite and the urinary peptide-based classifiers individually were identified as effective 

tools associated with CKD.  
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The prognostic value of the classifiers was assessed based on the correlation with the follow-

up data. The metabolite and peptide-based classifiers individually showed good performances 

in the prediction of future renal function. Although all classifiers performed equally well there 

seemed to be a tendency for the urinary peptide-based classifier to performed better in the 

prognostic evaluation than MetaboU and MetaboP (p=0.1606 and p=0.0879, respectively). 

However, a larger sample size would be required to investigate if this difference is in fact 

significant. 

The results indicate that urinary and plasma metabolites and urinary peptides may provide 

similar information in the assessment of CKD. However, urinary peptides may demonstrate 

superior performance in a larger study (6).  

An advantage of this study is that samples from patients representing all stages of CKD were 

included, which enabled identification of potential biomarkers representing the entire range of 

changes occurring throughout CKD progression with good confidence. 

 

The combination of urinary peptide, urinary metabolite and plasma metabolite biomarkers in a 

classifier (Pept_MetaboP+U) showed a good correlation performance with eGFR at baseline 

(ρ=-0.7833, p<0.0001) and follow-up (ρ=-0.8061, p<0.0001). However, the comparison of 

single traits classifiers with the combined classifier showed no significant improvement 

suggesting that the combination of proteomics and metabolomics was not of an added value in 

our study.  

 

In the current study 46% of the peptides and 26% of the metabolites identified were also 

previously reported (7,30) (see Table S3.1, spreadsheet ‘overview’). The limited coverage of 

the peptides is due to differences in the study design as mild and advanced CKD patients were 

compared to enable identification of good confidence biomarkers instead of comparing 

between healthy and CKD patients. In the case of the metabolites only amino acids were 

investigated in the earlier study whereas we analysed amino acids, acylcarnitines, 

sphingomyelins, phosphatidylcholines, hexose (glucose), and biogenic amines. Besides mild 

versus advanced CKD detection and prediction of progression, the identified peptides as well 

as metabolites could potentially provide insight into the pathology of CKD. Most of collagen 

peptide fragments, representing the majority of detected urinary peptides, were reduced in 

patients with advanced CKD, which is in good accordance with previous studies (31,32). We 

hypothesise that this observation may mirror alterations in the extracellular matrix (ECM) 

turnover and fibrosis (33). Renal fibrosis is one of the key features of CKD (34) and is 
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characterised by ECM accumulation as a result of both, increased synthesis and reduced 

degradation of ECM proteins (35,36). Reduced abundance of urinary collagen fragments in 

CKD patients might thus reflect decreased ECM turnover. Renal fibrosis associated with 

CKD is the ultimate end-point of a cascade of events, including inflammation (37). The 

observed elevation of protein S100-A9, a pro-inflammatory protein that promotes the 

migration of phagocytes (38) supports the presence of inflammatory processes. Urinary levels 

of uromodulin were also reduced which is in accordance with the literature as decreased 

uromodulin levels are associated with interstitial fibrosis or tubular atrophy (32). 

In regard to metabolites, we observed increases of ADMA, hydroxykynurenine, and 

acylcarnitine levels in the plasma and a decrease of ADMA in the urine that significantly 

correlated with a decrease in the eGFR.  

The observed changes in ADMA levels are consistent with previous observations in early and 

late stage CKD patients (39-42). In one of these studies, it was shown that plasma and urinary 

levels of ADMA could be used to determine the CKD stage as plasma accumulation and 

lower urinary excretion pointed towards advanced CKD stages (43). ADMA is a metabolite 

that inhibits nitric oxide synthase, an enzyme converting L-arginine to L-citrulline and nitric 

oxide (NO) (44). Impaired generation of NO by accumulation of ADMA contributes to 

hypertension and in turn cardiac and renal dysfunction (45,46).  

The accumulation of various acylcarnitines in the plasma likely depicts impaired clearance 

due to chronic kidney dysfunction, which is consistent with recent observations (47). Besides 

its function in fatty acid beta oxidation, L-carnitine modulates acyl-CoA levels through 

esterification to acylcarnitines, thus preventing the accumulation of acyl-CoAs generated in 

excess in renal failure (48,49). Excess acyl-CoAs may contribute to renal and cardiac 

lipotoxicity (50-52). Hence, the resulting excess acylcarnitines normally are filtered in the 

glomerulus and undergo only limited renal tubular reabsorption compared to free L-carnitine 

(53-56).  

Hydroxykynurenine is part of the kynurenine pathway and generated as a result of tryptophan 

degradation (57). Increased plasma levels of hydroxykynurenine have previously been 

reported to be associated with advanced stage CKD (58,59). The association of 

hydroxykynurenine with CKD is not very well understood. A hypothesis was presented that 

accumulation of hydroxykynurenine could be a result of oxidative stress leading to impaired 

renal function (60). In addition, phosphatidylcholine diacyl C42:5 increased in the plasma of 

patients with severe renal impairment. Phosphatidylcholine diacyl C42:5-to-
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phosphatidylcholine acylalkyl C36:0 ratios were found to be associated with the loss of eGFR 

in CKD patients in a longitudinal study (10). 

 
In conclusion, we could demonstrate in this study the feasibility of combining proteomic and 

metabolomic approaches in the prediction of renal function. However, we could not 

demonstrate an advantage of combining these different omics traits. In contrast, our data 

indicate that essentially a solely urinary peptide, urinary metabolite and plasma metabolite-

based approaches may be sufficient to predict renal function and that combining 

metabolomics and proteomics may not provide significant added value. The results also 

suggest that urinary peptides may be superior in predicting renal function decline. However, 

these results are based on a small cohort and need to be further reproduced in large 

independent cohorts. The results are valid only in the context of CKD, and the same concept 

may well be found advantageous in the diagnosis of other diseases like coronary artery 

disease. 
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4 Identification of ageing-associated naturally occurring 
peptides in human urine 

4.1 Abstract 

To assess normal and pathological peptidomic changes that may lead to an improved 

understanding of molecular mechanisms underlying ageing, urinary peptidomes of 1227 

healthy and 10333 diseased individuals between 20 and 86 years of age were investigated. 

The diseases thereby comprised diabetes mellitus, renal and cardiovascular diseases. Using 

age as a continuous variable, 116 peptides were identified that significantly (p<0.05; ||≥0.2) 

correlated with age in the healthy cohort. The same approach was applied to the diseased 

cohort. Upon comparison of the peptide patterns of the two cohorts 112 common age-

correlated peptides were identified. These 112 peptides predominantly originated from 

collagen, uromodulin and fibrinogen. While most fibrillar and basement membrane collagen 

fragments showed a decreased age-related excretion, uromodulin, beta-2-microglobulin and 

fibrinogen fragments showed an increase. Peptide-based in silico protease analysis was 

performed and 32 proteases, including matrix metalloproteinases and cathepsins, were 

predicted to be involved in ageing. Identified peptides, predicted proteases and patient 

information were combined in a systems biology pathway analysis to identify molecular 

pathways associated with normal and/or pathological ageing. While perturbations in collagen 

homeostasis, trafficking of toll-like receptors and endosomal pathways were commonly 

identified, degradation of insulin-like growth factor-binding proteins was uniquely identified 

in pathological ageing. 

4.2 Introduction 

Normal physiological ageing is a complex, multi-mechanistic systemic process that is 

influenced by genetic and environmental factors. It leads to a gradual decline in biological 

functions. Key molecular mechanisms identified in ageing include genomic instability, 

telomere attrition, loss of proteostasis and mitochondrial dysfunction (1). However, 

information on normal physiological ageing may be blurred by alterations associated with 

pathologies (acute and chronic) developing in parallel with ageing and it is still often unclear 

whether an observed molecular change is due to ageing, or is (partially) due to concomitant 

diseases. It is thus obvious that more efforts should be invested into understanding molecular 

pathways underlying ageing in both healthy and diseased individuals. These may lead to 

strategies for the management of pathological complications during ageing. 
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As ageing is a complex systemic process, “omics” approaches aiming at studying multiple 

features at once, have been applied with the aim to unravel novel underlying molecular 

processes. Proteomic studies confirmed that oxidative stress occurs ubiquitously during 

ageing while other events were shown to be more tissue-specific (reviewed in (2)). However, 

a shortcoming in most of these studies was the use of animal models (2). The scarcity of 

human studies can be largely attributed to the inability in obtaining appropriate tissue samples. 

Thus, a way forward could be the investigation of readily available body fluids. 

In a first small scale study, we investigated the urinary proteome in a cohort of 324 healthy 

individuals between 2 to 73 years of age showing the feasibility to obtain high resolution 

molecular information from readily available body fluids such as urine (3). Meanwhile, we 

have accumulated multiple high-resolution urine peptidomics datasets that enable the 

investigation of ageing-associated changes in a large cohort (4). In the present study, we 

therefore investigated the unique urinary proteome profiles of 11560 individuals in an attempt 

to identify specific ageing-associated alterations and investigate pathological derailment of 

normal ageing. This showed that perturbations in collagen homeostasis, trafficking of toll-like 

receptors and endosomal pathways were associated to healthy ageing, while degradation of 

insulin-like growth factor-binding proteins was uniquely identified in pathological ageing 

4.3 Materials and methods 

4.3.1 Ethics statement 

The study was designed and conducted fulfilling all of the requisites of the laws on the 

protection of individuals collaborating in medical research and was in accordance with the 

principles of the Declaration of Helsinki. 

