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Chronic kidney disease (CKD) is an aging-related disorder that represents a major global public health burden.
Current biochemical biomarkers, such as serum creatinine and urinary albumin, have important limitations
when used to identify the earliest indication of CKD or in tracking the progression to more advanced CKD. These
issues underline the importance of finding and testing new molecular biomarkers that are capable of successfully
meeting this clinical need.
The measurement of changes in nature and/or levels of proteins and metabolites in biological samples from
patients provide insights into pathophysiological processes. Proteomic and metabolomic techniques provide
opportunities to record dynamic chemical signatures in patients over time.
This review article presents an overview of the recent developments in the fields of metabolomics and proteomics in relation to CKD. Among the many different proteomic biomarkers proposed, there is particular interest in the CKD273 classifier, a urinary proteome biomarker reported to predict CKD progression and with
implementation potential. Other individual non-invasive peptidomic biomarkers that are potentially relevant for
CKD detection include type 1 collagen, uromodulin and mucin-1. Despite the limited sample sizes and variability
of the metabolomics studies, some metabolites such as trimethylamine N-oxide, kynurenine and citrulline stand
out as potential biomarkers in CKD.

1. Introduction
Chronic kidney disease (CKD) is defined by the 2012 Kidney
Disease: Improving Global Outcomes (KDIGO) Clinical Practice
Guideline as sustained abnormalities of kidney structure or function

(for > 3 months), mainly indicated by albuminuria (excess albumin
excretion in urine) or a glomerular filtration rate (GFR) lower than
60 mL/min per 1.73 m2, respectively [1]. CKD is a rapidly increasing
major clinical problem that affects up to 17% of the adult population
worldwide and > 20% of those over 65 years old [2–4]. There are
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Fig. 1. Chronic kidney disease progression, classification according to estimated glomerular filtration rate and albuminuria, main therapeutic approaches and current
available biomarkers. The changing shades of the kidneys indicate decrease in renal function and the shades in the rectangles, increasing intensity of surveillance and
therapy for chronic kidney disease. The stars show transition stages where new molecular biomarkers may add a benefit in the clinical management of CKD.
(Abbreviations: ACEi: angiotensin converting enzyme inhibitor; ACR: albumin-to-creatinine ratio (mg/g); AKI: acute kidney injury; ARB: angiotensin II receptor
blockers; CKD: chronic kidney disease; DM: diabetes mellitus; eGFR: estimated glomerular filtration rate (mLmin/1.73 m2); GFR: glomerular filtration rate; HbA1c:
haemoglobin A1c; NSAIDs: nonsteroidal anti-inflammatory drugs; RAAS: renin-angiotensin-aldosterone system).

multiple causes of CKD linked to common disorders, such as diabetes
mellitus (DM), metabolic syndrome and hypertension; less common
primary kidney diseases include autoimmune disorders such as IgA
nephropathy (IgAN), membranous glomerulonephritis (MGN) and
lupus nephritis (LN), and genetic disorders, such as autosomal dominant polycystic kidney disease (ADPKD) [1].
The KDIGO guidelines recommend using serum creatinine (SCr) for
the evaluation of GFR with a GFR estimating equation (estimated GFR,
eGFR) for initial assessment (Fig. 1) [1]. However, SCr based equations
(eGFRcrea) are less accurate under specific circumstances (older
people, individuals at the extremes of body-mass index, different ethnicities), and a cystatin C based equation (eGFRcys) or a clearance
measurement for confirmatory testing are then needed [1]. These GFR
measurement methods and markers are not exempt from limitations
either. The gold standard methods are either invasive (urinary clearance) or expensive and not widely available (inulin); alternative GFR
measurements to these also have a variety of drawbacks, including wide
inter-individual variability, potential for allergic reactions, and special
handling issues related to radioactive substance [1]. Cystatin C levels
are increased by inflammation, steroid drugs and thyroid disease,
challenging the use of eGFRcys equations in these circumstances [5].
Kidney damage can also be evaluated through the measurement of albuminuria or proteinuria, markers associated with rapid progression
but that are not always present in CKD or may vary in different CKD
stages [1].
There is therefore an increasing need to find new serum and urine
biomarkers capable of estimating the risk of CKD in healthy individuals

and in patients with pathological conditions that predispose them to
CKD. These new kidney biomarkers would augment the use of SCr and
urinary albumin excretion (UAE) in the prediction of outcomes in individuals with CKD and helping in the management of renal disease
(Fig. 1). Over the last decade, many studies have attempted to find
alternatives to the conventional clinical kidney biomarkers with increasing attention being given to the proteomic or metabolomic analysis of serum and urine samples (Fig. 2). This review tries to summarise
the more important results of this quest for novel proteomic and metabolomic biomarkers for CKD in humans. The search engine used for
this literature review was PubMed. The literature search criteria applied were all the possible combinations of “chronic kidney disease”,
“diabetic kidney disease”, “glomerulonephritis”, and the MeSH terms
“Renal Insufficiency, Chronic” or “Kidney Diseases” with the MeSH
terms “Proteomics” or “Metabolomics”. Only studies in humans written
in English or Spanish focused on proteomic or metabolomic markers
were included. References of the selected articles were manually searched and added to the pool of reviewed articles.
2. Proteomics
The full set of proteins expressed by an organism is referred to as the
proteome, a term that can also reflect the content of proteins produced
in a specific cell or tissue, at a certain time [6]. Proteomics is the study
of the proteome, including the low molecular weight proteome fractions (peptidome), and can be approached using a variety of different
laboratory techniques, such as two-dimensional gel electrophoresis,
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Journal of Proteomics 193 (2019) 93–122

M. Cañadas-Garre et al.

Fig. 2. Main molecular entities identified by proteomic or metabolomic analysis as potential biomarkers in chronic kidney disease (Abbreviations: CKD: chronic
kidney disease; ECM: extracellular matrix).

patients with CKD and 75 normoalbuminuric T2DM controls
(AUC = 0.96) [7]. The CKD273 classifier was furtherly validated in a
multicentre study including 165 T2DM patients from nine different
institutions [12]. Main components of the CKD273 classifier in CKD
patients include fragments of different collagens, kidney-specific proteins (uromodulin, sodium/potassium-transporting ATPase γ chain,
membrane-associated progesterone receptor component 1, etc), blood
proteins (serum albumin, α1-antitrypsin (A1AT), haemoglobin α chain,
fibrinogen α chain, etc), among other secreted proteins [11].
The utility of CDK273 classifier for the management of CKD patients
has been investigated in many studies [7,12–20]. The CKD273 classifier
has been demonstrated to improve the performance of UAE in predicting DKD (AUCCKD273 = 0.93 vs AUCUAE = 0.67) [14], transition in
albuminuria stage (AUCCKD273 = 0.94 vs AUCUAE/eGFR = 0.91) [19],
CKD progression [16–18,21], progression to end-stage renal disease
(ESRD) (general linear model, F-test = 19.44; p < .0001) [15] and loss
of GFR at an early CKD stage (eGFR > 70 mL/min/1.73 m2) (p < .05)
[20]. It has been suggested that the pattern of various modified collagen
fragments in the urinary CKD273 classifier may indicate extracellular
matrix changes [20], a hallmark of renal disease that is present from the
early stages of CKD [22]. Among the other peptides present in the
CKD273 panel, both serum albumin fragments and A1AT were increased in the urine of individuals with moderately advanced disease
stages (eGFR 40–69 mL/min/1.73 m2) from a sample of 394 individuals
who had a decline in eGFR of > 5 mL/min/1.73 m2/year [20]. Patients
with CKD progression (progressors) also had decreased levels of collagen and uromodulin fragments in the urine. The CKD273 classifier
also demonstrated greater stability in predicting renal function in CKD
patients [20]. In a small study in Norwegian patients, the 18 CKD stage
4–5 cases also showed reduced excretion of collagen fragments types IIII and uromodulin compared to 17 healthy controls [23]. Increased
levels of α-2-HS-glycoprotein [19], blood and inflammation peptides

capillary electrophoresis coupled electrospray ionization – mass spectrometry (CE-ESI-MS), liquid chromatography coupled mass spectrometry (LC-MS), and matrix-assisted laser desorption/ionization mass
spectrometry (MALDI-MS) [7–9].
Under normal physiological conditions, the urine should contain
only small levels of low molecular/middle weight proteins; this protein
content changes in pathological situations [9]. Non-invasive detection
of renal disease using urinary proteomics is becoming a very important
area of research. Numerous investigations using proteome analysis for
early detection and improved risk stratification of patients with CKD
have been carried out in the past decade, many of them including large
numbers of patients [9,10]. Urine has been the preferred choice of
biospecimen to detect changes in different peptide levels among patients with CKD and various different individual renal diseases, such as
diabetic kidney disease (DKD), IgAN, and ADPKD (Table 1).
2.1. Chronic kidney disease
The presence in the urine of several proteins or changes in their
levels have been proposed as non-invasive urinary biomarkers for CKD
in numerous European populations (Table 1).
In 2010, a human urinary peptidome panel, composed of 273 CKDspecific biomarkers, compiling data from 230 patients with various
biopsy-proven kidney diseases and 379 healthy subjects (training set),
was identified using CE-MS [11]. A sensitivity of 98.7% and a specificity of 100% was reported, with an area under the curve (AUC) of 1.000
for the diagnosis of CKD. These findings were replicated in an independent cohort of 110 CKD patients and 34 healthy individuals (test
set), showing a sensitivity of 85% (95%CI:77.5–91.4) and specificity of
100% (95%C: 89.6–100.0), with AUC = 0.955 [11]. A similar performance of the CKD273 classifier was furtherly confirmed in urine samples from 62 type 2 diabetes mellitus (T2DM) macroalbuminuric
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Table 1
Proteomic studies in kidney diseases.

Urine

Urine
Urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Sample

805 CKD
17 ADPKD
9 CKD
11 HC
1143 HT

390 progressors
1697 non progressors
210 T2DM

DIRECT1:
740 T1DM
DIRECT2:
618 T2DM
PREDICTIONS:
165 T2DM
FLEMENGHO:
567 individuals

2672 CKD

509 CKD

376 CKD
177 HC

1905 T2DM

687 LN

88 SLE

155 T2DM-mAlb

Patients

Spanish

Flemish
Canadian

Chinese

German

African
American
Caucasians
European

Macedonian

European

Swedish

European

European

Ethnics

LC-MS

MS
LC-MS

2D-nano-LC-ESI-MS/MS

CE-MS

CE-MS
CKD273 Classifier

MS:
38 proteins contained in HDL particles

CE-MS
CKD273-classifier
CE-MS

multiplex immunoassay:
Olink Proseek Multiplex Cardiovascular 1

MALDI-TOF-MS/MS

CE-MS
CKD273-classifier

Methodology

◦ Upregulation of CFAB, IGKC, and IGHA2
◦ Downregulation of HEMO

(continued on next page)

◦ Haptoglobin and α-2-macroglobulin levels were significantly altered
when T2DM with patients also presented sight-threatening
proliferative diabetic retinopathy
◦ Higher incidence of CRI with higher baseline haptoglobin
(≥20 ng/min) (HR = 3.28; 95%CI: 1.41–7.58; p = .006)
◦ Mucin-1 predicted eGFR decline
◦ Angiotensin II proteins associated with ADPKD

◦ The CKD273 classifier was able to detect progressive CKD at early
stages
◦ Late-stage disease was better detected by UAE
◦ The eGFR decreased 0.82 mL/min per 1.73 m2 more with baseline
CKD273 compared to baseline UAE
◦ CKD273 ≥ 0.154 and UAE ≥ 20 μg/min thresholds showed sensitivity
(33% vs 30%) and specificity (83% vs 82%)
◦ A three biomarkers panel composed by baseline eGFR, UAE and the
CKD273 classifier predicted progression of CKD. CKD273 ≥ 0.154,
CKD273 ≥ 0.343 thresholds and UAE ≥ 20 μg/min cutoff value
yielded sensitivities of 46%, 42%, and 45% and specificities of 88%,
94%, and 95%, respectively

◦ Correlation of the CKD273-classifier with eGFR (β = −0.184,
p = .039) and UAE (β = 0.402, p < .001) in multivariate analysis
◦ CKD273 was a predictor of mortality after adjustment for age, sex,
blood pressure, N-terminal pro-brain natriuretic peptide and coronary
artery calcium score in a Cox regression model (p = .048)
◦ Urinary haptoglobin, α-1 anti-chymotrypsin and retinol binding
protein are potential biomarkers for LN activity
◦ α-1 anti-chymotrypsin expression was higher in SLE patients than
controls
◦ These proteins were significantly associated with eGFR decline:
TNF-related apoptosis-inducing ligand receptor 2, TNF receptor 1,
placenta growth factor, thrombomodulin, urokinase plasminogen
activator surface receptor, growth/differentiation factor 15, fatty
acid-binding protein, kallikrein 11, proteinase-activated receptor 1,
TNF receptor 2, fibroblast growth factor 23
◦ The CKD273-classifier was an independent predictor of
microalbuminuria
◦ Identification of 384 peptide fragments discriminating significantly
between stable from improved renal function
◦ Diagnostic panel mainly composed by different types of collagen
(78%)
◦ Modest changes in the HDL proteome associated with declining
kidney function

