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Clinical proteomics, a rapidly growing field, intends to use specific diagnostic proteomic/peptidomic markers for initial diagnosis or prognosis of the progression of various
diseases. Analyses of disease-associated markers in defined biological samples can provide
valuable molecular diagnostic information for these diseases. This approach relies on sensitive
and highly standardized modern analytical techniques. In the recent years, one of these technologies, CZE online coupled to MS (CZE-MS), has been increasingly used for the detection
of peptide biomarkers (<20 kDa) in body fluids such as urine. This review presents the most
relevant urinary proteomic studies addressing the application of CZE-MS in clinically relevant
biomarker research between the years 2006 and 2014.
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Introduction

During the last decade, CZE online coupled to MS (CZEMS) has proven its value and is now increasingly used for
proteomic as well as for metabolomic analysis, in diagnosis,
therapeutic treatment, and drug development [1–7].
CZE-MS as analytical tool is complementary and may
provide advantages over other technologies in analyzing urinary proteomic biomarkers of various diseases [8–10]. The
main advantage of modern proteomic tools such as CZE-MS
for routine diagnostic analysis is the simultaneous detection
of multiple markers [11]. CZE-MS is currently the method
with the shortest route from the analytical laboratory to clinical application as it can be used for discovery, validation,
and clinical implementation, missing out on the costly and
time-consuming process of changing technology platforms
with the risk of losing biomarkers [12]. Technically, CZE-MS
can provide fast analysis, typically resolving 1000–4000 peptides per sample within approximately 45 min. Some of the
∗ These authors contributed equally to this work.
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further advantages such as robustness (toward interfering
compounds, participates, etc.) and high comparability of the
datasets established this technique as a basis for biomarker
discoveries [13, 14]. The raise of CZE-MS-based biomarker
discovery in the recent years coincided with intensification of
proteome/peptidome analysis of the human urine, which can
be collected in large quantities in noninvasive and convenient
way. Thirty percent of urine proteome is of the systemic origin [15]. It may therefore provide biomarkers for urogenital
as well as systemic diseases. In fact, based on the analysis
by CZE-MS more than 100 000 different peptides (<20 kDa)
could be detected in a total of >20 000 urine samples. At least
5600 of these peptides were detected with high frequency
(>30%) and can hence be considered as typical components
of urine proteome [13]. However, alterations in peptide distinction and concentration (detection limits, and/or multiple
detections of the peptides) limit the number of peptides typically detected in a sample to about 900–2500. The concentration of proteins and peptides in the urine is changing on
a daily basis, depending on food and fluid intake [16]. These
variations can be fairly well compensated by an adjustment of
the concentration relative to urinary creatinine levels or other
so-called “housekeeping peptides” that are typically present
in urine [17].
In this article, we aim to comprehensively review the CZEMS-based proteomic biomedical studies performed between
the years 2006 and 2014, focusing on the detection of human
urinary peptide biomarkers.
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constant voltage conditions [18]. This stability is advantageous
when connecting to MS and establishing a robust CZE-MS
system [11, 19] that demonstrates high resolution, short analysis time, and good repeatability, all of which are important
factors for clinical application. Including preanalytical steps,
CZE-ESI-TOF-MS analysis can be used for reasonably fast,
stable, and reproducible analysis of body fluids in a clinical
laboratory setting (Fig. 1) [13]. Applying suitable software solutions to process the CE-MS raw data, including peak detection, charge assignment, calibration, and database deposition
[13, 14, 19, 20], allowed development of an urine proteome
database with currently >20 000 comparable datasets [14].
While in the past direct interfacing CE with MS/MS was challenging [21] and hence the correlation of basic amino acids
with migration time was often used for sequence assignment
[22], recent developments have enabled sequencing using CEMS/MS, with similar efficiency like LC-MS/MS [23].
CZE-ESI-TOF-MS-based analysis has been utilized for
the initial discovery and validation of proteomic biomarkers
(Fig. 2) [24]. However, regardless of all advantages associated
with a CZE-MS approach, it is not yet routinely used for clinical standard diagnostics for reasons such as the momentary
unavailability of the techniques as a ready-to-use local on-site
solution due to, e.g., high technical demands, and the lack
of approval of diagnostic disease-specific peptide/protein patterns by regulatory agencies [25].

3
2

Technical aspect of CZE-MS

CZE is a fast high-resolution separation technology based on
differential mobility of ions through a conductive medium
in a high-voltage electric field. Mobility of the analytes is influenced by their charge, the viscosity of the medium, and
molecule’s radius. Known for its compatibility with most
buffers and analytes [12], CZE can provide stable flow and

Clinical applications for CZE-MS

Nonetheless in the recent years, a number of articles reported
on clinical CZE-MS applications in proteomics, focusing
on proteomic biomarker discovery, disease diagnosis, and
assessment of therapeutic treatment. Mosaiques group
has developed CZE-MS proteomic platform and own the
intellectual property rights of this technology. Therefore,
most prominent examples of urinary biomarker discovery
using CZE-MS since 2006 are given in Table 1.

Figure 1. Schematic overview
of the CZE-MS biomarker
analysis. This figure illustrates
the workflow of CZE-MS-based
biomarker analysis.
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Figure 2. Diagnostic potential of CZEMS-based proteome analysis. One
full urinary peptide pattern resulting from CZE-MS-based proteomic
analysis may be classified by multiple disease-specific classifiers allowing for the diagnosis of various different pathological conditions from one
proteomic analysis. In the figure, 3D
counterplots generated by CAD, HF,
and CKD classifiers are shown. Displayed in three dimensions: x-axis, migration time in minutes; y-axis: logarithmic mass in Daltons; z-axis: signal
intensity. CAD: cardiovascular disease.
HF: heart failure with preserved ejection fraction. CKD: chronic kidney disease.

3.1 Kidney and urological diseases
According to the information provided by the American
Kidney Fund, kidney diseases are the eighth leading cause of
deaths in the United States, which might be representative
for most developed countries. It is estimated that 31 million
people, 10% of USA population, have chronic kidney disease
(CKD) (http://www.kidneyfund.org/about-us/assets/pdfs/
akf-kid–neydiseasestatistics-2012.pdf).

3.1.1 Diabetic nephropathy
Diabetic nephropathy (DN) is a progressive disease often
complicating long-standing diabetes and the most frequent
reason for dialysis in Western countries. Standard clinical
diagnoses is based on the presence of proteinuria as well as
changes in serum creatinine level connected to decrease in
the glomerular filtration rate [26].
In a first CZE-MS-based study, 102 DN-specific urinary
peptide biomarkers were reported in 2008 [27]. Sixty five of
these biomarkers were selected for a DN-specific classifier
through support vector machine (SVM) modeling to differentiate diabetes type 1 patients with macroalbuminuria and
normoalbuminuria. In a blinded cohort of 35 patients with
diabetes and macroalbuminuria and 35 healthy individuals,
the classifier identified DN with 97% sensitivity and healthy
individuals with specificity (see Table 1). This classifier was
further applied to 30 patients with diabetes and microalbuminuria. Seventeen scored positive, eight of whom showed
a progression toward macroalbuminuria. The classifier was
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further validated in a case–control study reported by Alkhalaf et al. in 2010 [28] in 148 patients with type 2 diabetes
(T2D), of whom 64 presented with DN (macroalbuminuria >
300 mg/day). The performance of the classifier with regard to
the discrimination between type 2 diabetics with and without
DN was confirmed with a sensitivity and specificity of 94 and
91%, respectively, as well as an AUC of 0.95. In this study,
the number of sequenced peptides increased to 34 of the 65
peptide biomarkers. Most of them were identified as collagen fragments that were downregulated in the urine of DN
patients. Even though the DN classifier performed well and
shares 24 peptides with the classifier CKD273, in later studies, it apparently was replaced by the classifier CKD273 [29],
which proved to be a more stable general diagnostic modality
for renal diseases without sacrificing sensitivity toward DN
and provided a much better depiction of pathological processes as it is based on 273 sequenced peptides.

3.1.2 CKD
CKD is characterized by a slow, progressive loss of renal
function and glomerular filtration that may ultimately result
in end-stage renal disease (ESRD). Patients with ESRD
require dialysis and in the end kidney transplantation. Good
et al. successfully showed that CZE-MS-based proteomic
analysis can be utilized for diagnosis of CKD [29]. Examining
379 healthy controls and 230 patients with different stages of
CKD, the authors identified a urinary biomarker pattern of
273 peptides and established the disease classifier CKD273
through SVM modeling based on this set of peptide marker.

www.clinical.proteomics-journal.com
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Renal cell carcinoma (RCC)
Prostate cancer

Cholangiocellular carcinoma

15
16

17

Acute graft versus host disease
(aGvHD) grade III and IV
Acute renal allograft rejection
Bladder cancer (BCa)

Left ventricular dysfunction

Diabetic nephropathy (DN)
Chronic kidney disease (CKD)
ANCA-associated Vasculitis
IgA nephropathy
Autosomal polycystic kidney
disease (ADPKD)
Acute kidney injury (AKI)
Posterior urethral valves
obstruction (PUV)
Ureteropelvic junction
obstruction (UPJ)
Coronary artery disease

Urine

Urine
Urine
42

86
12

14
22

238
35
85
85
31

Urine
Urine
Urine
Urine
Urine
Urine
Urine

15
17

53

20
12

65
273
18
25
142

Number of
biomarkers
employed

Urine
Urine

Urine

Urine
Urine

Urine
Urine
Urine
Urine
Urine

Biofluid

14/27

40/68
51/35

16/23
46/33

212/196
65/41
19/19
96/98
13/50

13 controls/19 No-OP/19
OP
30/20
15/14

16/14
13/15

60/30
230/379
18/425
402/207
17/86

Biomarker discovery
phase (n cases /n controls )

42/81

70/6
264

28/36
31/11/138

71/67
32/15
16/16
32/15
119/480

47/12
26/12

23/13

9/11
16/22

35/35
110/34
10/30
22/27
24/35

Validation phase
(n cases /n controls )

83

80
91

93
100

79
56
69
56
83

98
81

94

89
88

97
86
90
90
88

Sensitivity %
(test set)

79

87
69

78
100

88
93
94
93
77

83
92

80–100

82
95

97
100
90
90
98

Specificity %
(test set)

Metzger et al. [87]
Theodorescu et al.
[96]
Frantzi et al. [106]
Theodorescu et al.
[111]
Metzger et al. [115]

Zimmerli et al. [68]
von Zur Muhlen
et al. [69]
Delles et al. [39]
Dwanson et al. [79]
Kuznetsova et al. [73]
Zhang et al. [75]
Weissinger et al. [84]

Decramer et al. [56]

Metzger et al. [52]
Klein et al. [55]

Rossing et al. [27]
Good et al. [29]
Haubitz et al. [42]
Julien et al [44]
Kistler et al. [47]
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6
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1
2
3
4
5

Disease

Table 1. Latest reports on peptide biomarkers discovered with CZE-MS for prognosis/diagnosis of various diseases
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Figure 3. Design of the proteomics-driven intervention trial to interfere with development of
DN, PRIORITY. Underlying assumptions are that
20% of normoalbuminuric patients (diabetes duration: 5–10 years) will show pathophysiological
changes indicative for early stages of DN. Targeted therapeutic intervention will reduce the development of microalbuminuria during a period
of 3 years in this selected cohort from 35 to 25%.
To demonstrate significant benefit (a = 0.05, ␤ =
0.8), a total of 3280 patients have to be screened,
among them 656 who are at risk will be randomized. Reprinted with permission [124].