4.3.2 Patient characteristics  

Patient data were retrieved from the “Human urinary database” dedicated to naturally 

occurring urinary proteins and peptides (4,5). All datasets included in the study were from 

previous studies, and all data were anonymised. The approach, employing anonymised 

proteomics data from previous studies, was approved by the local ethics committee. Datasets 

from 11560 individuals between 20 and 86 years of age were extracted (Table 4.1). 
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Table 4.1: Patient characteristics 

 Healthy Diseased 

N (number of 

individuals) 

1227 10333 

Age (years)* 38.6 ± 12.4 54.4 ± 15.3 

Sex (Male/Female) 623/604 6237/4096 

* p-value <0.0001  

 The present cohort was divided into two groups: healthy and diseased. The healthy group 

included 1227 individuals and the diseased group 10333 individuals predominantly suffering 

from diabetes, cardiovascular and renal diseases (Table 4.2). 

 

Table 4.2. Different pathological conditions represented in the diseased group. 

Diseases  N (number of 

individuals) 

Alzheimer’s 134 

Bladder cancer 286 

Cardiovascular diseases  1681 

Diabetes mellitus  1715 

Virus-triggered diseases (e.g. hepatitis, HIV)  332 

Hepatocellular carcinoma 40 

Kidney diseases 2154 

Kidney diseases (transplanted) 430 

Leukaemia 1622 

Obesity 218 

Pancreatic cancer 51 

Polycystic ovary syndrome 73 

Pheochromocytoma 11 

Pregnancy 278 

Pathologies related to the prostate 1217 

Renal carcinoma 91 

Total 10333 
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4.3.3 Sample preparation and capillary electrophoresis coupled to mass 

spectrometry analysis  

For proteomic analysis, a 0.7 mL aliquot of urine was thawed immediately before use and 

diluted with 0.7 mL of 2 M urea, 10 mM NH4OH containing 0.02% SDS. To remove higher 

molecular mass proteins, such as albumin and immunoglobulin G, the sample was ultra-

filtered using Centrisart ultracentrifugation filter devices (20 kDa MWCO; Sartorius, 

Goettingen, Germany) at 3,000 rcf until 1.1 ml of filtrate was obtained. This filtrate was then 

applied onto a PD-10 desalting column (GE Healthcare, Uppsala, Sweden) equilibrated in 

0.01% NH4OH in HPLC-grade in H2O (Roth, Germany) to decrease matrix effects by 

removing urea, electrolytes, salts, and to enrich polypeptides present. Finally, all samples 

were lyophilised, stored at 4°C, and suspended in HPLC-grade H2O shortly before capillary 

electrophoresis coupled to mass spectrometry (CE-MS) analyses, as described (6). 

CE-MS analyses were performed using a P/ACE MDQ capillary electrophoresis system 

(Beckman Coulter, Fullerton, USA) on-line coupled to a microTOF MS (Bruker Daltonics, 

Bremen, Germany) as described previously (6,7). The ESI sprayer (Agilent Technologies, 

Palo Alto, CA, USA) was grounded, and the ion spray interface potential was set between –4 

and –4.5 kV. Data acquisition and MS acquisition methods were automatically controlled by 

the CE via contact-close-relays. Spectra were accumulated every 3 s, over a range of m/z 350 

to 3000. Accuracy, precision, selectivity, sensitivity, reproducibility, and stability of the CE-

MS measurements were demonstrated elsewhere (6). 

4.3.4 Data processing  

Mass spectral peaks representing identical molecules at different charge states were 

deconvoluted into single masses using MosaiquesVisu software. Only signals with z>1 

observed in a minimum of 3 consecutive spectra with a signal-to-noise ratio of at least 4 were 

considered. Reference signals of 1770 urinary polypeptides were used for CE-time calibration 

by locally weighted regression. For normalisation of analytical and urine dilution variances, 

signal intensities were normalised relative to 29 ‘‘housekeeping’’ peptides (8). The obtained 

peak lists characterise each polypeptide by its molecular mass [Da], normalised CE migration 

time [min] and normalised signal intensity. All detected peptides were deposited, matched, 

and annotated in a Microsoft SQL database allowing further statistical analysis (9). For 

clustering, peptides in different samples were considered identical if mass deviation was <50 

ppm. CE migration time was controlled to be below 0.35 minutes after calibration. 



4 Identification of ageing-associated naturally occurring peptides in human urine 44 

4.3.5 Peptide sequencing  

For sequencing of peptides the urine samples were analysed on a Dionex Ultimate 3000 

RSLC nano flow system (Dionex, Camberly, UK) coupled to an Orbitrap Velos MS 

instrument (Thermo Fisher Scientific) as described in (10). Data files were analysed using 

Proteome Discoverer 1.2 (activation type: HCD; min–max precursor mass: 790–6,000; 

precursor mass tolerance: 10 ppm; fragment mass tolerance: 0.05 Da; S/N threshold: 1) and 

were searched against the Uniprot human non-redundant database without enzyme specificity. 

No fixed modifications were selected, oxidation of methionine, lysine and proline were 

selected as variable modifications. The peptide data were extracted using high confidence 

peptides, defined by an Xcorr ≥ 1.9, a delta mass between experimental and theoretical mass 

± 5 ppm, absence of cysteines in the sequence (since cysteines without reduction and 

alkylation form disulphide bonds), absence of oxidised proline in protein precursors other 

than collagens or elastin, and top one peptide rank filters. For further validation of obtained 

peptide identifications, the strict correlation between peptide charge at the working pH of 2 

and CE-migration time was used to prevent false identifications (11). Only the sequenced 

peptides were further considered.  

4.3.6 Correlation and statistical analyses 

As peptide profiles across the samples were not normally distributed, we used the non-

parametric Spearman’s rank correlation coefficient for estimating the correlation of individual 

peptides using age as a continuous variable. All peptides present in the whole population were 

included in the correlation analysis since a frequency threshold was not set. The statistical 

significance was assumed at p<0.05. The p-value was adjusted by applying Benjamini-

Hochberg (12,13). A cut-off value was set for the correlation analysis and the coefficient of ≥ 

0.2 or ≤ -0.2 (|ρ|≥0.2) was considered for further analysis. The analysis was performed using 

proprietary software (R-based statistic software, version 2.15.3) and verified with MedCalc 

version 8.2.1.0 (MedCalc Software, Mariakerke, Belgium). Graphs were generated using 

MedCalc. To discriminate between peptides affected by a diseased and those unaffected, the 

Spearman’s rank correlation coefficient of a peptide was compared using MedCalc in healthy 

and diseased individuals. 

4.3.7 In silico protease prediction 

In order to link urinary fragments to the proteases involved, in silico protease mapping to 

urinary peptides was generated using Proteasix software as previously described (14). Briefly, 

for each of the peptides, associated-proteases were predicted for both N and C-terminal 
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cleavage sites. In parallel, a list of >6000 random octapeptide sequences was mapped using 

the same protocol in order to determine the specificity of the prediction. Only 

protease/cleavage site associations with higher prediction score than associations with random 

sequences were kept for further analysis. For each protease, predicted activity in each patient 

was calculated based on the mean of associated peptide intensities. A parametric Pearson 

correlation analysis between a predicted protease and the age was performed based on the 

mean intensities of cleaved peptides with the age of each individual. 

4.3.8 Pathway enrichment analysis 

For elucidating molecular pathways being associated to ageing, the age-correlated peptides 

and the significant proteases predicted by Proteasix were subjected to the Cytoscape’s plug-

ins ClueGo and CluePedia (15,16). Reactome pathway (17) served as the clustering criterion 

using a two-sided hypegeometry test followed by Bonferroni correction (significance level of 

0.05) for identifying significantly affected pathways (18). 

4.4 Results 

4.4.1 Age-correlation in the healthy group 

Among the 11560 individual urinary peptidomes, 1227 originated from individuals without 

disease and were thus considered healthy (age 20-86). Correlation analysis of 2223 individual 

sequenced peptides with age performed in the healthy peptidomes identified 116 significantly 

ageing-associated peptides (p ≤ 0.05) (Table S4.1). These peptides predominantly included 

fragments of collagen, fibrinogen, and uromodulin. Collagen fragments comprised 83 (72%) 

out of the 116 peptides identified. Amongst collagen fragments, most peptides originated 

from fibrillar collagens (89%) including type I collagen (47%) and type III collagen (11%) 

while basement membrane type IV collagens alpha-1and -3 showed a low abundance (2%).  

The majority of peptides (65%) showed a negative correlation with age (Table S4.1). The two 

most negatively age-correlated peptides were two type I collagen alpha-1 fragments (ρ=-0.324, 

p<0.0001 and ρ=-0.315, p<0.0001, Table S4.1) and 93% of the type I collagen fragments 

decreased during ageing. Other negatively age-correlated peptides originated from 5-AMP-

activated protein kinase subunit gamma-3 (PRKAG3), AMP/ATP-binding subunit of AMP-

activated protein kinase (AMPK) and blood-derived proteins (beta-2-microglobulin, 

fibrinogen alpha and beta chains). Contrarily, the two most positively age-correlated peptides 

were type IV collagen alpha-3 and type II collagen alpha-1 fragments (ρ=0.504, p<0.0001 and 

ρ=0.451, p<0.0001 respectively, Table S4.1). Additionally an age-dependent increase in 
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almost 50% of type III collagen and 83% in type II collagen fragments was observed. Other 

positively age-correlated peptides originated from clusterin, haptoglogin, cystatin-B, retinol-

binding protein 4, CD99 antigen, and the kidney-specific peptide uromodulin. 