Main findings
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2013

2013

2013

2014

2014

2014

2015

2015

2015

2016

Year

urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Urine

Sample

DM overt DKD + Alb
T2DM
T2DM + retinopathy
HC

44 T2DM
44 HC

8 T2DM + DKD
204 T2DM

Training set:
10 mild CKD
10 advanced CKD
Test set:
29 CKD
(49 CKD/26 DKD)
27 DM
7 nephroangiosclerosis
3 GN
3 uninephrectomy
3 ADPKD
7 other
3 unknown

165 T2DM + DKD
165 T2D non DKD

522 CKD
379 HC
797 renal dysfunction

18 CKD
17 HC

24
33
15
27

59 HFrEF
30 HC

Patients

Denmark

United
States

CE-MS:
CKD273 classifier

LC-MS:
agrin, haptoglobin, mannan-binding lectin
serine protease 2, LAMP-2, angiotensinogen,
NGAL and uromodulin

CE-MS:
CKD273 classifier

CE-MS

French

French

CE-MS

CE-MS:
CKD273 classifier
CE-MS

CE-MS

LC-MS/MS

TOF-MS

Methodology

German

Flemish

European

Norway

Greek

Ethnics
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◦ eGFR was linearly correlated to CKD273 score
◦ Peptides in the CKD273 classifier derived from serum proteins were
relatively increased in patients with lower GFR, while collagenderived peptides were relatively decreased (p < .05)
◦ The CKD273 classifier was able to discriminate among groups with
different renal function (stages I-II, III, IV and V; p < .003)
◦ Loss of renal function or death was related with a very high CKD273
score, showing a clear CDK273 cut-off value below which patients did
not progress to death or renal death
◦ Haptoglobin was the best predictor of early renal functional decline
◦ Agrin showed most significant difference between groups
◦ The AUC value for the prediction of early renal functional decline by
the haptoglobin to creatinine ratio was 0.614, vs 0.621 for ACR (0.664
for combined)
◦ AUC values for ≥50% increase in creatinine from baseline were 0.654
(haptoglobin to creatinine ratio), 0.709 (ACR) and 0.751 (combined),
respectively
◦ Haptoglobin to creatinine ratio may be useful in predicting higher risk
of kidney disease in T2DM
◦ Fragments of collagen and α-2-HS-glycoprotein were differently
expressed in diabetic patients

◦ Thirty-five of the sequenced peptides were originated from the
fibrillar collagens type I, II, and III, important constituents of the
extracellular matrix
◦ Identification of a panel of 107 peptides associated with HFrEF,
showing 22 (20.6%) in common with the CKD273 classifier
◦ Seven proteins were decreased in DM patients (pancreatic αamylase, deoxyribonuclease I, α-amylase 2B, salivary α-amylase 1,
proepidermal growth factor, mannan-binding lectin serine protease
2, and perlecan)
◦ Upregulation of prostaglandin-H2 D-isomerase, Ig λ-3 chain C regions,
Ig κ chain C region in DM, but not in DKD patients
◦ Reduced excretion of collagen types I-III, uromodulin, and other
indicators of interstitial inflammation, fibrosis and tubular
dysfunction were associated with CKD diagnosis and rapid
progression
◦ Protein fragments associated with progression of CKD originated
mostly from proteins related to inflammation and tissue repair
◦ HF1, HF2 and SF proteomic classifiers predicted the changes of the
renal function indices over time and progression of the CKD stage
◦ The CKD273 classifier clearly discriminated DKD
◦ Collagen, uromodulin and serum albumin fragments were verified as
CKD markers.
◦ Identification of 76 metabolites and peptides significantly associated
with CKD
◦ Collagen fragments, especially collagen type I alpha 1, were the most
represented

Main findings
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2010

2010

2010

2010

2012

2012

2012

2012

2012

2013

Year

urine

Urine

Urine

urine

urine

urine

Urine

Urine

Urine
Serum
Saliva

Urinary
exosomes

Sample

302 T2DM
20 HC

137 Additional Controls

Test Set:
110 CKD
34 HC

Training Set:
230 CKD
379 HC

22 T2DM

62 T2DM + MAlb+CKD 75 T2DM
nAlb no CKD
394 individuals
decline in eGFR of
> 5 mL/min/1.73 m2/year
19 T2DM
2 T1DM
9 HC
83 T2DM + DKD
64 T2DM

43 T1DM + mAlb
43 T1DM nAlb

Discovery:
5 DKD
5 HC
Replication:
3 DKD
3 HC
5 T1DM+DKD
10 T1DM
5 HC

Patients

Italian

European
American
Australian

Denmark

Austria

Helsinki

Netherlands

Helsinki

Korea

Portugal

Spanish

Ethnics

CM10 ProteinChip array

CE-MS

CE-MS:
CKD classifier

CE-MS

CE-MS

CE-MS
MALDI-MS
CKD273 classifier

iTRAQ

LC-MS/MS

LC–MS/MS

Methodology
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◦ For diabetes-induced renal damage, collagen fragments can be used
as early biomarkers and are more specific biomarkers than urinary
albumin
◦ A panel of 60 markers could discriminate DKD in T2DM (p < .05), 50
of them with p < .0001
◦ Fragments of blood components, like alpha-1-antitrypsin, albumin,
transthyretin, alpha-2-HS-glycoprotein, and beta-2-microglobulin
were upregulated in DKD
◦ Collagen fragments, CD69 antigen and membrane associated
progesterone receptor component 1 were downregulated in DKD
◦ Eighteen of the 273 known biomarkers for CKD showed change after
irbesartan treatment for 2 years (p < .05). Seven of them led
toward CKD, while the remaining 11 showed the expression of a
healthy individual
◦ Identification of a panel of 273 peptides, including α1-antitrypsin,
α1B-glycoprotein, α2-HS-glycoprotein, antithrombin-III,
apolipoprotein A-I, β2-microglobulin, CD99 antigen, clusterin,
collagen fragments, cystatin B, fibrinogen fragments, Ig λ chain C
regions, membrane associated progesterone, neurosecretory protein
VGF, osteopontin, polymeric-immunoglobulin receptor, ProSAAS,
prostaglandin-H2 D-isomerase, psoriasis susceptibility 1 candidate
gene 2 protein, serum albumin, sodium/potassium-transporting
ATPase γ chain, transthyretin (prealbumin) and uromodulin
◦ Training set: sensitivity of 98.7% and specificity of 100%
◦ Test set: sensitivity of 85.5% (95%CI: 77.5–91.4) and specificity of
100% (95%CI: 89.6–100.0)
◦ β-2-microglobulin urine excretion was considerably higher in T2DM
with DKD

◦ Increased serum levels of MMP-2 and MMP-9 in DM
◦ Increased activity of MMP-9/Neutrophil gelatinase-associated
lipocalin, aminopeptidase N, azurocidin and kallikrein 1 in patients
with DKD
◦ The active and pro-form of MMP-9 (U3 and U4) gradually increased
activity in patients with retinopathy and nephropathy (p < .001)
◦ Glomerular dysfunction was associated with basement membranespecific heparin sulfate proteoglycan core protein (HSPG), alpha-1antitrypsin (A1AT), haptoglobin (HP), transferrin (TF),
ceruloplasmin precursor (CP) and mannose-binding lectinassociated serine protease-2 precursor (MASP2)
◦ Collagen derived peptides were among the most significant
biomarkers for CKD
◦ Modification of various collagen fragments in early CKD
◦ Better performance of the CKD273 classifier to detect progression in
patients with early stage
◦ Collagen fragments were prominent biomarkers 3–5 years before the
onset of MAlb

◦ Advanced DKD patients showed higher levels of contaminant
proteins
◦ 254 proteins were identified. A panel of 25 proteins (18 decreased and
7 proteins increased in DKD) was able to discriminate DKD from HC

Main findings
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2005

2005

2007

2007

2007

2008

2008

2008

2008

2009

2009

2009

2009

Year

Urine

Urine

Urine

Urine

Urine

urine

Urine

Urine

plasma

urine

Urine

Urine

urine

Sample

T2DM
T2DM + DKD
HC
T1DM
T2DM
HC
DKD
HC
NDRD+Alb
DM + Alb
DM
HC

100 T2DM
20 HC
44 T1DM
9 HC

31 T2DM
31 HC

33 T2DM
9 HC

10
12
12
14
92
50
35
30
34
45
38
45

8 T2DM nAlb
8 T2DM mAlb
8 T2DM MAlb
8 HC
10 T2DM
10 Renal patients
10 T2DM + DKD
10 HC
21 T1DM + MAlb
HC
12 T1DM
12 T1DM+ MAlb
12 HC
7 CKD stage 5
7 HC

Patients

German

India

Pima Indians

CE-MS

MS

SELDI-TOF MS

LC-MS/MS

SELDI-TOF MS
SAX2 protein arrays

Germany

India

CE-MS

SELDI

ESI-Q-TOF MS/MS

HPLC and SDS-PAGE

GeLC/MS

LC-MALDI-TOF MS

MALDI/TOF/TOF

MS

Methodology

Greek

Zhejiang

Italy

Sweden

United States

United States

Italy

China

Ethnics

(continued on next page)

◦ A processed form of ubiquitin was strongly released in the urine of
HC, patients with proteinuria due to nondiabetic disease, and DM
without nephropathy and without microalbuminuria, in contrast to
DM with macro- or microalbuminuria patients (p < .0000004)
◦ UbA52, a ubiquitin ribosomal fusion protein, was selectively excreted
in the urine of DM with macro- or microalbuminuria patients
(p < .00008)
◦ The protein beta(2)-microglobulin was significantly excreted by
patients with proteinuria and DM with macro- or microalbuminuria
(p < .000004)
◦ 1B-Glycoprotein was up regulated the most between cases and
controls with zinc-2-glycoprotein, 2-HS-glycoprotein, vitamin
D–binding protein, calgranulin β1-antitrypsin and hemopexin also
all upregulated.
◦ Panel proposed of 12 peptides predicted DKD (93% sensitivity, 86%
specificity) in the training set.
◦ Accuracy of 74% in the validation set (71% sensitivity, 76%
specificity; OR = 79; 95%CI: 1.5–43.5; p = .017)
◦ Increased alpha-1 microglobulin, zinc alpha-2 glycoprotein, alpha-1
acid glycoprotein and IgG in diabetic patients
◦ Identification of a panel of 88 peptides differentially distributed
among patients with incipient nephropathy

◦ Collagen type 1 reduced in patients with DKD

◦ Identification of six novel protein components altered in CKD:
complement factor H-related protein-1, inter- -trypsin inhibitor
heavy chains H1 and H4, leucine-rich 2 -glycoprotein
◦ Increased Ig k chain C region, Ig k chain V-II region Cum, Ig k-chain
V-III region SIE, carbonic anhydrase 1, plasma retinol-binding
protein, β-2-microglobulin precursor, β-2-glycoprotein 1 in T2DM
◦ α1-microglobulin and albumin significantly upregulated in DM

◦ Increased urine inositol pentakisphosphate 2-kinase, zona occludens
3, and FAT tumor suppressor 2 in T1DM
◦ Increased megalin and cubilin in T1DM

◦ Lower levels of uromodulin in nephropathy cases
◦ Increased collagen alpha-1(I) and collagen alpha-5 (IV) in both
diabetic and renal disease patients

◦ Upregulation of urinary E-cadherin in DKD
◦ E-cadherin expression downregulated in renal tubular epithelial cells
of patients with DKD
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Sharma

