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tract related-diseases, renal tract malformations are among the most representative disorders, at 

least in children. Indeed, renal tract malformations are categorized as congenital anomalies in 

the kidneys and urinary tract, like renal dysplasia, obstructive uropathy, and urinary tract 

malformations. This pathophysiology generally encompasses various diseases such as posterior 

urethral valve, ureteropelvic junction obstruction, or vesicoureteral reflux [2]. However, the 

majority of renal system diseases are linked to kidney-related conditions together with 

autoimmune diseases. Hence, kidney-related diseases can develop unexpectedly (acute) or over 

a long period (chronic). Acute kidney disease normally results in a kidney malfunction, which 

can also lead to a chronic kidney disease that results in the need for renal replacement therapy 

(RRT) [3]. Therefore, chronic kidney diseases (CKD) are serious conditions, being a growing 

problem in the world population and characterized as the most frequent kidney disease [3]. This 

disorder is very heterogeneous and can disturb kidney structure and function. Consequently, 

several studies have been developed in order to provide further insights about the 

pathophysiologic mechanisms behind the condition and potential therapeutic perspectives. 

As mentioned above, there are various renal diseases, but only CKD, and its hallmark – fibrosis 

– are discussed in further detail here. 

 

1.2.1. Chronic kidney disease 

 

CKD is a complex disorder, characterized by a gradual loss of kidney function [4]. CKD and 

its final stage, end-stage renal disease (ESRD), are a public health problem, with an incidence 

of approximately 13% in the population worldwide [3]. This heterogeneous disease affects the 

function and structure of the kidney and frequently coincides with other medical conditions 

such as diabetes, hypertension, cardiovascular disease (CVD), anaemia or bone disease [5]. 

Furthermore, CKD encompasses different backgrounds and aetiologies, such as diabetic 

nephropathy, IgA nephropathy, lupus nephritis, etc., but the treatments are currently 

characterized as non-specific therapeutic interventions [6]. Importantly, CKD, and ESRD in 

particular, may have a significant impact on the daily life of patients, because at present there 

is no effective cure for this late disease stage. In fact, therapeutic interventions are mostly 

restricted to RRT, requiring subsequent dialysis or kidney transplantation with life-long 

administration of immunosuppressive drugs [7, 8].  
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(30–300 mg/24 h), and macroalbuminuria (>300 mg/24 h). Microalbuminuria presently 

represents the current clinical standard for the prediction of CKD progression. In fact, although 

both clinical parameters are linked to kidney function decline they do not have a direct 

association with CKD pathophysiology, having a lack of specificity as well as being highly 

variable. Importantly, CKD is often asymptomatic in the early stages, and in the later stages, 

CKD symptoms are non-specific, remaining unrecognized in some cases [3]. Based on the 

limitations of both markers (eGFR and UAE), no early treatment for CKD – which would be 

more efficient and beneficial to patients – is possible. For these reasons, there is an urgent need 

for new early diagnostic and prognostic CKD biomarkers, potentially linked to the 

pathophysiology of CKD. 

 

1.2.2. Renal fibrosis 

 

Renal fibrosis is considered a common feature and a hallmark of CKD, affecting all kidney 

structures, regardless of the primary aetiology of CKD. This pathological process underlying 

CKD normally leads to ESRD [10, 11]. Fibrosis is defined by dysregulation of extracellular 

matrix (ECM) remodelling, i.e. the result of an imbalance between ECM synthesis and 

degradation [10, 12]. Therefore, renal fibrosis is related to an uncontrolled fibrogenesis process, 

altering the structure and normal homeostasis of the kidney [10, 13]. Affecting all kidney 

compartments, fibrosis can be differently classified as glomerulosclerosis in the glomeruli, 

tubulo-interstitial fibrosis where it alters the tubule-interstitium and arteriolosclerosis in the 

vasculature. Progressive tubulo-interstitial fibrosis is defined as a non-specific and evolutionary 

process, representing the most frequent pathologic and final feature of kidney diseases [10, 11]. 

Kidney biopsy is the gold standard of CKD diagnosis because it enables the assessment of the 

degree of renal fibrosis. In fact, it is the only clinical available method for monitoring renal 

fibrosis and is usually performed when patients already present with advanced symptoms of 

disease ( i.e. when the kidney display irreversible damage) [14, 15]. However, since it is an 

extremely invasive method, a kidney biopsy cannot be repeated multiple times. In addition, it 

is predisposed to sample error and consequently observer bias as well, so does not provide a 

comprehensive molecular insight into the mechanisms and biological processes (e.g. ECM 

remodelling) associated with CKD progression [16], even when modern computerized analysis 

of fibrosis is used.  
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1.3. Proteomic methods 

1.3.1. Definition of proteome  

 

Proteomics is categorized as one of the biggest challenges of the post-genomic era. It is an area 

of molecular biology involved in the identification, expression and characterization of proteins. 

These processes result in the term “proteome”, which is derived from the fusion of “protein” 

and “genome” concepts. Thus, it represents the total set of proteins encoded in the genome of 

a specific cell and/or organism. The proteome encompasses the sequence, structure and 

localization of a unique protein, as well as post-translational modifications along with 

interaction between proteins [17]. A chain of amino acids linked by an amide bond, along with 

a specific folding may result into a specific structure and activity, usually characterizing and 

determining a protein. It has been suggested that a chain of 10 to 100 amino acids normally 

constitutes a polypeptide. An increasing length of an amino acid chain may lead to a protein, 

which are typically large biomolecules (macropeptides), characterized by a long chain of amino 

acid residues (over 100), encompassing at least a long polypeptide. However, in addition, a 

protein is characterized by a specific folding, which provides to the protein chain a 3-

dimensional structure [18, 19]. Indeed, proteins are the final product of gene expression, being 

a rich source of information. Proteomic analysis provides a better understanding of complex 

mechanism processes occurring within the mechanism, allowing characterization beyond the 

biological processes. Beside this, proteome analysis can be used to elucidate the physiological 

and pathological processes of the proteins, biological molecules which can play a central role 

in building and maintaining a living organism [20, 21].   

 

1.3.2. Bottom-up versus top-down approaches  

 

Because of the high chemical variability and solubility of the analytes, proteomic profiles 

usually involve complex analytical challenges. In general, proteomic analysis firstly depends 

on a separation of specific analytes according to their mass/charge ratio (m/z), which can be 

further determined by mass spectrometry (MS) [22, 23]. Therefore, proteomic analyses are 

commonly based on two different approaches: ‘bottom-up’ and ‘top-down’. The bottom-up 

proteomics approach is a mass spectrometric (MS)-related method for the identification and 

characterization of peptides acquired from protein digestion [20]. Normally, this crucial 

protocol step allows the cleavage of the proteins into shorter fragments (small peptides) by the 

use of a specific proteolytic enzyme (usually with trypsin) for protein identification [22, 23]. 
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Moreover, this method is accomplished initially through a proteolytic digestion of the proteins, 

followed by peptide fractionation along with peptide fragmentation in MS, and protein 

identification by database search algorithms [19]. The bottom-up proteomics approach has been 

increasingly applied, using different MS acquisition modes. Among these MS acquisition 

modes used in bottom-up proteomics field are: data-dependent acquisition (DDA) and data-

independent acquisition (DIA). DDA normally relies in the selection of a specific subset of 

peptide signals from the full-scan mass spectrum, which are further fragmented, and the 

resulting spectra can be assigned to a corresponding peptide in a database. On the other hand, 

DIA aims at obtaining all potential peptide signals within a defined m/z range, being all further 

subjected to a fragmentation. Therefore, DIA is the only acquisition method that can provide a 

theoretical coverage of the whole proteome, due to an accurate and extensive peptide 

quantification which can be accomplished, without the limitation of selection of peptide signals 

for fragmentation [20].  

On the other hand, top-down methods permit the identification of intact/naturally occurring 

peptides, without a prior proteolytic process. In other words, there is no cleavage “synthetic 

pattern”, the so-called peptide mass fingerprinting (PMF), performed during the sample 

preparation step [22, 23]. Capillary electrophoresis coupled to mass spectrometry (CE-MS) and 

liquid chromatography coupled to mass spectrometry (LC-MS) are among the commonly used 

top-down strategies [22]. Both techniques will be discussed in detail in following chapters. 

For these reasons, peptidomics relies on the investigation of the low molecular weight 

proteome, ranging from 0.5 to 20 kDa, also categorized as endogenous peptides [22]. Peptides 

are normally fragments of proteins characterized by a chain of acids connected by an amide 

bond which is formed when the carboxyl group of one amino acid becomes linked to the amino 

group of another amino acid [22, 24]. These native peptides are derived during the protein 

process and degradation of the proteins by endogenous proteases/peptidases activity. Therefore, 

several native peptides originate from inactive precursor proteins, which are further cleaved by 

proteases/peptidases. It is possible that post-translational modifications (PTMs) activate the 

peptides into biologically active forms [22, 25, 26]. In addition, endogenous peptides are 

usually soluble and because of their size (nanomolar or picomolar) do not require protein 

digestion before MS analysis [22].  
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1.3.3. Mass spectrometry 

 

Over the last decades, MS has become the predominant platform in which to investigate 

complex protein mixtures and generate high-throughput information. Hence, this technique has 

had a huge impact on molecular biology, as well as on clinical and medical research, allowing 

the identification of proteins that can play a role as biomarkers and/or drug-target-proteins of 

specific diseases [27-30]. The fundamental basis of the MS technique consists in the ionization 

of one or more molecules and subsequent detection and characterization of these ions. A mass 

spectrometer is normally composed of three functional units: an ion source, responsible for 

ionization and transfer of molecules into a gas phase, a mass analyzer that separates the ions 

according to a m/z, and a detector that captures and transforms the signal into electrical current, 

evaluating the number of ions and consequently the corresponding mass spectrum [28, 29]. 

Therefore, the analysis of a given sample follows certain steps, such as introduction of the 

sample, ionization of the molecules, their passage through a mass analyzer and detector, 

obtaining the mass spectrum [29].  

Over the years, different classical methods of ionization have been developed. Electrospray 

ionization and matrix-assisted laser desorption ionization (MALDI) are among the most 

commonly used methods [31]. MALDI is characterized by an energy transfer from a laser to 

the protein mixture via a matrix deposition [30, 32]. This platform has the advantages of an 

accurate sample preparation and crystallization to decrease signal suppression effects. On the 

other hand, electrospray ionization analytes are ionized through a high voltage field (1 to 6kV), 

allowing a generation of multiple ions. In contrast to MALDI, these ions are generated from a 

liquid phase. Subsequent to the ionization process, a mass determination is required [29, 33]. 

Different instruments such as time-of-flight (TOF), ion traps, Fourier transform ion cyclotron 

resonance, quadrupole, or orbitrap, capture the mass to charge ratio spectrum via detectors. The 

specific ions are separated and fragmented in the mass spectrometer [29]. The resulting spectra 

are usually interpreted using bioinformatic search engines such as Peaks DB, Mascot, and 

Sequest, which compare the experimentally obtained spectra with previously characterized and 

deposited spectra [34].  

At present, proteomics enables thousands of proteins and/or peptides to be resolved in one 

single run, showing that this approach is already well-established. 
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1.3.4. Liquid chromatography 

 

Liquid chromatography (LC) is one of the most prevalent techniques for protein separation, and 

is based on molecular mass, isoelectric point, hydrophobicity, or bio-specifity [35]. With LC-

MS the proteins are first separated by LC followed by detection using MS. LC encompasses 

various separation principles such as reversed phase chromatography, anion or cation exchange 

chromatography and others, accomplishing a high-resolution separation of different chemical 

but solvent soluble compounds. Due to the possibility of loading high amounts of sample, LC 

allows a powerful disjunction of large amounts of analytes in large sample volumes (5–50 µL) 

with high resolution [36]. In addition, separation time (and resolution) can be extended by 

applying a shallow gradient, enabling better coverage (increased number of peptide/protein 

identifications). Thus, high sensitivity and automation are some advantages of this proteomic 

method [29, 37]. On the other hand, LC is an expensive and time-intensive technique 

(separation time is approximately 120 min), and some compounds (e.g. salts or lipids) can affect 

sensitivity [29]. In other words, potential interactions of analytes with the column disable proper 

elution [38]. 

 

1.3.5. Capillary electrophoresis 

 

Capillary electrophoresis (CE) coupled with MS has been shown to be an important tool for 

biomarker discovery, validation, and clinical applications in the body fluids of several diseases 

[39, 40]. Here, the proteins are first unravelled by CE (migration time) followed by detection 

using MS. Specifically, the first step of the CE-MS analysis consists of the separation of the 

protein mixture based on the variances in electrophoretic mobility, being dependent on size and 

charge of the particle. Subsequently, peptides are detected using MS, allowing data processing, 

evaluation and storage (Figure 1.3). The CE analysis permits separation of analytes in a single 

step and with high resolution through buffer-filled capillaries flowing in an electrical field, in 

the range 300–500 V/cm [41]. In fact, CE analysis exhibits a constant flow and voltage. Besides, 

it is a robust platform, and compatible with several buffers and analytes, providing fast analysis 

(separates compounds from a complex mixture in one step – 45–60 minutes), being capable of 

characterizing 1000 to 4000 different peptides per sample, having a high peak resolution (based 

on migration time) and high sensitivity, and requiring low sample volume. It is also cost-

effective because of the price of capillaries compared to that for LC columns [42, 43].The main 

disadvantage of CE-MS is the use of constant flow where only a small sample volume (<1 µL 
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of sample) can be loaded onto a capillary. This can become a limitation irrespective of the high 

sensitivity of mass spectrometers [41]. The performance of CE-MS when compared with other 

technologies demonstrates superiority in the context of reproducibility and accuracy [44]. 

 

Figure 1.3 - Capillary electrophoresis-mass spectrometry workflow. After sample preparation, 

peptides are separated based on their size and charge by capillary electrophoresis. Subsequently, 

peptides are ionized and analysed in the mass spectrometer. A relative quantification of a 

peptide is determined, i.e. mass, CE-migration time, and relative peptide abundance are 

assessed along with further evaluation and match to a SQL database. Adapted from Krochmal 

et al. [26]. 

 

1.3.5.1. Data processing and evaluation 

 

The efficacy, accuracy and reproducibility of CE-MS analysis has been widely demonstrated 

in several studies. Most of these studies have been applied in body fluids, particularly in urine 

[22, 23]. The CE-MS platform enables the relative quantification on naturally occurring peptide 

fragments. There are several steps that comprise the data processing and evaluation related to 

CE-MS analysis [22]. Sample collection of body fluids can be considered a key step. Directly 

after sample collection, all the samples must be immediately frozen, due to proteases activity 
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(except urine, where most of the proteolytic processes are already finished). Indeed, this activity 

can influence the following methodology phases, and subsequently the number of identified 

peptides. In some degree, this may also be solved by the usage of a protease inhibitor. Therefore, 

after defrost and prior preparation, samples are usually treated with phenylmethylsulfonyl 

fluoride (PMSF), a serine protease inhibitor, which is frequently used in protein solubilisation, 

deactivating the endogenous proteases activity. In the case of sample preparation, an 

ultrafiltration process is performed for further CE-MS analysis. This step was included to avoid 

clocking of the capillary when analysing urine samples of patients with proteinuria (high 

concentration of large plasma proteins). Using the ultrafiltration via a 20 kDa molecular weight 

cut-off (MWCO) based protocol, the identification of peptides can be affected. However, the 

loss of peptides by binding to larger proteins (like albumin) may to a large degree also be 

prevented by the use of SDS during the preparation. Nevertheless, this method has 

demonstrated good reproducibility and highly comparable data, when applied for the analysis 

of different body fluids (urine and plasma) [37]. After sample preparation and CE-MS run, data 

are evaluated through proprietary software developed by Mosaiques Diagnostics GmbH. 

Firstly, the peptide signals are deconvoluted by MosaVisu software [45]. This software 

deconvolutes the mass spectral ion peaks representing similar molecules at different charge 

states into singles masses. Subsequently, molecular masses and CE-migration time (due to the 

differing salt content) require calibration together with a further normalization of peptide 

amplitude. The calibration of the molecular mass and the CE-migration time is performed by 

linear regression with masses and CE-times of common peptides in respective samples [42]. 