Interestingly, several peptides that were negatively correlated with age became positively 

correlated upon methionine oxidation. This observation was consistent for two fragments of 

type I collagen alpha-1 as well as fragments of type IX collagen alpha-3, type XXV collagen 

alpha-1, sodium/potassium-transporting ATPase subunit gamma and retinol-binding protein 4 

(Table S4.1). 

4.4.2 Age-correlation in the diseased group 

Next we studied the correlation of urinary peptides with ageing in the 10333 peptidomes of 

diseased individuals to determine potential discrepant and concerted correlations compared to 

healthy individuals. Individuals with pathological conditions were more likely to be older 

compared to healthy individuals (Table 4.1). Out of the 116 age-correlated peptides in healthy 

individuals, 112 were also found to correlate in diseased individuals. However, lower 

correlation coefficients were observed in the diseased compared to the healthy group (Table 

S4.1). This observation was expected, given the assumed increased heterogeneity as a result 

of various underlying pathologies. The 4 peptides not confirmed in the diseased group 

comprised three collagen fragments and a fibrinogen alpha chain fragment and were not 

considered for further investigations. To determine if the 112 peptides were able to 

distinguish between young and old individuals in both healthy and diseased groups, the 

abundance of these peptides was studied in a dichotomous analysis in subpopulations of 

young versus old (Figure 4.1).  
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Figure 4.1: Urinary peptide marker pattern for the differentiation between healthy and diseased 

individuals. A. Healthy young between 20-29 years of age. B. Diseased young between 20-29 years of 

age. C. Healthy old from 60 years old of age and above. D. Diseased old from 60 years old of age and 

above. Only the mean intensity for each peptide was represented. 

 

Proteome profiles of young compared to old healthy individuals presented more visual 

differences than the profiles of young compared to old diseased individuals. However, the 112 

age-correlated peptides were still able to distinguish between young and old individuals in 

healthy and diseased individuals. Interestingly, some peptides showed similar mean 

amplitudes in the healthy and diseased groups including for instance collagen alpha-1 (XXV) 

chain (Figure 4.1, green arrows) whereas other peptides such as collagen alpha-1 (III) chain 

(Figure 4.1, red arrows) depicted different amplitude profiles. Differences in age-correlated 

peptides were further investigated by comparing the correlation coefficients of the 112 

peptides in both groups. As a result, peptides could be arranged into two groups: disease-

unaffected and disease-affected peptides. These were defined by a non-significant (disease-

unaffected) and a significant (disease-affected) p-value in the comparison of correlation 

coefficients between healthy and diseased groups (Table S4.1, column “healthy vs diseased”). 

For instance among the best correlated peptides, the correlation coefficients for collagen 

alpha-1 (II) chain in healthy (rho=0.451, p<0.0001) and diseased (rho=0.439, p<0.0001) 

individuals did not differ significantly (p=6.21E-01) (Table S4.1). An example for a disease-
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affected peptide is a fragment of collagen alpha-3(IV) chain with correlation coefficients in 

healthy (rho=0.504, p<0.0001) and diseased (rho=0.420, p<0.0001) individuals that differed 

significantly (p<0.0001) (Table S4.1). Further disease-unaffected peptides comprised 

fragments of type II alpha-1 and type III alpha-1 collagen (Figure 4.2A), while fragments of 

retinol-binding protein 4 and type I collagen alpha-1 were further disease-affected peptides 

(Figure 4.2B). Overall, 27 peptides widely represented by collagen fragments (89%) were 

disease-unaffected, while disease-affected peptides totalled with 85 and only included 66% of 

collagen fragments (Figure 4.3). 

 

Figure 4.2: Correlation analysis of individual urinary peptides in healthy and diseased groups with 

age. A. Disease-unaffected peptides, collagen alpha-1(II) chain (ρhealthy=0.451, p<0.0001 and 

ρdiseased=0.439, p<0.0001) and collagen alpha-1(I) chain (ρhealthy=-0.224, p<0.0001 and ρdiseased=-0.251, 

p<0.0001). B. Disease-affected peptides, retinol-binding protein 4 (ρhealthy=0.311, p<0.0001 and 

ρdiseased=0.149, p<0.0001) and collagen alpha-1(I) chain (ρhealthy=-0.308, p<0.0001 and ρdiseased=-0.045, 

p<0.0001). 
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Figure 4.3: Comparison of age-correlated peptides identified in the healthy and diseased groups. A. 

Disease-unaffected peptides. B. Disease-affected peptides. 

4.4.3 Pathology-specific investigation of age-correlated peptides in different 

subgroups  

As the diseased group of 10333 individuals included heterogeneous pathologies (Table 4.2), 

the pathology-specific age-association of the 112 peptides was investigated in three different 

more homogenous disease subgroups selected from the 10333 diseased individuals and then 

compared to the healthy group. The cardiovascular diseases (CVD, n=1681) subgroup 

included individuals with heart failure, coronary artery disease and acute coronary syndrome. 

The chronic kidney diseases (CKD, n=2154) subgroup included individuals with several 

kidney disorders such as vasculitis and glomerulopathies, whereas the diabetes mellitus (DM, 

n=1560) subgroup consisted of type 1 and type 2 DM individuals with no detectable kidney 

disease. 

The comparison of correlation analyses in all disease subgroups and the healthy group based 

on the 112 identified peptides provided an assessment of the distribution of age-correlated 

peptides. Sixty-six, 100 and 54 of the 112 age-correlated peptides were significantly 

correlated to age in individuals with CVD, CKD and DM, respectively (Table S4.2). Thereby 

the number of disease-unaffected age-correlated peptides in the disease subgroups was 

reduced in CVD (n=10) and DM (n=6) compared to CKD (n=35) (Table S4.2). There was no 

overlap among these disease-unaffected peptides. As seen in the full diseased cohort of 10333 

individuals, disease-affected non-collagen peptides were also almost two times as abundant as 

disease-unaffected ones in the three disease subgroups (Figure S4.1). In regard of collagen 

fragments, in the CVD subgroup 60% of disease-unaffected peptides originated from type I 

collagen compared to 46% of the disease-affected peptides. In comparison, type III collagen 

fragments comprised 30% of disease-unaffected peptides but only 12.5% disease-affected 



4 Identification of ageing-associated naturally occurring peptides in human urine 50 

peptides. Type I collagen fragments in the CKD subgroup represented 60% of diseased-

unaffected peptides compared to 43% in the disease-affected peptides (Figure S4.1). 

4.4.4 Prediction of protease activities 

Based on the N- and C-terminal sequences of naturally occurring peptides, protease activity 

responsible for their generation can be predicted (19). The in silico prediction of ageing-

related changes in the activity of proteases potentially involved in the generation of the 112 

peptides was based on the cleavage site consensus sequences of proteases and mean peptide 

intensities in individual healthy study subjects (n=1227). The analysis resulted in 674 

protease/cleavage associations related to 37 unique proteases. Amongst those, 32 proteases 

showed a significant correlation of their predicted activity with age in the healthy group 

(Table S4.3). This comprised positive age-correlated activities e.g. of meprin A beta subunit, 

kallikrein 5, and thrombin as well as negative age-correlated activities e.g. of neprilysin, 

cathepsin L1, and matrix metalloproteinase-14 (MMP-14). We next compared predicted 

protease activities targeting disease-affected peptides between the healthy group and the 

disease subgroups (Figure 4.4). However, while we did not observe any significant 

differences between healthy individuals and individuals with CVD or DM, differences in age-

related activities of A disintegrin metalloproteinase with thrombospondin motifs 4 (Adamts4) 

and MMPs appeared to be present in individuals with CKD (Figure 4.4, arrows). 
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Figure 4.4: Comparison of age-correlated proteases between healthy individuals and disease 

subgroups. A. Cardiovascular diseases (CVD). B. Diabetes Mellitus (DM). C. Chronic kidney diseases 

(CKD). Arrows underscore the main changes in predicted protease activity between age-correlated 

disease-affected peptides in the healthy group and the disease subgroups. ADAMTS4: A disintegrin 

and metalloproteinase with thrombospondin motifs 4; CTSB: cathepsin B; CTSK: cathepsin K; 

CTSL1: cathepsin L1; F2: thrombin; GZMB: granzyme B; MEP1A: meprin A subunit alpha; MEP1B: 

meprin A subunit beta; MME: neprilysin; PREP: prolyl endopeptidase. 

4.4.5 Pathway enrichment analysis 

Reactome pathway analysis for the identified disease-unaffected or disease-affected age-

correlated peptides combined with the predicted proteases (in gene symbols) using ClueGO 

and CluePedia software resulted in several molecular pathways being significantly affected in 

the context of ageing (Figure 4.5, Table S4.4). For disease-unaffected pathway analysis, the 

27 peptides were combined with 19 predicted proteases that generated these peptide 

sequences. The same approach was performed for the 85 disease-affected peptides with the 32 

corresponding predicted proteases. The network illustrates each pathway as individual nodes, 

while edges between pathways denote an approximation of biological interaction between the 

pathways based on the cross-pathway feature overlap. The analysis using disease-unaffected 

peptides revealed 6 molecular pathways associated with ageing including degradation of the 

extracellular matrix (ECM), activation of matrix metalloproteinases, collagen degradation, 

assembly of collagen fibrils, trafficking and processing of endosomal Toll-like receptors 

(TLRs) and endosomal/vacuolar pathway being enriched. However the analysis using disease-

affected peptides, these six pathways were confirmed, and, in addition, degradation of insulin-

like growth (IGF) binding proteins was enriched in addition to the other 6 pathways (Figure 

4.5). 
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Figure 4.5: Molecular pathways associated with ageing. The network represents each pathway as 

individual octagonal node, while the circled nodes represent the predicted proteases that were targeted 

from the identified urinary peptides denoted in purple diamond nodes. The edges (links) between 

pathways denote an approximation of biological interaction between the pathways based on the cross-

pathway feature overlap. Legends for the diamond nodes with a suffix of "-C/N" represent the 

peptide's cleavage site; i.e. "-C" for C-terminus and "-N" for the N-terminus." 