15984045

2005

Year

Urine

Sample
6 T1DM
13 T2DM
19 HC

Patients
United States

Ethnics

Abbreviations
2D: Two - dimensional.
A1AT: Alpha-1-antitrypsin
ACT: Alpha-1 anti-chymotrypsin
ADPKD: Autosomal dominant polycystic kidney disease
ACR: Albumin to creatinine ratio
AUC: Area under the curve
CE-MS: Capillary electrophoresis-mass spectrometry
CKD: Chronic Kidney Disease
DIRECT1: Diabetes Retinopathy Candesartan Trials with type 1 Diabetics
DIRECT2: Diabetes Retinopathy Candesartan Trials with type 2 Diabetics
DKD: diabetic kidney disease
eGFR: Estimated glomerular filtration rate
ESI: Electrospray ionization
GeLC/MS: SDS-PAGE to liquid chromatography-tandem mass spectrometry.
GN: Glomerulonephritis
iTRAQ: Isobaric tags for relative and absolute quantification
GN – Glomerulonephritis
FLEMENGHO: Flemish Study on Environment, Genes and Health Outcomes
HC: Healthy controls
HDL: High-density lipoprotein
HFrEF - Heart failure with reduced Ejection Fraction
HPLC - High-performance liquid chromatography
HR: Hazard ratio
HT: Hypertension
LC: Liquid Chromatography
LN: Lupus nephritis
MAlb: Macroalbuminuria
mAlb: Microalbuminuria
MALDI-TOF-MS/MS - Matrix Assisted Laser Desorption/Ionization Time-of-Flight Mass Spectrometry.
MS: Mass spectrometry
nAlb: Normoalbuminuria
NDRD: Nondiabetic renal disease
PREDICTIONS: PREvention of DIabetic ComplicaTIONS
SDS-PAGE: Sodium dodecyl sulfate polyacrylamide gel electrophoresis
SELDI: Surface-enhanced laser desorption/ionization
SLE: Systemic lupus erythematosus
T1DM: Type 1 diabetes mellitus
T2DM: Type 2 diabetes mellitus
TNF: Tumor necrosis factor
TOF: Time of flight
UAE: Urinary albumin excretion
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Methodology
◦ Increased alpha 1 antitrypsin (A1AT) in diabetic patients
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(fibrinogen, apolipoproteins, haemoglobin) have also been found in
CKD patients as part of the CKD273 classifier [24].
The CKD273 classifier has also proven its utility to evaluate response to irbesartan [13] and spironolactone [25] therapy in clinical
trials. Currently, the CKD273 classifier is being assessed to establish if it
can identify diabetic patients with a high-risk of developing albuminuria in all participants (≈3500) of a prospective multicentre clinical
trial, designed as a randomised double-blind placebo-controlled intervention (spironolactone) in DKD patients from nine European countries
(NCT02040441, [18]). Furthermore, the US Food and Drug Administration (FDA) has issued a letter of support to encourage the further
development of the urinary CKD273 biomarker panel of peptides as a
prognostic tool to be used in combination with albuminuria, serum
creatinine and other current measures in early phase clinical trials in
DKD, to identify early stage disease patients with high-risk of CKD
progression [26]. The cost-effectiveness of screening T2DM patients for
CKD progression using the CKD273 classifier has been recently evaluated using a decision-analytic Markov model that provided intensified
therapy including additional antihypertensive therapy, ACE inhibitors
or spironolactone to patients classified as high-risk for complications
(DKD, kidney transplantation, graft failure, dialysis and death attributable either to CKD or cardiovascular diseases) [27]. Annual screening
with the CKD273 classifier was more costly than UAE (incremental
costs of €3053 per patient), but may have resulted in improved care,
since patients had better survival and gained 0.13 quality-adjusted life
years (QALYs), mainly due to slower CKD progression, fewer diabetic
complications and overall better quality of life [27]. The incremental
cost-effectiveness ratio (ICER) of the CKD273 classifier screening in all
patients was €23,903 per QALY gained compared to UAE, notably
lower than current government thresholds for QALYs [27]. The impact
of the CKD classifier was notably higher in T2DM patients at high-risk
of developing CKD, less costly and more effective in relation to QALYs
gained, hence cost-saving (reduction of €700 and gain of 0.17 QALYs
per patient), whereas it was not cost-effective in low-risk patients
(ICER: €73,140 PER QALY gained) [27]. Recently, the urinary proteomic classifier CKD273 was reported to provide improved prognostic
information on clinical outcomes in 155 patients with T2DM and confirmed microalbuminuria, being associated with higher mortality after
adjustment for age, sex and other established cardiovascular and renal
biomarkers in a Cox regression model (p = .048) [28].
Consistent with the CKD273 classifier, decreased levels of collagen
fragments have been a common finding in the urine of CKD patients in
other studies. Both collagen type I and uromodulin fragments were in
lower abundance in 49 patients (26 DKD and 23 with other CKD aetiologies), whilst beta-2-microglobulin, apolipoprotein AI and protein
S100-A9 fragments were in higher abundance in CKD stage 4–5 patients
[29]. Plasma fibrinopeptide-A, phosphorylated fibrinopeptide-A, proline-hydroxyproline dipeptide, and urine beta-2-microglobulin, apolipoprotein AI and protein S100-A9 fragments have been found in higher
abundance in the urine from patients with advanced CKD, whereas
collagen type I alpha 1 and uromodulin had lower levels in urine
[30,31].
Other urinary peptidome panels have been described for different
renal diseases. A panel composed by 384 peptide fragments (78% derived from different types of collagen) was identified from urine samples obtained from 376 individuals with renal disease. This 384 peptide
fragment panel identified a group of patients who had more stable
kidney function over time, allowing a less aggressive treatment regimens to be provided [32]. The urinary proteome of 805 participants in
the FLEMENGHO study showed that peptide fragments from mucin-1
subunit α, collagen I and III, and fibrinogen α-chain were all inversely
correlated to eGFR and its change over time, with the risk of progressing to CKD being significantly linked with mucin-1 subunit α and
collagen I fragments [33]. The urinary mucin-1 subunit α fragment was
the strongest peptidomic correlate of a reduced eGFR [33]. Changes in
eGFR were significantly associated with the levels of four proteins

contained in the high density lipoprotein (HDL) particles of a cohort of
509 CKD patients. Patients with kidney failure exhibited higher levels
of retinol-binding protein 4, apolipoprotein C-III, versus lower apolipoprotein L1 and vitronectin [34]. In a small sample of seven CKD stage
5 patients, albumin, apolipoprotein A-II and complement factor C8 γand β-chains were shown differentially depleted compared to seven
matched healthy controls [35].
2.2. Diabetic kidney disease
Diabetic kidney disease (DKD) is a major complication of diabetes.
Its early detection could lead to delay or even prevention of the need for
renal replacement therapy, since targeted clinical management could
be introduced at the earliest stage of DKD [36].
Urinary proteomics might also allow non-invasive assessment of
DKD, identifying those at risk of DKD at an early stage. As described in
the previous section, the proteome CKD classifier, which includes collagen fragments, α-microglobulin, β2-microglobulin (β2MG), A1AT,
uromodulin, among other peptides, has proven to be a promising biomarker panel for detecting individuals with T2DM at high-risk of developing CKD [14]. Collagen fragments appear to be important biomarkers for the detection of DKD. Urine samples of 16 initially
normoalbuminuric diabetic patients with type 1 diabetes and 19 with
type 2 diabetes showed higher levels of collagen fragments, acting as
early biomarkers of DKD some 3–5 years before macroalbuminuria
onset [14]. A decrease in urinary collagen fragments was shown in the
urine before albumin excretion increased [14]. Collagen alpha-1(I) and
collagen alpha-5 (IV) were also increased in individuals with T2DM,
persons with CKD not due to diabetes, and patients with T2DM and
DKD compared to 10 healthy controls [37]. Collagen has also been
suggested to be a more specific biomarker than urinary albumin in
other proteomic panels, like the one developed in 64 individuals with
T2DM with nephropathy and 81 persons with T2DM and no nephropathy [38]. In 305 individuals, a panel of 40 urinary biomarkers was
identified that could discriminate healthy individuals from patients
with diabetes (89% sensitivity, 91% specificity) [39]. An additional
panel of 65 peptides also distinguished DKD from persistent normoalbuminuria (93% sensitivity, 97% specificity) [39]. Again, a majority of
these biomarkers were fragments of collagen type I, but in this case, its
excretion was reduced in patients with diabetes or DKD [39].
Uromodulin, present in the CKD273 classifier, was also downregulated in nephropathy cases, in a study including persons with
T2DM, non-diabetic renal disease, T2DM with DKD compared to
healthy controls [37], although it was not differentially distributed in
T2DM progressing to DKD [40]. A1AT, also part of the CKD273, showed
a significant increase in six type 1 diabetes mellitus (T1DM) and 13
T2DM patients compared to 19 healthy controls [41].
In a small discovery sample of eight normoalbuminuric T2DM patients (stable group: four with no change in SCr and progressor group:
four with a minimum 60% increase in SCr during follow-up), haptoglobin was identified as the most abundant protein in the urine
among those proteins expressed only in one group [40]. Haptoglobin
also proved to be the best urine biomarker for prediction of early renal
function decline using seven proteins tested in a small verification
group composed by 12 progressors and 18 stable patients (no increase
in serum creatinine over 6 years) [40]. Using urinary haptoglobin along
with the urinary albumin-to-creatinine ratio (UACR) in 204 T2DM patients without significant kidney disease at the beginning of the study,
the model improved predictive ability, providing a useful way to
identify T2DM patients who are at risk of developing DKD [40]. Haptoglobin and A1AT, among others were also associated with glomerular
dysfunction in T1DM patients [42].
In 65 individuals with T2DM, increased β2MG and excretion of
ubiquitin were higher in patients with DKD compared to those without
DKD [43]. Urinary β2 microglobulin has been shown to be consistently
increased in patients with DM regardless of nephropathy when
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Table 2
Advantages and disadvantages of the two most common technologies used in metabolomics.
Advantages
Nuclear magnetic resonance
spectroscopy

Mass spectrometry

Disadvantages

⋅ Non-destructive: allows samples re-using
⋅ Absolute quantification without the use of stable-isotope labelled
internal standards
⋅ High analytical reproducibility
⋅ Can use a variety of samples such as tissue biopsies, crude extracts,
intact tissues and entire living organisms
⋅ Can probe real-time molecular dynamics and mobility
⋅ Higher analytical sensitivity: lower detection limit
(10−9–10−18 mol/l)
⋅ Accurate mass measurements allow analysis of a larger number of
metabolites
⋅ Can deal with higher salt content (suitable for urine)
⋅ Structural information
⋅ Superior separation of complex chemical mixtures

compared to healthy controls in several studies [43–45]. Alpha1-microglobulin has also been increased in the urine of patients with DKD,
as observed in 100 persons with T2DM compared to 20 healthy controls
[46], and in 14 individuals with T1DM and 92 individuals with T2DM
compared to 50 healthy controls [47]. UbA52, a ubiquitin ribosomal
fusion protein, was selectively excreted in the urine of 38 DM with
micro- or macroalbuminuria patients (p < .00008) when compared to
45 DM patients without micro- or macroalbuminuria, 34 patients with
macroalbuminuria caused by non-diabetic disease and 45 healthy
controls [44].
Urinary E-cadherin was upregulated in the urine of 24 T2DM patients compared to 8 healthy controls, despite its immunohistochemical
expression being downregulated in renal tubular epithelial cells from
renal biopsies of patients with DKD compared to healthy controls [48].
Other proteins have been found differentially distributed in the
urine of DM patients, that may be of interest in relation to DKD. The
upregulation of 1B-glycoprotein, zinc-2-glycoprotein, 2-HS-glycoprotein, vitamin D-binding protein, calgranulin B, A1AT and hemopexin
was observed in 33 T2DM patients compared to nine healthy controls
[49]. Those with DKD all appeared to have greater MMP-9/neutrophil
gelatinase-associated lipocalin, aminopeptidase N, azurocidin and kallikrein 1 activity compared to healthy controls [50]. In patients with
T1DM, inositol pentakisphosphate 2-kinase, zona occludens 3, and FAT
tumor suppressor 2 were upregulated [51]. Twenty-four patients with
T1DM both with and without microalbuminuria, had an increase in
megalin and cubilin compared to 12 healthy controls [52]. In T2DM, Ig
κ chain C region, Ig κ chain V-II region Cum, Ig κ-chain V-III region SIE,
carbonic anhydrase 1, plasma retinol-binding protein, β2-glycoprotein 1
were all significantly increased in persons with T2DM or individuals
withT2DM and DKD, compared to healthy controls [45].

⋅ Lower sensitivity (10−3–10−7 mol/l)
⋅ Extremely high equipment costs

⋅ Lower reproducibility
⋅ Requires standardized sample handling and quality controls to
yield robust quality assurance
⋅ Elaborated preparation steps, including ionization and
derivatization
⋅ Potential metabolite losses

and the monitoring of CKD progression. Among many different proteomic biomarkers proposed, there has been most focus on the CKD273
classifier which has predicted CKD progression in several separate
studies. Arguably, this urinary proteome biomarker panel has the potential of being used in clinical practice. It may prove to be more costeffective than monitoring UAE rate in diabetic patients [27], prompting
its availability as an in vitro diagnostic test in Germany for the early
detection of CKD in diabetic patients [24], and recent support from the
FDA for further evaluation and studies to establish its clinical utility
[26]. Type 1 collagen has been identified as one of the most promising
individual urinary biomarkers. Its downregulation is significantly associated with CKD. Other non-invasive peptidomic biomarkers potentially relevant for the detection of CKD are uromodulin and mucin-1.
Increased expression of α-2-HS-glycoprotein and fibrinogen α-chain
have also been proposed as CKD biomarkers, however this requires
confirmation in further studies.
3. Metabolomics

The urine proteome analysis is an area of interest for various kidney
disorders, such as LN or ADPKD. Angiotensin-II (Ang II)-regulated
proteins showed a higher excretion rate in (non-ADPKD)-CKD patients,
versus lower levels in ADPKD patients. However, the expression of Ang
II-regulated proteins at the mRNA level was significantly increased in
kidney cysts compared to normal tissue [53].
In a study with 88 systemic lupus erythematosus (SLE) patients and
60 controls, urinary alpha-1 anti-chymotrypsin, retinol binding protein
and haptoglobin were identified as potential biomarkers for LN activity
[54].