For peptide amplitude normalization, internal standard housekeeping peptides are used, which 

are normally present in 90% of all samples [46]. Afterwards, all detected peptides are deposited, 

matched, and annotated in a Microsoft SQL database, enabling digital data compilation. Using 

the database SQL, which contains all the clinical data and peptidome profiles of the respective 

samples analyzed by CE-MS, these samples can be divided into different groups (e.g. controls 

versus cases) [42]. This can allow the identification of significant peptides, which are 

differentially regulated in these groups. Thereafter, the significant peptides can be combined 

into a classifier via support vector machine (SVM) [41]. SVM is an algorithm that allows a 

separation of features using multiple independent parameters in a high-dimensional hyperplane. 
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1.3.6. Tandem mass spectrometry (peptide sequencing) 

 

As the last step in the peptidomic analysis, peptide sequencing is a crucial phase. For assessing 

to the sequence information, tandem MS (MS/MS) is performed. This is a technique to break 

specific precursor/parent ions into smaller fragments, usually termed product ions, by the usage 

of two mass analysers. MS/MS data acquisition normally comprises two steps: 1) reading all 

peptide ions that are introduced into the ion source (MS1 scan), allowing a mass selection of 

the precursor ion; and 2) fragmentation of peptide ions into product ions in the collision cell of 

the mass spectrometer (MS2 scan) [18]. Thereafter, the MS/MS spectrum is characterized by a 

mass-to-charge (m/z) ratio together with the intensity of the resulting fragment ion obtained 

from a precursor ion. Thus, tandem MS analysis enables the detection of differentially charged 

fragment ion products of precursor peptide ions, which were generated during the collision of 

a previously separated peptide in the MS [18, 20]. The fragmentation pattern determined by 

MS/MS permits the identification of amino acid sequence, unveiling the linked-peptide. 

Identified peptides are further analyzed using different platforms, such as Proteome Discoverer 

(Thermo Fisher Scientific) with search algorisms, like SEQUEST, included [43].  

In the context of native or endogenous peptides, CE and LC-MS/MS have both been employed 

for peptide sequencing. CE-MS/MS has the advantage of direct matching of the identified 

sequences to the peptides quantified by CE-MS based on mass and CE-time. On the other hand, 

LC-MS/MS exhibits higher sensitivity and better coverage of sequence information, but the 

retention time in LC does not directly correspond to the CE migration time. However, those 

peptides can indirectly be matched to peptides characterized by CE-MS based on the amino 

acid sequences [47]. Moreover, Klein et al. have shown that CE-MS/MS and LC-MS/MS are 

complementary approaches in the context of peptide sequencing [47]. 

 

1.4. Clinical proteomics: focus on endogenous peptides 

 

Proteomics has become an important platform for the identification of protein/peptide-

associated biomarkers that may be indispensable to an early diagnosis, as well as improving 

prognosis, clinical decision making and therapeutic interventions [48]. This field of proteomics 

is defined as clinical proteomics. Clinical proteomics relies on the validation of proteomic 

findings, using a single or a multi-biomarker discovery (e.g. mathematical model panel) [49]. 

A biomarker was previously defined by Khleif et al. [50] as a feature or characteristic which 

can be objectively measured and evaluated as an indicator of normal biological processes, 
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pathogenic processes or pharmacologic responses to a therapeutic intervention. The application 

of peptidomics in clinical proteomic studies has also been extensively used and evaluated 

elsewhere [51-53]. In fact, peptides can play an important role in establishing the difference 

between patients and healthy humans (controls), as well as in patients at different stages of a 

disease [54]. This is due to the fact that peptides are normally derived from endogenous 

proteolytic activity, which can show the biological status of the subjects as well as, in the 

variations of peptide concentration, a direct association with the pathophysiology. Thus, 

because of their functional role in the human body, it has been shown that peptides can be useful 

and informative biomarkers; they can also promote the development and evaluation of new 

therapies and potentially reflect the full pathophysiological spectrum [49]. Another advantage 

of peptides as biomarkers is that they can be identified and quantified in tissues, cells and body 

fluids, such as plasma, serum or urine. Analysis of peptides based on body fluids can unveil the 

health status of a subject, providing specific biomarkers significantly associated with a 

pathophysiology [26, 49]. Furthermore, urinary biomarkers may theoretically allow a non-

invasive readout of the onset and progression of a specific disease. 

 

1.5. Biological specimens as a source of biomarkers  

 

Biological specimens, such as tissue, blood (plasma and serum) or urine are valuable sources 

of information. In particular, tissue samples are normally the primary sites of pathological 

events. However, due to the invasive collection method and high variability, only a smaller 

number of studies have been performed using this type of sample. Nevertheless, tissue samples 

can provide a straight association with pathophysiology and consequently more information 

about disease onset and progression [55].  

In the case of body fluids, blood (plasma and serum) and urine have been used in several studies 

[2, 56]. Blood, in particular, is composed of cells and extracellular fluid that circulates around 

the whole body. This body fluid may provide the health status of a subject because it surrounds 

all the different organs, providing several insights about a functional system. In the case of 

plasma, it is characterized as a portion of blood, which can be isolated from whole blood with 

the addition of an anticoagulant and by centrifugation at low speeds [57, 58]. The method of 

the collection of plasma is linked to proteases activity, but it is easy and relatively non-invasive, 

and can be collected in substantial quantities [49, 57]. Theoretically, plasma proteome is quite 

complex, because of a high protein content, which is normally in the range 60–80 mg/ml [13]. 

However, in the context of peptidome profiling, plasma provides a higher reproducibility in 
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comparison to serum and/or blood. In fact, the peptide content is dependent on multiple 

variables, between temperature and clotting time [59]. In this case, plasma peptidome is more 

stable than serum, because the proteolytic activity involved during the coagulation process is 

less than in serum. Therefore, many of the blood or serum peptides may not be detected in 

plasma (e.g. albumin-derived), most likely because these peptides are produced by proteolysis 

processes, activated as a result of coagulation [59]. 

On the other hand, urine represents an easy and readily accessible biological fluid, which can 

be collected in large quantities via a non-invasive collection procedure. This body fluid provides 

insights about different organs because it results from glomerular filtration via blood and its 

volume is characterized by less than 1% of the original kidney filtered [60]. Furthermore, it has 

been suggested that in healthy physiological conditions, 70% of urinary proteins are produced 

in the kidney and urinary tract, and 30% are derived from the circulatory system. Alongside 

this, urine is classed as a less complex biological fluid than, for example, blood [61, 62]. During 

sample collection and (as previously mentioned) in contrast to plasma, urine is relatively stable, 

as is its proteome/peptidome, because it is usually stored for some time in the bladder at 37°C, 

where all proteolysis activity (degradation) is completed at the time of voiding [63]. Thus, urine 

comprises a large number of endogenous peptides, avoiding excessive manipulation in sample 

preparation, such as tryptic digestion or depletion of abundant blood-derived proteins [64]. The 

main disadvantage of urine is the daily variability in the concentration of proteins/peptides, 

caused by circadian rhythms, exercise, diet and metabolic or catabolic processes [64, 65]. 

However, this limitation can be corrected by different adjustment or calibration/normalization 

methods [46]. 

 

1.6. Urinary peptidomics in CKD: CKD273-classifier 

 

Urinary peptidomics focuses on the investigation of endogenous urinary peptides, unravelling 

their associated biological functions in the human body as well as their subsequent benefit in 

the context of diagnosis, prognosis and assessment of therapy responses in kidney disease. 

Several studies, using peptidome analysis and urine samples derived from CKD patients, have 

been conducted and performed [22, 26]. This may be due to the fact that peptides could indicate 

the “actual status of the kidney”. The majority of these studies have shown that these peptide 

biomarkers overcome routine clinical parameters in early stages of the disease. In other words, 

peptidomics contributes to early diagnosis along with prediction of CKD progression [52, 66]. 

The CE-MS technique has been successfully employed in different studies, allowing the 
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identification and validation of kidney-related peptides, i.e. potential biomarkers [26]. Hence, 

in 2010, Good et al. [51] identified 273 significant urinary peptides for CKD diagnosis, via CE-

MS, comparing 379 healthy individuals and 230 patients suffering various kidney diseases 

across all CKD stages. Amongst the 273 urinary peptides, several fragments were ECM-related 

(e.g. different collagens and fibrinogen), blood-derived proteins (e.g. serum albumin, α-1-

antitrypsin) and specific proteins of the kidney (e.g. uromodulin). Those 273 urinary peptides 

were combined into a multidimensional mathematical model (SVM-based classification 

model), termed a CKD273-classifier. Good et al. were able to validate the CKD273-classifier 

in a blinded set of 34 healthy controls and 110 CKD patients, displaying a sensitivity of 85% 

and specificity of 100%. Beyond this, the validity of the CKD273-classifier has been 

investigated in various independent and blinded studies using different cohorts, showing high 

accuracy along with high sensitivity and specificity for the diagnosis of CKD [51, 66-68]. Even 

though not developed to predict the progression of CKD, this classifier was further applied in 

different follow-up studies [52, 66] (Figure 1.4). Thus, CKD273 allows prediction of CKD 

progression (reviewed in [69]), demonstrating superior benefits in the early stage of CKD when 

compared with current state-of-the-art methods (albuminuria and eGFR). Furthermore, the 

CKD273-classifier unravels the prediction of response to therapeutic drugs such as Irbesartan 

[70]. Therefore, the CKD273-classifier may become an important clinical tool in the context of 

diagnosis, prognosis and drug treatment response, being a non-invasive method which can be 

directly linked to CKD pathophysiology.  
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Figure 1.4 - Schematic illustration of the performance of diagnostic and prognostic benefit of 

CKD273-classifier in different CKD studies according to disease stage. The bars display the 

CKD stages of the patients comprised in the study.  Adapted from Critselis et al. [69]. 
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Chapter 2 - Scope and objectives 

 

As a disease of the renal system, CKD is a major worldwide problem. A hallmark of CKD is 

renal fibrosis, a pathological process underlying the progression of the disease. This condition 

results in the accumulation and dysregulated remodelling of ECM and leads to renal function 

deterioration. At present, kidney biopsy is the only method to detect renal fibrosis [1, 2]. Owing 

to the close proximity to the pathological occurrence, tissue samples are by definition the 

biological sample of choice for providing information about disease onset and progression as 

well as a direct link to pathophysiology. Although kidney tissue may be the best biological 

specimen to investigate the mechanisms associated with renal fibrosis, it remains challenging 

to obtain such tissue samples and, due to a high level of variability, analysis of these samples 

using high-throughput technologies can be complex. Investigation of tissue samples in 

association with body fluids may be of high relevance, because it may unveil significant 

biological mechanisms and consequently permit the potential non-invasive readout of disease-

monitoring. Therefore, body fluids may be the most suitable biological specimens for use in 

identifying potential specific biomarkers to improve the management of CKD [1, 3, 4].   

Over the last decade, several published studies referring to proteomics in body fluids (plasma 

and urine) have shown the importance of biological fluids to identify mechanisms associated 

with the disease [1, 5]. Under physiological conditions, it has been suggested that 70% of the 

urinary proteomic content is produced in the kidneys and urinary tract and the remaining 30% 

of proteins are derived from the circulatory system [1, 5]. Besides this consideration, some of 

the major investigations using biological specimens have focused on the identification of CKD-

specific biomarkers, through the evaluation of the low molecular weight proteome (peptidome) 

[1, 3, 4]. Subsequently, urinary peptidomics analysis has demonstrated significant value in the 

management of CKD [1], showing that peptides are a rich source of information. However, the 

origin of these endogenous peptides generally remains unclear. A major difficulty in 

peptidomics arises from peptide identification/sequencing due to PTMs and the often unknown 

activity of the endogenous proteolytic enzymes. 

In this thesis, the first central aim was to obtain primary insights about the origin of naturally 

occurring urinary peptides (e.g. kidney- and urinary tract-derived or circulation system-

derived), using proteomic analysis. The second main aim was to identify an association between 

urinary peptides (CKD273-classifier [4] and individual peptides) and the severity of kidney 

fibrosis, to unravel biological processes and molecular mechanisms associated with renal 

fibrosis. To achieve both main goals of this work several objectives were set: 
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1. To investigate the origin of native peptides based on a side-by-side comprehensive 

analysis of plasma and urine peptidome profiles [6]. Several plasma and urinary 

endogenous peptides should be identified, by capillary electrophoresis coupled to mass 

spectrometry (CE-MS; used for peptide relative quantification) and CE- or liquid 

chromatography (LC) coupled to tandem mass spectrometry (CE- or LC-MS/MS; 

performed for peptide identification). 

2. To determine the overlap of plasma and urine native peptides at sequence level and 

compare the relative abundance of these specific overlapping peptides [6].  

3. To evaluate the association of the previously developed CKD273-classifier [4] for early 

diagnosis and prediction of CKD progression as well as of the routine clinical 

parameters (eGFR, urine albumin-to-creatinine ratio [UACR] and urine protein-to-

creatinine ratio [UPCR] values) with the degree of renal fibrosis(assessed by Masson 

trichrome staining) [7].  

4. To identify single fibrosis-related peptides via CE-MS and subsequently tandem MS 

(CE- or LC-MS/MS) [7].  

 

In summary, this thesis sets out to assess and depict peptidome datasets of different body fluids 

(urine and plasma) via proteomic/peptidomic analysis, to obtain a better understanding of the 

origin of urinary peptides. Furthermore, this work also provides the first investigation of urinary 

peptides (i.e. CKD273-classifier and individual peptides) and their association with kidney 

fibrosis, assessed by Masson trichrome staining, which may facilitate the development of a non-

invasive readout to monitor renal fibrosis. 
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3. Comparison of urine and plasma peptidome indicates selectivity 

in renal peptide handling 

 

3.1. Statement of clinical relevance 

 

Peptidomics applied towards body fluids analysis has demonstrated significant value in the 

context of biomarker discovery. However, the origin of specific peptides generally remains 

unclear. With this study, we analyzed and sequenced human plasma and urinary peptides using 

a combination of techniques (CE-MS, and CE- and LC-MS/MS), and further investigated 

overlaps in findings from the two body fluids, as a first step towards predicting the origins of 

native peptides. The results indicated surprisingly little overlap between plasma and urine 

peptides, also supported after investigating further available, previously published urine and 

plasma peptidomics datasets. The most plausible hypothesis based on these data is that most 

plasma peptides may be reabsorbed in the renal tubules. Collagens appear to be an exception 

displaying a positive correlation and/or a much higher relative abundance in urine versus 

plasma suggesting the existence of a mechanism for their selective excretion. 

 

3.2. Abstract 

 

Purpose: Urine is considered to be produced predominantly as a result of plasma filtration in 

the kidney. However, the origin of the native peptides present in urine has never been 

investigated in detail. Therefore, we aimed to obtain a first insight into the origin of urinary 

peptides based on a side-by-side comprehensive analysis of the plasma and urine peptidome. 

Methods: Twenty-two matched urine and plasma samples were analyzed for their peptidome 

using capillary electrophoresis coupled to mass spectrometry (CE-MS; for relative 

quantification) and CE- or LC coupled to tandem mass spectrometry (CE- or LC- MS/MS; for 

peptide identification). The overlap and association of abundance of the different peptides 

present in these two body fluids were evaluated. 

Results: We were able to identify 561 plasma and 1461 urinary endogenous peptides. Only 90 

peptides were detectable in both urine and plasma. No significant correlation was found when 

comparing the abundance of these common peptides, with the exception of collagen fragments. 

This observation was also supported when comparing published peptidome data from these 

body fluids.   
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Conclusions and clinical relevance: Most of the plasma peptides are not detectable in urine, 

possibly due to tubular reabsorption. The majority of urinary peptides may in fact originate in 

the kidney. The notable exception is collagen fragments, which indicates potential selective 

exclusion of these peptides from tubular reabsorption. Experimental verification of this 

hypothesis is warranted. 

 

3.3. Introduction 

 

Proteomics via mass spectrometry (MS) became a widely used technology for detecting 

proteins and characterizing their abundances in different biological samples [1, 2]. Multiple 

studies have been published focusing on urinary [3-6] and plasma proteome [7, 8] as these body 

fluids are considered easily accessible valuable sources of information. After sampling, the 

urine proteome content is relatively stable (in part due to the fact that urine was “stored” in the 

bladder for several hours, hence proteolytic processes are completed), as opposed to blood 

where proteases are activated after collection [8-10].  

Plasma and urine contain thousands of proteins that are expected to be linked to a large extent. 