4.5 Discussion 

The urinary proteome profiles of a unique cohort of 11560 individuals with an age ranging 

from 20 to 86 years were analysed with the aim of detecting specific ageing-associated 

urinary peptides and thus expand the current knowledge on the protein level and investigate 

the proteomic transition from normal ageing to age-related pathological complications. 

The most prominent finding of the study was that increased age is associated with a decrease 

in the urinary excretion of fragments from collagens forming the fibrillar structure of the 

ECM, including type I, II, III and V (20). This finding is consistent with a study reported by 

Zürbig et al. (2009) (3). While 49 fragments of mainly type I and type III collagen fragments 

were found to be significantly age-associated, only 15 of these peptides including fibrinogen 

chain and several collagen fragments of the Zürbig et al. study were sequenced and fulfilled 

the quality criteria of the current study. A decrease in type I and type III collagens was also 
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observed in a study evaluating the effect of ageing on skin in a Caucasian female population 

(21). Although the study cohort comprised only 218 healthy women between 33 and 77 years 

of age, findings may well be extrapolated to a male population. A decrease in fibrillar 

collagens observed in this study may result from several processes including but not limited to 

impaired collagen synthesis and/or impaired degradation causing aberrant ECM remodelling 

(22). However, while the urinary excretion of the majority of fibrillar collagen fragments 

identified in the current study decreased with age, we also observed an age-associated 

increase in the urinary excretion of a few specific fibrillar collagen fragments with increasing 

age, especially of type II and III. In regards to type II collagen, these findings may indicate on 

one hand tissue and organ-dependent differences in homeostasis since type II collagen is 

mainly present in cartilage (23) and on the other hand the increased likelihood to develop 

osteoarthritis with advanced age as it has been shown that urinary levels of type II collagen 

fragments increased with osteoarthritis (24). The increased excretion of some type III collagen 

fragments could be attributed to homeostasis as type III collagen plays an important role in 

type I fibrillogenesis and cardiovascular development (25). Furthermore, all collagen 

fragments containing oxidised methionine were positively correlated with age. This is a novel 

finding that indicates an accumulation of oxidative modifications associated with age, which 

may lead to increased degradation. Of note: the corresponding unmodified peptide showed a 

decrease in urinary abundance with age. These findings may potentially also reflect 

progressive loss of control of oxidative stress during advancing ageing (26). 

In addition to fibrillar collagens, the excretion of peptides from basement membrane collagens 

including type IV collagen alpha-1 (COL4A1) and alpha-3 (COL4A3) chains was also found 

to be altered. The excretion of a COL4A1-derived peptide was decreased and that of a peptide 

derived from COL4A3 was increased in advanced age. These findings are in agreement with 

the literature since COL4A1 was commonly found in the glomerular basement membrane of 

younger individuals whereas COL4A3 appears to be more common in adult individuals (27). 

Increased urinary excretion of type IV collagen has furthermore been associated with renal 

dysfunction in patients with type 2 diabetes mellitus (28). Hence, alterations of the basement 

membrane, readily observed in urine, are an important molecular event observed in ageing 

and renal impairment. 

Of the non-collagenous peptides associated to ageing, fragments of uromodulin, beta-2-

microglobulin and fibrinogen alpha and beta chains were most prevalent. The urinary 

excretion of most of these peptides showed a positive correlation with age. Fibrinogen, a 

glycoprotein involved in inflammation, and uromodulin, a kidney-specific protein, were 
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shown to participate in renal fibrosis (29,30). The protein beta-2-microglobulin (B2M) is 

expressed in all nucleated cells and part of the light chain subunit of the major 

histocompatibility complex class I molecules (31). Plasma and serum elevations of B2M were 

found to be associated with a plethora of pathological conditions including renal diseases (32) 

and cardiovascular diseases (33). These peptides, that are in many cases also significantly 

associated with CKD (34), may reflect the reduction in kidney function observed in ageing 

(35). 

The comparison of age correlation coefficients between healthy and diseased individuals 

enabled us to distinguish between disease-unaffected peptides reflecting processes of normal 

or healthy ageing and disease-affected peptides indicating events of pathological ageing. A 

correlation analysis in the diseased subgroups revealed greater similarity in age-correlated 

peptide excretions in urine between normal ageing and CKD compared to CVD and DM. This 

may indicate that urine does reflect the “status” of the kidney to a large degree (36). Potential 

similarities in molecular alterations were suggested by decreases in excreted fibrillar collagen 

fragments, which is often indicative of alterations in the ECM turnover in the diseased kidney 

eventually resulting in fibrosis (37). Furthermore, the protease analysis revealed a greater 

influence of CKD on age compared to CVD and DM. Our findings show that fibrosis 

developing in advanced age and CKD are similar whereas the similarity is less pronounced 

with fibrosis developing in CVD and DM. 

A pathway enrichment analysis incorporating the 112 identified peptides and 32 predicted 

proteases suggested molecular pathways that are affected in normal and pathological ageing. 

Processes affected in normal ageing included perturbations in the collagen homeostasis, 

trafficking of toll-like receptors (TLRs) and endosomal pathways. As expected based on the 

abundance of collagen fragments, most of the molecular pathways found to be affected during 

ageing were involved in collagen homeostasis. Findings suggested accumulation of ECM or 

formation of fibrosis during ageing caused by a decrease in ECM degradation and an increase 

formation of collagen fibrils. These events result in a decrease of collagen fragments in the 

urine. Fibrosis is observed in renal ageing progressively degrading kidney function which 

potentially results in CKD (37). Fibrosis in the heart can cause ventricular stiffening and 

impairment of heart function leading to cardiovascular diseases (38). The enrichment analysis 

also indicated an impaired processing and trafficking of TLRs based-on the predicted negative 

age-correlation of the activities of cathepsin K, L1 and S. TLRs recognise molecular patterns 

that are broadly shared by pathogens and are essential for innate immune response by 

releasing cytokines and chemokines (39). It was reported that cleavage of TLRs by cathepsins 
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is crucial for the activation of TLRs signalling (40). Therefore, attenuated cleavage of TLRs 

can contribute to perturbations in immunity in advanced age. Furthermore, cathepsins are 

endosomal proteases participating in diverse cellular processes including apoptosis, 

autophagy and necrosis (41). Hence perturbations of the endosomal pathway should be more 

investigated in ageing. 

Besides, the pathway analysis also enabled the identification of processes affected in 

pathological ageing. In addition to the molecular mechanisms affected in normal ageing, 

pathway enrichment analysis suggested an elevated degradation of insulin-like growth factor 

(IGF)-binding proteins (IGFBPs). The increased degradation of IGFBPs was predicted based 

on the activities of plasmin, thrombin and matrix metalloproteinase-12. Interactions between 

IGFBPs and IGFs generally have inhibitory effects on IGF-dependent signalling pathways 

potentially leading to augmented oxidative stress and inhibition of cellular proliferation, 

cellular differentiation and apoptosis (42,43). Interactions observed between ECM proteins, 

proteases including plasmin and thrombin (44) and IGFBPs contribute to the regulation of the 

bioavailability of IGFs (43). Furthermore, increase in IGFBPs have been reported in patients 

with severe kidney failure (45) suggesting the involvement of the IGF pathway in pathology. 

IGF-1 has indeed been showed to decrease during ageing (46). Thus, the activation of IGFBPs 

may be an important molecular event in ageing and further investigations are well justified to 

elucidate interactions between IGFBPs, plamin, thrombin and the ECM. 

In conclusion, urinary proteome analysis enabled the detection of ageing-associated peptides 

thereby generating considerable information about molecular pathways associated with 

normal ageing and pathological ageing. Perturbations in collagen homeostasis and trafficking 

of TLRs and endosomal pathways were generally observed in both normal and pathological 

ageing. However, increased degradation of the IGFBPs was additionally identified for the first 

time in ageing using urine samples. Besides, the comparison of urinary proteome profiles 

between healthy individuals and several diseased individuals revealed that protein fragments 

excreted in urine better depict similarities between normal ageing and CKD than CVD and 

DM. Findings demonstrated that with the help of appropriate technologies, urine can be used 

as a powerful biological fluid in ageing research. 
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5 Are mouse models suitable to study human ageing? 

5.1 Abstract 

Ageing is a complex process characterised by a systemic and progressive deterioration of 

biological functions. As ageing is associated with an increased prevalence of age-related 

chronic conditions, understanding molecular mechanisms involved in ageing can pave a way 

for therapeutic interventions and managing complications. Animal models like mice are 

commonly used in ageing research as they have a shorter lifespan in comparison to humans 

and are also genetically close to humans. To assess the translatability of mouse ageing to 

human ageing, the urinary proteome in 89 wild-type (C57/BL6) mice aged between 8-96 

weeks was investigated using electrophoresis coupled to mass spectrometry (CE-MS). Using 

age as a continuous variable, 163 peptides significantly correlated with age in mice were 

identified. To investigate the relevance of using mouse models in human ageing studies, a 

comparison was performed with a previous correlation analysis using 1227 healthy subjects. 