The performance of the classifier was assessed using a
blinded cohort of 110 patients with various stages of CKD
and 34 healthy controls, revealing a sensitivity of 85.5% and
specificity of 100% (see Table 1). Argilés et al. examined the
value of the CKD273 in predicting ESRD or death in 53 patients [30]. During follow-up of 3.6 years, none of the patients
with CKD273 score <0.55 required dialysis or died compared
to 15 patients who reached an endpoint having CKD273
score >0.55. These results confirmed a prognostic value of
CKD273 classifier, unrelated to serum creatinine levels and
eGRF in disease progression. The correlation of individual
peptides to either different CKD-stages (advanced-stage CKD,
eGFR ࣘ 5 mL/min/1.73 m2 , n = 321; moderate-stage CKD
patients, eGFR > 45 mL/min/1.73 m2 , n = 1669) showed
higher association in CKD prognosis and diagnosis than
albuminuria. Correlating peptides in both studies, regardless
of CKD-stage or CKD-progression, were either fragments of
major circulating proteins (beta-2-microglobulin, apolipoprotein A-I, alpha-1-antitrypsin, serum albumin) suggesting
failure of the glomerular sieving properties, or fragments
of extracellular matrix (ECM) (collagen type I and III)
suggesting changes in intrarenal ECM turnover [31–35].
Gu et al. [36] investigated the net reclassification improvement and integrated discrimination improvement in assessing renal function when the classifier CKD273 was combined
with classifiers for left ventricular (LV) dysfunction into a
single factor (SF) through principal component analysis. A
higher SF classifier level correlated (p ࣘ 0.010) with worse
renal function. During follow-up over 4.8 years, SF predicted
progression of CKD from stage 2 or ࣘ2 to stage ࣙ3 with
significant net reclassification improvement and integrated
discrimination improvement.

C 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

Nkuipou-Kenfack et al. [37] explored the potential combination of plasma and urine proteomics and metabolomics
to assess mild and advance CKD patients. In total, 49 patients were studied: 26 patients with DN and 23 with other
etiologies. From 43 patients, follow-up data (2.8 ± 0.8 years)
were available. Peptides or metabolites showing significant
alternation between the two patient groups were combined
into SVM-driven classifiers. Three classifiers were developed: one plasma metabolite based (MetaboP), one urinary
metabolite based (MetaboU), and one urinary peptide based
(Pept). Scores generated with all three classifiers correlated
well with eGFR. The Pept model performed best, and no
added value could be detected by combining the proteomics
and metabolomics biomarkers into unified classifier. The
latter is likely owed to the excellent performance of each
of these classifiers on its own, however, in a yet small
cohort.
CZE-MS-based urine proteome profile analysis combined
with diagnostic scoring by the CKD273 classifier was also
utilized to evaluate the effects of Irbesartan, an angiotensin
receptor blocker, in T2D patients with microalbuminuria
[38]. In this study, 22 patients treated daily with either
Irbesartan (n = 11) or placebo (n = 11) over a period of
2 years were analyzed with this classifier. For patients treated
with Irbesartan, this classification indicated an improvement
of the kidney physiology depicted by the significant decline
in the median of the classification factor. This effect could
not be observed in the placebo group. Similar effects of
Irbesartan were observed in patients with coronary artery
disease (CAD) after 2-year treatment [39]. These studies
illustrated the potential of CZE-MS-based urine proteome
analysis in monitoring therapeutic treatments.
www.clinical.proteomics-journal.com
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Zürbig et al. [26] investigated the applicability of the
CKD273 classifier for early prognosis of DN in a longitudinal cohort of normoalbuminuric subjects, 16 patients with
type 1 diabetes and 19 patients with T2D. In a total of 316
baseline and follow-up urine samples, CKD273 successfully
predicted macroalbuminuria 3–5 years before the clinical onset during follow-up with an AUC of 0.93 compared to microalbuminuria based on urinary albumin secretion rate with
an AUC of 0.67. In a prospective study by Roscioni et al. with
an average follow-up time of 3 years, the classifier CKD273
allowed prediction of transformation from normo- to microand micro- to macroalbuminuria [40]. The proteomic classifier predicted the progression of albuminuria with AUC of
0.94. This study showed, even though on a small test cohort,
that urinary biomarker enables early renal risk assessment in
patients with diabetes.
The results led to the initiation of the PRIORITY trial,
where 3260 diabetic patients at risk of developing DN will
be examined using the CZE-MS-based urine proteome
analysis and the CKD273 classifier. An outline of the
study is presented in Fig. 3. This is the first application of
clinical proteomics in a large multicentric interventional
trial. If successful, this study will provide the first evidence
for a benefit of clinical proteomics in a patient-relevant
outcome. Before starting this longitudinal prospective trial,
the stability of CKD273 classifier was confirmed in set
of prospectively collected urine from 165 T2D-patients in
proceeding PRE-PRIORITY study [41]. High consistency of
the CKD273-based classification across the different centers
was observed in receiver operating characteristic (ROC)
curve analysis based AUCs ranging from 0.95 to 1.00. This
assured that CKD273 fulfills the initial requirements to
stratify patients for intervention.

3.1.3 ANCA-associated vasculitis
Antineutrophil cytoplasmic autoantibody (ANCA) associated
vasculitis (AAV) represent a group of systematic disorders
characterized with inflammation and damage of the blood
vessel walls. These disorders often restrict accurate diagnosis
and monitoring of the disease activity [42]. Availability of
new and more sensitive diagnostic test could provide better
prognosis of the patients affected by AAV.
By using urine samples from patients with AAV, Haubitz
et al. [42] applied CZE-MS to identify biomarkers that allow
for the diagnosis of AAV, and especially assessment of
disease activity. Renal activity is difficult to assess in AAV,
but it is highly relevant to perform appropriate therapeutic
intervention. Comparing the CZE-MS-based proteome from
18 patients with active AAV to 425 controls (200 healthy
individuals and 225 patients with CKD of different etiology)
enabled identification of 113 peptide markers that differed
significantly between active renal AAV and controls. For 58 of
the 113 AAV-specific peptides, the amino acid sequence was
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shown. As the biomarker identification was only based on 18
patients, the authors subselected 18 out of the 58 sequenced
peptide biomarkers by removing peptides that did not affect
accuracy, sensitivity, and specificity through the take-one -out
method. The subselected pattern of 18 peptide biomarkers
have been used to establish to classifiers based on SVM
and linear modeling for the differentiation of patients with
vasculitis from healthy controls as well as those with other
renal diseases. Both classifiers were validated in a blinded
cohort of 10 patients with active AAV, 29 patients with other
glomerulus diseases (9 membranous glomerulonephritis,
6 focal segmental glomerulosclerosis, 4 IgA nephropathy
(IgAN), 4 proliferative lupus nephritis, 2 minimal change
disease, 2 membranoproliferative glomerulonephritis, 2
glomerular sclerosis), and 1 normal control. Both classifiers
gave similar results in regard of accuracy showing AUCs of
0.893 (linear) and 0.888 (SVM), respectively. Discrimination
of AAV from other renal diseases was possible with 90%
sensitivity and 86.7–90% specificity depending on the
classifier. The authors further established both linear and
SVM modeling based classifiers utilizing 47 sequenced
biomarkers to address the response to therapy/activity of
disease. The scores generated by these classifiers changed
with the progression of immunosuppressive treatment. The
authors concluded that proteome analysis represents an
early and accurate tool for noninvasive diagnosis of AAV.

3.1.4 IgA nephropathy (IgAN)
IgAN represents one of the most common types of primary
glomerulonephritis. It is characterized by deposition of polymeric IgA antibody in the glomerular mesangium of the kidneys, provoking inflammation and renal damage. The current
diagnosis of IgAN is by renal biopsy [43]. Thus, discovering
noninvasive biomarkers would contribute to predict and diagnose IgAN patients prior to renal biopsy.
Julien et al. [44] evaluated the value of CZE-MS in detecting
urinary biomarkers for IgA-associated glomerulonephritis. In
a cohort of 402 patients with various renal disorders and 207
healthy controls, the authors defined 95 biomarkers for renal damage in general and 25 biomarkers specific for IgAN
in particular. SVM modeling based classifiers for general renal damage (95 biomarkers) and IgAN (25 biomarkers) were
tested in a blinded cohort including patients with IgAN (n =
10), Henoch-Schoenlein purpura with nephritis (n = 10), and
IgA-associated glomerulonephritis due to hepatitis C virus induced cirrhosis (n = 9) as well as healthy controls (n = 12).
The classifier for general renal damage indicated a renal damage pattern in 80, 80, and 100% of patients, respectively, and
in 17% of healthy controls. The more specific IgAN classifier
however did so in 90, 90, and 1% of the patients, respectively,
and in none of the healthy controls. The authors concluded
that, if these finding can be further validated in prospective study with renal biopsy and urinary testing in the near
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future, then it will be possible to adapt CZE-MS methodology
to develop novel tests for detection of renal injuries at early
stages, assess clinical manifestation, and monitor responses
to therapy in IgA-associated renal diseases.