The kidney filters ~ 1500 L of blood daily in the glomeruli, generating ~170 L primary urine 

(assuming a GFR of 120 ml/min). Most of its components are further reabsorbed in the tubules, 

and the excreted urine volume represents about 1% of the original ~170 L volume [11]. 

Consequently, urinary protein composition is the result of a combination of plasma proteins 

filtered into the urine by glomerular filtration minus tubular reabsorption, and proteins 

originating from the kidney and urinary tract (e.g. secreted from renal tubular epithelial cells, 

and/or shedding of whole cells along the urinary tract, including shedding of apical membranes 

of renal tubular epithelial cell, and exosome secretion [11-13]). 

Extracting information from online databases, Jia et al. [12] compared plasma and urine 

proteomes, characterizing their potential overlap. Based on this comparison, they were able to 

study the potential association of detected proteins with kidney function. The authors proposed 

that this methodology, based on proteomic techniques, may be relevant for understanding organ 

(kidney) functions and body homeostasis. In 2014, Farrah et al. [14] compared kidney, urine 

and plasma proteome based on relative protein abundances, determining potential kidney-

specific proteins, de novo urine proteins, and proteins filtered from plasma. The resulting data 

confirmed that the proteome of urine and plasma are associated [12]. It has been suggested that 

under physiological conditions 70% of the urinary proteins originate from the kidney and the 
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urinary tract, and 30% are plasma proteins [13]. In kidney disease, the glomerular filtration 

barrier is altered, affecting directly the above-mentioned distribution.  

To date, the majority of proteomics studies comparing plasma and urine focused on proteome 

analysis [12, 14]. Especially, in the context of peptide profiling, plasma provides a more stable 

peptidome readout than serum [15]. This is mostly due to the fact that proteolytic activity 

involved in coagulation is higher in serum than in plasma [15, 16]. Recently, Parker et al. [17] 

described over 5500 endogenous plasma peptides, providing a comprehensive description of 

the plasma native peptidome. On the other hand, urinary native peptides have been extensively 

investigated, especially in the context of kidney disease [18, 19], clearly showing that peptides 

are a rich source of information. In 2008, Coon et al. [20] described the first peptidomic 

database on naturally occurring urinary peptides, named Human Urinary Proteome database. 

This database is regularly updated, currently storing datasets from over 50000 urine samples 

(healthy controls and patients with different diseases), encompassing endogenous peptide 

signals and respective sequence information [21, 22]. Multiple studies have shown that such 

endogenous urinary peptides combined in classifiers represent powerful tools in the diagnosis 

and clinical assessment of several diseases such as kidney diseases [23-25], different cancers 

[26, 27], and cardiovascular disease [28-30]. However, less is known about the origin of these 

peptides. At first sight, it seems reasonable to assume that the origin of peptides follows the 

same rule as the proteins: about 30% of urinary peptides may originate from plasma by the 

process of filtration, while the major fraction originates from the kidney and the urinary tract. 

However, since peptides are expected to pass the filtration barrier in the glomerulus and in 

general should all be collected in urine, we hypothesized that a higher fraction (in comparison 

to proteins) of plasma-derived peptides are present in urine. Unfortunately, no evidence or data 

(not even indirectly) are readily available to support this (or any other) hypothesis. 

As a first step towards investigating the origin of endogenous urinary peptides, we analyzed 

twenty-two matched urine and plasma samples by CE-MS profiling and tandem-MS. Based on 

these data, we established a map of the plasma and urinary peptidome dataspaces in these 

individuals, and determined their overlap, and abundance correlation. These data were further 

placed in the context of existing literature and available plasma and urine peptidomic datasets. 

Collectively, the results support that most of the plasma peptides are not detectable in urine, 

possibly due to tubular reabsorption, and lead to the additional hypothesis of potential selective 

exclusion of specific peptides (mainly collagens) from this process. 
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3.4. Material and methods 

3.4.1. Urine and plasma collection 

 

Plasma and urine samples derived from twenty-two subjects were analyzed to obtain CE-MS 

peptide profiles and CE-MS/MS and LC-MS/MS peptide sequences. Table 3.1 reports the 

characteristics of the subjects.  

Urine samples were collected, stored at -20°C and shipped frozen for subsequent peptidome 

analysis. All blood samples were taken via vein puncture, collected in anticoagulant-treated 

tubes (9 heparin and 13 EDTA), immediately cooled to 4°C and centrifuged at 1200×g for 10 

min [31]. The plasma was isolated and stored at -80°C. All plasma and urine samples were 

collected at the same time point. 

The study was conducted fulfilling all the laws on the protection of individuals being involved 

in medical research and in accordance with the principles of the Declaration of Helsinki. All 

plasma and urine data were obtained anonymized. The local ethics committee from Hannover 

Medical School (Hannover, Germany) approved the approach, employing anonymized samples 

and proteomics data (Ethical ID: 3596-2017).  

 

Table 3.1 - Characteristics of the study population. 
 

Characteristics 

Number of subjects 22 

Age (years) 46.59±15.42 

Gender (F/M) 10/12 

 

 

3.4.2. Plasma and urine sample preparation 

  

For urine samples 0.7 mL and for plasma samples 0.3 mL plus 0.4 mL of H2O (as described in 

[31], without delipidation) was used and diluted with 0.7 mL of 8 M urea, 10 mM NH4OH, and 

0.02% SDS. Ultrafiltration was performed to remove high molecular weight proteins, using 

Centrisart ultracentrifugation filters (20 kDa MW cut-off; Sartorius) at 2,600×g. To remove 

urea, electrolytes, salts, and thereby to decrease matrix effects, a volume of 1.1 mL of the filtrate 

was applied onto a PD-10 desalting column (Amersham Bioscience, Uppsala, Sweden) 
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equilibrated in 0.01% NH4OH in high-performance liquid chromatography (HPLC)-grade H2O 

(Roth, Germany). After rinsing the column with 1.9 mL of 0.01% NH4OH in H2O, 2 mL of 

HPLC-grade H2O was applied, and the resulting eluate was collected. The eluate was 

lyophilized, stored at 4°C and resuspended in HPLC-grade H2O shortly before analysis, as 

described in [32]. The generation of this protocol and basic features (reproducibility, peptide 

recovery, etc.) are reported in detail in Theodorescu et al. [33]. In addition, performance 

characteristics are comprehensively described in Mischak et al. [32]. 

 

3.4.3. CE-MS analysis and data processing  

 

CE-MS analysis was performed as previously described [32] in the same fashion for urine and 

plasma. A P/ACE MDQ capillary electrophoresis system (Beckman Coulter, Fullerton, CA) 

was coupled with a Micro-TOF MS (Bruker Daltronic, Bremen, Germany). A solution of 20% 

acetonitrile (Sigma-Aldrich, Taufkirchen, Germany) in HPLC-grade water (Roth, Karlsruhe, 

Germany) supplemented with 0.94% formic acid (Sigma-Aldrich) was used as running buffer. 

For CE-MS analysis, the electrospray ionization interface from Agilent Technologies (Palo 

Alto, CA) was set to a potential of -4.0 to -4.5 kV. Spectra were recorded over a m/z range of 

350-3000 and accumulated every 3 s. Monoisotopic mass signals were determined for z≤6 with 

resolution in the range of 10 000 and a limit of detection of ~1 fmol as previously described 

[32]. 

Mass spectral ion peaks representing identical molecules at different charge states were 

deconvoluted into single masses using MosaiquesVisu software, which employs a probabilistic 

clustering algorithm and uses isotopic distribution (for z≤6) as well as conjugated masses for 

charge-state determination of peptides/proteins [34]. 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. All 

detected peptides were clustered, matched and deposited in a Microsoft Structured Query 

Language (SQL) database [20]. The result is a peak list, characterizing each protein and peptide 

by its molecular mass [Da] and normalized CE migration time [min]. Migration time and ion 

signal intensity (amplitude) of the urinary peptides were normalized similarly to previous 

studies using internal peptides [35]. For normalization of CE-time of the plasma peptides, we 

used 470 peptides. 20 internal standard peptides present in almost all plasma samples were used 

for normalization of signal intensity. 

Analysis by CE-MS was employed for the relative quantification of the peptides in each sample 

whereas MS/MS analysis (coupled to either CE- or LC to maximize coverage) was used for 
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peptide sequencing (described below). Only peptides identified in the cohort described in the 

present study were reported and further combined into a peptide list. Missing values (in general 

the result of abundance being below the detection limit) in the individual samples were 

considered as “zero”. 

 

3.4.4. MS/MS analysis  

 

CE-MS/MS analysis was performed as described [36]. In short, the CE was connected to an 

Orbitrap Velos FTMS (Thermo Finnigan, Bremen, Germany). Sample was ionized using a 

modified Proxeon nano spray source fitted with a non-grounded Agilent ESI sprayer operating 

in positive ion mode. Ionization voltage was 3.4 kV and the capillary temperature was 275°C. 

The mass spectrometer was operated in MS/MS mode scanning from 350 to 1500 amu. The top 

five multiply charged ions were selected from each scan for MS/MS analysis using HCD at 

40% collision energy. The resolution of ions in MS1 was 60.000 and 7.500 for MS2.  

For LC-MS/MS analysis, aliquots of 5 µL were analyzed on a Dionex Ultimate 3000 RSLS 

nano flow system (Dionex, Camberly, UK) at a flowrate of 5 µL/min. The trap and nano flow 

column were maintained at 35°C. After loading (5 µL) onto a Dionex 0.1 × 20 mm 5 µm C18 

nano trap column, elution was performed on an Acclaim PepMap C18 nano column 75 µm × 

15 cm, 2 µm 100 °A at a flowrate of 0.3 µL/min. Typically, samples were eluted with a gradient 

of solvent A: 97.9% H2O, 0.1% formic acid, 2% acetonitrile versus solvent B: 80% acetonitrile, 

19.9% H2O, 0.1% formic acid starting at 1% B for 5 min rising to 20% B after 90 min and 

finally to 40%B after 120 min.  

Thereafter, the column was washed and reequilibrated prior to the next injection. The eluant 

was ionized using a Proxeon nano spray ESI source operating in positive ion mode into an 

Orbitrap Velos FTMS (Thermo Finnigan, Bremen, Germany). Ionization voltage was 2.6 kV 

and the capillary temperature was 250°C. The mass spectrometer was operated in HCD MS/MS 

mode.  Using HCD, the top 20 multiply charged ions were selected from each scan for MS/MS 

analysis and only charge state one was rejected for MS/MS [36]. The detection limit for the 

LC- or CE-MS/MS analysis using the Orbitrap Velos mass spectrometer, with 60 000 resolution 

for MS1 and with 7500 resolution for MS2, was in the range of 0.05 – 0.2 fmol. 

In order to obtain sequence information, CE- and LC-MS/MS were used as complementary 

approaches [36]. CE-MS/MS has the advantage of direct matching (mass and CE-time) to the 

peptides quantified by CE-MS. On the other hand, LC-MS/MS exhibits higher sensitivity due 

to the increased loading capacity of the LC-column, consequently a better coverage of sequence 
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information. However, the retention time in LC does not directly correspond to the CE 

migration time, which represents a disadvantage of LC-MS/MS in this approach.   

The obtained sequences were matched to the previously quantified peptides assessed by CE-

MS (section 2.3). 

 

3.4.5. Sequence data analysis 

 

Data files were searched against the UniProt human non-redundant database using Proteome 

Discoverer 1.2 (Thermo) and the SEQUEST search engine. Relevant settings were: no fixed 

modifications, oxidation of methionine and proline as variable modifications. The minimum 

precursor mass was set to 790 Da, maximum precursor mass to 6000 Da with a minimum peak 

count of 10. The high confidence peptides were defined by cross-correlation (Xcorr) ≥1.9 and 

rank=1. Precursor mass tolerance was 5 ppm and fragment mass tolerance was 0.05 Da. 

False discovery rate settings cannot guarantee that the correct sequence is assigned to a 

fragmentation spectrum generated in an MS/MS experiment [37]. However, a property of CE 

is that the migration time is dependent on the net positive charge of the peptide. At pH 2 (pH 

of the running buffer) this (charge) is a function of the number of basic amino acids present 

[38]. The peptide sequences obtained from the tandem MS analysis were matched to the CE-

MS peaks by matching the molecular mass and migration time (in the case of CE-MS/MS) or 

molecular mass and theoretical migration time based on the number of basic amino acids (in 

the case of LC-MS/MS). In addition, and to further allow matching, the absence of cysteine and 

absence of hydroxylated proline in non-collagen peptides were required. If a sequence passed 

all of these criteria it was then assigned to the corresponding CE-MS peak [38]. 

 

3.4.6. Peptides data processing 

 

The mean peptide abundance was calculated by multiplying the mean of the amplitudes of each 

individual peptide with its frequency (as defined by the occurrence of each peptide present in a 

given cohort).  

Prior to the statistical analysis, the relative abundance of peptides in the respective body fluid 

(urine or plasma) was calculated following the equation: Relative abundance of specific peptide 

(%) = Mean peptide abundance*100 / Total abundance of all overlapping peptides. 
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3.4.7. Statistical analysis 

 

Pearson correlation coefficient r and regression analysis were performed to evaluate the 

association of the abundances of respective peptides identified in plasma and urine. P-values 

less than 0.05 were considered statistically significant. MedCalc software (version 12.7.5.0; 

MedCalc Software, Mariakerke, Belgium) was used to perform these analyses and to generate 

the corresponding graphs. 

 

3.5. Results 
3.5.1. Plasma peptidome profile 

 

The plasma samples comprised 9 heparin and 13 EDTA. In previous experiments, we have 

compared both plasma types and found no significant differences between them. 

Analysis of the 22 aforementioned plasma samples by CE-MS resulted in the detection of 

approximately 700 peptide signals per sample, which could be combined in a total of 1952 

unique endogenous peptides. Sequence information was obtained for 561 out of the 1952 (28%) 

plasma peptides using a combination of CE- and LC-MS/MS analysis (supplementary table 1, 

‘plasma’). When considering the abundance of the peptides in plasma, these 561 sequenced 

peptides covered approximately 24% of the total detected peptide-signal.  

The intensity across the sequenced plasma peptides corresponded by 55.9% to complement 

fragments (C3 and C4-A), 25.1% fibrinogen fragments (alpha and beta chain), 5.5% 

apolipoprotein fragments, 4.1% different collagen fragments, and 9.4% fragments from various 

proteins (e.g. serum albumin, thymosin beta-4, alpha-2-antiplasmin, alpha-1-antitrypsin and 

inter-alpha-trypsin inhibitor heavy chain H1 and H4) (Table 3.2A). Moreover, when sorted 

based on abundance, the 10 most abundant plasma peptide fragments were seven complement 

C3, two-fibrinogen alpha chain, and one-apolipoprotein A-IV peptide (supplementary table 1, 

‘plasma’).  

 

3.5.2. Urine peptidome profile 

 

CE-MS analysis of the 22 individual urine samples led to the detection of approximately 1800 

peptide signals per sample, which could be combined in a list of 3955 unique urinary 

endogenous peptides. Sequence information was obtained for 1461 peptides (37%) 
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(supplementary table 1, ‘urine’). The abundance of the aforementioned sequenced peptides 

covered approximately 52% of the total detected urine peptide-signal.  

Of the total abundance of identified (sequenced) peptides in urine, collagen fragments 

comprised 79.5%, uromodulin 8.2%, fibrinogen 6%, and 6.3% were fragments originated from 

other proteins such as polymeric-immunoglobulin receptor, CD99 antigen, sodium/potassium-

transporting ATPase subunit gamma, and membrane associated progesterone receptor 

component 1 (Table 3.2B). Along these lines and based on signal intensity (abundance), the 10 

most abundant urinary peptides comprised eight collagen fragments (type I, II and III), one 

uromodulin and one fibrinogen fragment (supplementary table 1, ‘urine’). 

 

Table 3.2 - Distribution of plasma and urinary peptides, indicating the percentage related to the 

total number of identified peptides and the coverage (abundance) across the sequenced peptides. 