In mice and humans, a decreased urinary excretion of fibrillar collagens and increased of 

uromodulin fragments was observed with advanced age. Of the 163 peptides correlating with 

age, 54 peptides had a strong homology to human ageing. These ortholog peptides including 

several collagen fragments (N= 48) and uromodulin (N= 6) were used to generate an ageing 

classifier that was able to discriminate the age among both wild-type mice and healthy 

subjects. Additionally, the ageing classifier depicted that telomerase knock-out mice were 

older than their chronological age. Hence, with a focus on ortholog peptides mouse ageing 

can be translated to human ageing.  

5.2 Introduction 

Throughout time, an ensemble of molecular and cellular insults accumulate and lead to ageing 

(1). Ageing is therefore a complex process characterised by a systemic and progressive 

deterioration of biological functions, leading to impaired tissue function thus increasing the 

susceptibility of death. The burden caused by age-related diseases is prominent and prone to 

increase over the years. As life expectancy increases, improving health in the elderly 

population will be pivotal in dealing with subsequent enormous socio-economic challenges as 

a consequence of increased life expectancy (2). Hence, the urgency to develop intervention 

strategies that will improve management of co-morbidities associated with ageing. 

Management of complications associated with ageing can firstly be accomplished by 

understanding molecular mechanisms associated with normal ageing. 
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Understanding molecular mechanisms of ageing can be achieved by identifying ageing 

biomarkers. However, in ageing research, human studies are rare due to limiting factors 

mainly pertaining to the challenge in obtaining tissue samples from apparently healthy 

subjects (3). As a result, animal models, for the majority mouse models, have mostly been 

used due to obvious factors including shorter life span and the easiness in obtaining samples 

in comparison to human. A major concern of using animal models is the ability to translate 

results to human (4).  

In the present study our aim was to investigate if findings in ageing research using mouse 

models can be translated to humans using urinary proteome. The use of urinary proteome 

analysis allows obtaining in a non-invasive manner information on ageing as we have shown 

in a number of studies including healthy individuals (5,6). Comparison of human and mouse 

age-related urinary proteomes should allow obtaining unique insight in the translatability of 

mouse models of ageing. 

5.3 Materials and methods 

5.3.1 Mice 

Mice urine samples were obtained from wild-type C57/BL6 strains (N= 89). Thirty-nine mice 

samples obtained from respectively 4 weeks (N= 13), 48 weeks (N= 13) and 84 weeks (N= 

13) old mice were from the Albert-Ludwigs-University Freiburg (Freiburg, Germany). Forty-

five mice samples obtained from respectively 12 weeks (N= 15), 48 weeks (N= 15) and 96 

weeks (N= 15) old mice were additionally provided by the group at INSERM (Toulouse, 

France). Additionally, 61 weeks old wild-type mice (N=5) and telomerase knock out mice 

samples (N= 5) were provided by the animal facility at the Leibniz Institute for Age Research 

(Jena, Germany). 

5.3.2 Humans  

To compare mouse ageing with human ageing, we have used the 1227 healthy subjects 

previously described in a human ageing study (5). For the definition and validation of an 

ageing support vector machine (SVM) classifier (see results), a training set was established by 

randomly selecting young and old healthy subjects within the big cohort. Young healthy 

subjects were between 20-39 years (N=25) whereas old ones were between 60 years and over 

(N=25). An independent test set was also randomly selected to validate the classifier and it 

comprised young (20-39; N=20), mature (40-59; N=20) and old healthy subjects (60 and over; 

N=20) (Table 5.1). 
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Table 5.1.: Patient characteristics 

 Cohort summary Selected cohort 

  Training set Test set 

Number of patients 

(N) 

1227 50 60 

Age (years) 38.6 ± 12.4 49.6 ± 20.2 48.7 ± 16.7 

Sex (Male/Female) 623/604 28/22 41/19 

 

5.3.3 Sample preparation and capillary electrophoresis coupled to mass 

spectrometry analysis  

The proteomic analysis for human urine samples has already been published (5). For mouse 

proteomic analysis, a 150 μl aliquot of mice urine was thawed immediately before use and 

diluted with 150 μl of 2 M urea, 10 mM NH4OH containing 0.02% SDS. To remove higher 

molecular mass proteins, such as albumin and immunoglobulin G, the sample was ultra-

filtered using Centrisart ultracentrifugation filter devices (20 kDa MWCO; Sartorius, 

Goettingen, Germany) until filtrate was obtained. This filtrate was then applied onto a PD-10 

desalting column (GE Healthcare, Uppsala, Sweden) equilibrated in 0.01% NH4OH in HPLC-

grade in H2O (Roth, Germany) to decrease matrix effects by removing urea, electrolytes, salts, 

and to enrich polypeptides present. Finally, all samples were lyophilised, stored at 4°C, and 

suspended in HPLC-grade H2O shortly before capillary electrophoresis coupled to mass 

spectrometry (CE-MS) analyses, as described (7). 

CE-MS analyses were performed using a P/ACE MDQ capillary electrophoresis system 

(Beckman Coulter, Fullerton, USA) on-line coupled to a microTOF MS (Bruker Daltonics, 

Bremen, Germany) as described previously (7,8). The ESI sprayer (Agilent Technologies, 

Palo Alto, CA, USA) was grounded, and the ion spray interface potential was set between –4 

and –4.5 kV. Data acquisition and MS acquisition methods were automatically controlled by 

the CE via contact-close-relays. Spectra were accumulated every 3 s, over a range of m/z 350 

to 3000. Accuracy, precision, selectivity, sensitivity, reproducibility, and stability of the CE-

MS measurements were demonstrated elsewhere (7). 

5.3.4 Peptide sequencing 

For sequencing, processed urine samples were separated on a Dionex Ultimate 3000 RSLS 

nano flow system (Dionex, Camberly UK). A 5 ml sample was loaded onto a Dionex 5 mm 
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C18 nano trap column at a flow rate of 5 ml/min. Elution was performed on an Acclaim 

PepMap 75 mm C18 nano column over 100 min. The sample was ionised in positive ion 

mode using a Proxeon nano spray ESI source (Thermo, Fisher Hemel UK) and analysed in an 

Orbitrap Velos FTMS (Thermo Finnigan, Bremen, Germany). The MS was operated in data-

dependent mode to switch between MS and MS/MS acquisition and parent ions were 

fragmented by (high-) energy collision-induced dissociation and also electron transfer 

dissociation. Data files were searched against Mus musculus entries in the Swiss-Prot 

database without any enzyme specificity using Open Mass Spectrometry Search Algorithm 

(OMSSA, http://pubchem.ncbi.nlm.nih.gov/omssa) with an e-value cut-off of 0.1. No fixed 

modification and oxidation of methionine as variable modifications were selected. Mass error 

windows of 10 ppm for MS and 0.05 Da (HCD; high resolution) or 0.5 Da (CID, ETD; low 

resolution) for MS/MS were allowed. For further validation of obtained peptide 

identifications, the strict correlation between peptide charge at pH 2 and CE-migration time 

was utilised to minimize false-positive identification rates (9). Calculated CE migration time 

of the sequence candidate based on its peptide sequence (number of basic amino acids) was 

compared to the experimental migration time. Peptides were accepted only if they had a mass 

deviation below ± 80 ppm and a CE-migration time deviations below ± 2 min. Only 

sequenced peptides were considered for further investigation. 

5.3.5 Data processing 

Mass spectral peaks representing identical molecules at different charge states were 

deconvoluted into single masses using MosaiquesVisu software (10). Only signals with z>1 

observed in a minimum of three consecutive spectra with a signal-to-noise ratio of at least 

four were considered. CE-MS data were calibrated using 150 reference mass data points and 

452 reference migration time data points by locally weighted regression. For normalisation of 

analytical and urine dilution variances, signal intensities were normalised relative to 41 

‘‘housekeeping’’ peptides (11). The obtained peak lists characterise each polypeptide by its 

molecular mass [Da], normalised CE migration time [min] and normalised signal intensity. 

All detected peptides were deposited, matched, and annotated in a Microsoft SQL database 

allowing further statistical analysis (12). For clustering, peptides in different samples were 

considered identical if mass deviation was <50 ppm for small (<4,000 Da) or 75 ppm for 

larger peptides. Acceptable migration time deviation was, < ± 1 minutes for 19 min, gradually 

increasing to, < ± 2.5 min at 50 min. 
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5.3.6 Correlation analysis and development of a high dimensional classifier 

As peptide profiles across the samples were not normally distributed, a correlation analysis 

was performed for peptide discovery using the non-parametric Spearman’s rank coefficient to 

estimate the correlation of individual peptides using age as a continuous variable. All peptides 

present in the full cohort were included in the correlation analysis since a frequency threshold 

was not set. The statistical significance was assumed at p-value less than 0.05. The p-value 

was adjusted by applying Benjamini-Hochberg (13). The analysis was performed using 

proprietary software (R-based statistic software, version 2.15.3) and verified with MedCalc 

version 8.2.1.0 (MedCalc Software, Mariakerke, Belgium). MosaCluster (version 1.7.0) was 

used to build a classifier based on support vector machine (SVM) that allows the 

classification of samples in the high dimensional data space (14,15). MosaCluster calculated 

classification scores based on the amplitudes of the ageing peptides. Classification is 

performed by determining the Euclidian distance (defined as the SVM classification score) of 

the vector to a maximal margin hyperplane. The SVM-classifier uses the log transformed 

intensities of x features (peptides) as coordinates in a x-dimensional space. It then builds a x-1 

dimensional hyperplane that spans this space by performing a quadratic programming 

optimisation of a Lagrangian using the training labels only while allowing for samples to lie 

on the wrong side of the plane. For such mistakes in classification the SVM introduces a cost 

parameter C. Because non separable problems in low dimensions may be separable in higher 

dimensions the SVM uses the so called Kernel-trick to transform the samples to a higher 

dimensional space. MosaCluster uses the standard radial basis functions as kernel. These 

functions are just Gaussians with the parameter gamma controlling their width. The optimal 

parameters C and gamma are found via e.g. leave one out cross validation error estimation. 