3.1.5 Autosomal dominant polycystic kidney disease
Autosomal dominant polycystic kidney disease (ADPKD) is
the most frequent hereditary kidney disease, affecting between 1 per 400 and 1 per 1000 individuals in the general
population. ADPKD is the result of mutations in PKD1 or
PKD2 (85 and 15% occurrence, respectively), resulting in cyst
formation and loss of renal function [45, 46]. In two consecutive studies by Kistler et al. [47,48], 38 ADPKD-specific urinary
peptide biomarkers were identified to distinguished ADPKD
patients from healthy volunteers and patients with other renal diseases. Based on these biomarkers, a disease classifier
was established and validated in an independent test set of 24
ADPKD patients and 35 healthy subjects showing a sensitivity of 87.5% and specificity of 97.5% [49]. The second study
was specifically designed to assess if the proteome analysis
is able to predict the severity of ADPKD. A comparison of
the proteomic profiles of 41 ADPKD patients and 189 healthy
controls resulted in the development of a 142 polypeptide
biomarker disease classifier, demonstrating a sensitivity of
84.4% and specificity of 94.2% in an independent validation
cohort of 251 ADPKD patients and 86 healthy controls [48].
The majority of identified peptides were collagen fragments,
which may indicate changes in ECM structural organization
during cyst formation.

3.1.6 Acute kidney injuries
Acute kidney injury (AKI) is characterized by rapid decline
of glomerular filtration and/or urine output [50, 51]. Early
and accurate prediction is important to take intervention
measure against its progression and life-treating complications (e.g. metabolic acidosis, uremia, and death). Currently,
AKI is detected by serum creatinine. However, there are
several limitations to the usage of creatinine as diagnostic
parameter, most notably since it overestimates GFR and raise
relative to kidney injuries [52]. Metzger et al. [53] performed
CZE-MS-based analysis of urine samples from of 30 patients,
16 of which presented with AKI. They defined a pattern
of 20 AKI-specific peptide biomarkers and established an
SVM-based classifier. Validation of these findings was
performed on a blinded cohort including 9 patients with AKI
and 11 patients without AKI in the intensive care unit. ROC
curve analysis showed 89% sensitivity and 82% specificity for
the classification of AKI (see Table 1). In a further validation,
this classifier characterized 16 patients with AKI and
22 patients without AKI after allogeneic hematopoietic stem
cell transplantation (allo-HSCT) as different underlying
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etiology of AKI. The analysis yielded a sensitivity and specificity of 94 and 82%, respectively. Basically, fragments of
collagen type I and ␣1 -antitrypsin were reported, which play a
role in altered ECM turnover and renal ischemia/reperfusion
injuries, respectively. An increased excretion of beta-2microglobulin was attributed to impaired megalin and cubilin
expression [54].

3.1.7 Posterior urethral valves obstruction
Posterior urethral valves (PUV) consist of a thin membrane
of tissue and represent the most common cause of lower urinary tract obstruction in male infants. PUVs affect both the
upper and lower urinary tracts, causing abnormalities such
as renal dysplasia, changes in tubular function, and changes
in bladder function [55]. Klein et al. utilized CZE-MS to analyze the urinary proteome of fetuses with PUV, searching for
biomarkers predicting postnatal renal function [56]. A PUV
classifier based on 12 urinary peptide biomarkers correctly
predicted postnatal renal function with 88% sensitivity and
95% specificity in an independent blinded cohort of 38 PUV
patients (see Table 1).

3.1.8 Ureteropelvic junction obstruction
Ureteropelvic junction obstruction (UPJ) is the most frequently found cause of congenital obstructive nephropathy
as a result of hydronephrosis induced by accumulation of
urine in renal pelvis or calyces [56]. Fifty-three UPJ-specific
urinary peptide biomarkers were identified by Decramer et al.
in neonates using CZE-MS [57, 58]. According to the degree
of hydronephrosis and the gestational age upon its detection,
three groups were defined: nonoperated individuals with UPJ
obstruction (no-OP), individuals who might possibly undergo
operation, and individuals with severe UPJ obstruction (OP).
[57]. Validation in a blinded independent cohort of individuals with OP and no-OP resulted in 94% sensitivity in regard
of OP and 80% specificity in regard of no-OP (see Table 1).
After 9 months, urinary prediction based on proteome profiling was found to be accurate for 34 of 36 patients [58].
Moreover, after 15 months, the prediction was accurate for
35 of 36 patients. Drube et al. highlighted that the classifier
established by Decramer et al. was able to predict the need for
surgery in infants but not in older children with UPJ [59]. To
investigate the long-term consequences of UPJ, Bandin et al.
studied the urinary proteome of 42 patients with UPJ obstruction 5 years postoperatively or 5 years following spontaneous
resolution [60]. They found no significant differences in urinary proteomes of patients with early surgical correction of
UPJ obstruction and age-matched controls. In contrast, urinary proteomes differed significantly between conservatively
followed patients and controls.
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3.2 Cardiovascular diseases
According to the European Society of Cardiology, cardiovascular diseases (CVDs) account for over 4 million deaths
each year in Europe, nearly half (47%) of all deaths (http://
www.escardio.org/about/what/advocacy/EuroHeart/Pages/
2012-CVD-statistics.aspx). Common manifestations of CVDs
are chronic condition such as arteriosclerosis, CAD characterized by arteriosclerosis in the cardiac vasculature, and
heart failure (HF) as well as acute event such as myocardial
infarction and stroke. CAD is the most common cause of
death before the age of 65 in Europe accounting for over
330 000 deaths/year [61].
CVDs may affect large blood vessels of the macrocirculation (arteries, veins), small blood vessels of the microcirculation (arterioles, venule, capillaries), as well as tissue of the
heart, brain, lungs, and other organs. The diagnosis of CVD is
based on various clinical and biochemical parameters. In recent years, the diagnostic and prognostic accuracy in regard of
chronic CVDs like HF and acute CV events have considerably
improved, in part due to the discovery of different specific proteomic biomarkers such as high-sensitivity troponins and natriuretic peptides indicative of pathological processes [62–64].
Some of these molecular indicators for distinct pathophysiological mechanisms hold the potential for early diagnosis
and risk stratification. Ongoing progress in the identification
of new biomarkers for different CVDs could therefore play a
significant role in diagnosis, prognosis, prediction of recurrences, and monitoring of therapies [65, 66]. These biomarkers may be detectable in blood and/or urine. Urine may be an
especially valuable source for biomarkers of cardiovascular
complications of CKD. CKD has been recognized as an
independent risk factor for CAD with a pathology that differs
from the one found in the general population [67, 68], e.g. by
a pronounced and fast-progressing arterial calcification [69]
and proinflammatory, prooxidant, and procoagulant effects
of uremic toxins [70]. Up to now, CZE-MS-based biomarker
research for CVDs has been mostly focused on urine.

3.2.1 CAD
During recent years several studies assessing the urinary proteome of CAD patients by CZE-MS were published. Starting
in 2008, Zimmerli et al. had shown that urinary proteomics
can identify CAD patients with high confidence and might
be useful in monitoring the effects of therapeutic treatments
[71]. Fifteen CAD-specific peptides were identified using
discovery phase of 30 with severe CAD, 18 patients before
and after Ramipril treatment, and 252 healthy controls. These
peptides then were utilized to establish an SVM-based CAD
classifier. Validation of this classifier in an independent test
set of 47 patients with coronary artery bypass graft surgery
and acute coronary syndrome demonstrated a sensitivity
of 98% and a specificity of 83% in 12 healthy controls,
respectively. In another study by von zur Muhlen et al.
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[72], patients either diagnosed CAD positive by coronary
angiography or with well-established history of unstable
angina pectoris were included. In the initial discovery phase,
a pattern of 17 peptides was identified in urine but not in
plasma by comparing 15 patients with CAD and 14 without
CAD. The resulting classifier identified 26 CAD patients and
12 non-CAD patients in independent test set of with sensitivity of 81% and specificity 92%, respectively [72]. The classifier
was further applied to a randomly selected independent set
of 120 urine samples patients with malignancies and renal
failure. Eighty percent of patients with malignancies were
negative whereas fifty percent with renal failure were positive
to this CAD test. In 2010, Delles et al. [39] validated the CAD
specific biomarker panel established by Zimmerli et al [71]
and von zur Muhlen et al. [72]. Applied on 138 urine samples
from patients with and without CAD, classification by the
15 biomarker classifier showed 81.4% sensitivity and 48.5%
specificity while the 17 biomarker classifier showed 51.4%
sensitivity and 87.9% specificity. Due to this limited performance, Delles et al. [39] used the larger number of patients
originating from these and other cohorts to develop a more
accurate CAD classifier. By comparing urine samples from
204 CAD patients and 382 controls, 238 CAD-specific peptide
markers were identified and used to establish CAD238
through SVM modeling. The validation was performed on 71
CAD patients and 67 controls showing a sensitivity of 79%
and a specificity of 88%. In all three studies, mainly peptides
belonged to fibrillar components of the ECM, originated
especially from collagen type I and III, which are also present
in atherosclerotic plaques [73]. In the most recent study,
additional peptides derived, e.g., from ␣1-antitrypsin.
In 2012, von zur Muhlen et al. also discovered urinary
peptides that reflected atherosclerosis and its progression in
an ApoE-deficient mouse model [74]. Interestingly, these peptides comprised fragments of ␣1-antitrypsin, EGF, collagen
type I, and kidney androgen-regulated protein in line with
previously reported studies on human subjects [29,39]. In addition, the match of these urinary protein fragments with the
histological evaluation of atherosclerotic plaques indicated
the biological relevance of the identified proteins in atherogenesis associated with CAD.
3.2.2 HF
Left ventricular (LV) HF manifests clinically either as HF
with reduced ejection fraction (HFrEF; systolic) or HF with
preserved ejection fraction HFpEF; diastolic) [75]. Early
diagnosis is crucial but challenging and would benefit from
easily applicable screening techniques. In 2013, Kuznetsova
et al. used CZE-MS to identify peptide biomarkers specific for
subclinical asymptomatic LV diastolic dysfunction (LVDD)
by analyzing urine samples from 19 hypertensive patients
with subclinical LVDD and 19 healthy volunteers [76].
This resulted in the discovery of 85 discriminating peptide
biomarkers. The classifier for this preclinical stage of HF
established by SVM modeling was validated in a test set of
www.clinical.proteomics-journal.com
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16 hypertensive patients with mild to moderate symptomatic
HF (New York Heart Association class II–III) and 16 healthy
controls with a sensitivity of 64% and specificity of 94%. The
panel consisted of downregulated fragments of collagens
type I and V as well as upregulated fragments of collagen type
III. The authors also observed reduced levels of WW domain
binding protein 11 (WBP11) pointing toward a potentially
increased activity of protein phosphatase-1 (PP-1), which is
involved in calcium handling and relaxation via dephosphorylation of phospholamban [77]. Recently, Zhang et al. [78]
validated this classifier (HF1) and investigated an additional
one (HF2) based on 671 peptide biomarkers in a large
population study including patients with LV filling pressure,
impaired LV relaxation HF patients at any stage. This resulted
in development of classifier with 671 polypeptide biomarkers.
Both classifiers are mainly based on up- or downregulated collagen fragments as biomarkers and discriminated individuals
with subclinical LVDD from healthy individuals and individuals with uncomplicated hypertension. By optimization
of the thresholds for HF1 and HF2, these classifiers showed
sensitivity ranging from 65.6 to 93.8% toward LVDD/HFpEF
and specificity from 31.1 to 66.3% in regard of controls
without pathological pulmonary conditions. The classifiers
thereby correlated with physiological tissue Doppler echocardiography based parameters, especially early diastolic mitral
annulus velocity (e ) and the E/e -ratio (E = peak mitral inflow
velocity of the early rapid filling E-wave), which indicates
LV filling pressure. This holds great promises for clinical
diagnostics as high E/e values predict cardiac mortality and
rehospitalization in HF patients [79] and e predicts fatal and
nonfatal cardiovascular events in a general population [80].