A. Plasma peptides 

 

Number of 

identified 

peptides 

% of total 

number of 

identified 

peptides 

% coverage of 

total detected 

peptide-signal 

(abundance) 

Complement (C3 and C4-A) 49 8.7% 55.9% 

Fibrinogens (alpha and beta 

chains) 
182 32.4% 25.1% 

Apolipoproteins 82 14.6% 5.5% 

Collagens 126 22.5% 4.1% 

Others 122 21.8% 9.4% 

B. Urinary peptides 

 

Number of 

identified 

peptides 

% of total 

number of 

identified 

peptides 

% coverage of 

total detected 

peptide-signal 

(abundance) 

Collagens 966 66.1% 79.5% 

Uromodulin 29 2% 8.2% 

Fibrinogens (alpha and beta 

chains) 
26 1.8% 6% 

Others 440 30.1% 6.3% 
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3.5.3. Comparison of plasma and urine peptidome profiles 

3.5.3.1. Overlap of urinary and plasma peptides 

 

Subsequently, we investigated the overlap of urinary and plasma peptides. This analysis 

resulted in the identification of 90 common peptide sequences (Figure 3.1), including collagen 

and fibrinogen fragments and fragments derived from other proteins such as serum albumin, 

osteopontin, apolipoprotein (A-1 and L1) and alpha-2-HS-glycoprotein. Corresponding 

sequence information and relative abundance of these peptides in plasma and urine are reported 

in supplementary table 2. As shown (supplementary tables 1-2), the majority of sequenced 

peptides were exclusively present in plasma or in urine. Among the peptides apparently 

specifically present only in plasma were peptides derived from plasminogen activator inhibitor 

1, H/ACA ribonucleoprotein complex subunit, guanine nucleotide exchange factor VAV3, 

complement C4-A, apolipoprotein E, alpha-2-antiplasmin, and 5-oxoprolinase. Peptides 

seemingly restricted to urine and therefore likely originating from kidney or urinary tract were 

peptides derived from polymeric-immunoglobulin receptor, CD99 antigen, sodium/potassium-

transporting ATPase subunit gamma, and membrane associated progesterone receptor 

component 1. 

Figure 3.1 - Comparison between urine and plasma based on identical sequenced peptides.  

1371 peptides exclusively identified in urine (e.g. polymeric-immunoglobulin receptor, CD99 

antigen, sodium/potassium-transporting ATPase subunit gamma, and membrane associated 
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progesterone receptor component 1); 90 overlapping peptides (collagen fragments, fibrinogen 

fragments and fragments derived from other proteins (e. g. serum albumin, osteopontin, 

apolipoprotein and alpha-2-HS-glycoprotein));  471 peptides only identified in plasma (e.g. 

plasminogen activator inhibitor 1, H/ACA ribonucleoprotein complex subunit, guanine 

nucleotide exchange factor VAV3, complement C4-A, apolipoprotein E, alpha-2-antiplasmin, 

and 5-oxoprolinase). 

 

3.5.3.2. Correlation of overlapping peptides in urine and plasma 

 

Next, we studied the correlation of the relative abundance (%) of identical peptides in urine and 

plasma. No significant correlation (r = 0.05; p-value = 0.632) could be observed when 

investigating all 90 overlapping peptides (Figure 3.2A). However, when investigating only the 

collagen fragments (n=71, representing 78% of the overlapping peptides), a significant 

correlation of abundance in urine and plasma could be detected (r = 0.32; p-value = 0.007) 

(Figure 3.2B). Moreover, investigating only collagen alpha-1 (I) chain fragments (n=50, 

representing 56% of the overlapping peptides) a correlation of apparently even higher 

significance was found (r = 0.44; p-value = 0.002) (Figure 3.2C).  
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Figure 3.2 - Correlation of the peptides found among the overlap based on their relative 

abundance in both sources. Correlation A. of all peptides, B. of all collagen peptides, and C. of 

only peptides from collagen alpha-1(I) chain 

*A1AT: Alpha-1-antitrypsin; ALBU: Serum albumin; APOA1: Apolipoprotein A-I; APOL1: 

Apolipoprotein L-I, CO1A1: Collagen alpha-1(I) chain; CO1A2: Collagen alpha-2(I) chain; 

CO3A1: Collagen alpha-1(III) chain; COEA1: Collagen alpha-1(XIV) chain; FETUA: Alpha-

2-HS-glycoprotein; FIBA: Fibrinogen alpha chain; FIBB: Fibrinogen beta chain; OSTP: 

Osteopontin 

 

3.5.4. Placing of findings in the existent literature  

 

To investigate if our results are also reflected in published urine and plasma peptidomics 

datasets, two well-described sequenced peptide lists were further analyzed [17, 21, 22]. 

Specifically, for urinary peptides, sequence information was extracted from the Human Urinary 

Proteome database [21, 22]. We were able to retrieve 3366 urinary peptides, where high-

confidence sequence information was assigned [21, 22]. In the case of plasma, sequence 

information of 5548 native plasma peptides, previously identified by Parker et al., was extracted 

[17]. Evaluation of the overlap of the two sets resulted in the identification of 124 common 

peptides in plasma and urine (Figure 3.3A). In agreement with the findings above, no significant 

correlation (p=0.09) of the relative abundance of these peptides could be observed (Figure 

3.3B). 

 

Figure 3.3 - A. Comparison between Human Urinary Proteome database [21, 22] and plasma 

peptidome listed in [17] based on identical sequenced peptides. B. Correlation of the 

overlapping peptides based on their relative abundance. 
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3.6. Discussion  

 

The urinary and plasma peptide profiles of 22 individuals were evaluated with the aim of 

generating a map of the urinary and plasma peptidome and creating a hypothesis on the origin 

of the former. The data generated expand the current knowledge in the field, which may also 

be helpful for further clinical proteomic studies, where peptide-biomarkers may be targeted 

based on their potential origin. 

In the current study, we identified and sequenced 1461 urinary peptides. Surprisingly, most of 

these peptides were exclusively found in urine such as uromodulin, CD99 antigen, and 

polymeric-immunoglobulin receptor, suggesting that these are kidney or urinary tract derived. 

Given that urine represents a concentrate plasma filtrate, we cannot rule out the possibility that 

some of these peptides may in fact be present in plasma, yet at very low abundance (below our 

detection limits). Interestingly, many of these aforementioned peptides have been found to be 

associated with kidney diseases [23, 39, 40]. In addition, collagen fragments were the most 

abundant peptides in urine, as also previously reported [20, 23]. 

In contrast, the plasma peptidome comprised mostly of peptides originating from proteins 

associated with the circulatory system [10]. In this study, we were able to sequence 561 plasma 

peptides. Peptide fragments belonging to apolipoprotein E and complement C4-A proteins were 

uniquely identified in plasma. Furthermore, peptides derived from complement and fibrinogen 

represented the most abundant plasma peptides. These findings are in line with previous 

observations [17, 41]. Even more, when comparing the peptide relative abundances in our 

plasma dataset with that of the plasma peptidome described by Parker et al. [17], a significant 

correlation was observed (data not shown).  

The overlap between plasma and urine peptides (based on peptide sequence) was surprisingly 

small, considering that plasma peptides are expected to be filtered by the kidney and 

consequently are expected to be typically present in urine. Only 90 overlapping (identical) 

peptides derived from various proteins such as collagen, serum albumin, osteopontin, alpha-1-

antitrypsin, and apolipoprotein fragments could be identified, which in the vast majority of 

cases, did not correlate in abundance. This low overlap is also observed when investigating 

previously published urine and plasma peptidomics datasets [17, 21, 22]. This lack of overlap 

may in part be associated with the low abundance of some of these peptides in plasma, not 

allowing their detection. In contrast, the primary urine is concentrated ~100-fold in the tubulus 

(from about ~150-180 L to 1.5 L daily output) [11]; hence, the concentration of peptides in 

urine also is expected to be increased, facilitating their identification. The most plausible 
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hypothesis for this finding relates to the tubular reabsorption process: under physiological 

conditions, proteins and peptides in the primary urine are thought to be removed/reabsorbed in 

the proximal tubule [11, 42] by two receptors, megalin and cubilin [43]. This process does not 

appear to be selective and should apply to all proteins and peptides equally. As a result, general 

reduction of the amount of plasma proteins and peptides in urine should be observed. 

Differential proteolytic activity may also contribute to the observed differences. Plasma and 

urinary peptides might be a result of different proteolytic processes. Hence, a peptide derived 

from the circulation may be cleaved by a kidney-specific protease (e.g. dipeptidyl peptidase-4 

(DPP4) [44]), which could ultimately result in further peptide degradation, revealing a different 

sequence even if the peptide is from the same protein origin.  

Interestingly and as an exception, when investigating collagen-derived peptides or, more 

specifically, type I collagen-derived peptides, a significant correlation of the relative abundance 

in urine and plasma could be observed. This finding indicates that collagen derived peptides 

may be selectively excluded from tubular reabsorption via a yet unknown mechanism (Figure 

3.4). This is a hypothesis meriting further investigation, including studies addressing the 

existence of biological functions for some of these peptides.  

Figure 3.4 - Representation of the expected and our main findings, related to filtration and 

reabsorption processes, and urinary excretion. 
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CE and LC coupled to MS present certain advantages and disadvantages, which were previously 

described in detail [36, 45]. Briefly, for CE a constant flow and voltage settings are used. It is 

an approach, which displays a high robustness and fast analysis time, as well as high peak 

resolution. LC has a higher sensitivity, due to the possibility of loading higher amounts of 

sample. In addition, separation time (and resolution) can be extended by applying a shallow 

gradient, which allows better coverage (increased number of peptide identifications). 

The study has several limitations, but none of these appear to have a severe impact on the main 

result: that the plasma peptidome bears very little similarity to the urine peptidome, and that the 

surprising findings of our study also indicate selective exclusion of specific peptides from 

tubular reabsorption. A limitation of the study may be the consistently lower number of peptides 

identified in plasma, in comparison to urine. This is likely due to the aforementioned differences 

in abundance. The expected increase in relative abundance of peptides in urine may be 

attenuated by tubular reabsorption, but apparently not for all peptides equally. An additional 

limitation of the study may be the relatively low number of subjects included. For further 

refinement of the peptide content especially of plasma, further studies in an expanded sample 

cohort and/or under different sample collection and preparation conditions may be required. 

However, the observed consistency of our results with earlier reports, including also in the 

description of the most abundant peptides in plasma, support the validity of the findings 

presented here. Further work also has to be conducted towards the identification (at the amino 

acid level) of the yet unidentified peptides, putatively associated with the presence of post-

translational modifications [46]. However, we could identify close to 500 peptides in this study, 

indicating a quite valid representation of the peptides typically expected in plasma.  

To our knowledge, this study represents the first approach to compare plasma and urinary 

peptidome based on the same methodology and samples from same subjects, with novel and 

quite unexpected findings. Comparing plasma and urine peptidome may allow a better 

understanding of the origin of the urinary peptides. Furthermore, this study revealed various 

interesting findings opening up new research avenues for the future: the presence of specific 

peptides (collagen fragments), significantly correlating and/or at much higher relative 

abundance in urine versus plasma may be suggestive of the existence of an underlying reason 

and mechanism for their selective excretion, a hypothesis meriting further experimental 

investigation. Future studies will need to reveal the physiology behind this observation, and 

further use this knowledge to increase the specificity of urinary peptide markers for a given 

disease. 
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Supplementary data 

Supplementary table 1: Spreadsheet “Plasma” - Plasma peptides identified by CE- and LC-

MS/MS; Spreadsheet “Urine” - Urine peptides identified by CE- and LC-MS/MS. 

Supplementary table 2: Peptides commonly identified in plasma and urine. 

*All supplementary tables can be found in the CD inserted at the end of the PhD thesis. 
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4. Association of kidney fibrosis with urinary peptides: a path 

towards non-invasive liquid biopsies? 

 

4.1. Abstract 

 

Chronic kidney disease (CKD) is a prevalent cause of morbidity and mortality worldwide. A 

hallmark of CKD progression is renal fibrosis characterized by excessive accumulation of 

extracellular matrix (ECM) proteins. In this study, we aimed to investigate the correlation of 

the urinary proteome classifier CKD273 and individual urinary peptides with the degree of 

fibrosis. In total, 42 kidney biopsies and urine samples were examined. The percentage of 

fibrosis per total tissue area was assessed in Masson trichrome stained kidney tissues. The 

urinary proteome was analysed by capillary electrophoresis coupled to mass spectrometry. 

CKD273 displayed a significant and positive correlation with the degree of fibrosis 

(Rho=0.430, P=0.0044), while the routinely used parameters (glomerular filtration rate, urine 

albumin-to-creatinine ratio and urine protein-to-creatinine ratio) did not (Rho=-0.222; -0.137; 

-0.070 and P=0.16; 0.39; 0.66, respectively). We identified seven fibrosis-associated peptides 

displaying a significant and negative correlation with the degree of fibrosis. All peptides were 

collagen fragments, suggesting that these may be causally related to the observed accumulation 

of ECM in the kidneys. CKD273 and specific peptides are significantly associated with kidney 

fibrosis; such an association could not be detected by other biomarkers for CKD. These non-

invasive fibrosis-related biomarkers can potentially be implemented in future trials. 

 

4.2. Introduction 

 

Chronic kidney disease (CKD) has become a worldwide problem that affects approximately 

10% of the population [1-3]. CKD is defined as chronic anomalies of kidney structure 

(evidenced by damage markers) leading to a decrease in kidney function and end-stage renal 

disease (ESRD) [4]. At this stage of CKD, therapeutic interventions are mostly restricted to 

renal replacement therapy (dialysis or kidney transplantation with life-long immunosuppressive 

drugs treatments) [5, 6]. CKD is also associated with an increased risk to develop cardiovascular 

complications, and premature death [7].  

Although CKD may develop due to a number of different primary diseases and/or secondary 

risk factors, progressive tubulo-interstitial fibrosis is one of the most frequent molecular and 
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pathologic features and it is considered a hallmark of CKD [8, 9]. Fibrosis is due to the 

imbalance between extracellular matrix (ECM) synthesis and degradation [8, 10]. Renal fibrosis 

is a significant indicator of disease progression, and affects all kidney structures [11, 12]. The 

pathophysiology of renal fibrosis is associated with an uncontrolled fibrogenesis process, which 

can be activated by any type of kidney injury. Expansion of fibrosis alters the normal 

homeostasis and structure of the tissue and results in kidney failure [8, 9, 13]. At present, there 

is no effective treatment for CKD. This is in part related to a lack of early markers of kidney 

disease. Currently, the categorization of CKD is based on the assessment of estimated 

glomerular rate (eGFR), requiring about 50% of renal function to be lost before a significant 

reduction can be detected [14], and/or an increase in the urine-albumin/creatinine-ratio, which 

can be absent in non-proteinuric causes of CKD [14]. Early detection of fibrotic events may 

allow earlier detection of CKD and its risk of progression. The current state-of-the-art to assess 

renal fibrosis is a kidney biopsy which is obviously invasive [15, 16], cannot be repeated 

frequently, is prone to observer bias and does not enable detailed molecular insight in the 

molecular components of the deposited ECM [17].  

Focusing on the non-invasive detection of the kidney’s ECM composition could be a good 

alternative towards the early detection of fibrosis [16]. In this context, the urinary proteome has 

been extensively studied [18, 19]. Particularly, capillary electrophoresis coupled to mass 

spectrometry (CE-MS), focusing on the low molecular weight urinary proteome, has been 

successfully used in many studies for the diagnosis and prognosis of CKD [20-25]. An example 

is CKD273, a multidimensional classifier developed by using CKD-specific peptides present in 

urine. This classifier is composed of 273 urinary peptides including many peptides (n=207) 

derived from the ECM [26]. CKD273 performance has been validated in several independent 

studies using different cohorts, displaying high sensitivity and specificity for the non-invasive 

detection of CKD [26-29]. Furthermore, CKD273 enables prediction of progression of CKD 

[28, 30, 31]. Indeed, this classifier was able to predict the development of micro- or 

macroalbuminuria and rapid eGFR loss, demonstrating its utility and advantage over the 

currently used clinical parameters for predicting CKD progression [30-33]. First data also 

indicated that CKD273 enables prediction of response to spironolactone [34]. These results 

have led to the initiation of a randomised controlled clinical trial, PRIORITY, investigating the 

benefit of CKD273-guided intervention with spironolactone in normoalbuminuric type 2 

diabetic patients [35]. 
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In the current study, we aimed to examine urine and biopsy samples from the same CKD 

patients, to assess the association of CKD273 with the degree of fibrosis. Furthermore, we also 

investigated individual urinary peptides potentially correlated with fibrosis. 