There are generally implemented in SVMs in all popular data mining software, particularly 

the kernlab cran contributed R package is a versatile tool for building SVM based-classifiers 

(16). After identification of significant biomarkers and generation of different classifiers, they 

were assessed in a test set or a validation set to check their performance. 

5.3.7 Orthology 

To examine orthology between age-correlated mouse peptides and human peptides three 

criteria were considered. We first looked for identical fragments, for peptides from the same 

protein area with a minimum overlap of half of the amino acids in both species and peptide 

sequences with one amino acid gap were also considered. 
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5.4 Results 

5.4.1 Identification of age-correlated peptides in mice 

To identify peptides associated with ageing, the urinary proteome profiles of a cohort of 89 

C57/BL6 wild-type mice were analysed by CE-MS. A correlation analysis of individual 

peptides with age was performed using age as a continuous variable and 163 peptides were 

significantly correlated with age (p≤ 0.05) (Table S5.1). The majority of the peptides (44%) 

associated to mouse ageing were fragments of different collagen proteins, similarly to what 

observed in human ageing (5,6). Additionally, some age-correlated peptides were specific for 

mice including kidney androgen-regulated protein and major urinary protein (Table S5.1). 

Non collagen peptides were predominantly positively correlated with age and included 

fragments of kidney androgen-regulated protein, pro-epidermal growth factor, alpha-1-

antitrypsin, major urinary protein, meprin A subunit alpha, complement factor D, uromodulin 

and serine protease inhibitor A3K whereas collagen fragments were predominantly negatively 

correlated with age and included collagen alpha-1(I) chain, collagen alpha-1(III) chain and 

collagen alpha-2(I) chain (Table S5.1). The two most strongly negatively age-correlated 

peptides were two type I collagen fragments (ρ= -0.739, p<0.0001 and ρ= -0.680, p<0.0001 

Table S5.1) whereas the two most strongly positively correlated peptides were two kidney 

androgen-regulated protein fragments (respectively, ρ= 0.717, p<0.0001 and ρ= 0.709, 

p<0.0001 respectively Table S5.1).  

5.4.2 Identification of age-correlated peptides in healthy human subjects 

We have recently identified urinary peptides related to human ageing (5). Briefly, the urinary 

peptidome of 1227 healthy individuals between (20-86 years old) was analysed and identified 

peptides were correlated with age. A total of 116 peptides predominantly including different 

collagen fragments (72%) were found to be associated to apparent healthy human ageing (5). 

Collagen fragments were predominantly negatively correlated and comprised mainly collagen 

alpha-1(I) chain, collagen alpha-1(III) chain, and collagen alpha-2(I) chain whereas non 

collagen fragments were predominantly positively correlated and comprised for example 

fibrinogen fragments and uromodulin. 

5.4.3 Assessment of urinary peptidome similarity in ageing wild-type mice and 

humans: individual peptides.  

Since collagen fragments were observed to be associated to both mouse and human ageing 

and represented the majority of the peptides, they were further used to evaluate the similarity 
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between mouse and human ageing based on orthology analysis. 54 unique sequences in mice 

showed homology to 40 unique sequences in humans, although 1 peptide in mice could have 

several corresponding ortholog peptides in humans and vice versa (Table S5.2). Orthologous 

sequences included collagen alpha-1(I) chain, collagen alpha-1(III) chain, collagen alpha-2(I) 

chain and uromodulin. Out of the homologous sequences, a 100% homology was detected 

with 13 human peptides. These peptides included predominantly collagen-alpha-1(I) chain 

(n=11) (Figure 5.1) and collagen alpha-2(I) chain (n=1) (Table S5.2). The majority of 

ortholog peptides showed similar regulation in the correlation except for few collagen-alpha-

1(I) chain peptides (Table S5.2). In addition to the strong orthology observed in different 

collagen fragments, 1 fragment of uromodulin was also similar in mice and humans (Table 

S5.2). Overall, of the 163 peptides associated to mouse ageing, 54 displayed similarity with 

urinary peptides of human ageing. 

 

Figure 5.1: Comparison of orthology in collagen alpha-1(I) chain in mouse and human. 
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Using urinary peptidomics, common molecular mechanisms were identified during human 

and mouse ageing. In both species, decreased in collagen fragments and increased in 

uromodulin peptides were identified as key molecular changes observed during ageing. These 

ortholog peptides which predominantly included collagens fragments were successfully able 

to discriminate among different age groups in both human and mouse cohorts. These findings 

not only highlight the translatability from mice to humans but specifically point out that this 

translatability is mostly attributed to collagens. Thus, findings highlight the key role of 

collagens in human and mouse ageing processes. 

Indeed, the pivotal role of collagens in ageing has previously been shown (3,5,6). However, 

the strong homology in mouse and human collagens in ageing via investigation of the urinary 

proteome has not been shown before. The translatability between humans and mice collagens 

suggests that mice can be used to assess anti-ageing interventions targeting collagens (17) in 

humans. As a disturbance in the collagen homeostasis is associated with several chronic age-

related conditions including cancers (18), chronic kidney diseases (CKD) (19) and 

cardiovascular diseases (20), mice can also be used to develop therapeutic interventions for 

humans against these age-associated pathologies. 

Furthermore, the identification of age-correlated ortholog peptides enabled to gain more 

insights into molecular mechanisms involved during human and mouse ageing. In humans, 

ageing was characterised by the decreased of fibrillary collagen fragments especially collagen 

alpha-1(I) chain, collagen alpha-1(III) chain and collagen alpha-2(I) chain. The reduction in 

collagen type I and type III synthesis has previously been associated to skin ageing (21) and 

to systemic ageing (5,6). Indeed, a reduction in collagen synthesis may indicate a perturbation 

in the extracellular matrix (ECM) remodelling. The ECM is ubiquitous in the organism and 

plays a pivotal role in tissue elasticity and integrity (22). Perturbations of the ECM have been 

associated with several pathologies (22). For instance, perturbations in the ECM have been 

shown to cause fibrosis; a condition characterised by an abnormal accumulation of ECM 

components. Fibrosis has been associated with renal diseases, cardiovascular diseases and 

cancers (23). Hence in humans, ageing is characterised by a perturbation in collagen 

homeostasis which can lead to fibrosis formation followed by a myriad of age-related 

complications. 

In mice, the urinary excretion of most of the fibrillar type I and III collagen fragments 

representing the majority of collagenous peptides decreased with increasing age. Decreased in 

urinary fibrillar collagens observed during ageing could indicate increase cross-liking and 

subsequently increase collagen biosynthesis and decreased activity of matrix 
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metalloproteinases and other collagen degrading enzymes (24). In a recent study, a mouse 

model developing resistance to type I collagenase activity (Col1a1r/r) was demonstrated to 

promote premature ageing (25). The Col1a1r/r mice were shown to have shortened lifespan in 

comparison to WT mice and they developed hypertension caused by aortic stiffness. 

Interestingly, collagenase-resistant collagen was reported to promote premature ageing by 

inducing senescence in vascular smooth muscle cells due to inadequate communication with 

αvβ3 integrin (25). Moreover, a type III collagen-deficient mice were generated to assess the 

bladder function (26). It was shown that deficiency in type III collagen fragment caused 

reduced tension or elasticity subsequently resulting in impair bladder contraction and 

development (26). In humans, resistance in collagen degradation by collagenases has been 

previously shown to predict the chronological age using diaphragm tissues obtained from 

biopsies (27). In addition to collagen fragments, uromodulin was shown to increase with age. 

Uromodulin is a protein exclusively produced in the kidney and the most abundant protein in 

urine. Its biological function still remains unknown however; deregulation in the synthesis has 

been reported to be associated with hypertension and chronic kidney diseases (28).  

Besides, ageing classifiers were established based on ortholog peptides and these classifiers 

were successfully able to discriminate the age in both humans and wild-type mice. Hence, 

these findings demonstrate the translatability of mouse ageing in human. Furthermore, the 

mouse ageing classifier ACM54 was able to discriminate the age in wild-type mice and also 

the internal age in telomerase knock-out (Terc-/-) mouse models characterised by a short 

lifespan. The ACM54 revealed a discrepancy between the chronological age of Terc-/- and 

their internal age as the 61 weeks old Terc-/- mouse models had a higher scores compared to 

96 weeks WT mice. Though the comparison was not significant probably due to low sample 

size, findings revealed that urinary peptidomics can be used as a tool to assess the internal age. 

Being able to assess the internal age in humans will open doors to improved both diagnostic 

and therapeutic interventions of age-related diseases (29). 

In conclusion, we have demonstrated that mice can be good models to study human ageing. 

One major advantage of using urinary peptidomics to study ageing is the ability to obtain a 

readout representative of human ageing using mouse models. Hence, mouse models can serve 

as readout of interventions in the management ageing-associated complications towards 

humans. 
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Figure 3.4: Correlation analysis of a combined proteomics and metabolomics based classifier with 

baseline or follow-up eGFR. A. Classifier Pept_MetaboP (urinary peptides and plasma metabolites) 

with baseline eGFR ρ= -0.7833 and p< 0.0001. B. Classifier Pept_MetaboP with follow-up eGFR ρ= -

0.8061 and p< 0.0001. 

 

In conclusion, findings showed that urinary proteome analysis is a powerful tool for 

evaluating CKD and can therefore be used in further ageing studies. 