3.2.3 Stroke
Even though clinicians are excellent in assessing stroke,
biomarkers supporting clinical diagnosis, identifying patients
at risk of stroke, and/or providing prognosis of outcome may
allow for risk stratification and help to decrease morbidity
and mortality [81]. Dawson et al. [82] assessed the urine proteome of 20 patients with transient cerebral ischemic attack,
10 with acute cerebral infarction and 35 with cerebrovascular
disease. They discovered two patterns of peptide biomarkers
consisting of 14 and 35 peptides, respectively. Based on these
patterns, they established two classifiers through SVM modeling. The 35 biomarker classifier performed better when tested
in an independent blinded test cohort of 32 cases with acute
stroke or transient cerebral ischemic attack and 15 controls
with cardiovascular risk, showing a sensitivity of 56%, and
specificity of 93%. While these results indicated association
of urinary proteomic biomarkers with stroke, their value in
diagnosis appears moderate, so far. However, the identified
peptide biomarkers may help to broad our knowledge in regard of the pathology of acute ischemic stroke. This especially
refers to inter-alpha-trypsin inhibitor heavy chain H4, which
has also been shown by other groups to be underexpressed
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in acute ischemic stroke [83]. Another protein identified is
FXYD-4 (CHIF), a regulator of Na-K-ATPase and therefore
a key feature of the cytotoxic edema that occurs in acute ischemic stroke [84].
Overall, based on the evidence presented, CZE-MS-based
proteomic analysis holds the potential to help in early diagnosis of CVDs and allows new insights into the underlying
pathology. Further clinical trials and prospective studies may
extend current CVD biomarker patterns.

3.3 Transplantation-associated complications
3.3.1 Graft-versus-host disease after hematopoietic
stem cell transplantation
allo-HSCT is the most common immunotherapy to treat
hematological malignancies (i.e. leukemia) and certain
nonautoimmune disorders (i.e. thalassemia) [85]. Although
allo-HSCT provides rapid and potent antitumor immunity, it
is associated with major complications, such as severe acute
graft-versus-host disease (aGvHD) and infections.
Currently, diagnosis of aGvHD is mainly based on clinical
features such as skin lesions and tissue biopsies [86], since
a noninvasive laboratory tests is as currently not available.
CZE-MS has been used to identify aGvHD-related peptide markers in urine of leukemic patients after HSCT.
Weissinger et al. [87] compared 13 samples from patients with
aGvDH of grade II or higher with 50 samples from control
subjects. The resulting peptide biomarker pattern comprised
about 170 GvHD-related peptides of which 31 were used in
an aGvHD classifier. In fact, validation of this classifier with
599 urine samples (119 aGvHD and 480 controls without
aGvHD) collected at day +2 up to day +365 from 141 patients
with hematologic malignancies (n = 132) and hematopoietic
failure syndrome (n = 9; e.g. aplastic anemia) undergoing
allo-HSCT resulted in diagnosis of aGvHD grade I or II with
a sensitivity of 83.8% and specificity of 75.6%. More recently,
a CZE-MS analysis was proposed to stratify patients undergoing allo-HSCT for the risk for aGvHD [88]. A set of patient
samples was used, namely 37 patients with biopsy-proven
aGvHD > grade II as case and: 76 time-matched samples of
patients without aGvHD or aGvHD grade I without infection
or relapse at the time of sampling as controls. The original
aGvHD classifier was adapted to stratify patients at risk
for progression to sever aGvHD stages (grades III and IV)
at least 14 days before the onset of clinical signs and to
differentiate them from non-aGvHD and aGvHD stages I–II.
The aGvHD-specific classifier was further validated in 1106
prospectively collected samples of 423 leukemic patients in
the range of 7–100 days after HSTC. This classifier allowed
the distinction of patients with severe aGvHD (grades III
and IV) from those who never developed aGvHD, patients
with low or moderate aGvHD (grades I and II), and patients
with chronic GvHD>100 days after allo-HSCT with 82.4%
sensitivity for aGvHD and 77.3% specificity.
www.clinical.proteomics-journal.com

462

M. Pejchinovski et al.

3.3.2 Acute T-cell-mediated tubulointerstitial kidney
allograft rejection
Reliable and timely diagnosis of acute T-cell-mediated tubulointerstitial rejection (TCMR) is important in the first year of
posttransplant surveillance after kidney allograft transplantation [89]. Currently, posttransplant surveillance of acute
allograft rejection is based on regular monitoring of serum
creatinine levels together with tissue biopsy upon signs of
functional renal impairment is part of posttransplant surveillance. Unfortunately, these diagnostic approaches identify
rejection only in an already advanced stage while earlier
subclinical stages of renal episodes remain uncharacterized
[90]. Employing CZE-MS-based urinary proteome analysis,
Metzger et al. [90] developed a noninvasive test to detect both
clinical and subclinical forms of acute TCMR. The study
included 39 patients for biomarker discovery (16 cases with
subclinical acute TCMR and 23 nonrejection controls). Based
on the comparison of these subjects, 14 urinary peptide
biomarkers were combined in SVM modeling based classifier of TCMR. The performance of the classifier was tested in
a validation cohort of 28 patients with TCMR (including 18
subclinical and 10 clinical rejection episodes) and 36 patients
without rejection. Major constituents of the sequenced peptides were collagen type I and III fragments, which implicated
alterations in the ECM as further supported by the presence
of MMP-8-positive cell in glomerular and peritubular capillaries in the interstitum in immunohistological stainings of
areas of interstitial infiltrates. The clinical value of this classifier is currently investigated in multicenter diagnose phase
III trial (ClinicalTrials. gov identifier. NCT01315067) and as
a part in a multicenter diagnostic phase III trial (European
FP7- BIOMARGIN project; http://www.biomargin.eu/).

3.4 Cancerogenesis/cancer
According to the Cancer Research UK, in 2012 worldwide an estimated 8.2 million deaths were caused by
cancer: 4.7 million (57%) in males and 3.5 million
(43%) in females. The age-standardized mortality rate
shows that there are 126 cancer deaths for every 100 000
men in the world and 83 for every 100 000 women
(http://www.cancerresearchuk.org/cancerinfo/cancerstats/
world/mortality/). This implies the necessity for an effective
stratification of patients in the earliest stages of cancer
that can potentially being met by cancer-specific biomarker
patterns.

Proteomics Clin. Appl. 2015, 9, 453–468

[92]. Based on different stages and prognosis, it is categorized
into two distinct groups: none muscle invasive cancer (pTa,
pT1, pTis) and muscle invasive cancer (pT2, pT3, pT4) [93].
The current standard diagnosis and surveillance procedure
for BCa is based mainly on invasive cystoscopy [94]. Recently,
different reviews emphasized the need to identify biomarkers
for BCa [95–97]. Currently, two published studies applied
CZE-MS to urothelial carcinoma biomarker discovery [98,99].
Theodorescu et al. established an urothelial carcinoma pattern consisting of 22 peptide biomarkers by comparing 46
patients with urothelial carcinoma and 33 healthy subjects
[99]. The diagnostic accuracy of the classifier based on
this pattern was validated in 31 patients with urothelial
carcinoma compared to 11 healthy subjects and 138 patients
with nonmalignant genitourinary diseases showing 100%
sensitivity and specificity. The peptide biomarker pattern
contains fibrinopeptide A, as a most prominent biomarker
linked to pathophysiology. Fibrinopeptide A is also described
as biomarker of ovarian and gastric cancer [99]. It is formed
by thrombin-catalyzed hydrolytic cleavage from fibrinogen during blood coagulation. A connection between the
coagulant pathway and cancer incidence was described
previously [100]. Moreover, according to Theodorescu et al.,
the level of fibrinopeptide A might be an indicator of
chemotherapeutic resistance in urothelial carcinoma [99].
More recently, Schiffer et al. defined a urinary biomarker
pattern of four peptides associated with muscle-invasive BCa
by comparing 71 patients with noninvasive BCa (pTis-1) and
56 patients with invasive BCa (pT2–4) [98]. The classifier
based on these four biomarkers was validated in an independent test set of 90 samples from patients with noninvasive
and 40 samples with invasive tumors. In this validation trail,
the classifier showed 90% sensitivity toward invasive tumors
and 52% specificity (noninvasive tumors). All four peptides
were downregulated in invasive compared to noninvasive
BCa, which were identified as fragments of collagen type I,
collagen type III, membrane-associated progesterone receptor component 1 (PGRMC1), and uromodulin. Interestingly,
PGRMC1 is reported to be involved in tumor progression
and drug binding [101–103]. Dysregulation of matrix metalloproteinase activity and, therefore, collagen homeostasis has
also been shown for different cancers including BCa [104].
To enable implementation of these promising candidates,
appropriately powered clinical trials for the specific contextof-use have been advocated [105], and recently initiated in
the TransBioBC programme (www.transbiobc.org).