 

4.3. Subjects and methods 

4.3.1. Patient cohort 

 

Matched urine and kidney tissue samples were collected from seven different centers: Wroclaw 

Medical University (Wroclaw, Poland; n=13), Clinical Center of Serbia (Belgrade, Serbia; 

n=12), Charles University (Prague, Czech Republic; n=7), IIS-Foundation Jimenez Diaz 

(Madrid, Spain; n=4), University Hospital Center "Mother Teresa" (Tirana, Albania; n=3), 

University of Campania “Luigi Vanvitelli” (Naples, Italy; n=2), and University of Medicine 

and Pharmacy Timisoara (Timisoara, Romania; n=1). The patient cohort consisted of 42 CKD 

patients. Patients’ clinical data (eGFR, albuminuria and proteinuria) were measured based on 

the urine samples, which were collected on the same day as the kidney biopsies were performed. 

Albuminuria (mg/g) was determined by the ratio of the measured urine albumin and urine 

creatinine. Proteinuria was calculated in a similar way, however, based on urine-protein values. 

Baseline eGFR (mL/min/1.73 m2) was estimated using the CKD-EPI formula. CKD stages were 

defined on the basis of the eGFR, allowing the following distribution of the patients: 26.2% in 

category G1, eGFR ≥ 90 ml/min/1.73 m2; 23.8% in G2, eGFR 60–89 ml/min/1.73 m2; 35.7% 

in G3, eGFR 30–59 ml/min/1.73 m2; 11.9% in G4, eGFR 15–29 ml/min/1.73 m2 and 2.4% in 

G5, eGFR <15 ml/min/1.73 m2, according to the KDIGO categorization system [4]. This cohort 

was constituted by patients of different CKD etiologies: chronic hypertensive nephropathy 

(n=1); Henoch-Schönlein Purpura - Nephritis (HSPN; n=1); Idiopathic Rapid Progressive 

Glomerulonephritis (n=1); IgA Nephropathy (IgAN; n=9); Membranous Glomerulonephritis 

(MGN; n=1); Mesangioproliferative Glomerulonephritis (n=4); Mesangiocapillary 

Glomerulonephritis (n=7); Minimal Change disease (MCD; n=3); Primary Focal Segmental 

Glomerulosclerosis (FSGS; n=3),Tubulointerstitial Nephritis (TIN, n=1); Membranous 

Nephropathy (MN; n=5), Minimal Change Nephropathy (n=4); Systemic vasculitis - ANCA 

positive (n=1) and Transplant Glomerulopathy (n=1).  

Baseline characteristics of the patients included in this study are summarized in Table 4.1. 

The study was designed and conducted in accordance with the standards of good clinical 

practice and principles of the Helsinki Declaration. Written informed consent was obtained 

from all participants. The protocol was approved by each center local ethics committee (Ethics 
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Committee of the Hospital of the Second University of Naples, Italy; Multicentric ethics 

committee of the Faculty Hospital Kralovske Vinohrady, Czech Republic; Component of the 

Local Ethics Commission for Scientific Research of Timisoara, County Emergency Clinical 

Hospital, Romania; National Ethics Committee from the Ministry of Health, Republic of 

Albania; Bioethics Committee at the Medical University of Wroclaw, Poland; Ethics 

Committee of Clinical Center of Serbia, Serbia; Ethics Committee of Clinical Center of the IIS-

Foundation Jimenez Diaz, Spain) and the general one from the coordinating center in Skopje, 

Macedonia - Ethic Subcommittee for Medicine, Pharmacy, Veterinary and Stomatology - 

Macedonian Academy of Science and Arts (Ethical ID: 09-1785/5). 

 

Table 4.1 - Baseline characteristics of the study population 
 

Characteristics 

Number of subjects 42 

Age (years) 43.99±17.72 

Gender (F/M) 19/23 

Mean ± SD of characteristic  

Systolic BP (mmHg) 131.62±17.20 

Dyastolic BP (mmHg) 80.64±10.03 

Mean BP (mmHg) 97.63±10.79 

UACR (mg/g) 1882.49±2250.21 

UPCR (mg/g) 2773.68±3045.47 

eGFR (CKD-EPI). mL/min/1.73 m² 67.28±34.55 

CKD273 scores 0.51±0.48 

% fibrosis / total area 13.07±8.25 

*BP: blood pressure; UACR: urine albumin-to-creatinine ratio; UPCR: urine protein-to-creatinine ratio; eGFR: 

estimated glomerular filtration rate 

 

4.3.2. Urine samples 

4.3.2.1. Sample preparation and CE-MS analysis 

 

Urine sample collection and CE-MS analysis were carried out as previously described [26, 36]. 

Briefly, 0.7 ml of urine was thawed and diluted with 0.7 ml of a solution containing 2 M urea, 

0.1 M NaCl, 10 mM NH4OH and 0.02% SDS. The sample was filtered using a Centrisart 

ultracentrifugation filter devices (20 kDa molecular weight cut-off; Sartorius, Goettingen, 
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Germany) at 2,600×g for one hour at 4°C until 1.1 ml filtrate was obtained. Subsequently, the 

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

0.01% aqueous NH4OH. Finally, the eluate was lyophilized, stored at 4°C prior to be 

resuspended in HPLC-grade water for CE-MS analysis. 

CE-MS analysis was performed using a P/ACE MDQ capillary electrophoresis system 

(Beckman Coulter, Fullerton, USA) online coupled to a MicroTOF MS (BrukerDaltonic, 

Bremen, Germany) [37]. 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. Spectra were 

accumulated every 3 seconds over a range of mass-to-charge from 50 to 3000.  Details on 

accuracy, precision, selectivity, sensitivity, reproducibility and stability of the CE-MS method 

were previously reported in detail [37]. 

 

4.3.2.2. Data processing 

 

MosaiquesVisu was used to deconvolute mass spectral peaks representing identical molecules 

into singles masses. The obtained peak list of each polypeptide is characterized by molecular 

mass [in Daltons], CE-migration time (in minutes), and normalized ion signal intensity. MS 

signal intensities were used as a measure of relative abundance and normalized using 29 internal 

standard peptides (peptides generally present in at least 90% of all urine) [38]. All detected 

peptides were deposited, matched and annotated in a Microsoft SQL database [39], permitting 

further correlation and statistical analysis. 

 

4.3.2.3. Peptide sequencing 

 

To obtain the sequence information, tandem mass spectrometry was performed using a Dionex 

Ultimate 3000 RSLC nano flow system (Dionex, Camberly, UK) or a Beckman CE system 

(PACE MDQ) coupled to an Orbitrap Velos MS instrument (Thermo Fisher Scientific) [40, 

41]. Data files were analyzed using Proteome Discoverer 1.2 and were searched against the 

UniProt human non-redundant database without enzyme specificity and with hydroxylation of 

proline and lysine, as well as oxidation of methionine. The assessment of the sequences was 

based on the molecular mass and calculated CE-migration time based on its peptide sequence 

(number of basic amino acids). Peptides were accepted only if they had a mass deviation below 

±5 ppm and < 50 mDa for the fragment ions. In addition, CE-migration time deviation was 

required to be below ±2 min. 
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4.3.3. Tissue samples and image analysis 

 

Sections from Formalin Fixed Paraffin Embedded (FFPE) blocks with bioptic tissues were 

shipped to Nephropathology Department of San Gerardo Hospital in Monza where 

histopathological diagnoses and scores were performed according to the predefined renal 

scoring system for glomerular, vascular and interstitial changes [42].  

Biopsy slides stained with Masson trichrome were scanned with an Aperio Scanner (Leica 

Biosystems) and analyzed with ImageJ software (version 1.51n, https://imagej.nih.gov/ij/). The 

surface occupied by the green marker was evaluated as fibrosis surface. Based on these 

measurements, the level of fibrosis, expressed as a percentage of the total measured area, was 

calculated. The degree of fibrosis was calculated according to the following equation: % fibrosis 

per total area = (fibrosis area / total tissue area) * 100. Total area is defined by the total kidney 

tissue area that is available to evaluate for image analysis. 

 

4.3.4. Correlation and statistical analysis 

 

The non-parametric Spearman’s rank correlation coefficient was used to estimate the 

correlation of the CKD273 classifier with the degree of fibrosis. The same method was applied 

to investigate the correlation between the parameters routinely used in the clinic to assess the 

severity of kidney damage and to categorize CKD based on the risk of CKD progression and 

premature mortality (eGFR, urine albumin-to-creatinine ratio, urine protein-to-creatinine ratio) 

[4] and the percentage of fibrosis. Correlations were considered significant when displaying a 

P value < 0.05. These analyses were performed using MedCalc software (version 12.1.0.0; 

MedCalc Software, Mariakerke, Belgium).  

To determine the correlation of individual peptides with the percentage of fibrosis as a 

continuous variable, Spearman’s rank correlation was assessed, because the peptide profiles 

across the samples are not normally distributed. Peptides present in at least 50% (frequency 

threshold) of the samples were included in the correlation analysis. The analysis was performed 

using R-based statistic software and confirmed by MedCalc. Graphs were generated with 

MedCalc. 
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4.4. Results 

4.4.1. Degree of fibrosis based on Masson trichrome staining 

 

Masson trichrome staining was performed on the 42 kidney biopsies to display fibrotic lesions. 

Two examples are presented in figure 1, exemplifying little and massive fibrosis as indicated 

by the level of green staining. These two examples included patients with mesangiocapillary 

glomerulonephritis type 2 revealing a reduced fibrosis (Figure 4.1A) and with 

mesangiocapillary glomerulonephritis type 1 showing a massive degree of fibrosis (Figure 

4.1B). 

 

4.4.2. Association of CKD273 classifier with the degree of fibrosis 

 

We first investigated the association of CKD273 and of the parameters used in routine clinical 

care to assess the severity of kidney disease (eGFR, urine albumin-to-creatinine ratio and urine 

protein-to-creatinine ratio values) with the percentage of renal fibrosis per total tissue area of 

kidney biopsy. As shown in figure 4.2A, CKD273 scores were significantly and positively 

correlated (Rho= 0.430, P= 0.0044) with the degree of fibrosis. A higher CKD273 score had 

been previously associated with an increased risk of CKD and of CKD progression in larger, 

non-biopsied cohorts [28, 31]. In contrast, none of the other parameters in routine clinical use 

were significantly correlated to the percentage of fibrosis: eGFR (Rho= -0.222, P= 0.16, Figure 

Figure 4.2 - Two examples of biopsies with little (A) and massive fibrosis (B) as evidenced by 

Masson trichrome staining (green) that were used for quantification of the degree of fibrosis. 

A) A patient with mesangiocapillary glomerulonephritis type 2 and B) a patient with 

mesangiocapillary glomerulonephritis type 1.  



Association of kidney fibrosis with urinary peptides: a path towards non-invasive liquid biopsies? 

 
54 

4.2B), urine albumin-to-creatinine ratio (Rho= -0.137, P= 0.39, Figure 4.2C) and urine protein-

to-creatinine ratio (Rho= -0.070, P= 0.66, Figure 4.2D). 

 

4.4.3. Correlation of individual urinary peptides to renal fibrosis 

 

As a second aim, we investigated the correlation of individual urinary peptides with the degree 

of fibrosis. In total, we assessed 385 urinary peptides that were detected in >50% of all samples 

and where a high-confidence sequence could be assigned. Out of these 385, seven presented a 

statistically significant association with the degree of fibrosis (p< 0.05) (Table 4.2). All peptides 

displayed a negative correlation with fibrosis (-0.552 <Rho< -0.343) and were ECM related. 

The peptides were derived from different collagen fragments. Amongst the collagen fragments, 

six were fibrillar collagens covering type I and III collagens (alpha-1 and 2 chains) and one 

alpha-1 type XVI collagen, characterized as a fibril-associated forming collagen. Out of these 

seven urinary peptides, two are also included in the CKD273 classifier and five were previously 

associated to CKD progression [31].

Figure 4.3 - Spearman’s rank correlation analysis, presented by Scatter diagrams. Comparison 

of different parameters with percentage of fibrosis: (A) CKD273 classifier; (B) eGFR values 

(ml/min/1.73m2); (C) Urine albumin-to-creatinine ratio (UACR (mg/g)) and (D) Urine protein-

to-creatinine ratio (UPCR (mg/g)). 
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Table 4.2 - Individual peptides that display a significant correlation with the degree of fibrosis 

 

Sequence Protein name 
Accession 

number 

Start 

AA 

Stop 

AA 

Spearman´s 

rho 
p-value 

Overlap with 

CKD273 [26] 

Previously associated 

peptides with CKD 

progression 

described in 

Schanstra et al. [31]  

SpGERGETGPp 
Collagen alpha-1(III) 

chain 
P02461 796 806 -0.461 0.007 no yes 

ApGDRGEpGPpGPAG 
Collagen alpha-1(I) 

chain 
P02452 798 812 -0.351 0.025 yes yes 

DAGApGApGGKGDAG
ApGERGpPG 

Collagen alpha-1(III) 
chain 

P02461 664 687 -0.343 0.029 no yes 

VGEpGpAGSKGESGNK
GEPGSAGP 

Collagen alpha-2(I) 
chain 

P08123 345 368 -0.348 0.041 yes no 

ANGAPGNDGAKGDAG
APGApGSQGApG 

Collagen alpha-1(I) 
chain 

P02452 699 725 -0.464 0.016 no yes 

PGpPGHPGPpGEPGTDG
AAGKEGPpG 

Collagen alpha-
1(XVI) chain 

Q07092 1331 1356 -0.552 0.003 no no 

KNGETGPQGPPGPTGP
GGDKGDTGPpGP 

Collagen alpha-1(III) 
chain 

P02461 610 637 -0.418 0.043 no yes 
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4.5. Discussion 

 

Fibrosis is a hallmark of CKD, however non-invasive specific markers allowing the assessment 

of the in-situ ECM content are lacking [16]. Kidney biopsies allow a certain degree of fibrosis 

assessment but cannot be used to assess the progression of fibrosis in routine clinical care [10, 

13]. Moreover, fibrosis may be patchy and kidney biopsies may offer an incorrect assessment 

of the overall degree of fibrosis since tissue is randomly taken and may not be representative of 

the entire kidney. In fact, this may in part be the reason for the yet significant, but variable 

association found between CKD273 and the observed fibrosis. However, multiple sampling 

(i.e. repeated biopsies) to improve the accuracy of fibrosis assessment is not possible. 

Therefore, in this study, we aimed to correlate urinary peptides to the degree of kidney fibrosis 

with the goal of providing a non-invasive readout of renal fibrosis that may be used to monitor 

kidney fibrosis.  

The most prominent finding of the study was a significant positive correlation of CKD273 with 

the degree of fibrosis. CKD273 was not initially developed to predict CKD progression and by 

extension, for the prediction of the degree of fibrosis. However, further studies were conducted 

[31, 43, 44], validating and demonstrating the prognostic value of this classifier. A higher score 

of CKD273-classifier indicates more severe and advanced CKD. Hence, a positive correlation 

was expected, due to the fact that CKD273 scores are directly associated with CKD progression 

[31]. In the case of the seven individual peptides that were correlated to the degree of fibrosis, 

we hypothesize that the observed negative correlation results from decreased degradation of the 

kidney ECM proteins, leading to ECM accumulation in the form of kidney fibrosis. Collagen 

fragments are the most abundant peptides in urine and are thought to be the result of proteolytic 

activity [8, 45]. They are the main structural elements of the interstitial ECM, responsible for 

cell adhesion, tissue development and tensile strength [46]. The reduced abundance of collagen 

fragments was previously observed in several studies for different kidney diseases [20, 47-49]. 

Hence, the results presented here are in good agreement with previous findings. Both type I and 

type III collagens are fibrillary collagens known to form the bulk of kidney fibrosis during 

kidney scarring. A marked increase in the synthesis of collagen type I, associated with 

decreased degradation leads to increased collagen deposition in fibrotic glomeruli, 

tubulointerstitial space and arterial walls [50]. Collagen type III also accumulates in the 

interstitium and in the glomeruli [51]. A surprising finding was the negative association of type 

XVI collagen with the degree of fibrosis. Type XVI, a fibril-forming collagen, is expressed in 

various cells and tissues [52, 53]. To our knowledge, this is the first time that this collagen type 
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is associated with CKD progression. However, this potential association is in line with the 

presence of fibrosis in-situ, due to the fact that collagen type XVI is an adaptor protein involved 

in fibrillar processes, and consequently could contribute to the integrity of the ECM [53, 54]. 