6.2 Publication 2: Identification of ageing-associated naturally occurring 

peptides in human urine 

The urine proteome in a unique cohort of 11560 individuals was investigated using CE-MS to 

identify age-related naturally occurring peptides. The cohort was divided into two groups 

including the healthy group (N= 1227) with no known pathological conditions and the 

diseased group (N= 10333) with diverse pathological conditions including cardiovascular and 

renal diseases and diabetes mellitus. A correlation analysis in the healthy group enabled to 

identify 116 peptides primarily representing several collagen, fibrinogen and uromodulin 

fragments. Out of these 116 peptides, 112 peptides were also confirmed in the diseased group 

after identifying age-related peptides via correlation analysis in the diseased group. 

Furthermore, a statistical comparison of the correlation coefficients in the 112 peptides in 

both healthy and diseased groups enabled the arrangement of peptides in two categories 

including the disease-unaffected peptides and the disease-affected peptides. The disease-

unaffected category included peptides defined by a non-significant p-value in the comparison 

of correlation analyses between healthy and diseased groups whereas disease-affected 

peptides had a significant p-value. Disease-unaffected peptides therefore included peptides 

involved in normal ageing whereas disease-affected peptides described pathological ageing. 

These two categories were different and this difference was highlighted by the dissimilar 

peptide distribution (Figure 4.3). 
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Figure 4.3: Comparison of age-correlated peptides identified in the healthy and diseased groups. A. 

Disease-unaffected peptides. B. Disease-affected peptides 

This difference between disease-unaffected and disease affected peptides was further 

investigated by predicting proteases responsible for the generation of these peptides. A total 

of 32 proteases were predicted to be significantly associated with age. These proteases 

included matrix metalloproteinases and cathepsins. 

Finally all age-related peptides together with their associated proteases were combined in a 

systems biology approach to identify molecular pathways between disease-unaffected and 

diseased-affected peptides. Findings revealed perturbations in collagen homeostasis and 

trafficking of toll-like receptors and endosomal pathways to be common in both disease-

unaffected and disease-affected categories (Figure 4.5). However, the degradation of the 

insulin-like growth factor binding proteins pathway was uniquely identified in the disease-

affected category (Figure 4.5). 
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Figure 4.5: Molecular pathways associated with ageing. The network represents each pathway as 

individual octagonal node, while the circled nodes represent the predicted proteases that were targeted 

from the identified urinary peptides denoted in purple diamond nodes. The edges (links) between 

pathways denote an approximation of biological interaction between the pathways based on the cross-

pathway feature overlap. Legends for the diamond nodes with a suffix of "-C/N" represent the 

peptide's cleavage site; i.e. "-C" for C-terminus and "-N" for the N-terminus." 

 

In conclusion, age-related naturally occurring peptides were identified and molecular 

processes highlighting normal ageing and pathological ageing were identified. 

 

6.3 Publication 3: Are mouse models suitable to study human ageing? 

The translatability of mouse ageing to human ageing was investigated using urinary proteome 

analysis. The urinary proteome in 89 wild-type (C57/BL6) mice aged between 8-96 weeks 

was analysed using CE-MS. Using age as a continuous variable, a correlation analysis was 

performed with age and 163 significantly age-correlated peptides in mice were identified 

(Table S5.1). The peptides predominantly included several collagen uromodulin fragments 

and other mouse-specific peptides. An orthology analysis was conducted comparing the 163 

age-correlated peptides identified in mice with the 116 age-correlated peptides identified in 
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the 1227 healthy subjects used from the previous human ageing study. 54 unique peptides 

including collagen alpha-1(I) chain, collagen alpha-1(III) chain, collagen alpha-2(I) chain and 

uromodulin (Table S5.2) in mice showed homology to 40 unique sequences in humans. Out of 

the homologous sequences, a 100% homology was detected with 13 human peptides. These 

peptides included predominantly collagen alpha-1(I) chain (n=11) (Figure 5.1).  

 

Figure 5.1: Comparison of orthology in collagen alpha-1(I) chain in mouse and human 

 

To further investigate whether the mouse urinary peptides were representative of human 

ageing we developed multidimensional models based on the ortholog peptides and scored 

mice and human age using these models based on the hypothesis that correct age 

classification by these ortholog peptides in both mice and humans validates the translatability 

of the mouse peptides. Thus, an ageing classifier called ACM54 (ageing classifier in mouse 

54) was developed and validated using the ortholog age-correlated peptides (N= 54) in mice 

using a training cohort of wild-type mice (N= 39) and a test cohort of wild-type including 

young (12 weeks; N= 15), mature (48 weeks; N= 15) and old (96 weeks; N= 15) in a support 

vector machine (SVM)-based modelling. In this independent validation the ACM54 classifier 

was successfully able to discriminate between the different age groups (Figure 5.2). 
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Molecular mechanisms leading to ageing are still under investigation. The aim of this thesis 

was to identify age-related biomarkers in the hope to unravel additional molecular events 

associated with ageing. 

In a preliminary study, different “omics” approaches were investigated in chronic kidney 

disease (CKD) patients in order to select the appropriate method to study ageing. CKD is a 

leading public health problem and it generally comprises a heterogeneous group of diseases 

affecting kidney structure and function (1). Globally, the prevalence of CKD is over 10% 

widely affecting over 70 years old individuals (2). There are five different stages of CKD 

starting with a normal stage characterised by a normal renal function and a final stage defined 

as end-stage renal disease (ESRD) characterised by an irreversible loss of renal function (1). 

Finally, ESRD is usually followed by death except in the case of renal replacement therapies 

like transplantation or dialysis.  

The performance of proteomic and metabolomic techniques was compared in urine and 

plasma in the management of CKD to evaluate which of the approaches can be used in further 

ageing studies. In comparison to other “Omics” technologies, metabolomics is the study of 

metabolites. Metabolites are small molecules generated in metabolic reactions by the enzymes 

of the cell (3). As the metabolite patterns of a cell or an organism reflect gene expression, they 

can also be considered to closely reflect cellular functions in comparison to genes and 

proteins. However, due to chemical complexity, high variability of metabolites and lack of 

standardised protocols for metabolomic analyses, metabolomic patterns are less explored.  

Findings described herein demonstrated that urinary proteomics, urinary metabolomics and 

plasma metabolomics were both efficient technologies in the diagnosis and prediction of renal 

damage even though urinary proteomics showed a slightly better performance in the 

prediction analysis. Furthermore, there was no added value in the diagnosis and prognosis of 

CKD in combining urinary proteomics and plasma metabolomics. In conclusion, not only 

urine contains necessary information to investigate CKD but also urinary proteomics is as 

powerful as urinary and plasma metabolomics in the management of CKD. Urinary 

proteomics was therefore established as a powerful tool to investigate an age-related disease 

and by extrapolation also ageing. 

Since urinary proteomics was established as an appropriate technique, I then used it for 

further ageing studies. In a unique cohort of 11560 individuals, the proteome was investigated. 

Through this unique cohort, the comparison between molecular events occurring during 
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normal ageing and pathological ageing was for the first time investigated using urinary 

proteome analysis. Normal ageing would be defined here as the normal process of ageing 

where as pathological ageing would be ageing observed as a consequence of disease. 

Results depicted perturbations in collagen homeostasis and trafficking of toll-like receptors 

and endosomal pathways associated with both normal and pathological ageing. In addition, 

perturbation in the insulin-like growth (IGF) factor pathway was only observed in 

pathological ageing. 

Though alteration in collagen homeostasis was not mentioned as an important molecular 

event occurring during ageing the well-known review summarising the hallmarks of ageing 

(4), in the urine, it appears to be of value. Collagen homeostasis is crucial during the 

development and perturbations or alterations in collage homeostasis lead to several conditions 

including fibrosis, cancers and cardiovascular conditions (5). Moreover, identification of 

trafficking of toll-like receptors (TLRs) and endosomal pathways associated with ageing 

depict a perturbation in the immune system caused by ageing and specifically the concept of 

“inflamm-ageing”. It has been speculated that perturbations in TLRs pathway can cause 

imbalance in inflammation (6). Inflamm-ageing was recently proposed as a theory leading to 

ageing. It is believed to be the result of the accumulation of antigenic exposure throughout 

years causing inflammatory responses and eventually leading to tissue damage (7). 

Surprisingly, the IGF pathway was shown to be affected during ageing via urinary proteome 

analysis. The IGF pathway has been extensively studied in animal models including 

Caenorhabditis elegans and mammals (8) and to a less extent in humans. Being able to detect 

perturbations in the IGF pathway in urine highlight urine as a relevant biological fluid in the 

study of ageing when used in combination with appropriate tools. 

Finally, to investigate the translatability of mouse ageing to human ageing and achieve a 

wholesome picture on ageing, ageing biomarkers were also identified in wild-type mice and 

compared with ageing biomarkers in healthy humans. Ortholog peptides common in both 

mice and humans, depicted perturbations in collagen homeostasis as a key molecular change 

observed during ageing. Furthermore, ageing classifiers established on these ortholog peptides 

were able to discriminate the age in both wild-type mice and healthy subjects. Thus, 

suggesting that focussing on urinary peptides, mouse ageing can be translated to human 

ageing. Therefore, research can utilise mouse models for the evaluation of intervention 

strategies for the management of age-related complications in humans. 
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Esther Nkuipou Kenfack  

Proteome analysis for the identification of age-related/ageing biomarkers 

According to a recent report on ageing from the World Health Organization (WHO), the 

world’s population of individuals being 60 years of age and above will double to 22% 

between 2000 and 2050. This dramatic demographic shift increases the urgency to reduce 

incidents and improve management of age-related complications in the elderly and thus 

achieve a more healthy ageing.  