3.4.2 Renal cell carcinoma
3.4.1 Bladder cancer
Bladder cancer (BCa) is the most common tumor of the genitourinary system, leading to approximately 145 000 deaths
per year worldwide [91]. Transitional cell carcinoma (TCCs)
is the most common subtype of BCa in Western countries
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Renal cell carcinoma (RCC), the most common malignancy
of the kidney, accounts for approximately 3% of adult cancers
[106]. It is rapidly progressing and highly metastasizing
tumor. For that reason, the mortality rate is high, resulting
in over 100 000 annually deaths worldwide [107]. The prognosis in RCC is closely correlated with disease stage; 5-year
www.clinical.proteomics-journal.com
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relapse-free survival rates range from 80 to 20% for stage I and
stage IV, respectively. The clinical outcome is not only influenced by tumor grade, but also by the presence of either histological necrosis or small renal masses [108]. Thus, biomarkers
suitable for early diagnosis of RCC would be highly desirable
and reduce the need for invasive biopsies. Frantzi et al. identified 86 urinary peptide biomarkers that could be specifically
associated to RCC by comparing 40 RCC patients and 68 agematched healthy subjects [109]. The classifier based on these
86 discriminatory peptides was evaluated in 30 RCC patients
and 46 nondiseased controls showing a sensitivity of 80% and
a specificity of 87%. A RCC-specific differential excretion was
observed for fibrinogen ␣- and ␤-chains, immunoglobulin Fc
regions, hemoglobin subunits, Na/K-transporting ATPase
subunit ␥, retinitis pigmentosa GTPase regulator, VPS10
domain containing receptor SorCS3, and the endothelial
adhesion molecule CD99 antigen like protein 2. The clinical
utility of the RCC marker panel would be to differentiate radiological indeterminate lesions, to obtain further information
before ablative treatments, and to select patients with small
renal masses for surveillance protocols. Additionally, peptide
marker sequence information could provide useful information on the decision on targeted pharmacologic therapy in
the setting of metastatic disease with the ability to monitor
response.

3.4.3 Prostate cancer
Early detection of prostate cancer (PCa) is mainly based
on combinations of digital-rectal examinations, transurethral
resections of the prostate, and measurements of serum
prostate-specific antigen (PSA) levels. Clinical screening for
PSA led to a significant increase of diagnosed cases [110–112].
However, present limitations of PSA screening in discrimination of benign and malignant prostatic condition results
in 76% false positives and unnecessary prostate biopsies
[113, 114]. Based on these facts, Theodorescu et al. [115]
applied CZE-MS-based urinary proteome analysis on first
void urine samples. First the authors showed that the first
10 mL of the urine void (first void) contains most of the seminal/prostatic fluid, a wash out from the prostatic urethra,
which included the material necessary for the identification
of PCa-specific biomarkers. To evaluate the quality of first
void urine samples in regard of prostatic fluid content, a socalled “informative” peptide panel (IPP) was developed by
comparing first void urine from 86 patients with and without
PCa and midstream urine of 138 male controls as reference
control. Further 46 female urine samples were evaluated to exclude any nonseminal/prostatic fluid specific peptides. This
resulted in an SVM-based classifier derived from a pattern of
eight IPP biomarkers indicative for prostatic fluid containing
first void urine. The IPP classifier identified 79 of 86 first void
urine samples to be “informative,” whereas 135 of 138 midstream urine samples were qualified to be “non-informative.”
The remaining 47 (from 51) patients with biopsy-proven PCa
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and 32 (from 35) controls with negative prostatic biopsy were
compared for PCa-specific biomarker discovery. This resulted
in the discovery of 12 biomarkers that were used to establish a
PCa-specific classifier through SVM modeling. The classifier
was then validated in “informative” urine samples from an
independent cohort of 213 subjects, 118 with PCa and 95 without. Patients with PCa were detected with 73% sensitivity and
individuals without PCa with 60% specificity. Adjustment of
the observed ROC curve according to a false-negative rate of
prostate biopsy resulted in improved test characteristics. Integrating age and percent-free PSA to the proteomic signatures
resulted in 91% sensitivity and 61% specificity. Schiffer et al.
[116] further validated this PCa classifier in an independent
cohort of 184 subjects with 49 confirmed PCa cases. The PCa
classifier achieved a sensitivity of 86% and specificity of 59%.
Cost-effectiveness analysis showed that CZE-MS-based urine
proteomic analysis outperformed the biopsy approach as well
as PSA tests.

3.4.4 Cholangiocellular carcinoma
Cholangiocarcinoma (CC) represents a rare tumor that arises
from cholangiocytes of the intrahepatic and extrahepatic biliary tract, with incidence in United Kingdom of approximately
one to two cases in 100 000 population [117]. The prognosis of
CC remains poor, with surgical dissection or orthotopic liver
transplantation as the only curative treatment option, which
however only can be performed at an early tumor stage. Unfortunately, CC is often detected at an advanced stage due to
the lack of accurate diagnostic tests. This most particularly
is true for patients with primary sclerosing cholangitis (PSC)
who are at >160-fold increased risk for CC development [117].
PSC is a rare cholestatic liver disease of unknown etiology,
characterized by chronic inflammation, and obliterative fibrosis of the intra- and/or extrahepatic bile ducts. In patients
with PSC, the differentiation between benign and malignant
strictures is particularly difficult even for specialists in the
field, because CC as well as chronic or acute inflammation
frequently result in similar cholangiographic findings. After
first establishing CZE-MS-based bile proteomic analysis for
the detection of local changes in the biliary tract caused by
CC depending on bile collection during invasive endoscopic
retrograde cholangiography [118], Metzger et al. [119] established a noninvasive CZE-MS-based urine proteomic test to
detect systemic changes caused by CC progression. This was
done by comparing proteome profiles of 14 CC patients with
those of 13 patients with PSC and 14 patients with other benign biliary disorders (BBD) thereby identifying a CC-specific
pattern composed of 42 CC-specific peptide biomarkers. The
SVM-based classifier derived from this biomarker pattern
was validated in a cohort of 123 patients including 42 CC
patients, 45 PSC patients, and 36 BBD patients. It achieved
83% sensitivity (CC) and 79% specificity (PSC and BBD) and
was therefore of equal diagnostic accuracy as bile proteome
analysis (84% sensitivity, 78% specificity). Recently, a logistic
www.clinical.proteomics-journal.com
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Figure 4. Collagen balance. Due
to the important role of ECM in
chronic disease, the differential excretion/regulation of different collagen
fragments is shown for two major
pathological conditions—CAD and
kidney disease. The direction of the
balance indicates the highest number
of peptides found in samples. For
example, collagen type 1, a major
constituent of CKD, was found to
be downregulated, which reflects
on decreased activity of ECM and
collagenases.

regression model was established combining the classification factors of bile and urine proteome analysis. This enabled
CC-diagnosis with an accuracy >90% in a set of 36 CC patients, of whom 10 had concomitant PSC, 33 patients with
PSC, and 18 patients with other BBD [120].

4

Summary and outlook

The studies summarized in this review illustrate that CZEMS is a powerful platform for proteomic disease biomarker
identification. The studies further indicate that the multidimensional protein/peptide biomarker patterns identified
through CZE-MS-based proteomic analysis of noninvasively
obtained urine samples carry the potential to improve clinical diagnostics and prognostics for many common as well as
rather rare diseases. In addition, the disease-specific peptide
patterns may provide information on involved pathological
processes.
Based on the published data available, CZE-MS has
allowed the reproducible analysis of >20 000 independent
samples and enabled the establishment of the by far largest
comparable proteomic dataset currently available. Also as a
result of it robustness, CZE-MS is already being applied in
clinical diagnostics of several diseases, and in large multicentric clinical trials. The latter appears to be the most relevant
cornerstone in the path toward clinical application: the
demonstration of a significant patient-relevant benefit in
a randomized controlled clinical trial will likely result in
the broad application of clinical proteomics as a routine
diagnostic tool.
In this respect, some of the studies reviewed even raise
hope that the proteomic analysis of urine by CZE-MS may
rather sooner than later be established as a modality for routine clinical diagnostics providing a more accurate earlier
diagnosis of chronic diseases like CKD and HF that pose
a growing public health problem. As such, one could envision performing urinary proteome analysis as part of the
regular health check-up, and examine for significant changes
indicative for a variety of diseases, as indicated in Fig. 2.
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The identification of disease-indicative changes could enable
early life-style [121] and/or therapeutic interventions, thereby
preventing disease, or at least significantly delaying onset.
The application of CZE-MS-based proteome analysis on
urine for diagnostic and prognostic purposes appears to be
especially suitable for diseases with alterations of the ECM
as part of their primary pathology due to the predominance
of collagen fragments, especially collagen type I and III,
in biomarker patterns of most of the reviewed urinary
proteomic studies (Fig. 4 and Supporting Information
Table 1). It further appears that the observed differential
excretion of distinct collagen fragments is disease specific.
Besides collagen fragments, protein/peptide biomarkers
identified in urine can provide information on pathophysiological processes during disease progression, comprising,
e.g., alpha-1 antitrypsin, fibrinogen, albumin, and uromodulin. As these peptides result from diverse proteolytic
activities, the peptides identified by CZE-MS may also
provide information on disease-associated alterations in
proteolytic processes (protease and protease inhibitors) [122]
through the statistical analysis of relative abundance of
potential cleavage sites.
However, the reviewed studies also revealed that at this
point in time, limitations associated with standardization and
implementation in clinical routine analysis still exist. While
utilization of CZE-MS-based proteomic analysis for routine
diagnostic purposes appears possible for certain applications,
additional studies will be necessary to proof clinical validity
and utility [123].
The research presented in this manuscript was supported in
part by the FP7 programmes “Markers for Sub-Clinical Cardiovascular Risk Assessment” (EU-MASCARA, HEALTH-2011
278249), “Systems Biology to Identify Molecular Targets for Vascular Disease Treatment” (SysVasc, HEALTH-2013 603288),
“Systems biology towards novel chronic kidney disease diagnosis and treatment” (SysKID HEALTH–F2–2009–241544),
HOMAGE (HEALTH-F7–305507), and “Transitional research
in Polycystic Kidney Disease” (TranCYST, EU-FP7/2007-2013,
agreement no. 317246). The authors are grateful to Clemens
Gutzeit for help with the graphic design.
www.clinical.proteomics-journal.com