Enzymes, such as matrix metalloproteinases (MMPs), are responsible for maintaining the 

homeostasis of the ECM [55]. The underlying molecular process is without doubt rather 

complex, considering also that not only the activity of the protease, but also the susceptibility 

of the substrate are relevant in this context. Hence, a situation where post-translational 

modifications on collagen, e.g. glycation, that effectively inhibit proteolysis by MMPs, could 

ultimately result in decreased collagen degradation even if MMPs activity was increased [56].  

In hindsight, it is not surprising that routine parameters, used to assess the severity of kidney 

disease, did not correlate well with kidney biopsy findings. Loss of nephron mass is associated 

with hyperfiltration, which results in an underestimation of the kidney injury when eGFR is 

used. However, therapy for kidney disease is aimed to decrease hyperfiltration. The end-result 

of these factors at the individual patient level is unpredictable and may result in an apparent 

lack of correlation between eGFR and kidney tissue damage, especially in a study with a low 

number of subjects, as the one presented here. In addition, mean (SD) single nephron GFR in 

young humans was 79±42 ml/min and was nearly 40% higher in individuals in their seventies 

in a study of kidney biopsies from living kidney donors with normal (> 90 ml/min) mean GFR 

[57]. Regarding albuminuria and proteinuria, both proteinuric and non-proteinuric kidney 

disease share a common pathway of kidney fibrosis. Additionally, anti-proteinuric therapy may 

further dissociate albuminuria/proteinuria from kidney histology. Furthermore, proximal 

convoluted tubular uptake of albumin may also be modified in CKD. Up to 30% of diabetic 

kidney disease cases may develop decreased eGFR without increase of albuminuria [58]. 

Fibrosis as a dynamic process is expected to be associated with proteinuria and eGFR [59]. 

However, in this present study, no significant correlation was found between fibrosis and 

proteinuria/albuminuria or eGFR. The absence of such correlation may be due to the fact that 

only one point in time was measured, while fibrosis represents years of progression. The slope 

of eGFR over time might have displayed a better correlation. In addition, eGFR and albuminuria 

measurements display a large degree of variability [19], which could also contribute to the 

absence of correlation with the degree of fibrosis. Similarly, no association of these clinical 

parameters with CKD273 was detectable, although described in previous studies [31, 60]. This 

lack of expected associations is thus also likely due to the small sample size. In fact, sample 

size is a shortcoming of the study. The relatively low patient number is due to the invasive 

method of obtaining kidney biopsies. Another issue that could be a limitation of this study is 
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the heterogeneity of our cohort, comprising of CKD patients with various aetiologies. Different 

disease processes and risk factors can be associated with a progressive fibrosis. However, this 

may also be considered as a strength, since a marker that relates to fibrosis independently from 

the cause of CKD - frequently being unknown- is needed. Another limitation is that we could 

not obtain the sequence information for all single urinary peptides significantly associated with 

fibrosis. This can be caused by post-translational modifications of the proteins. Finally, despite 

kidney biopsy being the current gold standard to assess kidney fibrosis, it involved a very small 

section (in the range of 0.0025% of total kidney volume) of one of the two kidneys and may 

not be representative for the full extent of fibrosis, as also indicated above.  

In conclusion, our study demonstrated a significant association of CKD273 with the degree of 

kidney fibrosis, which could not be detected by the current state-of-the-art methods based on 

serum and urine biochemical parameters used in routine clinical care to estimate the severity of 

CKD. Furthermore, we identified seven fibrosis-associated peptides that displayed a negative 

association with the degree of fibrosis. To our knowledge, the present study provides the first 

investigation of CKD273 and urinary peptides related to the severity of kidney fibrosis. 

Additional studies in larger cohorts are required to further validate these potential associations. 

However, the results of the present study are in line with previous observations suggesting that 

CKD273 is a good predictor of CKD progression. 
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Chapter 5 - Summary of the results 

 

5.1. Publication 1: Comparison of urine and plasma peptidome indicates 

selectivity in renal peptide handling 

 

In the current study, plasma and urinary peptidomes were characterized and further compared 

to investigate the origin of urinary peptides (e.g. kidney and urinary tract-derived and 

circulation system). Several peptidomic studies have been performed using urine as a valuable 

source of information reflecting the pathological states of the organism (e.g. urinary peptide 

biomarkers) (reviewed in [1]). Given that urine is also a result of plasma filtration, the origin of 

a large number of naturally occurring peptides remains unclear. As such, we aimed to address 

this knowledge gap throughout the study. Therefore, 22 matched urine and plasma samples 

were first analyzed by CE-MS. CE-MS was used for the quantification of peptides in each 

sample. In this approach, each peptide was characterized by its molecular mass (Da), CE-

migration (min) and signal intensity (amplitude). The mean peptide abundance was further 

calculated by multiplying the mean of the amplitudes of each individual peptide with its 

frequency (occurrence of each peptide present in a given cohort). Next, all samples were 

analyzed by CE-MS/MS and LC-MS/MS (tandem MS), to obtain the amino acid sequence 

information, which was matched to the peptides assessed by CE-MS. Both CE-MS/MS and LC-

MS/MS were employed to improve sequence coverage, as they were previously reported as 

being highly complementary [2].  

9 Heparin and 13 EDTA plasma samples were principally evaluated. Sample preparation, CE-

MS analysis and normalization of the plasma samples were performed, leading to further 

comparison of the two plasma-derived sample subgroups. As no significant differences were 

found in terms of peptide profiling between either anticoagulant-plasma types, all samples 

could be investigated as one dataset. The analysis of the 22 plasma samples by CE-MS allowed 

the detection of a list of 1952 unique native peptides. Sequence information was assigned for 

561 out of the 1952 plasma peptides using tandem MS. These 561 comprised fragments derived 

from several proteins such as complement C3 and C4-A, fibrinogens, apolipoproteins, and 

collagens, as well as serum albumin, thymosin beta-4, alpha-2-antiplasmin, alpha-1-antitrypsin, 

and inter-alpha-trypsin inhibitor heavy chain H1 and H4. The abundance of the 561 sequenced 

plasma peptides covered approximately 24% of the total detected plasma peptide-signals, 
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characterized by CE-MS. The most abundant plasma peptides derived from seven complement 

C3, two fibrinogens and one apolipoprotein (Table 3.3A).  

 Alongside this, 22 urine samples were analyzed by CE-MS, permitting the relative 

quantification of a list of 3955 exclusive urinary endogenous peptides. The amino acid sequence 

information was obtained for 1461 out of the 3955. Amongst these urinary peptides were 

collagen fragments, uromodulin, fibrinogen, and fragments derived from other proteins such as 

the polymeric-immunoglobulin receptor, CD99 antigen, sodium/potassium-transporting 

ATPase subunit gamma, and membrane-associated progesterone receptor component 1. The 

abundance of the 1461 sequenced urinary peptides covered approximately 52% of the total 

detected plasma peptide signals, quantified by CE-MS. The ten most abundant urinary peptides 

encompassed eight collagen fragments (type I, II, and III), one uromodulin, and one fibrinogen 

fragment (Table 3.3B). 

 

Table 3.3 - Ten most abundant peptides: A- Plasma and B- Urine (retrieved from the 

Supplementary table 1: Spreadsheet “Plasma” and Spreadsheet “Urine”, respectively). 

 

A. Plasma 

Sequence Protein Name Protein accession Abundance 

SSKITHRIHWESASLLR Complement C3 P01024 579727.3 
HWESASLL Complement C3 P01024 387120.4 

DEAGSEADHEGTHST Fibrinogen alpha chain P02671 358721.0 
IHWESASLL Complement C3 P01024 315808.9 
IHWESASL Complement C3 P01024 247522.5 

SSKITHRIHWESASLL Complement C3 P01024 180976.1 
SLAELGGHLDQQVEEF Apolipoprotein A-IV P06727 110298.7 

HWESASLLR Complement C3 P01024 109632.4 
RIHWESASLL Complement C3 P01024 77763.2 

DEAGSEADHEGTH Fibrinogen alpha chain P02671 59534.4 

B. Urine 

Sequence Protein Name Protein accession Abundance 
ApGEDGRpGPpGP Collagen alpha-1(II) chain P02458 1228197.1 

SGSVIDQSRVLNLGPITR Uromodulin P07911 942430.9 
DEAGSEADHEGTHSTKRG Fibrinogen alpha chain P02671 785674.5 

NGDDGEAGKPGRPGERGPpGp Collagen alpha-1(I) chain P02452 575454.2 
NSGEpGApGSKGDTGAKGEpGP

VG 
Collagen alpha-1(I) chain P02452 512153.5 

ERGEAGIpGVpGAKGEDGKDGS
pGEpGANG 

Collagen alpha-1(III) chain P02461 445507.1 

ApGDRGEpGPpGPA Collagen alpha-1(I) chain P02452 417569.8 
GGpGSDGKPGppGSQGESGRPGP

pG 
Collagen alpha-1(III) chain P02461 377761.4 

GNSGEpGApGSKGDTGAKGEpG
PVG 

Collagen alpha-1(I) chain P02452 361115.8 

ADGQPGAKGEpGDAGAKGDAG
PPGp 

Collagen alpha-1(I) chain P02452 319775.6 
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In the next step, a comparison based on the sequence information was carried out leading to the 

identification of 90 peptides overlapping between plasma and urine. These peptides 

corresponded to different collagen, fibrinogen, osteopontin, apolipoprotein, alpha-2-HS-

glycoprotein and serum albumin fragments (Figure 3.1). This low overlap may be associated 

with the scarcity of some of the plasma peptides that, being below the detection limit, do not 

permit identification. On the other hand, urinary peptides are expected to be 100-fold increased 

(enabling their identification), because primary urine is a 100-fold concentrated in the tubulus 

(i.e. approximately 150–180 L of ultrafiltrate to 1% (1.5 L) of daily output) [3]. 

 

 

 

 

 

 

 

Subsequently, the relative abundance of the overlapping peptides was defined by the following 

formula:  

Relative peptide abundance (%) = 𝑀𝑒𝑎𝑛  𝑝𝑒𝑝𝑡𝑖𝑑𝑒 𝑎𝑏𝑢𝑛𝑑𝑎𝑛𝑐𝑒∗100 𝑇𝑜𝑡𝑎𝑙 𝑎𝑏𝑢𝑛𝑑𝑎𝑛𝑐𝑒 𝑜𝑓 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔 𝑝𝑒𝑝𝑡𝑖𝑑𝑒𝑠 

 

As a further step, a comparison of the relative abundance of the 90 common peptides in plasma 

and urine was evaluated using the Pearson correlation coefficient r, where no significant 

correlation was found (r = 0.05; p-value = 0.632, Figure 3.2A). However, when investigating 

only the most representative peptide fragments among the overlapping peptides i.e. collagen-

derived peptides (n = 71), a significant correlation was observed (r = 0.32; p-value = 0.007; 

Figure 3.2B). 

Furthermore, by analyzing only collagen alpha-1 (I) chain fragments (n = 50) a seemingly 

stronger correlation was observed (r = 0.44; p-value = 0.002; Figure 3.2C). This indicates that 

fragments of collagens displayed a much higher abundance in urine than in plasma, suggesting 

that those peptides may be selectively excluded from tubular reabsorption via a yet unknown 

mechanism. This is a hypothesis warranting additional experimental investigation. 

 

Figure 3.1 - Comparison between urine and plasma based on identical sequenced peptides.  
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In order to explain the aforementioned findings in light of the available and published literature, 

the final step was a comparison between two comprehensive sequenced peptide lists from two 

previously developed databases, which was performed using 3366 urinary [4, 5] and 5548 [6] 

plasma sequenced peptides. Comparing these two resources resulted in the identification of 124 

peptides with a plasma and urine overlap (Figure 3.3A). As observed in the findings discussed 

above, no significant correlation of the relative abundance of these 124 overlapping peptides 

was found (p = 0.09) (Figure 3.3B). 

Figure 3.2 - Correlation of the peptides found among the overlap based on their relative 

abundance in both sources. Correlation A. of all peptides, B. of all collagen peptides, and C. of 

collagen alpha-1(I) chain peptides. 
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Figure 3.3 - A. Comparison between Human Urinary Proteome database [4, 5] and plasma 

peptidome listed in [6] based on identical sequenced peptides. B. Correlation of the overlapping 

peptides based on their relative abundance. 

 

In conclusion, this is the first study to characterize human plasma and urine peptidome along 

with their overlap, using matched samples and the same proteomic protocols. Interestingly, this 

study revealed unexpected findings (for instance, a potential selectivity in renal peptide 

handling) when comparing the relative abundance of some peptides, mainly collagen-derived 

fragments – a hypothesis warranting further investigation. 

 

5.2. Publication 2: Association of kidney fibrosis with urinary peptides: a 

path towards non-invasive liquid biopsies? 

 

CKD is a worldwide health problem, characterized by a progressive loss of kidney function 

over time [7]. Renal fibrosis, which is a hallmark of CKD progression, results in an imbalance 

between ECM synthesis and degradation [8]. In the current study, a detailed investigation of 

the potential correlation of urinary peptides with the degree of fibrosis was performed. 

Primarily, a potential association of CKD273-classifier score [9], as well as routine clinical 

parameters (eGFR, albuminuria [UACR] and proteinuria [UPCR]) with the degree of renal 

fibrosis, was evaluated. Greater use was made of the CKD273-classifier, mainly because the 

majority of the urinary peptides which comprise this classifier are derived from the ECM (n = 

207) (e.g. collagen and fibrinogen fragments) [9]. The second aim was to investigate the 

individual peptides possibly linked with the degree of fibrosis.  

The study included 42 urine and kidney tissue samples, derived from the same CKD patients. 

The cohort encompassed patients suffering from various kidney diseases (IgAN, MGN, MCD, 
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etc.) and across all five CKD stages, which were defined on the basis of eGFR. Sample 

collection and measurement of patients´ clinical parameters (eGFR, UACR and UPCR) were 

obtained on the same day. eGFR was estimated using the CKD-EPI formula [10]. In the case 

of albuminuria and proteinuria, values were calculated through the ratio of their specific values 

divided by the urinary creatinine values. To estimate and evaluate the association of CKD273-

classifiers and the routinely used clinical parameters, as well as the individual urinary peptides 

with the degree of fibrosis, the non-parametric Spearman’s rank correlation coefficient was 

used. This method was selected since the variable percentage of fibrosis, CKD273 scores, 

albuminuria, proteinuria and peptide profiles were not normally distributed across the samples. 

Kidney biopsies were analyzed, and the level of fibrosis was assessed by Masson trichrome 

staining, and subsequently evaluated using an Aperio Scanner and ImageJ software. The degree 

of fibrosis was defined by the equation: 

 

% fibrosis per total area = (fibrosis area/total tissue area) *100. 

 

The total tissue area was estimated as the total kidney tissue available for evaluation through 

the image analysis. The surface occupied by the green colour (corresponding to Masson 

trichrome staining) was classified as fibrotic lesion. Out of the 42 analyzed kidney biopsies, 

two representative examples are shown in Figure 4.1. Figure 4.1A represents a case with a 

reduced level of fibrosis, whilst in Figure 4.1B a massive degree of fibrosis is shown. 

Figure 4.1 - Two representative examples of kidney biopsies stained to characterize the degree 

of fibrosis: (A) reduced and (B) massive fibrosis, evidenced by Masson trichrome staining. 
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In the following step, urinary peptide profiles of the patients were obtained by CE-MS analysis. 

Subsequently, the 42 urine samples were assessed by the CKD273-classifier, assigning to each 

sample the respective score [9].  

The CKD273-classifier scores exhibited a significant positive correlation with the degree of 

fibrosis (Rho = 0.430, p = 0.0044) (Figure 4.2A). A higher CKD273 score was previously 

related to "more severe CKD". Hence, a positive correlation was expected, as CKD273 scores 

are directly associated with CKD progression [11], which may be intrinsically connected to 

increased tissue fibrosis. On the contrary, routinely used clinical biochemical markers did not 

display any significant association with the degree of fibrosis: eGFR (Rho = -0.222, p = 0.16, 

Figure4.2B), UACR (Rho = -0.137, p = 0.39, Figure 4.2C) and UPCR (Rho = -0.070, p = 0.66, 

Figure 4.2D). 