Metabolomics is the non-targeted measurement of changes in all of
the endogenous and exogenous low-molecular-weight metabolites
produced by the body in biofluids like urine, plasma or serum, providing a functional fingerprint of the current physiological and pathophysiological status of a living organism [55,56].
The two most common technologies to evaluate metabolomic profiles are proton nuclear magnetic resonance spectroscopy and mass
spectrometry (MS), the latter usually coupled with separation techniques such as gas chromatography, CE, high/ultra performance liquid
chromatography or direct flow injection analysis without prior separation (Table 2).
The metabolomics of kidney diseases has been increasingly investigated in the past 10 years, with over 60 articles published addressing the different profiles found in patients with CKD, DKD, and
primary glomerulopathies (Tables 3-6). Although most of the studies
have been performed in small populations, important efforts have been
made to investigate the role of different metabolomic profiles in development of kidney disease, decrease of kidney function and disease
progression in larger populations from the Framingham Heart Study
(FHS) [57], the Cooperative Health Research in the Augsburg Region
(KORA) [58], the TwinsUK Study [59], the Finnish Diabetic Nephropathy Study (FinnDiane) [60–62], and The Study of Health in Pomerania (SHIP) [63]. Tables 3-6 show a non-exhaustive list of the most
recent works published, including their principal findings.

2.4. Conclusions

3.1. Chronic kidney disease

Multiple studies of urine proteomes have been undertaken exploring
whether the proteome analysis can aid diagnosis, disease classification,

Table 3 shows metabolomic studies in CKD. The association of different plasma metabolite profiles with the incidence of CKD was

2.3. Other kidney diseases

102

103

Duranton

Sekula

26449609

24235289

Lee

27221201

Stubbs

Kimura

27188985

26229137

Author

PMID

2014
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Year

Plasma
Urine
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Serum

Serum

Plasma
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25 CKD

56 CKD

104 CKD

TwinsUK Study:
1164
KORA F4:
1735
KORA S4/F4:
991

347 CKD
56 HC

112 CKD

Patients
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Metabolomic studies in chronic kidney disease.
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Augsburg
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Asian

Asian

Ethnics

LC-MS with electrospray
ionization:
21 aminoacids and 3
biogenic amines

UHPLC-MS/MS:
TMAO

GC/MS
LC/MS

H NMR

1

CE-MS
CE-TOMFS

Methodology
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◦ Some metabolite levels showed good predictive values regardless of the
presence or the absence of diabetes (isethionate, saccharate, trimethylamine Noxide, cytidine, gluconate, guanidinosuccinate, and uridine)
◦ Some metabolites levels showed good predictive values specifically in the
presence (4-oxopentanoate, glucoronate, 2-hydroxyisobutyrate, 5-oxoproline,
pimelate, N-acetylneuraminate, 3-methylhistidine, phthalate, triptophan,
hippurate, and 3-hydroxy-3-methylglutarate) or absence (citramalate and 2,3pyrinedicarboxylate) of diabetes
◦ Cr, pyruvate, formate, leucine, urea, TMAO, and tyrosine were important
variables in models for all CKD
◦ Cr, pyruvate, TMAO, urea, citrate, and leucine were important variables in models
for both CKD without and with DM
◦ Formate and tyrosine were important metabolites in model for CKD without DM
◦ Arginine, N-acetyl-glycoprotein, and VLDL/LDL CH3 were significant metabolites
in the model for CKD with DM
◦ Higher concentrations of the metabolites were associated with lower eGFRcrea
and higher CKD prevalence: pseudouridine, C-mannosyltryptophan, Nacetylalanine, erythronate, myo-inositol, and N-acetylcarnosine
◦ C-mannosyltryptophan showed the highest pairwise correlations with eGFRcrea
(20.61) and eGFRcys (20.71)
◦ Association of three metabolites (C-mannosyltryptophan, pseudouridine, and Osulfo-L-tyrosine) with annual eGFRcrea decline after adjusting for known
correlates of kidney disease and baseline eGFRcrea
◦ Higher serum concentrations of C-mannosyltryptophan, pseudouridine, and Osulfo-L-tyrosine were associated with larger eGFRcrea decline and incident CKD
(p < .05). Upon simultaneous inclusion followed by backward elimination, only
C-mannosyltryptophan remained nominally associated with eGFRcrea change
(p = .03)
◦ The incorporation of C-mannosyltryptophan and pseudouridine into GFRestimating equations may be dependent on age
◦ The predictive ability for incident CKD, as measured by the AUC, was 0.82 (95%
CI, 0.77 to 0.86) for the metabolites alone, 0.83 (95%CI: 0.79–0.87) for known
clinical CKD risk factors alone, and 0.84 (95%CI: 0.80–0.88) for a combined model
of metabolites and clinical parameters (six metabolites, including Cmannosyltryptophan, pseudouridine and N-acetylornithine)
◦ Higher serum TMAO concentrations with advancing CKD stage (≈30-fold
higher in dialysis-dependent patients with ESRD compared to controls,
p < .001)
◦ Inverse correlation between eGFR and serum TMAO concentrations
◦ Marked reduction in serum TMAO following transplantation (5 patients)
◦ Higher plasma amino acid concentrations of proline, citrulline, asparagine,
asymmetric dimethylarginine, and hydroxykynurenine in HD patients
(p < .05)
◦ Lower plasma amino acid concentrations for most of the rest
◦ Higher plasma levels and urinary excretion of citrulline in advanced CKD patients
(p < .001).
◦ Higher plasma ADMA levels and lower urinary excretion in advanced CKD
(p < .001)
◦ Plasma citrulline associated with diabetes after multivariate analyses adjusting on
estimated eGFR, serum albumin, proteinuria, and other covariates (p = .02)
◦ Plasma tyrosine to phenylalanine and valine to glycine ratios were lower in
advanced CKD stages (p < .01)
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2014

Year

Serum

Serum

Urine

Urine

Plasma
Urine

Plasma

Sample

KORA:
1104 CKD

ARIC Study:
204 Incident CKD
1717 Free of CKD

CoLaus cohort:
974 individuals
TasteSensomics cohort:
601
African
Americans

LC-MS/MS

UPLC/MS/MS or GC/MS:
Metabolon

H NMR

1

NMR

SRM in a LC-(QQQ) MS

16 CKD
15 HC
5 CKD
7 HC

FIA-MS/MS (acylcarnitines,
lipids, and hexose)
(LC)-MS/MS (amino acids
and biogenic amines)
AbsoluteIDQ p180 Kit

LC/MS

Methodology

NMR

Caucasian

training set
test set

Asian

Ethnics

15 CKD
15 HC

Training set:
10 “mild CKD” group (highest
eGFR:59.9 ± 16.5 mL/min/1.73 m2)
10 “advanced CKD” group (lowest eGFR:
8.9 ± 4.5 mL/min/1.73 m2)
Test set:
29 CKD

69 CKD

Patients
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◦ A panel of seven urinary metabolites (5-oxoproline, glutamate, guanidoacetate,
a-phenylacetylglutamine, taurine, citrate, and trimethylamine N-oxide)
identified CKD
◦ 80% Sensitivity 86% Specificity
◦ Out of 139 discovered independent associations between SNPs and metabolome
features, 56 replicated, reduced to 11 locus-metabolite associations
◦ Novel associations: rs8101881 (SLC7A9 gene) with a metabolite identified as
lysine and rs492602 (r2 = 0.87 with rs281408), associated with FUT2 gene, and
specifically, with fucose.
◦ Association of higher levels of 5-oxoproline and 1,5-anhydroglucitol (p < .001)
with decreased risk of future CKD, after adjusting for baseline eGFR, age, sex,
systolic blood pressure, antihypertensive medication use, diabetes status,
smoking status, coronary heart disease, HDL and LDL cholesterol.
◦ Association of change in kidney function over subsequent years with baseline
concentrations of serum spermidine, the kynurenine-to-tryptophan and the
phosphatidylcholine diacyl C42:5-to-phosphatidylcholine acylalkyl C36:0 ratios
◦ Association of spermidine with annual decline in eGFR

◦ An equation, constructed by a multivariate regression for inverse eGFRcys, with
eGFR and CKD stage calculated from concentrations of blood metabolites, was
able to predict CKD stages with 81.3% accuracy
◦ Positive correlation of the targeted metabolites with 1/eGFR by single regression
analyses
◦ UK-2 (R2 = 0.903), N6-carbamoylthreonyladenosine (R2 = 0.870), N4acetylcytidine (R2 = 0.829) and L-kynurenine (R2 = 0.751) were especially
highly correlated with 1/eGFR
◦ Identification of 76 significant biomarkers (17 plasma metabolites, 13 urinary
metabolites and 46 peptides) with p < .05.
◦ ADMA and hydroxykynurenine were among the most significant metabolites
identified
◦ ADMA was the only identified metabolite present in both plasma and urine
◦ Higher plasma concentrations of ADMA and acylcarnitines in “advanced CKD”
compared to the “mild CKD” group
◦ Lower urinary ADMA concentrations in late CKD patients
◦ Of the 46 urinary peptides to be significantly changed in CKD, 28 were collagen
fragments with collagen type I alpha 1 being the most represented. Eighteen
additional non-collagen peptides were associated with CKD, including
uromodulin, beta-2-microglobulin, apolipoprotein A-I, CD99 antigen and
cadherin. Most of the collagen type I and uromodulin fragments were in lower
abundance in advanced CKD while beta-2-microglobulin, apolipoprotein AI and
protein S100- A9 fragments were in higher abundance in advanced CKD.
◦ Correlation of the MetaboP (plasma) and MetaboU (urine) classifiers with followup eGFR (r = 20.6009; p = .0019 and r = 20.6574, p = .0005, respectively)
◦ Correlation of the urinary peptide-based classifier with follow-up eGFR
(r = 20.8400; p < .0001)
◦ Association of the Pept_MetaboP+U classifier with follow-up eGFR
◦ Twenty-nine metabolites potentially different in CKD
◦ Increased concentration of glutamate, guanidoacetate, a-phenylacetylglutamine,
and trimethylamine N-oxide in CKD
◦ Decreased concentration of 5-oxoproline, taurine, and citrate in CKD
◦ Seven metabolites validated as different in CKD
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2013

2013

2013

2013

Year

Plasma

Plasma

Plasma

Plasma

Sample

FHS:
2076 participants

FHS:
123 CKD
1311 no CKD

10 CKD 3–4
4 HC

ArMORR:
100 cardiovascular death
200 alive

ArMORR:
100 cardiovascular death
100 alive

30 CKD
30 Non-CKD

Patients

Ethnics

Positively charged polar
metabolites:
LC-MS
Lipids:
LC-MS
Positively charged polar
metabolites:
ESI/NRM

LC/MS

H NMR

1

LC-MS:
165 polar metabolites (18
acylcarnitines)

Methodology
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◦ Increased plasma concentration of oleoylcarnitine in CKD (1.3-fold increase,
p = .007)
◦ Plasma oleoylcarnitine was 4.8-fold increased in ESRD controls (p < .001), and
6.2-fold increased in ESRD cases compared to normal controls (p < .001).
◦ Four acylcarnitines achieved the significance threshold adjusted for multiple
testing (P < .0003), with each metabolite level higher in cases than controls:
oleoylcarnitine (p = 1.9·10−6), linoleylcarnitine (p = 9.7·10−6),
palmitoylcarnitine (p = 5.0·10−5), and stearoylcarnitine (p = 1.8·10−4).
◦ Association of oleoylcarnitine with cardiovascular death at 1 year remained
significant even after adjusting for these measures: vascular access (p = .003),
serum albumin level (p = .04), and systolic and diastolic blood pressure
(p = .04 and p = .001, respectively) (odds ratio per standard deviation
increment in oleoylcarnitine =1.4; 95%CI: 1.1–1.9; p = .008)
◦ Creatinine was elevated in all patients
◦ The well-known toxins 3-methylhistidine, hippuric acid, p-cresyl sulphate, N,Ndimethylglycine, betaine and myo-inositol were detected in all patients.
◦ In all ten patient samples, the hitherto unknown toxins dimethyl sulphone and 2hydroxyisobutyric acid were detected
◦ 1-methylhistidine was detected in nine patients, trigonelline and trimethylamine
N-oxide were found in six patients and pseudouridine was found in five patients;
dimethylamine was only detected in one individual
◦ Nine polar metabolites identified as potential markers of CKD risk: citrulline
(urea cycle intermediate); choline; kynurenic acid, kynurenine, and 5hydroxyindoleacetic acid (tryptophan metabolites); aconitate and isocitrate
(citric acid cycle intermediates); xanthosine (purine metabolite); and baminoisobutyric acid (pyrimidine metabolite).
◦ Higher concentration of 13 out of 16 metabolites with
pBonferroni-adjusted < 0.00023 in cases who remained CKD-free
◦ Some of the metabolic pathways involved are: tryptophan metabolites (kynurenic
acid, kynurenine, 5-hydroxyindoleacetic acid, quinolinate), choline derivatives
(choline, trimethylamine-N-oxide), citric acid cycle intermediates (aconitate,
isocitrate) and purine metabolites (xanthosine, adenosine)
◦ Lower concentration of lysophosphatidylcholine 18:1 and
lysophosphatidylcholine 18:2 lipid analytes in cases (after Bonferroni correction)
◦ Thirty-one genetic loci associated with plasma metabolites, including 23 novel
associations
◦ Association of the minor allele of SLC7A9 locus and lower plasma levels of NGmonomethylarginine, with lower risk of CKD among individuals with normal
kidney function at baseline
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2012