Ageing increases the risk of pathologic complications including cancers, cardiovascular, renal 

and neurological diseases. Besides the suffering of the affected individuals, the additional 

economic burden for the society caused by these complications due to the expected 

demographic shift will be challenging. Moreover, from a scientist’s point of view the 

pathological processes associated with these complications further increase the complexity of 

the molecular mechanisms associated with ageing, i.e. as it is difficult to distinguish some of 

the disease-related molecular mechanisms from the molecular mechanisms of normal ageing. 

It is thus obvious that more efforts should be taken to understand molecular pathways 

underlying normal ageing and disease-influenced pathological ageing. These may lead to new 

strategies for the management of the pathological complications of ageing.  

Before identifying ageing biomarkers, different state-of-the-art “omics” approaches were 

compared to assess which technique would be the most appropriate to be used in the course of 

the studies included in doctoral thesis. Comparing the performance of urinary proteomics with 

urinary and plasma metabolomics in diagnosis and prognosis of chronic kidney disease 

(CKD) revealed that diagnostic and prognostic classification through urinary peptide-based 

classifiers was advantageous. Hence, urinary proteomics analysis through capillary 

electrophoresis on-line coupled to mass spectrometry (CE-MS) was selected as the method to 

identify ageing biomarkers. 

First, ageing-associated peptide biomarkers were identified in a unique cohort of 11560 

subjects divided into groups comprising either healthy subjects (N= 1227) or diseased patients 

(N= 10333). In healthy individuals 116 peptides were identified by correlation with the age of 

the individuals. Out of the 116 peptides, 112 peptides were also confirmed in patients. These 

peptides included fragments of collagens, fibrinogen and uromodulin. A in silico protease 

analysis in turn predicted that 32 proteases including matrix metalloproteinases and cathepsins 
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are associated with ageing. In a systems biology-based approach combining identified 

peptides with associated proteases, molecular mechanisms associated with normal and 

pathological ageing were identified for the first time. Thereby perturbations in collagen 

homeostasis, toll-like receptor trafficking and endosomal pathways were recognised as being 

disease independent. Contrarily alterations in the degradation of insulin-like growth factor-

binding proteins were unique for pathological ageing. 

After identifying these ageing peptide biomarkers in humans, the final step of this work was 

aiming at comparing the translatability between mouse ageing and human ageing. The lack of 

human ageing studies is mostly attributed to ethical issues (e.g. the inability to obtain tissue 

samples) and the difficulties in getting sufficient results of follow-up analysis based on the 

long lifespan. To overcome this obstacle, mouse models are commonly being used. However, 

it is not yet known whether conclusions from ageing studies conducted in mice can directly be 

utilised to improve our understanding of human ageing. Thus, conclusions from my studies on 

the urinary proteome of wild-type C57/BL6 mice 8 to 96 weeks of age were compared with 

conclusions from previous correlation analyses in 1227 healthy human subjects. In mice and 

humans urinary excretion of orthologous collagen fragments decreased with age while 

excretion of uromodulin fragments increased. These orthologous peptides were used to 

establish a mouse ageing classifier that was able to discriminate the age among wild-type 

mice and also in healthy human subjects. Hence, findings in mouse ageing proteomics can 

provide new insights to human ageing. Therefore, research can utilise mouse models for the 

evaluation of intervention strategies for the management of age-related complications in 

humans. 
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Esther Nkuipou Kenfack  

Proteomanalyse zur Identifizierung von altersbedingten / Alterungs Biomarkern 

Laut einem aktuellen Bericht der Weltgesundheitsorganisation (WHO) über Alterung wird 

sich der Anteil von Personen mit einem Alter von ≥ 60 Jahren an der Weltbevölkerung 

zwischen 2000 und 2050 auf 22% verdoppeln. Dieser dramatische demografische Wandel 

erhöht die Dringlichkeit, bei älteren Menschen das Auftreten altersbedingter Komplikationen 

zu verringern oder diese zumindest besser zu Behandeln und somit ein gesünderes Altern zu 

verwirklichen. 

Mit zunehmendem Alter erhöht sich das Risiko verschiedener pathologischer Komplikationen 

einschließlich Krebs, Herz-Kreislauf-, Nieren- und neurologischer Krankheiten. Zusätzlich 

zum Leiden der betroffenen Personen werden diese Komplikationen bei dem erwarteten 

demografischen Wandel auch eine große zusätzliche wirtschaftliche Belastung für die 

Gesellschaft darstellen. Aus wissenschaftlicher Sicht erhöhen die mit diesen Komplikationen 

einhergehenden pathologischen Prozesse darüber hinaus die Komplexität der mit Alterung 

verbundenen molekularen Mechanismen, insbesondere aufgrund Schwierigkeit einige der 

krankheitsbedingten molekularen Mechanismen von den molekularen Mechanismen der 

normalen Alterung zu unterscheiden. Es ist daher offensichtlich, dass weitere Anstrengungen 

unternommen werden müssen, um die molekularen Signalwege zu verstehen, die der 

normalen Alterung sowie der krankheitsbeinflussten pathologischen Alterung zugrunde liegen. 

Diese können zu neuen Strategien für die Behandlung der pathologischen Komplikationen der 

Alterung führen. 

Vor der eigentlichen Identifizierung von Alterungsbiomarkern wurden mehrere „Omics" 

Ansätze auf dem neuesten Stand der Technik verglichen, um zu beurteilen welche Technik 

am besten geeignet ist, im Zuge der weiteren Studien dieser Doktorarbeit verwendet zu 

werden. Der Vergleich der Leistung von Urinproteomanalyse mit der Harn- und Plasma 

Metabolomanalyse in der Diagnose und Prognose der chronischen Nierenerkrankung (CKD) 

ergab, dass die diagnostische und prognostische Klassifizierung durch 

Klassifizierungsalgorithmen, die auf Peptiden im Urin beruhten, im Vorteil war. Daher wurde 

die Urinproteomanalyse mittels an Kapillarelektrophorese gekoppelter Massenspektrometrie 

(CE-MS) als Methode zur Bestimmung von Alterungsbiomarkern ausgewählt. 
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Zur Bestimmung von alterungsassoziierten Peptidbiomarkern wurde zuerst eine einzigartige 

Kohorte von 11560 Probanden untersucht, die dazu in gesunde Probanden (N = 1227) und 

erkrankt Patienten (N = 10333) aufgeteilt wurde. Bei den gesunden Probanden wurden 116 

alterungsassoziierte Peptide mittels Korrelation mit Alter der Probanden identifiziert. Von 

diesen Peptiden wurden 112 Peptide auch in Patienten bestätigt. Zu diesen Peptiden gehörten 

Fragmente von Kollagenen, Fibrinogen und Uromodulin. Eine darauf folgende in silico 

Proteaseanalyse sagte vorher, dass 32 Proteasen einschließlich Matrixmetalloproteinasen und 

Cathepsine mit der Alterung assoziiert sind. In einem Systembiologie-basierten Ansatz, der 

identifizierte Peptide mit assoziierten Proteasen kombiniert, wurden dann erstmalig 

molekulare Mechanismen identifiziert, die mit normalem und pathologischen Altern 

verbunden sind. Dabei wurden Störungen der Kollagen Homöostase, im Transport von Toll-

like Rezeptoren und endosomalen Mechanismen als unabhängig von pathologischen 

Einflüssen erkannt, während Veränderungen im Abbau der Proteine die Insulin-ähnlichen 

Wachstumsfaktoren-Bindungsproteine nur bei  pathologischem Altern vorlagen.  

Nach der Identifizierung dieser Peptidbiomarker für die Alterung beim Menschen hatte der 

letzte Schritt dieser Arbeit das Ziel zu ermitteln, ob sich die Ergebnisse von Alterungsstudien 

in Mäusen auf die menschliche Alterung Übertragen lassen. Das Fehlen von menschlichen 

Alterungsstudien ist zumeist ethischer Angelegenheiten (wie z.B. der fehlenden 

Zugänglichkeit von Gewebeproben) und der Schwierigkeit hinreichende Resultate in 

Langzeitstudien zu erhalten zuzuschreiben. Um dieses Hindernis zu überwinden, werden 

Mausmodelle verwendet. Es ist jedoch zu wenig erforscht, ob sich Schlussfolgerungen aus 

Alterungsstudien an Mäusen direkt zur Verbesserung des Verständnisses menschlichen 

Alterns verwenden lassen. Daher verglich ich Schlussfolgerungen aus den Studien des 

Urinproteom von Wildtyp-C57 / BL6-Mäusen im Alter von 8 bis 96 Wochen mit den 

Schlussfolgerungen aus den Korrelationsanalysen in den 1227 gesunden Probanden. Die 

Ausscheidung von orthologen Kollagenfragmenten im Urin von Mäusen und Menschen nahm 

mit dem Alter ab, während sich die Ausscheidung von Uromodulinfragmenten erhöhte. Diese 

orthologen Peptide wurden verwendet, um einen Klassifikator für Mausalterung zu etablieren, 

der in der Lage war, das Alter sowohl bei Wildtyp-Mäusen als auch bei gesunden 

menschlichen Probanden zu unterscheiden. Daher können Ergebnisse der Proteomforschung 

bei Mäusen neue Erkenntnisse zur menschlichen Alterung liefern. Somit kann die Forschung 

Mausmodelle nutzen, um Interventionsstrategien für das Management von altersbedingten 

Komplikationen bei Menschen zu bewerten. 
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11 Supplementary data 
All supplementary data can be found in the CD inserted at the end of the PhD thesis. 