 

 

 

 

 

 

 

 

 

 

 

 

As a final step of the study, an investigation of individual urinary peptides potentially associated 

with the degree of renal fibrosis was conducted. Only peptides detected in at least 50% of the 

samples were considered as individual fibrosis-related peptides for the evaluation. As a result, 

866 peptides were accessed, where peptide amino acid high-sequence information could be 

assigned for 385 peptides, using MS/MS analysis (CE or LC-MS/MS). Out of these 385 

peptides, seven displayed a significant and negative correlation (−0.552 < Rho <−0.343) with 

the degree of fibrosis (Table 4.2). All of the significant peptides were exclusively ECM-related, 

Figure 4.2 - Spearman’s rank correlation analysis, presented by Scatter diagrams: (A) 

CKD273-classifier scores; (B) eGFR (ml/min/1.73m2); (C) UACR (mg/g)) and (D) UPCR 

(mg/g)). 
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including various collagen fragments. The negative association may be expected (e.g. in the 

case of collagen peptides), suggesting that collagen degradation is attenuated in CKD, resulting 

in a reduction of collagen fragments observed in urine, and their subsequent accumulation in 

the tissue (hence resulting in fibrosis). Amongst the seven collagen fragments, six were fibrillar 

collagens covering type I and III collagens (alpha-1 and 2 chains) and one was derived from 

alpha-1 type XVI collagen, categorized as a fibril-associated forming collagen. Out of these 

seven urinary peptides, two are encompassed in the CKD273-classifier [9] and five were 

previously linked to CKD progression [11]. 

 

Table 4.2 - Individual peptides displaying a significant correlation with the degree of fibrosis 

Sequence Protein name 
Accession 

number 
Start  

AA 
Stop 

 AA 
Rho 

p-

value 

Overlap 

with 

CKD273 

[9] 

Previously 

peptides 

associated 

with CKD 

progression 

[11]  

SpGERGETGPp 
Collagen alpha-

1(III) chain 
P02461 796 806 -0.461 0.007 no yes 

ApGDRGEpGPpGP
AG 

Collagen alpha-
1(I) chain 

P02452 798 812 -0.351 0.025 yes yes 

DAGApGApGGKG
DAGApGERGpPG 

Collagen alpha-
1(III) chain 

P02461 664 687 -0.343 0.029 no yes 

VGEpGpAGSKGES
GNKGEPGSAGP 

Collagen alpha-
2(I) chain 

P08123 345 368 -0.348 0.041 yes no 

ANGAPGNDGAK
GDAGAPGApGSQ

GApG 

Collagen alpha-
1(I) chain 

P02452 699 725 -0.464 0.016 no yes 

PGpPGHPGPpGEP
GTDGAAGKEGPp

G 

Collagen alpha-
1(XVI) chain 

Q07092 1331 1356 -0.552 0.003 no no 

KNGETGPQGPPG
PTGPGGDKGDTG

PpGP 

Collagen alpha-
1(III) chain 

P02461 610 637 -0.418 0.043 no yes 

 

In conclusion, CKD273-classifier [9] and seven individual collagen fragments exhibited a 

significant correlation with the degree of kidney fibrosis. Accumulated evidence suggests that 

these fibrosis-associated biomarkers can potentially be evaluated in future studies, in order to 

provide a non-invasive readout for the assessment of renal fibrosis. Thus, urinary peptides (the 

CKD273 classifier and individual ECM-related peptides) may become a significant tool to 

monitor kidney fibrosis. 
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Chapter 6 - Discussion 

 

Molecular mechanisms leading to renal fibrosis and CKD progression are constantly under 

investigation. The identification of these molecular events via a non-invasive readout have been 

investigated by the analysis of the peptidome of various body fluids (e.g. plasma and urine). 

For this reason, CE-MS technology has been regularly used, enabling the identification of 

naturally occurring peptides. Effect of proteases activity during sample stability and collection 

along with an ultrafiltration process (MWCO based protocol) can influence the number of 

identified peptides (as stated in the introduction - section 1.3.5.1). However, prior CE-MS 

analysis, the use of an optimised sample preparation protocol has revealed high reproducibility 

together with comparable data, considered two relevant points for clinical investigations. 

Therefore, in the context of clinical proteomic studies, these peptides can provide useful 

insights into disease pathophysiology, being relevant for the diagnosis, prognosis and/or 

therapeutic interventions of several kidney diseases (as reviewed in [1]). Therefore, the main 

aims of this thesis were: (i) to obtain a primary insight of the origin of endogenous peptides 

(kidney-derived and/or circulation system); and (ii) to identify fibrosis-related biomarkers to 

unravel a non-invasive method for monitoring renal fibrosis, exploring the association of the 

CKD273-classifier and individual urinary peptides with the degree of fibrosis.  

In the first study, 22 urine and plasma samples originating from the same subjects were first 

analyzed by CE-MS; for peptide relative quantification. Thereafter, CE- or LC coupled to 

tandem MS analysis were used for peptide identification. The goal was to obtain a more 

comprehensive understanding as to whether endogenous urinary peptides are most likely 

derived from the kidney, the urinary tract or the circulation system. Plasma peptidome 

encompassed mostly peptides originating from proteins derived from the circulatory system [2]. 

The identification of over 500 peptides indicated a quite valid representation of the plasma 

peptidome, as circulating human peptides normally occur with lower abundance [3, 4]. 

However, this may be additionally influenced by sample handling as well as the clotting 

process, which activates several proteases that cleave highly abundant proteins, impeding the 

identification of low-abundance native plasma peptides [3, 4]. Findings described herein 

covered peptides originating from apolipoprotein E and complement C4-A proteins, which 

were exclusively identified in plasma, suggesting that they may be blood-specific. Furthermore, 

when considering abundance, complement and fibrinogen fragments are the most 

representative. These findings are in line with previously reported observations [5, 6]. 

Importantly, Parker et al. [6] have recently identified over 5000 plasma peptides. The biological 
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variability of endogenous peptides, different proteomic platforms and different settings in the 

sequence data analysis may all have contributed to the differences between the results reported 

here and by Parker and colleagues [6]. In fact, the instrument along with its proteomic approach 

(LC) used and performed by Parker et al. [6] exhibited a much higher sensitivity than the CE 

method performed during this dissertation. These differences may be related to the different 

proprieties of both approaches. In the case of CE, it is a method where a constant flow, voltage 

settings along with a small loading sample volume/quantity are normally used. Oppositely, LC 

has the possibility of loading a higher amount of sample (loading capacity of the LC-column), 

which is directly linked to a higher sensitivity. In addition, LC-resolution/separation time can 

also be prolonged by applying a shallow gradient, which is increasing the number of sequence 

peptide identifications. However, and corroborating the findings, a significant correlation was 

observed when comparing the relative peptide abundances of the plasma peptides described 

here with the plasma peptidome characterized by Parker et al. [6]. In the case of urinary 

peptidome, peptides originating from the circulation, kidney and urinary tract were frequently 

reported [3, 7]. In this study, 1461 urinary peptides were sequenced. The majority of these 

sequenced peptides were previously reported, being deposited in the Human Urinary Proteome 

Database [8, 9]. Furthermore, peptides derived from uromodulin, CD99 antigen, and the 

polymeric-immunoglobulin receptor were solely found in urine, suggesting that they may have 

their origin in the kidney or urinary tract. Importantly, urine is characterized as a concentrate 

of blood filtration, and some of the urinary peptides could not be identified in plasma, maybe 

due to their very low abundance [3, 4], and/or being below the detection limit of the instruments 

used. Interestingly, some of the presented peptides have already been used as potential 

biomarkers in the diagnosis of several kidney diseases [10, 11]. Notably, the most abundant 

peptides in urine were collagen fragments, as previously reported [12].  

The overlap between urine and plasma peptides (based on peptide sequence) was surprisingly 

low (n = 90), considering that plasma peptides are expected to be filtered by the kidney and 

consequently be present in urine. This may be partially linked to the low abundance of the 

plasma peptides, not permitting their identification. Different proteolytic processes (e.g. 

kidney-specific proteases [13]) may also account for these differences. However, this low 

overlap was further corroborated when investigating previously published urine and plasma 

peptidomic datasets [6, 8, 9] as well as by a recent report by Vitorino [3], which reviewed the 

peptidome of various body fluids. Subsequently, no significant association between the relative 

abundance of the 90 overlapping peptides was found. This may be indirectly associated with 

the tubular reabsorption process as well as the very low abundance of plasma peptides (as 
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previously mentioned). This is in contrast to urinary peptides, which are expected to be ~100-

fold increased since excreted urine volume represents about 1% of the original filtrate (~150-

180 L) [14], thus enabling identification. Interestingly, when investigating the most 

representative overlapping peptides (n = 71), collagen-derived peptides or, more specifically, 

type I collagen-derived peptides (n = 50), a significant correlation between relative peptide 

abundances in urine and plasma was detected. This demonstrates that collagen peptides display 

a massively higher abundance in urine than in plasma, suggesting that those peptides may be 

selectively excluded from tubular reabsorption through a hitherto undiscovered mechanism. 

Remarkably, this observation stands as a hypothesis meriting further investigation. This is 

further supported by the fact that the two receptors megalin and cubilin [15], known to be 

involved in the tubular reabsorption process under healthy and physiological conditions, have 

not previously exhibited any selectivity (removal/reabsorption) of peptides and proteins in the 

proximal tubules [14, 16]. Overall, the comparison of urine and plasma peptidome may allow 

a better understanding of the origin of the urinary peptides, with further implications for studies 

regarding disease pathophysiology. Furthermore, this study exposed new perspectives for 

research avenues, highlighting the possible, but as yet unexplored, selectivity in renal peptide 

handling (collagen fragments). 

After obtaining initial insights related to the origin of urinary peptides, we aimed to assess their 

potential for a non-invasive readout of the degree of renal fibrosis. Renal fibrosis is a hallmark 

of CKD progression, affecting all kidney structures [17, 18]. Development of fibrosis affects 

the healthy homeostasis and structure of the tissue and results in kidney failure [19, 20]. 

Furthermore, kidney biopsies may provide an inadequate assessment of the degree of fibrosis 

since the tissue is randomly taken (covering only a range of 0.0025% of total kidney volume) 

and may not be representative of the entire kidney. In addition, this procedure cannot be 

frequently repeated [19, 20]. Therefore, in this study, a new non-invasive approach for 

monitoring and readout of renal fibrosis was investigated. Through a unique cohort of 42 

matched kidney biopsies and urine samples from CKD patients of various underlying disease 

aetiologies, the association between urinary peptides and the molecular events occurring during 

kidney fibrosis was investigated for the first time. Firstly, the association of urinary CKD273-

classifier scores [10] with the degree of fibrosis was established, in which the CKD273-

classifier exhibited a significant positive correlation. CKD273 [10] was not primarily developed 

for the evaluation of CKD progression, and consequently renal fibrosis. However, to date, the 

additional prognostic benefit of the CKD273-classifier has been assessed and confirmed in 

several studies [21, 22]. Furthermore, it has been reported that a higher CKD273 score reflected 
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more severe and advanced CKD [22], and thus a positive correlation with kidney fibrosis could 

be expected. In the case of the commonly measured clinical parameters (eGFR, UACR, UPCR), 

no significant association with the degree of fibrosis was observed. The absence of such 

correlation may be due to having only one point in time measured, while fibrosis represented a 

gradual process progressing over the years. Furthermore, eGFR and proteinuria/albuminuria 

measurements revealed a large degree of variability [23], which could also influence the 

correlation with the degree of fibrosis. Further characteristics giving an advantage to the 

CKD273-classifier [10], were directly and significantly demonstrated.  In contrast to single 

markers such as eGFR, the 273 urinary peptides which compose the classifier enabled a better 

depiction of the complexity of a heterogeneous disease such as CKD [21, 22]. Additionally, 

207 peptides included in the CKD273-classifer are ECM-related, acting as a biomarker of ECM 

remodelling, revealing the potential molecular processes of the kidney’s ECM turnover in the 

early phases of fibrogenesis [10]. Furthermore, this investigation pinpointed seven individual 

urinary peptides significantly linked with the degree of renal fibrosis. These seven peptides 

were all ECM-related collagen fragments. As described above, collagen fragments are amongst 

the most abundant urinary peptides [12], being characterized as the main structural elements of 

the interstitial ECM, regulating cell adhesion and support, chemotaxis, cell migration, and tissue 

development, and providing tensile strength [24]. The identification of those collagen peptides 

associated with fibrosis suggested alterations in ECM remodelling/turnover. The formation of 

scar tissue in the interstitial space involves an accumulation of ECM components, consequently 

connected to MMPs and their inhibitors, which are responsible for maintaining the equilibrium 

between formation and degradation of ECM proteins [24]. Therefore, as expected, all identified 

collagen fragments displayed a negative association with the degree of fibrosis, consequently 

resulting in their decreased abundance in urine and their excessive accumulation in the kidney 

tissue. The findings of decreased urinary collagen fragments are in line with previous reports 

related to several kidney diseases, using non-biopsied cohorts [10, 25, 26]. Amongst these seven 

peptides, six were type I and III collagens and one a type XVI collagen. Collagen type I and III 

have been previously associated with early stages of renal fibrosis [24], as well as with CKD 

progression [22, 27]. In this regard, type I collagen was reported to be associated with fibrotic 

glomeruli, tubulo-interstitial space and arterial walls [28], and the collagen type III with the 

accumulation in the interstitium and in the glomeruli [29]. The most unexpected finding was 

the discovery of collagen type XVI as potentially associated with kidney fibrosis. Collagen type 

XVI is characterized as a fibril-forming collagen, which is normally present in several cells and 

tissues [30, 31]. This is the first time that this collagen was described in association with CKD 
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progression. However, its involvement in fibrillar processes and consequent contribution to the 

integrity of the ECM, may in part explain its association with kidney fibrosis. 

Related to statistical analysis used in this dissertation, regression analysis (Pearson correlation 

coefficient (r)) and rank correlation (Spearman’s rank correlation coefficient (rho)) were 

performed. These methods were selected depending on if a normal distribution (acceptance or 

rejection) was assessed when compared different variables across all samples. The test used for 

checking the distribution was Shapiro-Wilk test. Therefore, the Pearson correlation coefficient 

(r) was performed to correlate the variables of the first study, entitled comparison of urine and 

plasma peptidomes. In this study, the data was considered as normally distributed, due to the 

calculation of the relative abundance of the overlapping peptides. On the other hand in the 

second part of this dissertation, association of kidney fibrosis with urinary peptides, to estimate 

and evaluate the association of CKD273 scores and the routinely used parameters, the non-

parametric Spearman’s rank correlation coefficient (rho) was conducted for all statistical 

analyses. This method was chosen since the variables: % kidney fibrosis, CKD273 scores, 

albuminuria, and proteinuria were not normally distributed across all the samples. Moreover, 

for evaluating the association of the individual urinary peptides with % kidney fibrosis, the 

same method (rho) was used because the peptide profiles were also not normally distributed 

transversely to all samples. A limitation of the thesis might be that only correlation and/or 

regression analysis were conducted. However, different statistical methods, usually employed 

in the proteomics field (e.g. Wilcoxon rank sum test or principal component analysis) could not 

provide further information on these associations. Indeed, both methods are normally used to 

evaluate and assess to potentially relevant features that can differentiate different groups (e.g. 

controls vs cases) [10, 32]. 

In conclusion, plasma and urine contain a large number of proteins and peptides, comprising 

several common, as well as distinct features of various origins. The overlap of urine and plasma 

peptides was unexpectedly small. Nevertheless, this study allows a quite comprehensive insight 

into the origin of urinary endogenous peptides, by the use and comparison of side-by-side 

plasma and urine datasets. Furthermore, it stimulates new and interesting research hypotheses, 

related to the potential preferential exclusion of some peptides (collagen peptides) from tubular 

reabsorption. Importantly, the novelty of the first investigation described in this thesis was the 

use of the same MS platform, as well as matched urine and plasma samples. However, the 

identification (at the amino acid level) of the yet unidentified peptides (plasma and/or urinary 

peptides), putatively associated with the presence of post-translational modifications [3], is 

required in additional, larger studies. Analyses of naturally occurring peptides may provide an 
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overview of the pathophysiology of some diseases. Therefore, in the second investigation 

presented in this thesis, a non-invasive readout of renal fibrosis and consequently pathology of 

CKD was assessed by the use of urinary peptidomics (CKD273-classifier [10] and individual 

peptides) for the first time. Based on the accumulated evidence, it is expected that urinary 

peptides may serve as an excellent tool for monitoring renal fibrosis, providing better guidance 

for fibrosis evaluation and/or potential treatment interventions. Overall, this thesis underlines 

the added value of the employment of urinary peptidomics in CKD research, showing the great 

potential of this technology in studies related to the investigation of kidney pathophysiology 

and its utility in the search for novel disease biomarkers. 