Proteomics Clin. Appl. 2015, 9, 453–468

The authors have declared the following potential conflict of
interest: H. Mischak is the founder and co-owner of Mosaiques
Diagnostics, who developed the CZE-MS technology for clinical
application. T. Koeck, J. Metzger, P. Zürbig, A. Ramı́rez-Torres,
M. Pejchinovski, and D. Hrnjez are employees of Mosaiques
Diagnostics.

5

References
[1] Mechref, Y., Analysis of glycans derived from glycoconjugates by capillary electrophoresis-mass spectrometry. Electrophoresis 2011, 32, 3467–3481.
[2] Zhao, S. S., Zhong, X., Tie, C., Chen, D. D. et al., Capillary
electrophoresis-mass spectrometry for analysis of complex
samples. Proteomics. 2012, 12, 2991–3012.
[3] Espada, A., Molina-Martin, M., Capillary electrophoresis
and small molecule drug discovery: a perfect match? Drug
Discov. Today 2012, 17, 396–404.
[4] Ramautar, R., Somsen, G. W., deJong, G. J., CE-MS for
metabolomics: developments and applications in the period 2010–2012. Electrophoresis 2013, 34, 86–98.
[5] Boudonck, K. J., Mitchell, M. W., Nemet, L., Keresztes, L.
et al., Discovery of metabolomics biomarkers for early detection of nephrotoxicity. Toxicol. Pathol. 2009, 37, 280–292.
[6] Bonne, N. J., Wong, D. T., Salivary biomarker development
using genomic, proteomic and metabolomic approaches.
Genome Med. 2012, 4, 82–94.
[7] Ito, E., Nakajima, K., Waki, H., Miseki, K. et al., Structural
characterization of pyridylaminated oligosaccharides derived from neutral glycosphingolipids by high-sensitivity
capillary electrophoresis-mass spectrometry. Anal. Chem.
2013, 85, 7859–7865.
[8] Kolch, W., Mischak, H., Pitt, A. R., The molecular make-up
of a tumour: proteomics in cancer research. Clin. Sci. 2005,
108, 369–383.
[9] Gowda, G. A., Zhang, S., Gu, H., Asiago, V. et al.,
Metabolomics-based methods for early disease diagnostics. Expert. Rev. Mol. Diagn. 2008, 8, 617–633.

465
[15] Decramer, S., Gonzalez de, P. A., Breuil, B., Mischak, H. et al.,
Urine in clinical proteomics. Mol. Cell. Proteomics 2008, 7,
1850–1862.
[16] Mischak, H., Delles, C., Klein, J., Schanstra, J. P. et al.,
Urinary proteomics based on capillary electrophoresiscoupled mass spectrometry in kidney disease: discovery
and validation of biomarkers, and clinical application. Adv.
Chronic Kidney Dis. 2010, 17, 493–506.
[17] Jantos-Siwy, J., Schiffer, E., Brand, K., Schumann, G. et al.,
Quantitative urinary proteome analysis for biomarker evaluation in chronic kidney disease. J. Proteome Res. 2009, 8,
268–281.
[18] Metzger, J., Luppa, P. B., Good, D. M., Mischak, H. et al.,
Adapting mass spectrometry-based platforms for clinical
proteomics applications: the capillary electrophoresis coupled mass spectrometry paradigm. Crit Rev. Clin. Lab Sci.
2009, 46, 129–152.
[19] Kolch, W., Neususs, C., Pelzing, M., Mischak, H. et al., Capillary electrophoresis-mass spectrometry as a powerful tool
in clinical diagnosis and biomarker discovery. Mass Spectrom. Rev. 2005, 24, 959–977.
[20] Mischak, H., Julian, B. A., Novak, J., High-resolution proteome/peptidome analysis of peptides and low-molecularweight proteins in urine. Proteomics Clin. Appl. 2007, 1,
792–804.
[21] Chalmers, M. J., Mackay, C. L., Hendrickson, C. L., Wittke,
S. et al., Combined top-down and bottom-up mass spectrometric approach to characterization of biomarkers for renal
disease. Anal. Chem. 2005, 77, 7163–7171.
[22] Zürbig, P., Renfrow M. B., Schiffer, E., Novak, J. et al.,
Biomarker discovery by CE-MS enables sequence analysis via MS/MS with platform-independent separation. Electrophoresis 2006, 27, 2111–2125.
[23] Klein, J., Papadopoulos, T., Mischak, H., Mullen, W. et al.,
Comparison of CE-MS/MS and LC-MS/MS sequencing
demonstrates significant complementarity in natural peptide identification in human urine. Electrophoresis 2014, 35,
1060–1064.

[10] Mischak, H., Schanstra, J. P., CE-MS in biomarker discovery,
validation, and clinical application. Proteomics Clin. Appl.
2011, 5, 9–23.

[24] Stalmach, A., Albalat, A., Mullen, W., Mischak, H., Recent advances in capillary electrophoresis coupled to mass
spectrometry for clinical proteomic applications. Electrophoresis 2013, 34, 1452–1464.

[11] Mischak, H., Coon, J. J., Novak, J., Weissinger, E. M. et al.,
Capillary electrophoresis-mass spectrometry as a powerful
tool in biomarker discovery and clinical diagnosis: an update of recent developments. Mass Spectrom. Rev. 2009,
28, 703–724.

[25] Desiderio, C., Rossetti, D. V., Iavarone, F., Messana, I.,
Castagnola, M., Capillary electrophoresis–mass spectrometry: recent trends in clinical proteomics. J. Pharm. Biomed.
Anal. 2010, 53, 1161–1169.

[12] Theodorescu, D., Mischak, H., Mass spectrometry based
proteomics in urine biomarker discovery. World J. Urol.
2007, 25, 435–443.
[13] Coon, J. J., Zürbig, P., Dakna, M., Dominiczak, A. F. et al., CEMS analysis of the human urinary proteome for biomarker
discovery and disease diagnostics. Proteomics Clin. Appl.
2008, 2, 964–973.
[14] Siwy, J., Mullen, W., Golovko, I., Franke, J., Zürbig, P.,
Human urinary peptide database for multiple disease
biomarker discovery. Proteomics Clin. Appl. 2011, 5, 367–
374.

C 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

[26] Zürbig, P., Jerums, G., Hovind, P., MacIsaac, R. et al., Urinary
proteomics for early diagnosis in diabetic nephropathy. Diabetes 2012, 61, 3304–3313.
[27] Rossing, K., Mischak, H., Dakna, M., Zürbig, P. et al., Urinary
proteomics in diabetes and CKD. J. Am. Soc. Nephrol. 2008,
19, 1283–1290.
[28] Alkhalaf, A., Zürbig, P., Bakker, S. J., Bilo, H. J. et al., Multicentric validation of proteomic biomarkers in urine specific
for diabetic nephropathy. PLoS One 2010, 5, e13421.
[29] Good, D. M., Zürbig, P., Argiles, A., Bauer, H. W. et al.,
Naturally occurring human urinary peptides for use in
www.clinical.proteomics-journal.com

466

M. Pejchinovski et al.

diagnosis of chronic kidney disease. Mol. Cell. Proteomics
2010, 9, 2424–2437.
[30] Argiles, A., Siwy, J., Duranton, F., Gayrard, N. et al., CKD273,
a new proteomics classifier assessing CKD and its prognosis. PLoS One 2013, 8, e62837.
[31] Candiano, G., Musante, L., Bruschi, M., Petretto, A.
et al., Repetitive fragmentation products of albumin and
alpha1-antitrypsin in glomerular diseases associated with
nephrotic syndrome. J. Am. Soc. Nephrol. 2006, 17, 3139–
3148.
[32] Prajczer, S., Heidenreich, U., Pfaller, W., Kotanko, P. et al.,
Evidence for a role of uromodulin in chronic kidney disease progression. Nephrol. Dial. Transplant. 2010, 25, 1896–
1903.
[33] Rossing, K., Mischak, H., Rossing, P., Schanstra, J. P. et al.,
The urinary proteome in diabetes and diabetes-associated
complications: new ways to assess disease progression
and evaluate therapy. Proteomics Clin. Appl. 2008, 2, 997–
1007.
[34] Candiano, G., Musante, L., Bruschi, M., Petretto, A.
et al., Repetitive fragmentation products of albumin and
alpha1-antitrypsin in glomerular diseases associated with
nephrotic syndrome. J. Am. Soc. Nephrol. 2006, 17, 3139–
3148.
[35] Schanstra, J. P., Zürbig, P., Alkhalaf, A., Argiles, A. et al.,
Diagnosis and prediction of CKD progression by assessment of urinary peptides. J. Am. Soc. Nephrol. 2015, PMID
25589610.
[36] Gu, Y. M., Thijs, L., Liu, Y. P., Zhang, Z. et al., The urinary
proteome as correlate and predictor of renal function in a
population study. Nephrol. Dial. Transplant. 2014, 29, 2260–
2268.