2012

2013

Year

Serum

Plasma

Serum

Serum

Plasma

Sample

18 HD
18 PD
18 HC

13 ESRD-ND
15 ESRD-DM
10 HC

80 CKD
28 HC

Discovery:
KORA F4:
3011 participants
(172 with eGFRcrea < 60 mL/ min/1.73 m2)
Meta-analysis:
TwinsUK:
984 participants
(14 with eGFRSCr < 60 mL/ min/1.73 m2)

30 CKD 2–4

Patients

Asian

Italy

Asian

UK

Southern
Germany

Ethnics

H NMR

1

LC/ MS/MS:
carnitine species and amino
acids

H NMR

1

FIA-MS:
AbsoluteIDQ p150 kit

UHLC–MS/MS2 and GC/MS:
Metabolon

Methodology

(continued on next page)

◦ In the meta-analysis, 22 of the 30 single metabolites and 516 of the 622 ratios
were validated, respectively
◦ The single metabolite with the strongest association with eGFRcrea was
glutarylcarnitine
◦ All 22 validated metabolites derived from the meta-analysis belonged to the class
of acylcarnitines
◦ The significant endogenous metabolites that contributed to distinguish CKD in
different stages included the products of glycolysis (glucose, lactate), amino
acids (valine, alanine, glutamate, glycine), organic osmolytes (betaine, myoinositol, taurine, glycerophosphcholine)
◦ Increased levels of lactate coupled with lowered levels of lipid, glucose and
choline, phosphorylcholine, glycerphosphorylcholine and betaine, taurine, scylloinositol were the main metabolite alterations in the serum samples of CKD patients
Based on these metabolites, the model for diagnosing patients with CKD achieved
the sensitivity and specificity of 100%
◦ Lower levels of propionylcarnitine were observed in diabetic uremic patients
◦ Higher concentration of acylcarnitine in uremics compared to controls
◦ The HD session induced a decline in free, short-chain, medium-chain and
dicarboxylic acylcarnitines, without affecting the long chain acylcarnitines
◦ Elevated plasma levels of amino acid proline, ornithine, citrulline and serine in
uremic patients before dialysis compared to controls
◦ The HD session reduced plasma amino acids
◦ The dialysis modality induced different metabolic patterns
◦ Hypoxanthine and inosine were present only in hemodialysis patients, whereas
serum xanthine oxidase activity and uric acid levels did not differ
◦ Peritoneal dialysis was associated with higher levels of lactate, glucose, maltose,
pyruvate, succinate, alanine and glutamate linked to glucose metabolism and the
tricarboxylic acid cycle
◦ Maltose appeared only in patients using icodextrin solution for peritoneal dialysis
◦ Known uremic retention solutes, such as urea, creatinine, myoinositol and
trimethylamine-N-oxide, were increased in both of the dialysis groups

◦ Increased dimethylarginine in CKD stage 3 compared with stage 2 (8.1-fold) and
in CKD stage 4 compared with stage 2 (4.8-fold)
◦ Other metabolites involved in arginine metabolism differently found in CKD stages
3 and 4 compared with stage 2 include ornithine and citrulline. Ornithine was
markedly lower in CKD stages 3 and 4 compared with CKD stage 2
◦ The largest fold difference observed between CKD stage 2 and stage 3, remaining
elevated in stage 4, was the increase in coagulation/inflammation factor
fibrinopeptide-A and phosphorylated fibrinopeptide-A
◦ Proline-hydroxyproline dipeptide was significantly higher in CKD stage 3
compared with stage 2 (2.5-fold) and in stage 4 compared with stage 2 (4.5-fold)
◦ Higher concentrations of numerous mono-and di-carboxylate anions in
CKD stages 3 and 4 compared with CKD stage 2
◦ Lower concentrations of a number of adrenal steroid hormones, especially sulfated
metabolites, in CKD stage 4 compared with stage 2
◦ Different metabolic phenotypes were associated with kidney function in two
general population-based samples
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Rhee

Toyohara

Schefold

20378825

20613759

19155537

Suhre N

21886157

20884620

Sato

20955218

Suhre

Lin

21567467

21572414

Author
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Table 3 (continued)

2009

2010

2010

2011

2011

2011

2011

2011

Year

Serum

Plasma

Plasma

Serum

Urine

Serum

Plasma

Serum

Sample

40 CKD
40 HC

41 CKD

44 ESRD
10 HC

SHIP/KORA F4
SHIP-0/KORA REP (replication)
SHIP-1
(verification)
268 CKD

TwinsUK (1052)

KORA F4
(1768)

10 ESRD
20 ESRD (validation)
16 HC

103 CKD

Patients

Caucasian

Asian

ND

Asian

Pomerania

German/UK

Asian

Ethnics

MS

CE-MS

LC-MS

UPLC:
Indoxyl sulphate and pcresyl sulphate

NMR

UHPLC
GC–MS:
Metabolon

LC- ESI-TOFMS

UPLC:
indoxyl sulfate
p-cresylsulfate

Methodology

(continued on next page)

◦ Higher serum p-cresyl sulphate levels were associated with renal progression
and all-cause mortality independent of age, gender, diabetes status, albumin
levels, serum indoxyl sulphate, serum creatinine, Ca × P product, intact
parathyroid hormone, haemoglobin or high-sensitivity C-reactive protein level
◦ Serum indoxyl sulphate was only associated with renal progression
◦ Plasma metabolites, including dicarboxylic acids (adipate, malonate,
methylmalonate, and maleate), biogenic amines, nucleotide derivatives,
phenols, and sphingomyelins were differentially found in ESRD
◦ Decreased levels of triacylglycerols (lower-molecular-weight) and an increased
several triacylglycerols (intermediate-molecular-weight) were observed in ESRD
◦ Decrease of eGFR was associated with higher cations and 30 anions
◦ These compounds included 9 cations and 27 anions that were newly identified
◦ Other 7 cations (2 new) and 5 anions (all new) decreased with eGFR decline
◦ The activity of indoleamine 2,3-dioxygenase and serum levels of tryptophan
catabolites of the kynurenine pathway increased with CKD severity

◦ Inverse correlation of both indoxyl sulfate and p-cresylsulfate levels with renal
function
◦ Serum indoxyl sulfate level was positively related to presylsulfate level in CKD
patients
◦ Serum level of indoxyl sulfate (A) and p-cresylsulfate (B), increased gradually with
the decrease of renal function and reached the highest level in CKD stage 5 HD
group
◦ Negative correlation of indoxyl sulfate and p-cresylsulfate and eGFR in CKD
population, including HD patients (r = −0.687; p < .001 and r = −0.535;
p < .001, respectively)
◦ After adjusting confounding factors by multivariate regression analysis, only
serum creatinine had significant association with indoxyl sulfate and pcresylsulfate (B = 3.59, P < .01; B = 0.93, P < .04; respectively)
◦ HD induced different concentration of 54 metabolites in plasma (p < .05)
◦ The validation study (patients with ESRD undergoing HD) showed three candidate
biomarkers (1-Methylinosine and two unknown molecules whose m/z at ESIpositive mode are 257·1033 and 413·1359) as useful markers to estimate adequate
HD dose
◦ Identification of 37 independent loci at genome-wide significance in the metaanalysis, including 23 novel genetic associations with metabolic traits
◦ In 15 cases, the association with a clinical endpoint could be identified based on
the association of the lead SNP or a proxy (r2 ≥ 0.8) with the disease-associated
SNPs, including cardiovascular disease, kidney disease, Crohn's disease, gout,
cancer, pharmacogenomics, and predisposing risk factors for diabetes and
cardiovascular disease
◦ Detoxification and kidney failure: N-acetylornithine was associated with NAT8
locus.
◦ Association in both cohorts with eGFR: higher levels of N-acetylornithine
correlated with lower eGFR (pKORA = 7.6·10−4, pTwinsUK = 3.6·10−8 after
adjusting for age and gender). The risk allele of the NAT8 polymorphism was
associated with higher N-acetylornithine concentrations
◦ Five loci showed significant associations: rs37369 (AGXT2), rs4921914 (NAT2),
rs830124 (WDR66), rs8101881 (SLC7A9), rs17279437 (SLC6A20)
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Jia

–

2008

Year

Serum

Sample

32 CRF
32 HC

Patients

Abbreviations
ADMA: asymmetric dimethylarginine.
ARIC: Atherosclerosis Risk in Communities (study)
ArMORR: Accelerated Mortality on Renal Replacement
AUC: Area under the curve
CE: Capillary electrophoresis
CKD: Chronic kidney disease
CoLaus: Caucasian population of Lausanne
CRF: Chronic renal failure
eGFR: Estimated glomerular filtration rate
eGFRcrea: Estimated glomerular filtration rate based on Creatinine levels
eGFRcys: Estimated glomerular filtration rate based on Cystatin C levels
DM: Diabetes mellitus
ESI: Liquid chromatography-electrospray ionization
ESRD: End-stage renal disease
ESRD-DM: End-stage renal disease, diabetes mellitus
ESRD-ND: End-stage renal disease, no diabetes
FHS: Framingham Heart Study
FIA: Direct flowinjection analysis
GC: Gas chromatography
GFR: Glomerular filtration rate
GWAS: Genome-wide association study
HC: Healthy controls
HD: Haemodialysis
HDL: High-density lipoprotein
HPLC: High performance liquid chromatography
IDL: Intermediate-density lipoprotein
KORA: Cooperative Health Research in the Region of Augsburg)
LDL: Low-density lipoprotein
LC-MS: Liquid chromatography-tandem mass spectrometry
MS: Mass spectrometry
ND: Non-diabetic
NMR: Nuclear magnetic resonance
OR: Odds ratio
PD: Peritoneal dyalisis
QQQ: Triple quadrupole
ROC: Receiver operator characteristics curve
SHIP: Study of Health in Pomerania
SNPs: Single nucleotide polymorphisms
SRM: Selected reaction monitoring
TMAO: Trimethylamine N-oxide
TOF: Time of flight
TOFMS: Time of flight mass spectrometry
UHLC: Ultra-high-speed liquid chromatography
UHPLC: Ultra-high performance liquid chromatography
UK: United Kingdom
UPLC: Ultra-performance liquid chromatography
VLDL: Very-low-density lipoprotein

Author

PMID

Table 3 (continued)

Asian

Ethnics
UPLC - Q-TOF MS

Methodology
◦ Seven potential biomarkers are identified: creatinine, tryptophan,
phenylalanine and 3 lysophosphatidyl cholines (C16:1, C18:0 and C18:1)
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Niewczas

Pena

429,397

24661264

Sharma

Solini

26684276

23949796

Author

PMID

2013

2014

2014

2016

Year

109

Urine
Plasma

Urine

Plasma

Plasma

Serum
Urine

Sample

32 T1DM noCKD
41 T2DM noCKD
23 HC

16 Steno cohort
150 HT
Screening:
24 T2DM + CKD
Validation:
61 T1/2DM + CKD

48 nAlb/mAlb
32 mAlb/MAlb
90 T2DM

40 T2DM-ESRD
40 T2DM

286 T2DM

Patients

Table 4
Metabolomic studies in diabetic kidney disease.