 

 
 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Discussion 

 
79 

6.1. References 

 

1. Mischak, H., Ioannidis, J. P., Argiles, A., Attwood, T. K. et al.  Implementation of proteomic 

biomarkers: making it work. Eur. J Clin Invest 2012, 42 (9), 1027-1036. 

2. Hu, S., Loo, J. A., Wong, D. T., Human body fluid proteome analysis. Proteomics. 2006, 6 

(23), 6326-6353. 

3. Vitorino, R., Digging Deep into Peptidomics Applied to Body Fluids. Proteomics. 2018, 18 

(2). 

4. Tammen, H., Schulte, I., Hess, R., Menzel, C. et al.  Peptidomic analysis of human blood 

specimens: comparison between plasma specimens and serum by differential peptide display. 

Proteomics. 2005, 5 (13), 3414-3422. 

5. Shen, Y., Liu, T., Tolic, N., Petritis, B. O. et al.  Strategy for degradomic-peptidomic analysis 

of human blood plasma. J. Proteome. Res. 2010, 9 (5), 2339-2346. 

6. Parker, B. L., Burchfield, J. G., Clayton, D., Geddes, T. A. et al.  Multiplexed Temporal 

Quantification of the Exercise-regulated Plasma Peptidome. Mol. Cell Proteomics. 2017, 16 

(12), 2055-2068. 

7. Schanstra, J. P., Mischak, H., Proteomic urinary biomarker approach in renal disease: from 

discovery to implementation. Pediatr. Nephrol. 2014, 30 (5), 713-725. 

8. Siwy, J., Mullen, W., Golovko, I., Franke, J., Zurbig, P., Human urinary peptide database for 

multiple disease biomarker discovery. Proteomics. Clin. Appl. 2011, 5 (5-6), 367-374. 

9. Stalmach, A., Albalat, A., Mullen, W., Mischak, H., Recent advances in capillary 

electrophoresis coupled to mass spectrometry for clinical proteomic applications. 

Electrophoresis 2013, 34 (11), 1452-1464. 

10. Good, D. M., Zürbig, P., Argiles, A., Bauer, H. W. et al.  Naturally occurring human urinary 

peptides for use in diagnosis of chronic kidney disease. Mol. Cell Proteomics 2010, 9 (11), 

2424-2437. 

11. Pejchinovski, M., Siwy, J., Metzger, J., Dakna, M. et al.  Urine peptidome analysis predicts 

risk of end-stage renal disease and reveals proteolytic pathways involved in autosomal 

dominant polycystic kidney disease progression. Nephrol. Dial. Transplant. 2017, 32 (3), 487-

497. 

12. Coon, J. J., Zürbig, P., Dakna, M., Dominiczak, A. F. et al.  CE-MS analysis of the human 

urinary proteome for biomarker discovery and disease diagnostics. Proteomics Clin. Appl. 

2008, 2 (7-8), 964-973. 



Discussion 

 
80 

13. Panchapakesan, U., Pollock, C., The Role of Dipeptidyl Peptidase - 4 Inhibitors in Diabetic 

Kidney Disease. Front Immunol. 2015, 6, 443. 

14. Thongboonkerd, V., Malasit, P., Renal and urinary proteomics: current applications and 

challenges. Proteomics. 2005, 5 (4), 1033-1042. 

15. Nielsen, R., Christensen, E. I., Birn, H., Megalin and cubilin in proximal tubule protein 

reabsorption: from experimental models to human disease. Kidney Int. 2016, 89 (1), 58-67. 

16. Decramer, S., Gonzalez de, P. A., Breuil, B., Mischak, H. et al.  Urine in clinical proteomics. 

Mol Cell Proteomics 2008, 7 (10), 1850-1862. 

17. Boor, P., Ostendorf, T., Floege, J., Renal fibrosis: novel insights into mechanisms and 

therapeutic targets. Nat. Rev. Nephrol. 2010, 6 (11), 643-656. 

18. Falke, L. L., Gholizadeh, S., Goldschmeding, R., Kok, R. J., Nguyen, T. Q., Diverse origins 

of the myofibroblast-implications for kidney fibrosis. Nat. Rev. Nephrol. 2015, 11 (4), 233-

244. 

19. Vanhove, T., Goldschmeding, R., Kuypers, D., Kidney Fibrosis: Origins and Interventions. 

Transplantation 2017, 101 (4), 713-726. 

20. Liu, Y., Cellular and molecular mechanisms of renal fibrosis. Nat. Rev. Nephrol. 2011, 7 

(12), 684-696. 

21. Roscioni, S. S., de, Z. D., Hellemons, M. E., Mischak, H. et al.  A urinary peptide biomarker 

set predicts worsening of albuminuria in type 2 diabetes mellitus. Diabetologia 2012, 56 (2), 

259-267. 

22. Schanstra, J. P., Zurbig, P., Alkhalaf, A., Argiles, A. et al.  Diagnosis and prediction of 

CKD progression by assessment of urinary peptides. J Am Soc. Nephrol. 2015, 26, 1999-2010. 

23. Mischak, H., Delles, C., Vlahou, A., Vanholder, R., Proteomic biomarkers in kidney 

disease: issues in development and implementation. Nat. Rev. Nephrol. 2015, 11 (4), 221-232. 

24. Genovese, F., Manresa, A. A., Leeming, D. J., Karsdal, M. A., Boor, P., The extracellular 

matrix in the kidney: a source of novel non-invasive biomarkers of kidney fibrosis? 

Fibrogenesis. Tissue Repair 2014, 7 (1), 4. 

25. Klein, J., Ramirez-Torres, A., Ericsson, A., Huang, Y. et al.  Urinary peptidomics provides 

a noninvasive humanized readout of diabetic nephropathy in mice. Kidney Int. 2016, 90 (5), 

1045-1055. 

26. Wei, R., Gao, B., Shih, F., Ranger, A. et al.  Alterations in urinary collagen peptides in lupus 

nephritis subjects correlate with renal dysfunction and renal histopathology. Nephrol. Dial. 

Transplant. 2017, 32 (9), 1468-1477. 



Discussion 

 
81 

27. Johnson, T. S., Haylor, J. L., Thomas, G. L., Fisher, M., El Nahas, A. M., Matrix 

metalloproteinases and their inhibitions in experimental renal scarring. Exp. Nephrol. 2002, 10 

(3), 182-195. 

28. Stokes, M. B., Holler, S., Cui, Y., Hudkins, K. L. et al.  Expression of decorin, biglycan, 

and collagen type I in human renal fibrosing disease. Kidney Int. 2000, 57 (2), 487-498. 

29. Soylemezoglu, O., Wild, G., Dalley, A. J., MacNeil, S. et al.  Urinary and serum type III 

collagen: markers of renal fibrosis. Nephrol. Dial. Transplant. 1997, 12 (9), 1883-1889. 

30. Kassner, A., Tiedemann, K., Notbohm, H., Ludwig, T. et al.  Molecular structure and 

interaction of recombinant human type XVI collagen. J. Mol. Biol. 2004, 339 (4), 835-853. 

31. Grassel, S., Bauer, R. J., Collagen XVI in health and disease. Matrix Biol. 2013, 32 (2), 64-

73. 

32. Molin, L., Seraglia, R., Lapolla, A., Ragazzi, E. et al.  A comparison between MALDI-MS 

and CE-MS data for biomarker assessment in chronic kidney diseases. J Proteomics. 2012, 22, 

75 (18), 5888-97. 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 



Summary 

 
82 

Chapter 7 - Summary 

 

Pedro José Santana Ribeiro Magalhães 

Unravelling molecular basis of normal and abnormal renal tract: a proteomic approach 

CKD is a worldwide health problem, defined by a progressive decline in kidney function over 

time. Renal fibrosis is a common feature of CKD, categorized by excessive accumulation of 

ECM proteins. Kidney biopsy, an invasive method, is the current state-of-the-art technique for 

the assessment of the degree of fibrosis. Peptidomic analysis has been extensively performed, 

aiming to discover and validate specific biomarkers in the context of CKD. Thus, CE-MS is 

amongst the highest reproducible and accurate platforms for discovering and characterizing 

endogenous peptide biomarkers in urine samples. These CKD-related peptides were 

established, providing non-invasive diagnosis and prediction of CKD progression. These may 

lead to new strategies for a potential non-invasive management of the pathological complication 

of renal fibrosis. 

Before identifying fibrosis-related biomarkers, a comprehensive side-by-side analysis of urine 

and plasma peptidome was performed to obtain for the first time a better understanding of the 

origin of urinary peptides, i.e. whether kidney- and urinary tract-derived or circulatory system-

related. Twenty-two matched urine and plasma samples were first analyzed by CE-MS, 

allowing a relative quantification of the peptides, and further by CE- and LC-MS/MS, to obtain 

the sequence information. 1952 plasma and 3955 urinary endogenous peptides were detected. 

Of these, 561 plasma and 1461 urinary peptides could be assigned amino acid sequence 

information. On carrying out a comparison based on the sequence, only a very small overlap 

between plasma and urinary peptides was indicated (n = 90). When comparing the relative 

abundance of the overlapping peptides, no significant correlation was found, apart from 

collagen fragments (78% of the overlapping peptides), in which a significant correlation (r = 

0.32; p-value = 0.007) was detectable, even higher when only considering the most 

representative collagens – collagen alpha-1 peptides- (r = 0.44, p-value = 0.002). These data 

show that the majority of urinary peptides may originate in the kidney and urinary tract. 

Consequently, most of the plasma peptides may be reabsorbed in the renal tubules and thus, do 

not permit their identification in urine.  Exceptionally, collagens exhibited a significant 

correlation together with a much higher abundance in urine in comparison with plasma. This 

may suggest selective exclusion from tubular reabsorption through a yet unknown mechanism.  
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As the second main aim, fibrosis-associated urinary peptide biomarkers were identified in a 

unique set of 42 samples, comprising urine and kidney biopsy samples derived from the same 

CKD subjects. A correlation of the well-established urinary proteome classifier CKD273 and 

the routine current state-of-the-art methods, as well as individual urinary peptides with the 

degree of kidney fibrosis, was evaluated. The CKD273 classifier showed a significant and 

positive correlation with the degree of fibrosis (Rho = 0.430, p-value = 0.0044), although the 

routinely used markers (eGFR, UACR and UPCR) did not (Rho = -0.222; -0.137; -0.070 and 

p-value = 0.16; 0.39; 0.66, respectively). In addition, seven individual fibrosis peptides were 

identified, which all derived from the ECM, specifically collagen fragments. All these collagen 

fragments demonstrated a significant and negative correlation with kidney fibrosis, suggesting 

that these may be linked to the accumulation of ECM in the kidneys, and consequently a 

decrease in urine. Therefore, the CKD273-classifier and single urinary peptides may become 

useful tools, representing a non-invasive readout for the assessment and management of renal 

fibrosis.  
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Chapter 8 - Zusammenfassung 

 

Pedro José Santana Ribeiro Magalhães 

Entschlüsselung der molekularen Grundlagen des normalen und abnormalen 

Nierentraktes: ein proteomischer Ansatz 

Die chronische Nierenerkrankung (engl. „chronic kidney disease“: CKD) ist ein weltweites 

Gesundheitsproblem, das durch einen fortschreitenden Rückgang der Nierenfunktion im Laufe 

der Zeit definiert wird. Nierenfibrose ist ein häufiges Merkmal von CKD, kategorisiert durch 

übermäßige Ansammlung von extrazellulären Matrixproteinen. Die Nierenbiopsie, eine 

invasive Methode, ist die aktuelle Methode zur Beurteilung des Fibrosegrades. Die 

Peptidomics-Analyse wurde bereits umfassend durchgeführt und zielt auf die Entdeckung und 

Validierung spezifischer Biomarker im Kontext von CKD ab. Die mit der Massenspektrometrie 

gekoppelte Kapillarelektrophorese (CE-MS) gehört zu den reproduzierbarsten und genauesten 

Plattformen, um endogene Peptid-Biomarker für CKD in Urinproben zu entdecken und zu 

charakterisieren. Diese CKD- Peptide wurden zusammengefaßt, um eine nicht-invasive 

Diagnose und Vorhersage der CKD-Progression zu ermöglichen. Diese können zu neuen 

Strategien für ein mögliches nicht-invasives Management der Komplikationen der 

Nierenfibrose führen. 

Vor dem Identifizieren von Fibrose- Biomarkern wurde eine umfassende parallele Analyse des 

Urin- und Plasma-Peptidoms durchgeführt, um ein besseres Verständnis und erste Erkenntnisse 

über den Ursprung von Urinpeptiden zu erhalten. Zweiundzwanzig übereinstimmende Urin- 

und Plasmaproben wurden zuerst durch CE-MS analysiert, was eine relative Quantifizierung 

der Peptide ermöglichte und ferner die Sequenz der Peptide durch CE- und LC-MS/MS 

identifiziert. 1952 endogene Plasma- und 3955 Urin-Peptide wurden hierbei nachgewiesen. 

Von diesen konnten 561 Plasma- und 1461 Urinpeptide ihrer Aminosäuresequenz zugeordnet 

werden. Durch einen Vergleich der Sequenzen wurde jedoch nur eine geringe Überlappung 

zwischen Plasma- und Urinpeptiden gefunden (n = 90). Beim Vergleich der relativen 

Häufigkeit der überlappenden Peptide wurde keine signifikante Korrelation gefunden, 

abgesehen von Kollagenfragmenten (78% der überlappenden Peptide), bei denen eine 

signifikante Korrelation (r = 0,32; p-Wert = 0,007) nachweisbar war, die noch höher war, wenn 

nur die repräsentativsten Kollagene - Kollagen-Alpha-1-Peptide - (r = 0,44, p-Wert = 0,002). 

berücksichtigt wurden. Diese Daten zeigen, dass die Mehrheit der Urin-Peptide in der Niere 

und im Harntrakt entstehen. Folglich können die meisten Plasmapeptide in den Nierentubuli 
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reabsorbiert werden, was ihre Identifizierung im Urin mit Ausnahme von Kollagenpeptiden 

nicht erlaubt. Kollagene zeigten eine signifikante Korrelation zusammen mit einer viel höheren 

Häufigkeit im Urin im Vergleich zu Plasma. Dies könnte einen selektiven Ausschluss der 

tubulären Reabsorption durch einen noch unbekannten Mechanismus nahelegen. 

Als zweites Hauptziel dieser Arbeit wurden fibrosesassoziierte Peptid-Biomarker in 

zweiundvierzig Proben identifiziert, die Urin- und Nierenbiopsieproben umfassten, welche von 

denselben CKD-Probanden stammten. Eine Korrelation zwischen dem bereits etablierten Urin-

Proteom-Klassifikator CKD273, den routinemäßigen klinischen Parametern, sowie 

individuellen Urin-Peptiden wurden mit dem Grad der Nierenfibrose evaluiert. Der CKD273 

Klassifikator zeigte eine signifikant positive Korrelation mit dem Grad der Fibrose (Rho = 

0,430, p-Wert = 0,0044), die besser war als die der  routinemäßig verwendeten Marker 

(glomeruläre Filtrationsrate, Urin Albumin-Kreatinin-Verhältnis und Urin Protein-zu-Kreatinin 

(Rho = -0,222; -0,137; -0,070 und p-Wert = 0,16; 0,39; 0,66). Zusätzlich wurden sieben 

einzelne Fibrose-Peptide identifiziert, die alle aus der extrazellulären Matrix, meistens 

Kollagenfragmenten, stammten. Alle diese Kollagenfragmente zeigten eine signifikant 

negative Korrelation mit der Nierenfibrose, was nahelegt, dass diese mit der Akkumulation von 

extrazellulärer Matrix in den Nieren und folglich mit dem Urin verbunden sein könnten. 

Deshalb kann der  CKD273-Klassifikator und einzelne Urinpeptide ein nützliches Werkzeug 

sein, um mittels nicht-invasiver Analyse Nierenfibrose beurteilen und behandeln zu können.
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