Proteomics Clin. Appl. 2015, 9, 453–468

[43] Rodriguez-Suarez, E., Siwy, J., Zurbig, P., Mischak, H., Urine
as a source for clinical proteome analysis: from discovery
to clinical application. Biochim. Biophys. Acta 2013, 1844,
884–898.
[44] Julian, B. A., Wittke, S., Novak, J., Good, D. M. et al., Electrophoretic methods for analysis of urinary polypeptides
in IgA-associated renal diseases. Electrophoresis 2007, 28,
4469–4483.
[45] Chang, M. Y., Ong, A. C., New treatments for autosomal
dominant polycystic kidney disease. Br. J. Clin. Pharmacol.
2013, 76, 524–535.
[46] Harris, P. C., Rossetti, S., Molecular diagnostics for autosomal dominant polycystic kidney disease. Nat. Rev. Nephrol.
2010, 6, 197–206.
[47] Kistler, A. D., Mischak, H., Poster, D., Dakna, M. et al., Identification of a unique urinary biomarker profile in patients
with autosomal dominant polycystic kidney disease. Kidney Int. 2009, 76, 89–96.
[48] Kistler, A. D., Serra, A. L., Siwy, J., Poster, D. et al., Urinary
proteomic biomarkers for diagnosis and risk stratification
of autosomal dominant polycystic kidney disease: a multicentric study. PLoS One 2013, 8, e53016.
[49] Kistler, A. D., Mischak, H., Poster, D., Dakna, M. et al., Identification of a unique urinary biomarker profile in patients
with autosomal dominant polycystic kidney disease. Kidney Int. 2009, 76, 89–96.
[50] Yohannes, S., Chawla, L. S., Evolving practices in the management of acute kidney injury in the ICU (Intensive Care
Unit). Clin. Nephrol. 2009, 71, 602–607.
[51] Ricci, Z., Ronco, C., Today’s approach to the critically ill
patient with acute kidney injury. Blood Purif. 2009, 27, 127–
134.

[37] Nkuipou-Kenfack, E., Duranton, F., Gayrard, N., Argiles, A.
et al., Assessment of metabolomic and proteomic biomarkers in detection and prognosis of progression of renal function in chronic kidney disease. PLoS One. 2014, 9, e96955.

[52] Koyner, J. L., Vaidya, V. S., Bennett, M. R., Ma, Q. et al.,
Urinary biomarkers in the clinical prognosis and early detection of acute kidney injury. Clin. J. Am. Soc. Nephrol.
2010, 5, 2154–2165.

[38] Andersen, S., Mischak, H., Zürbig, P., Parving, H. H., Rossing, P., Urinary proteome analysis enables assessment of
renoprotective treatment in type 2 diabetic patients with
microalbuminuria. BMC Nephrol. 2010, 11, 29–38.

[53] Metzger, J., Kirsch, T., Schiffer, E., Ulger, P. et al., Urinary
excretion of twenty peptides forms an early and accurate
diagnostic pattern of acute kidney injury. Kidney Int. 2010,
78, 1252–1262.

[39] Delles, C., Schiffer, E., vonZur, M. C., Peter, K. et al., Urinary
proteomic diagnosis of coronary artery disease: identification and clinical validation in 623 individuals. J. Hypertens.
2010, 28, 2316–2322.

[54] Lebeau, C., Debelle, F. D., Arlt, V. M., Pozdzik, A. et al., Early
proximal tubule injury in experimental aristolochic acid
nephropathy: functional and histological studies. Nephrol.
Dial. Transplant. 2005, 20, 2321–2332.

[40] 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, 259–267.

[55] Holmes, N., Harrison, M. R., Baskin, L. S., Fetal surgery for
posterior urethral valves: long-term postnatal outcomes.
Pediatrics 2001, 108, E7–E14.

[41] Siwy, J., Schanstra, J. P., Argiles, A., Bakker, S. J. et al.,
Multicentre prospective validation of a urinary peptidomebased classifier for the diagnosis of type 2 diabetic
nephropathy. Nephrol. Dial. Transplant. 2014, 29, 1563–
1570.
[42] Haubitz, M., Good, D. M., Woywodt, A., Haller H. et al., Identification and validation of urinary biomarkers for differential diagnosis and dvaluation of therapeutic intervention in
ANCA associated vasculitis. Mol. Cell. Proteomics 2009, 8,
2296–2307.

C 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

[56] Klein, J., Lacroix, C., Caubet, C., Siwy, J. et al., Fetal urinary
peptides to predict postnatal outcome of renal disease in
fetuses with posterior urethral valves (PUV). Sci. Transl.
Med. 2013, 5, 198ra106.
[57] Decramer, S., Wittke, S., Mischak, H., Zürbig, P. et al., Predicting the clinical outcome of congenital unilateral ureteropelvic junction obstruction in newborn by urinary proteome
analysis. Nat. Med. 2006, 12, 398–400.
[58] Decramer, S., Bascands, J. L., Schanstra, J. P., Non-invasive
markers of ureteropelvic junction obstruction. World J.
Urol. 2007, 25, 457–465.
www.clinical.proteomics-journal.com

Proteomics Clin. Appl. 2015, 9, 453–468

[59] drube, J., Zürbig, P., Schiffer, E., Lau, E. et al., Urinary proteome analysis identifies infants but not older children requiring pyeloplasty. Pediatr. Nephrol. 2010, 25, 1673–1678.
[60] Bandin, F., Siwy, J., Breuil, B., Mischak, H. et al., Urinary proteome analysis at 5-year followup of patients with nonoperated ureteropelvic junction obstruction suggests ongoing
kidney remodeling. J. Urol. 2012, 187, 1006–1011.
[61] Nichols, M., Townsend, N., Scarborough, P., Rayner, M.,
Cardiovascular disease in Europe: epidemiological update.
Eur. Heart J. 2013, 34, 3028–3034.
[62] Vasan, R. S., Biomarkers of cardiovascular disease: molecular basis and practical considerations. Circulation 2006,
113, 2335–2362.
[63] Sherwood, M. W., Kristin, N. L., High-sensitivity troponin
assays: evidence, indications, and reasonable use. J. Am.
Heart Assoc. 2014, 3, e000403.
[64] Troughton, R., Michael, F. G., Januzzi, J. L., Jr., Natriuretic peptide-guided heart failure management. Eur. Heart
J 2014, 35, 16–24.
[65] Wilson, P. W., Progressing from risk factors to omics. Circ.
Cardiovasc. Genet. 2008, 1, 141–146.
[66] Balestrieri, M. L., Giovane, A., Mancini, F. P., Napoli, C., Proteomics and cardiovascular disease: an update. Curr. Med.
Chem. 2008, 15, 555–572.
[67] Afsar, B., Turkmen, K., Covic, A., Kanbay, M., An update on
coronary artery disease and chronic kidney disease. Int. J.
Nephrol. 2014, 2014, 767424.
[68] Cai, Q., Mukku, V. K., Ahmad, M., Coronary artery disease
in patients with chronic kidney disease: a clinical update.
Curr. Cardiol. Rev. 2013, 9, 331–339.
[69] Stompor, T., Coronary artery calcification in chronic kidney
disease: an update. World J. Cardiol. 2014, 6, 115–129.
[70] Sallee, M., Dou, L., Cerini, C., Poitevin, S. et al., The aryl hydrocarbon receptor-activating effect of uremic toxins from
tryptophan metabolism: a new concept to understand cardiovascular complications of chronic kidney disease. Toxins
2014, 6, 934–949.
[71] Zimmerli, L. U., Schiffer, E., Zürbig, P., Kellmann, M. et al.,
Urinary proteomics biomarkers in coronary artery disease.
Mol. Cell. Proteomics 2008, 7, 290–298.
[72] vonZur Muhlen C., Schiffer, E., Zuerbig, P., Kellmann, M.
et al., Evaluation of urine proteome pattern analysis for
its potential to reflect coronary artery atherosclerosis in
symptomatic patients. J. Proteome. Res. 2009, 8, 335–345.
[73] Korol, R. M., Canham, P. B., Liu, L., Viswanathan, K. et al.,
Detection of altered extracellular matrix in surface layers of
unstable carotid plaque: an optical spectroscopy, birefringence and microarray genetic analysis. Photochem. Photobiol. 2011, 87, 1164–1172.
[74] vonzur Muhlen, C., Schiffer, E., Sackmann, C., Zurbig, P.
et al., Urine proteome analysis reflects atherosclerotic disease in an ApoE-/- mouse model and allows the discovery of new candidate biomarkers in mouse and human
atherosclerosis. Mol. Cell. Proteomics 2012, 11, M111.
[75] Komamura, K., Similarities and differences between the
pathogenesis and pathophysiology of diastolic and systolic
heart failure. Cardiol. Res. Pract. 2013, 2013, 824135.