United States
Finland
Mixed

75/80 Caucasians,
European origin

Italy

Ethnics

(continued on next page)

◦ The analysis in the screening cohort identified 17 metabolites differently distributed
compared with the HC; 13 were confirmed in the validation cohort
◦ Lower concentrations of all 13 validated urine metabolites in both groups of patients with
DKD compared with the HC sample
◦ Seven of the 13 metabolites could be reliably measured in the plasma (4 increased in DKD, 2
unchanged, 1 reduced compared with HC)
◦ Twelve of the validated metabolites were also significantly different between patients with
diabetes and CKD (n = 85) and those with diabetes alone (n = 73), after adjustment for
potential confounders, including age, sex, body mass index, mean arterial pressure,
haemoglobin A1c, and duration of diabetes mellitus, using a Bonferroni adjusted cutoff pvalue of 0.0038 (0.05/13)
◦ Differential panel for T1DM: 3-hydroxy isovalerate, aconitic acid, citric acid, 2-ethyl 3-OH
propionate, glycolic acid, 3-hydroxy isobutyrate, 2-methyl acetoacetate, 3-methyl adipic
acid
◦ Differential panel for T2DM: 3-hydroxy isovalerate, aconitic acid, citric acid, 2-ethyl 3-oh
propionate, glycolic acid, 3-hydroxy isobutyrate, 3-methyl adipic acid, uracil
◦ Several metabolites appear to be specific for diabetic CKD after comparison with 12 biopsyproven FSGS patients with similar degree of CKD who were refractory to standard
immunotherapies
◦ Overlap in the urine metabolomic profile in patients with nondiabetic CKD for 8 of the 13
urine metabolites which did not significantly differ between diabetic CKD and FSGS-CKD

GC/MS

FIA-MS/MS
HPLC-MS
LC-MS/MS
ESI-MS/MS
LC-MS/MS

MS:
Metabolon

◦ The five serum metabolites best correlated with either eGFR < 60 or ACR ≥ 30 at
baseline (pseudouridine,N6-Carbamoylthreonyladenosine, C-Glycosyl tryptophan, NAcetylthreonine, 3-Methylglutarylcarnitine) were tested for their ability to improve
clinical prediction
◦ The sum of C-glycosyl tryptophan, pseudouridine, and N-acetylthreonine (MetIndex) raised
the ROC to detect eGFR decline to 0.739 (p < .0001) from ROC = 0.671, achieved by
clinical parameters (gender, age, fasting glucose, and baseline eGFR)
◦ eGFR decline was predicted by the top MetIndex quartile (OR = 5.48; 95%CI: 2.23–14.47)
◦ MetIndex also predicted an ACR increase (OR = 2.82; 95%CI:1.20–7.03; ROC: 0.750)
◦ Top urine metabolites did not add significant predictivity
◦ The metabolomic platform recognized 78 metabolites previously reported to be elevated
in ESRD
◦ Sixteen of those uremic solutes were already elevated in the baseline plasma of ESRD years
before developing the disease
◦ Lower plasma levels of essential amino acids and their derivatives but increased certain
amino acid-derived acylcarnitines in ESRD
◦ All findings remained statistically significant after adjustment for differences between study
groups in albumin excretion rate, eGFR, or haemoglobin A1c
◦ From 119 metabolites that were common and stable over time within individuals, 18 were
known as uremic solutes, with fold differences up to 12 in 67% of them
◦ Association of p-cresol sulfate, phenylacetylglutamine, myoinositol, pseudouridine, urate
with progression to ESRD
◦ Positive correlation of plasma butenoylcarnitine with changes in urinary albumin
excretion (p = .02)
◦ Negative correlation of plasma butenoylcarnitine with changes in eGFR (p = .01)
◦ Negative correlation of plasma histidine with changes in urinary albumin excretion
(p = .02)
◦ Negative correlation of urine glutamine with changes in urinary albumin excretion
◦ Positive correlation of urine glutamine with changes in eGFR
◦ No differences in metabolite concentrations between HT and controls without T2DM

Main findings
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Table 4 (continued)

2012

2012

2012

2012

Year

Urine

Serum

Serum

Serum

Sample

110

44 T2DM-CKD
46 T2DM

326 T1DM:
240 mAlb
86 MAlb

325 T1DM

32 T2DM + DKD + Alb 26
T2DM + DKD + Alb 20 T2DM

Patients

Asian

Japanese

Ethnics

LC/MS

GC/MS

H NMR:
serum lipids

1

HPLC/1H NMR

CE-TOFMS

Methodology

(continued on next page)

◦ Identification of a panel of 19 metabolites (creatinine, aspartic acid, γ-butyrobetaine,
citrulline, SDMA, kynurenine, azelaic acid, and galactaric acid) that could distinguish
between DKD with macroalbuminuria and diabetic patients without albuminuria
◦ Significant correlations between all these metabolites and urinary ACR (p < .009)
◦ The AUC value of five metabolites (γ-butyrobetaine, SDMA, azelaic acid and two
unknowns) for diagnosing DKD was 0.927 using the whole dataset, and 0.880 in a crossvalidation test.
◦ The AUC value of four known metabolites (aspartic acid, SDMA, azelaic acid and galactaric
acid) was 0.844 with the whole dataset and 0.792 with cross-validation.
◦ Patients with phenotype insulin resistance and lipotoxicity from excess saturated fatty
acids have double the risk to develop kidney disease within the next 8 years
◦ Patients with insulin resistance and lipotoxicity from excess saturated fatty acids had a
higher progression rate (31% vs 71%) than patients with adequate glycemic control and
low overall lipids
◦ Patients with insulin resistance and lipotoxicity from excess saturated fatty acids and those
older patients with type 1 diabetes who do not have a lipotoxic and insulin resistant
metabolic profile, but show an increase in haemoglobin A1c, cholesterol-rich lipoproteins,
phospholipids and unsaturated fatty acids have comparable progression rates (71% vs 66%)
◦ Kidney disease is associated with glomerular filtration and sphingomyelin in a clinically
motivated dimension reduction set, and with serum creatinine, HDL cholesterol,
sphingomyelin and diabetes duration in an a priori variable selection set
◦ Sphingomyelin is statistically significant in both models, suggesting involvement in
albuminuria
◦ Correlation of sphingomyelin with eGFR (r = −0.32; p < 10−6)
◦ The strongest of DKD predictors after the established kidney biomarkers were
sphingomyelin (OR = 2.53; p = 1.5·10−8) and large HDL particles (OR ≤ 0.40;
p ≤ 3.1·10−10)
◦ Medium HDL particles (OR ≤ 0.60; p ≤ 6.6·10−5) and lipids in small HDL (OR = 0.62;
p = .00031) were inversely associated with kidney disease.
◦ Extra large and large VLDL particles had the highest ORs after sphingomyelin (OR ≥ 1.95;
p ≤ 1.4·10−7)
◦ Monounsaturated 16:1 and 18:1 and omega-9 and saturated fatty acids had a stronger
association with kidney disease (OR ≥ 1.82; p ≤ 3.5·10−6) than omega-6 and 7
(OR = 1.59; p = .00029), 18:2 (no association), omega-3 (no association), 22:6 (no
association) or other polyunsaturated fatty acids (OR = 0.76; p = .020).
◦ A panel of metabolites predicted DKD: octanol, oxalic acid, phosphoric acid, benzamide,
creatinine, 3,5-dimethoxymandelic amide and N-acetylglutamine.
◦ Higher levels of octanol, creatinine and N-acetylglutamine and lower levels of oxalic acid,
phosphoric acid, benzamide and 3,5-dimethoxymandelic amide were all independent
predictors of low eGFR (AUC = 0.995).
◦ By adding serum creatinine into that model, AUC raised to 0.996
◦ A panel of metabolites predicted DKD with an AUC of 0.870 (N6-acetyl-L-lysine, caffeine,
4-methoxyphenylacetic acid, chondroitin sulphate, hyocholic acid/cholic acid/ursocholic
acid, phenyl sulphate and α-hydroxyhippuric acid)
◦ By adding age at recruitment and serum creatinine to this model, AUC raised to 0.978
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2006

2008

2009

2009

2009

2009

2011

2011

2012

Year

Urine

Plasma

Serum

Plasma

Plasma

Plasma

Plasma

Plasma

Urine

Sample

T2DM
T2DM + DKD-III
T2DM + DKD-IV
T2DM + DKD-V
HC
DM + DKD
DM
HC

T2DM + DKD
T2DM
HC
DKD
HC

93
16
73
21

T1DM + DKD
T1DM + mAlb
T1DM
non-T1DM

8 DKD
33 T2DM
25 HC
18 DKD-III
14 DKD-IV
29 DKD-V
30 HC

65
23
31
88
50

30 DKD
20 DM
30 HC

30
30
30
30
30
52
30
30

FinnDiane:
26 T1DM progression
26 T1DM

Patients

UPLC/oaTOF-MS

Asian

H NMR:
lipoprotein lipids and lowmolecular-weight metabolites

1

LC/MS

HPLC-UV/MS/MS

LC
LC/MS

HPLC–MS/MS

HPLC-MS/MS:
PLs

GC–MS:
Fatty Acids

GC–MS
LC-MS

Methodology

Asian

ND

Ethnics

(continued on next page)

◦ Lower concentrations of most PLs in DKD patients compared to HC
◦ The PLs within the same class had similar change trend such as phosphatidylserine,
phosphatidylinositol, phosphatidylcholine, sphingomyelin, and lysophosphatidylcholine
◦ The concentration of phosphatidylethanolamine, phosphatidylglycerol,
phosphatidylcholine decreased with the development of the disease from the controls to
DKD-III, DKD-IV, and DKD-V patients
◦ The concentration of lysophosphatidylcholine increased and then decreased with the
development of the disease from the controls to DKD-III, DKD-IV, and DKD-V patients
◦ PLs, IDL and LDL lipids, and unsaturated fatty acids were increased in the early phase of
the disease, but not in the late phase

◦ The discriminating metabolites included acyl-carnitines, acyl-glycines (i.e. salicyluric
acid, hippuric acid, (2-phenylacetoxy- propionyl) glycine and 3-methylcrotonylglycine)
and metabolites related to tryptophan metabolism (i.e. tryptophan, indoleacetic acid and
kynurenic acid)
◦ A cross-validated logistic regression model composed by 65 out of the 130 available
metabolites showed an accuracy of 65% and a precision of 64
◦ The 3 metabolites associated with progression group were substituted carnitine, hippuric
acid, and S-(3-oxododecanoyl) cysteamine
◦ The levels of some fatty acids in plasma samples could discriminate (p < .01) every
adjacent stage of DM to DKD disease progress.
◦ Some fatty acids were recognized as disease biomarkers
◦ Most of the arachidonic acids had significantly distinguishing characteristics in pathological
progression
◦ PLs were differentially distributed in patients group.
◦ A panel of 18 PLs species was discovered as potential biomarkers (m/z 854.5, 885.5, 564.5,
802.5, 540.3, 716.5, 790.5, 566.5, 750.5, 747.5, 773.5, 806.5, 801.5, 588.3, 568.3, 738.5,
837.5, 909.5)
◦ Among them, 3 DM-specific biomarkers, 8 DKD-specific biomarkers and 7 common
biomarkers to DM and DKD were identified
◦ Two novel biomarkers (phosphatidylinositol [M-H]-m/z 909 and sphingomyelin [MHCOO]-m/z 801) can be used to distinguish T2DM, DKD and HC
◦ Association of higher concentrations of SAH and SAM with development of renal function
◦ Increased plasma concentrations of Cys, tHcy and decreased Cys-gly, Met, and glutathione
were very common in DKD patients
◦ The variability of SAH and SAM with the development of DKD is more sensitive than tHcy,
suggesting SAM and SAH should be better biomarkers of DM and DKD.
◦ Increased levels of adenosine (p < .001), inosine (p < .001), xanthine (p = .012) and
uric acid (p = .016) with DKD compared to DM
◦ No change in the level of xanthine oxidase (reflected by the uric acid: xanthine)
◦ The level of adenosine was differentially distributed between the groups of DM and DKD
III, DKD IV and DKD V
◦ The level of creatinine increased gradually with the aggravation of DKD
◦ Differential distribution of the serum level of leucine, dihydrosphingosine and
phytosphingosine, compared with HC
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Abbreviations
ACR: albumin/creatinine ratio.
Alb: Albuminuria
AUC: Area under the curve
CI: Confidence interval
CKD: Chronic kidney disease
DKD: Diabetic kidney disease
DM: Diabetes mellitus
DKD: Diabetic nephropathy
eGFR: Estimated glomerular filtration rate
ESI: Liquid chromatography-electrospray ionization
ESRD: End-stage renal disease
FIA: Direct flowinjection analysis
FinnDiane: Finnish Diabetic Nephropathy Study
FSGS: Focal segmental glomerulosclerosis
GC: Gas chromatography
HC: Healthy controls
HDL: High-density lipoproteins
HPLC: High performance liquid chromatography
HT: Hypertension
IDL: Intermediate-density lipoproteins
IMA: Intermittent microalbuminuria
LC-MS: Liquid chromatography-tandem mass spectrometry
LDL: Low-density lipoproteins
M/z: Mass-to-charge ratio
mAlb: Microalbuminuria
MAlb: Macroalbuminuria
MS: Mass spectrometry
nAlb: Normoalbuminuria
ND: Non-diabetic
NDRD: Nondiabetic renal disease
NMR: Nuclear magnetic resonance
oaTOF: Orthogonal acceleration time-of-flight
OR: Odds ratio
PLs: Phospholipids
PMA: Persistent microalbuminuria
ROC: Operator characteristics curve
SAH: S-adenosylhomocysteine
SAM: S-adenosylmethionine
SDMA: Symmetric dimethylarginine
SELDI-TOF: Surface-enhanced laser desorption/ionization-Time Of Flight.
T1DM: Type 1 diabetes mellitus
T2DM: Type 2 diabetes mellitus
TOF: Time of flight
TOFMS: Time of flight mass spectrometry
UPLC: Ultra-performance liquid chromatography
VLDL: Very-low-density lipoprotein
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Methodology

◦ Extensive metabolic diversity with respect to saturated fatty acids, inflammation, and HDL
metabolism
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Hao

Gao

24244321

23046838
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2012

2012

2013

2016

Year

Serum

Serum

Urine

Urine

Urine

Sample

MCD
FSGS
MGN
HC

12 IgAN IV-V
23 IgAN I-III
23 HC

HUPM:
14 MGN
urine protein < 3.5 g/24 h

LUPM:
15 MGN
urine protein > 3.5 g/24 h

89 FSGS, MGN, IgAN and
MCD
35 HC

12
12
12
12

Patients

Abbreviations
AUC: Area under the receiver operating characteristic curves.
FSGS: Focal segmental glomerulosclerosis
GC: Gas chromatography
HC: Healthy controls
HUPM: High urine protein membranous nephropathy
IgAN: IgA nephropathy
LUPM: Low urine protein membranous nephropathy
MCD: Minimal change disease
MCN: Minimal change nephropathy
MGN: Membranous glomerulonephritis
MS: Mass spectrometry
TOFMS: Time of flight mass spectrometry

Sui

Lee

27247212

22522762

Author

PMID

Table 5
Metabolomic studies in primary glomerulonephritis.

Asian

Asian

Ethnics

H NMR

high-resolution NMR

GC/MS

1

GC-TOFMS

Methodology

◦ Identification of three “disease specific” panels of metabolites
◦ Panel 1: three N-containing metabolites, ethanolamine, citrulline, and xanthine AUCs ranged from 0.847 to 0.993 in all diagnostic
sets (FSGS vs MCD, FSGS vs MGN, MCD vs MGN)
◦ Panel 2: ethanolamine and xanthine AUCs ranged from 0.806 to 0.986 in all diagnostic sets (FSGS vs MCD, FSGS vs MGN, MCD vs
MGN)
◦ Panel 3: citric acid, pyruvic acid, fructose, ethanolamine, and cysteine AUCs ranged from 0.889 to 0.951 in all diagnostic sets (FSGS
vs MCD, FSGS vs MGN, MCD vs MGN)
◦ Including only MCD and MGN, an additional metabolite combination including methionine, cysteine, citrulline, and pyruvic acid
showed AUC value (0.843) and had a specificity of 94.4% and sensitivity of 61.1%
◦ FSGS vs HC: high levels of glucose, dimethylamine, trimethylamine, and decreased excretion of pyruvate, hippurate,
phenylacetylglycine, isoleucine, valine, tyrosine, citrate, 3-hydroxyisovalerate and 3-methyl-histidine in FSGS
◦ FSGS vs MGN: higher levels of hippurate, and pyruvate in FSGS. Higher levels of citrate, N-methylnicotinamide, glucose, and valine in
MGN
◦ FSGS vs IgAN: higher levels of trimethylamine-N-oxide and taurine, and lower levels of N-methylnicotinamide and 3-hydroxybutyrate
◦ FSGS vs MCD: higher levels of pyridine, dimethylamine, pyruvate, and lower levels of glucose, trigonelline and N-methylnicotinamide
in FSGS
◦ A panel composed by 26 metabolites could discriminate between the urine protein level/severity of MGN patients. They mainly
included dicarboxylic acids, hydroxyl acids, phenolic acids, tricarboxylic acid cycle intermediates, sugar alcohols, cytosine,
quinolinic acid, and cholesterol
◦ The majority of metabolites were increasingly excreted in the urines of HUPM patients
◦ Combining the results of urine with serum, all differential metabolites were classified to 5 classes
◦ Citric acid and 4 amino acids were markedly increased only in the serum samples of HUPM patients
◦ The dicarboxylic acids, phenolic acids, and cholesterol were significantly elevated only in urines of HUPM patients
◦ Nine differential serum metabolites (m-cresol, 2-keto-3-methylvaleric acid, L-asparagine, L-serine, L-threonine, pyroglutamic acid,
citric acid, glucose, cholesterol)
◦ Similar to urine, serum cholesterol was found significantly increased in the HUPM group
◦ Unlike urine, the citric acid level of HUPM group was significantly higher
◦ No urinary amino acids were found differentially expressed between the LUPM and the HUPM patients, but 4 serum amino acids were
significantly increased in the HUPM patients.
◦ Higher serum levels of lactate, myo-inositol, phenylalanine, and L6 (=CH-CH2-CH=), L5 (-CH2-C=O) and L3 (-CH2-CH2-C=O)
lipids and lower levels of b-glucose, a-glucose, valine, tyrosine, phosphocholine, lysine, isoleucine, glycerolphospho- choline,
glycine, glutamine, glutamate, alanine, acetate, 3- hydroxybutyrate, and 1-methylhistidinein IgAN compared to HC
◦ The IgAN I-III and IgAN IV-V groups had very similar levels of metabolic changes compared to HC
◦ Increased levels of pyruvate, phenylalanine, lactate, L5 lipids (CH2– C]O), creatinine, and creatine and decreased levels of glycine
were marked in the IgAN I-III patients
◦ Overall, the high-risk patients had relatively higher or lower statistically significant differences in 24 metabolites than the low-risk
patients
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Table 6
Metabolomic studies in other kidney diseases.

pSS
SSc
SLE
HC

5 ATI/ATN
5 DONORS

10 FSGS
7 LN III/IV
7 LN V

11 EPS
11 PD

training data
set:
19 SHPT
19 DCs
test data set:
19 SHPT 19 DC
13 ADPKD
13 HC

20
19
30
18

Patients

One-dimensional 1H NMR

MALDI-FTMS

Asian

GC-TOF-MS

LC-MS

UPLC-QQQ TOFMS:
indoxyl sulphate and p-cresyl
sulphate

GC–MS

Methodology

FSGS: 50% (5/10) and LN:
29% (3/7; 3/7) White

China

Caucasian

Ethnics

(continued on next page)

◦ The metabolic profile of SLE can be distinguished from those of pSS,
SSc and HC
◦ SLE patients showed prevalent oxidative stress as well as abnormal
tryptophan metabolism through aromatic amino acid decarboxylase or
the kynurenine pathway
◦ Higher serum p-cresyl sulphate le-vels were associated with renal
progression and all-cause mortality independent of clinical factors as
age, gender, diabetes status, albumin levels, serum indoxyl sulphate,
serum creatinine, Ca × P product, intact parathyroid hormone,
haemoglobin or high-sensitivity C-reactive protein level
◦ Serum indoxyl sulphate was only associated with renal progression
◦ Higher variability in blood and urine metabolomes was attributable
to technical issues such as sample preparation and analysis
◦ Less variability was due to biological variables, meals, and time of day
◦ Higher metabolome variability was observed after the morning as
compared to the evening meal
◦ Day-to-day variability was minimal
◦ Urine metabolome variability was greater compared with blood
◦ Changes in amino acids, amines and derivatives, short-chain fatty
acids and derivatives and sugars were observed prior to the
development of EPS developing
◦ Two urinary metabolites, citrate and taurine, were found to
accurately distinguish between LN III/ IV and LN V patients
◦ Urinary citrate levels were eight-fold lower than normal in class V
compared with class III/IV LN patients, who had normal levels of
urinary citrate
◦ LN III/IV patients had > 10-fold lower than normal levels of urinary
taurine compared with LN V patients, who had mostly normal levels of
urinary taurine
◦ Urinary hippurate levels accurately distinguished between LN V
patients, who had normal levels of urinary taurine, in comparison with
FSGS patients, who completely lacked urinary hippurate
◦ Recipients with normal clinical manifestations and very slight ATI:
All urine samples during the recovery process of these allografts were
similar to normal controls from corresponding donors
◦ Recipients with normal clinical manifestations and moderate ATI:
samples were different form the donors but moved toward control
point several days later, probably reflecting a pathological event in the
renal allografts characteristic of reversible moderate ATI in allografts
◦ Recipient with abnormal clinical manifestations and ATN: the function
of this allograft became normal on day 35 and remained stable
thereafter. This recipient suffered ATN during the period
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Methodology

◦ At the time when urine samples went toward the control results,
allograft function had almost recovered to normal levels
◦ Plasma ADMA and HODE levels were increased in patients with early
ADPKD
◦ ADPKD patients showed increased plasma ADMA levels and urine
ADMA excretion, decreased ADMA clearance, increased plasma HODE
levels and urine HODE excretion, and decreased plasma nitrite plus
nitrate levels and urine excretion
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investigated by Rhee et al. in 1311 participants from the FHS [64]. A
multimarker panel of five metabolites was constructed by logistic regression, including kynurenic acid, xanthosine, 5-hydroxyindoleacetic
acid, kynurenine, and citrulline. Citrulline has been confirmed to be
associated with CKD progression and/or eGFR decrease in two small
studies in 77 and 30 Caucasian CKD patients, respectively [31,65]. The
work by Rhee et al. confirmed that serum levels of kynurenic acid and
kynurenine, tryptophan catabolites of the kynurenine pathway, increase with CKD development and severity, as previously had been
proposed in a small case-control study including 80 Caucasian individuals [66]. Alterations in the kynurenine pathway have also been
associated with decreased eGFR and advanced CKD in several studies
conducted in 69 Asian patients [67], Caucasians (two studies, 49 and 80
patients, respectively) [30,66] and 1104 African Americans [68].
In a recent study in 347 Asian CKD patients and 56 healthy controls,
matched for age and sex, serum levels of creatinine, pyruvate, formate,
leucine, urea, trimethylamine oxide (TMAO), and tyrosine could discriminate healthy controls from all subjects with CKD [69]. Formate
and tyrosine were important metabolites to discriminate CKD patients
without DM from the healthy controls, whereas arginine, N-acetylglycoprotein, and very-low-density lipoprotein (VLDL)/low-density lipoprotein (LDL) CH3 were significant metabolites in CKD patients with
DM [69]. Although the accuracies to predict CKD, CKD without DM, or
CKD with DM ranged between 57 and 66%, this study has confirmed
TMAO as an important predictor of CKD risk. Increased risk of CKD had
been previously described in patients with higher levels of urine and
plasma TMAO in two small studies including 73 and 14 patients, respectively [70,71]. Higher TMAO levels have also been associated with
coronary atherosclerosis burden, long-term mortality and decrease of
kidney function (eGFR) in CKD patients [72,73].
Lower levels of the natural amino acid derivative 5-oxoproline, a
glutamate precursor in the glutathione cycle, have recently been associated with the development of CKD as part of two metabolite panels
composed by 2 and 7 entities, respectively, in serum samples from 1921
African American patients [74] and urine from 73 Caucasians [70]. A
model incorporating a combination of six metabolites (including Cmannosyltryptophan, pseudouridine, and N-acetylornithine) and clinical parameters showed a predictive ability for incident CKD, as measured by the AUC, of 0.84 (CI95%: 0.80–0.88) in a study comprising
patients from the KORA (1735) and TwinsUK (1164) cohorts [75].
Higher levels of four acylcarnitines (oleoylcarnitine, linoleylcarnitine, palmitoylcarnitine, and stearoylcarnitine) were found to be predictors of cardiovascular death in incident ESRD dialysis patients from
the Accelerated Mortality on Renal Replacement (ArMORR) study
(P < .0003) [76].
The association of metabolite profiles with renal function has been
the focus of many studies. A non-targeted metabolomics approach has
recently been used to identify novel markers capable of estimating
kidney function in a large population-based study including 1735
Augsburg patients from the KORA cohort and 1164 female patients
from the TwinsUK Study [75]. Higher concentrations of six metabolites
were associated with lower eGFRcrea and higher CKD prevalence:
pseudouridine, C-mannosyltryptophan, N-acetylalanine, erythronate,
myo-inositol, and N-acetylcarnosine. In particular, C-mannosyltryptophan showed the highest correlation with both eGFRcrea and
eGFRcys, along with annual eGFRcrea decline (p = .03) [75], which
had been previously associated with elevated baseline levels of serum
spermidine in 1104 patients from the KORA cohort (p = 5.8·10−7) [68].
The analysis of 3011 Augsburg patients from the KORA cohort and the
meta-analysis including 984 additional female patients from the
TwinsUK Study also identified 22 metabolites belonging to the class of
acylcarnitines associated with decreased eGFRcrea, with higher serum
concentrations of glutarylcarnitine having the strongest association
(ppooled = 1.8·10−69) [77]. Higher plasma levels of acylcarnitines have
also been related to development and progression of CKD in 49 Caucasians [30] and with cardiovascular mortality in 200 haemodialysis