C 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

467
[76] Kuznetsova, T., Mischak, H., Mullen, W., Staessen, J. A.,
Urinary proteome analysis in hypertensive patients with
left ventricular diastolic dysfunction. Eur. Heart J. 2012, 33,
2342–2350.
[77] Neumann, J., Altered phosphatase activity in heart failure,
influence on Ca2+ movement. Basic Res. Cardiol. 2002,
97(Suppl 1), I91–I95.
[78] Zhang, Z., Staessen, J. A., Thijs, L., Gu, Y. et al., Left ventricular diastolic function in relation to the urinary proteome: a
proof-of-concept study in a general population. Int. J. Cardiol. 2014,176, 158–165.
[79] Olson, J. M., Samad, B. A., Alam, M., Prognostic value of
pulse-wave tissue Doppler parameters in patients with systolic heart failure. Am. J. Cardiol. 2008, 102, 722–725.
[80] Kuznetsova, T., Thijs, L., Knez, J., Herbots, L. et al., Prognostic value of left ventricular diastolic dysfunction in a general
population. J. Am. Heart Assoc. 2014, 3, e000789.
[81] Saenger, A. K., Christenson, R. H., Stroke biomarkers:
progress and challenges for diagnosis, prognosis, differentiation, and treatment. Clin. Chem. 2010, 56, 21–33.
[82] Dawson, J., Walters, M., Delles, C., Mischak, H., Mullen, W.,
Urinary proteomics to support diagnosis of stroke. PLoS
One 2012, 7, e35879.
[83] Kashyap, R. S., Nayak, A. R., Deshpande, P. S., Kabra, D.
et al., Inter-alpha-trypsin inhibitor heavy chain 4 is a novel
marker of acute ischemic stroke. Clin. Chim. Acta 2009, 402,
160–163.
[84] Feschenko, M. S., Donnet, C., Wetzel, R. K., Asinovski, N. K.
et al., Phospholemman, a single-span membrane protein,
is an accessory protein of Na,K-ATPase in cerebellum and
choroid plexus. J. Neurosci. 2003, 23, 2161–2169.
[85] Mohty, B., Mohty, M., Long-term complications and side
effects after allogeneic hematopoietic stem cell transplantation: an update. Blood Cancer J. 2011, 1, e16.
[86] Weissinger, E. M., Mullen, W., Albalat, A., Urinary proteomics employing capillary electrophoresis coupled to
mass spectrometry in the monitoring of patients after stem
cell transplantation. Methods Mol. Biol. 2014, 1109, 293–
306.
[87] Weissinger, E. M., Schiffer, E., Hertenstein, B., Ferrara, J.
L. et al., Proteomic patterns predict acute graft-versus-host
disease after allogeneic hematopoietic stem cell transplantation. Blood 2007, 109, 5511–5519.
[88] Weissinger, E. M., Metzger, J., Dobbelstein, C., Wolff, D.
et al., Proteomic peptide profiling for preemptive diagnosis
of acute graft-versus-host disease after allogeneic stem cell
transplantation. Leukemia 2014, 28, 842–852.
[89] Meier-Kriesche, H. U., Schold, J. D., Srinivas, T. R., Kaplan,
B., Lack of improvement in renal allograft survival despite
a marked decrease in acute rejection rates over the most
recent era. Am. J. Transplant. 2004, 4, 378–383.
[90] Metzger, J., Chatzikyrkou, C., Broecker, V., Schiffer, E. et al.,
Diagnosis of subclinical and clinical acute T-cell-mediated
rejection in renal transplant patients by urinary proteome
analysis. Proteomics Clin. Appl. 2011, 5, 322–333.
[91] Ploeg, M., Aben, K. K., Kiemeney, L. A., The present and
future burden of urinary bladder cancer in the world. World
J. Urol. 2009, 27, 289–293.
www.clinical.proteomics-journal.com

468

M. Pejchinovski et al.

[92] Tyler, A., Urothelial cancers: ureter, renal pelvis, and bladder. Semin. Oncol. Nurs. 2012, 28, 154–162.
[93] Latosisnka, A., Frantzi, M., Vlahou, A., Mischak, H., Clinical
applications of capillary electrophoresis coupled to mass
spectrometry in biomarker discovery: focus on bladder cancer. Proteomics Clin. Appl. 2013, 7, 779–793.
[94] Hollenbeck, B. K., Miller, D. C., Taub, D., Dunn, R. L. et al.,
Risk factors for adverse outcomes after transurethral resection of bladder tumors 14. Cancer 2006, 106, 1527–
1535.
[95] Netto, G. J., Molecular biomarkers in urothelial carcinoma
of the bladder: are we there yet? Nat. Rev. Urol. 2012, 9,
41–51.
[96] Wadhwa, N., Jatawa, S. K., Tiwari, A., Non-invasive urine
based tests for the detection of bladder cancer. J. Clin.
Pathol. 2012, 65, 970–975.
[97] Rink, M., Cha, E. K., Green, D., Hansen, J. et al., Biomolecular predictors of urothelial cancer behavior and treatment
outcomes. Curr. Urol. Rep. 2012, 13, 122–135.
[98] Schiffer, E., Vlahou, A., Petrolekas, A., Stravodimos, K. et al.,
Prediction of muscle-invasive bladder cancer using urinary
proteomics. Clin. Cancer Res. 2009, 15, 4935–4943.
[99] Theodorescu, D., Wittke, S., Ross, M. M., Walden, M. et al.,
Discovery and validation of new protein biomarkers for
urothelial cancer: a prospective analysis. Lancet Oncol.
2006, 7, 230–240.
[100] Miller, G. J., Bauer, K. A., Howarth, D. J., Cooper, J. A. et al.,
Increased incidence of neoplasia of the digestive tract in
men with persistent activation of the coagulant pathway.
J. Thromb. Haemost. 2004, 2, 2107–2114.
[101] Ahmed, I. S., Chamberlain, C., Craven, R. J., S2R(Pgrmc1):
the cytochrome-related sigma-2 receptor that regulates
lipid and drug metabolism and hormone signaling. Expert
Opin. Drug Metab. Toxicol. 2012, 8, 361–370.
[102] Huang, Y. S., Lu, H. L., Zhang, L. J., Wu, Z., Sigma-2 receptor ligands and their perspectives in cancer diagnosis and
therapy. Med. Res. Rev. 2014, 34, 532–566.
[103] Roche, Y., Pasquier, D., Rambeaud, J. J., Seigneurin, D.,
Duperray, A., Fibrinogen mediates bladder cancer cell
migration in an ICAM-1-dependent pathway. Thromb.
Haemost. 2003, 89, 1089–1097.
[104] Szarvas, T., vom, D. F., Ergun, S., Rubben, H., Matrix metalloproteinases and their clinical relevance in urinary bladder
cancer. Nat. Rev. Urol. 2011, 8, 241–254.
[105] Vlahou, A., Back to the future in bladder cancer research.
Expert Rev. Proteomics 2011, 8, 295–297.

Proteomics Clin. Appl. 2015, 9, 453–468

[110] Jemal, A., Siegel, R., Ward, E., Murray, T. et al., Cancer statistics, 2006. CA Cancer J. Clin. 2006, 56, 106–
130.
[111] Schroder, F. H., Hugosson, J., Roobol, M. J., Tammela, T.
L. et al., Screening and prostate-cancer mortality in a randomized European study. N. Engl. J. Med. 2009, 360, 1320–
1328.
[112] Hugosson, J., Carlsson, S., Aus, G., Bergdahl, S. et al., Mortality results from the Goteborg randomised populationbased prostate-cancer screening trial. Lancet Oncol. 2010,
11, 725–732.
[113] Schroder, F. H., Hugosson, J., Roobol, M. J., Tammela, T.
L. et al., Screening and prostate-cancer mortality in a randomized European study. N. Engl. J. Med. 2009, 360, 1320–
1328.
[114] Mohammed, A. A., Biomarkers in prostate cancer: new era
and prospective. Med. Oncol. 2014, 31, 140–146.
[115] Theodorescu, D., Schiffer, E., Bauer, H. W., Douwes, F.
et al., Discovery and validation of urinary biomarkers
for prostate cancer. Proteomics Clin. Appl. 2008, 2, 556–
570.
[116] Schiffer, E., Bick, C., Grizelj, B., Pietzker, S., Schofer, W.,
Urinary proteome analysis for prostate cancer diagnosis:
cost-effective application in routine clinical practice in Germany. Int. J. Urol. 2012, 19, 118–125.
[117] Skipworth, J. R., Keane, M. G., Pereira, S. P., Update on
the management of cholangiocarcinoma. Dig. Dis. 2014,
32, 570–578.
[118] Lankisch, T. O., Metzger, J., Negm, A. A., Vobetakuhl, K.
et al., Bile proteomic profiles differentiate cholangiocarcinoma from primary sclerosing cholangitis and choledocholithiasis. Hepatology 2011, 53, 875–884.
[119] Metzger, J., Negm, A. A., Plentz, R. R., Weismuller, T. J.
et al., Urine proteomic analysis differentiates cholangiocarcinoma from primary sclerosing cholangitis and other
benign biliary disorders. Gut 2012, 62, 122–130.
[120] Metzger, J., Mischak, H., Manns, M. P., Lankisch, T. O., A
combined bile and urine proteomic test increases diagnostic accuracy of cholangiocarcinoma in patients with biliary strictures of unknown origin. Z. Gastroenterol. 2013,
59, 38.
[121] Mullen, W., Gonzalez, J., Siwy, J., Franke, J. et al., A pilot
study on the effect of short-term consumption of a polyphenol rich drink on biomarkers of coronary artery disease defined by urinary proteomics. J Agric. Food Chem. 2011, 59,
12850–12857.

[107] Siegel, R., Naishadham, D., Jemal, A., Cancer statistics,
2013. CA Cancer J. Clin. 2013, 63, 11–30.

[122] Candiano, G., Musante, L., Bruschi, M., Petretto, A.
et al., Repetitive fragmentation products of albumin and
alpha1-antitrypsin in glomerular diseases associated with
nephrotic syndrome. J. Am. Soc. Nephrol. 2006, 17, 3139–
3148.

[108] Fisher, R., Gore, M., Larkin, J., Current and future systemic
treatments for renal cell carcinoma. Semin. Cancer Biol.
2013, 23, 38–45.

[123] Ioannidis, J. P., Khoury, M. J., Improving validation practices in “omics” research. Science 2011, 334, 1230–
1232.

[109] Frantzi, M., Metzger, J., Banks, R. E., Husi, H. et al., Discovery and validation of urinary biomarkers for detection of
renal cell carcinoma. J. Proteomics 2014, 98, 44–58.

[124] Mischak, H., Rossing, P., Proteomic biomarkers in diabetic
nephropathy—reality or future promise? Nephrol. Dial.
Transplant. 2010, 25, 2843–2845.

[106] Jemal, A., Siegel, R., Xu, J., Ward, E., Cancer statistics, 2010.
CA Cancer J. Clin. 2010, 60, 277–300.


C 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

www.clinical.proteomics-journal.com