patients (oleoylcarnitine) from the ArMORR cohort [76].
Other metabolites inversely correlated with eGFR levels in CKD
patients, consistently found in several studies, are trimethylamine-Noxide (TMAO), kynurenine, ornithine, citrulline, asymmetric dimethylarginine (ADMA), and 3-indoxyl sulphate [30,31,65–67,72,73,78].
Several studies have identified metabolites that may be useful as
markers for CKD progression and stratification of kidney function.
Several components of the kynurenine pathway, a metabolic pathway
leading to the production of nicotinamide adenine dinucleotide (NAD
+) from tryptophan catabolism, have been identified as potential
markers of CKD progression in plasma and urine. Serum or plasma levels of kynurenine, hydroxy kynurenine, kynurenic acid, and quinolinic
acid increased with CKD severity in Asian and Caucasians [30,66,67].
Citrulline and ornithine, intermediates in the urea cycle, have also
been found altered in plasma and urine of 77 and 30 Caucasians CKD
patients [31,65]. Plasma levels of citrulline and ADMA, a metabolic byproduct created in protein methylation and related to L-arginine, are
elevated in advanced CKD patients [30,31,65]. On the other hand, urinary excretion of citrulline was also enhanced in advanced CKD patients (stages 4 and 5), whereas dimethylarginine concentrations were
lower [30,65]. Ornithine levels were lower in plasma from stage 3 and
4 CKD patients compared with stage 2 CKD [31].
Different peptide profiles are associated with CKD progression.
Plasma fibrinopeptide-A, phosphorylated fibrinopeptide-A, proline-hydroxyproline dipeptide, and urine beta-2-microglobulin, apolipoprotein
AI and protein S100-A9 fragments have been found in higher abundance in advanced CKD patients, whereas collagen type I alpha 1 and
uromodulin showed lower levels in urine [30,31].
TMAO, a product of the metabolism of dietary L-carnitine and
choline, has been found to be elevated in the serum of 104 CKD patients
with variable kidney function, ranging from normal function to ESRD;
serum TMAO levels were notably reduced after transplantation [72].
Choline, phosphorylcholine, glycerphosphorylcholine and betaine,
among others, showed lower levels in the serum of 80 CKD Asian patients matched for age, sex, and ethnicity with 28 healthy controls [79].
A panel of 16 metabolites demonstrated a 2.0- to 8.0-fold higher risk
of developing worse outcomes (ESRD requiring replacement therapy
and all-cause mortality) in 112 Asian CKD patients [80]. This panel
showed good predictive values in the presence (4-oxopentanoate, glucoronate, 2-hydroxyisobutyrate, 5-oxoproline, pimelate, N-acetylneuraminate, 3-methylhistidine, phthalate, tryptophan, hippurate, and 3hydroxy-3-methylglutarate), absence (citramalate and 2,3-pyrinedicarboxylate), or regardless of diabetes (isethionate, saccharate,
trimethylamine N-oxide, cytidine, gluconate, guanidinosuccinate, and
uridine) [80].
Four large population-based studies have attempted to find metabolomic signatures associated with gene markers in CKD [59,75,81,82].
In 2011, Suhre et al. analysed the serum metabolic profile of 1768
participants of the German KORA F4 study and 1052 of the British
TwinsUK study [59]. They identified a total of 23 new and 14 known
independent loci at genome-wide significance in the meta-analysis,
which were associated with a clinical endpoint in 15 loci, including
cardiovascular disease (CVD), kidney disease, Crohn's disease, gout,
cancer, pharmacogenomics, and predisposing risk factors for diabetes
and CVD. Regarding detoxification and kidney function, they found a
highly-significant association of variation at the NAT8 locus with Nacetylornithine [59]. In particular, higher levels of N-acetylornithine
were correlated with lower eGFR in both studies (pKORA = 7.6·10−4,
pTwinsUK = 3.6·10−8 after adjusting for age and gender). Thus, the risk
allele of NAT8 gene polymorphism would be associated with higher Nacetylornithine concentrations [59]. In other genome-wide association
study (GWAS) of metabolic traits in human urine, the same authors
tested 59 metabolites in urine from 862 male participants in the population-based SHIP study. The results were furtherly replicated in
1039 additional patients of the same study and 992 samples from the
independent KORA study. They found a panel of five single nucleotide
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polymorphisms: rs37369 (AGXT2), rs4921914 (NAT2), rs830124
(WDR66), rs8101881 (SLC7A9), and rs17279437 (SLC6A20) associated
with different clinical outcomes [82]. Among them, SLC7A9 is a risk
locus for CKD [83,84] and rs12460876, in total LD with rs8101881, had
been associated with eGFRcrea [84]. More recently, Rhee et al. identified an association between the minor allele at SLC7A9 locus and
lower plasma levels of NG-monomethylarginine, and lower risk of CKD
[81].
Metabolites associated with kidney function in the KORA/TwinsUK
study were further studied for their association with genome-wide genetic markers. The investigators interrogated pre-existing databases
(Multiple Tissue Human Expression Resource (MuTHER) Consortium;
Chronic Kidney Disease Genetics (CKDGen) Consortium) and showed a
significant association for rs6804368 in GADL1 gene with eGFRcrea
after correction for multiple testing (p < 6.25·10−3) [75].

metabolites were found associated with the development of CKD [93].
Several of these metabolites proved to be specific for diabetic CKD
when this profile was tested in a cohort of 12 patients with biopsyproven focal segmental glomerulosclerosis (FSGS) who were refractory
to standard immunotherapies and had a similar degree of CKD [93].
Adenosine levels gradually increased with the CKD stage in the
plasma of 88 Asian DKD patients [94]. There was also a significant
increase of levels of adenosine (p < .001), inosine (p < .001), xanthine (p = .012) and uric acid (p = .016) in DKD patients compared to
those with diabetes and no kidney disease [95]. Plasma concentrations
of S-adenosylmethionine, S-adenosylhomocysteine showed clear increase in 30 DKD patients, compared to 20 individuals with diabetes
and no kidney disease and 30 healthy controls [96]. DKD patients also
showed increased plasma concentrations of cysteine, total homocysteine as well as decrease of cysteine-glycine, methionine, and glutathione [96].
Recently, five putative uraemic solutes and essential amino acids
have been found associated with progression to ESRD in plasma of 80
T2DM patients, matched for baseline clinical characteristics: p-cresol
sulphate, phenylacetylglutamine, myo-inositol, pseudouridine, urate
[97]. All findings remained statistically significant after adjustment for
differences between study groups in albumin excretion rate, eGFR, or
HbA1c.
The association of metabolite profiles with eGFR and albuminuria
has been investigated in many studies. The search for a serum and/or
urine metabolite profile capable of predicting progression of renal
failure was recently investigated in a cohort of 286 Italian T2DM patients [98]. Three metabolites (C-glycosyl tryptophan, pseudouridine,
and N-acetylthreonine) correlated independently with baseline eGFR
(adjusted r2 = 0.52; p < .0001) and two metabolites (C-glycosyl
tryptophan and 1-oleoylglycerol) with UACR (adjusted r2 = 0.14;
p < .0001). An index, calculated as the arithmetic sum of C-glycosyl
tryptophan, pseudouridine, and N-acetylthreonine, raised the receiver
operator characteristics curve (ROC) calculated with the clinical parameters gender, age, fasting glucose, and baseline eGFR from 0.671 to
0.739 (p < .0001) to predict eGFR decline. The same index also predicted a change in UACR with a ROC of 0.821 [98]. Creatinine, aspartic
acid, γ-butyrobetaine, citrulline, SDMA, and kynurenine correlated
positively with UACR and negatively with eGFR in 78 T2DM Japanese
patients [91]. Azelaic and galactaric acids correlated negatively with
UACR and positively with eGFR.
A study performed in 325 T1DM patients, including all patients with
kidney disease progression (defined as a transition between any stage:
normal albumin excretion ratio → microalbuminuria → macroalbuminuria → ESRD), available in the nationwide FinnDiane study,
and using clinically similar non-progressors as controls, demonstrated
different progression rates in subgroups of patients with metabolically
different phenotypes [60]. Patients showing signs of insulin resistance
and lipotoxicity from excess saturated fatty acids (phenotype II) had a
higher progression rate than patients with a favourable state, with
adequate glycaemic control and low overall lipids with similar diabetes
duration (phenotype I) (71% vs 31%) [60]. Older patients with no lipotoxic and insulin resistant metabolic profile, but showing an increase
in HbA1c, cholesterol-rich lipoproteins, phospholipids and unsaturated
fatty acids (phenotype III), features shared with phenotype II, had
comparable progression rates (66% vs 71%), despite a larger difference
in diabetes duration (18 vs 29 years) [60]. Previous investigations in
the FinnDiane cohort had identified substituted carnitine, hippuric acid,
and S-(3-oxododecanoyl) cysteamine as a urine metabolic profile which
discriminated a group of patients with DKD and progression of renal
failure from patients with diabetes and normal UAE [62].
Higher signal intensities of octanol, creatinine and N-acetylglutamine and lower signal intensities of oxalic acid, phosphoric acid,
benzamide and 3,5-dimethoxymandelic amide were all independent
predictors of low eGFR in 90 T2DM Asian patients (AUC = 0.995) [96].
In these patients, a urine panel composed by N6-acetyl-L-lysine,

3.2. Diabetic kidney disease
Metabolomic studies in DKD are shown in Table 4
Acylcarnitines and phospholipids have been the focus of most metabolomics targeted studies in DKD patients [61,85–89]. Serum sphingomyelin (OR: 2.53; p = 1.5·10−8) and HDL particles (OR ≤ 0.40;
p ≤ 3.1·10−10) were the strongest predictors for kidney disease adjusted by diabetes duration, age and gender in 326 T1DM patients from
the FinnDiane cohort after the established kidney biomarkers (serum
creatinine, serum cystatin-C and serum urea) [61]. Dihydrosphingosine
and phytosphingosine showed significant differences in the serum of 41
T2DM Asian patients, compared to 25 controls [90]. Phospholipids
within the same class decreased with the development of DKD in
plasma of 91 Asian individuals [86]. Urine levels of phospholipids,
intermediate-density lipoproteins and LDL, along with unsaturated fatty
acids were also increased in the early phase of the disease, but not in
the late phase of 325 T1DM patients [60]. In the final phase, the
sphingolipid pathway was proposed as a mediator of lipotoxicity from
saturated fatty acids leading to ESRD and/or premature death [60,87]
Several phospholipids were identified as novel biomarkers capable to
distinguish T2DM, DKD and healthy individuals in a case control study
including 112 diabetic Asian patients [85].
Regarding acylcarnitines, plasma acylcarnitine concentrations were
higher in a study comparing 28 uraemic ESRD patients (diabetic and
non-diabetic) on chronic haemodialysis with 10 age- and gender-matched healthy controls [89]. The haemodialysis session induced a decline in free, short-chain, medium-chain and dicarboxylic acylcarnitines, whereas the long chain acylcarnitines remained unaffected. A
reduction in plasma levels of amino acid proline, ornithine, citrulline
and serine was also observed after haemodialysis session [89].
A model including γ-butyrobetaine (involved in the last step in the Lcarnitine biosynthesis pathway), symmetric dimethylarginine (SDMA),
and azelaic acid among other unidentified metabolites yielded AUC
values of 0.927 (CI95%: 0.870–0.983; p < .0001) to discriminate between DKD (32 microalbuminuric DKD and 26 macroalbuminuric DKD)
and 20 albuminuric non-DKD patients [91].
Different combinations of plasma levels of fatty acids (esterified and
non-esterified) were able to specifically discriminate among every stage
of progression, from no disease, to end-stage DKD (p < .01) in a case
control study including 30 controls, 30 T2DM patients without nephropathy and 90 T2DM patients with stages 3–5 CKD [92]. A different
distribution of urine unsaturated fatty acids and phospholipids was
described in T1DM patients, according to different levels of progression
[60].
To determine the contribution of urine metabolomics to the development of CKD in diabetes, 73 T1DM and T2DM patients with diabetes
and no kidney disease were compared with 85 patients with diabetes
and CKD [93]. After adjustment for potential confounders, including
age, gender, diabetes, body mass index, mean arterial pressure, haemoglobin A1c (HbA1c), and duration of diabetes mellitus, 12
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caffeine, 4-methoxyphenylacetic acid, chondroitin sulphate, hyocholic
acid/cholic acid/ursocholic acid, phenyl sulphate and α-hydroxyhippuric acid was able to predict the development of eGFR < 60 mL/
min/1.73 m2 with an AUC of 0.870, improved up to AUC = 0.978 by
the inclusion of age at recruitment and serum creatinine [96].
Plasma butenoylcarnitine correlated positively with changes in
UAE, and negatively with changes in eGFR in 80 T2DM patients from
the Prevention of REnal and Vascular End-stage Disease (PREVEND)
trial (p = .02 and p = .01, respectively) [88]. In urine, glutamine negatively correlated with changes in UAE and positively correlated with
changes in eGFR.
Other metabolites correlated with eGFR (3-hydroxy isovalerate,
aconitic acid, glycolic acid, uracil and citric acid) and albuminuria (2methyl acetoacetate, 3-methyl crotonyl glycine, and 3-methyl adipic
acid) have been described in the urine of T1DM and T2DM patients
[93].

from other similar immunological diseases such as systemic sclerosis
and primary Sjögrens syndrome in a recent small study in Caucasians
[103]. In particular, SLE patients showed prevalent oxidative and altered tryptophan metabolism either through changes in the activity of
the aromatic amino acid decarboxylase or the kynurenine pathway
[103]. Differences in urinary metabolites between proliferative LN and
membranous LN patients, and between LN and FSGS patients were also
shown in a small study with mixed population [104]. Class V LN
showed lower citrate and higher taurine urinary levels compared to
class III/IV LN patients. The lack of hippurate in urine was characteristic of FSGS patients [104].
Individuals with secondary hyperparathyroidism (intact parathyroid hormone (PTH) 150–300 pg/mL) had lower serum concentrations of cytidine and L-phenylalanine compared to controls in a study
including 76 uraemic Asian patients receiving maintenance peritoneal
dialysis [105]. Different metabolic patterns were shown in the highPTH group as compared with the low-PTH group. Among other
changes, the increased level of hydroxyproline in high-PTH patients
suggested this metabolite may be a potential marker for the onset of
CKD-MBD [105].
The levels of ADMA as a marker of an inhibitor of nitric oxide
synthase
and
the
lipid
peroxidation
product
13-hydroxyoctadecadienoic acid as a marker of oxidative stress was investigated
in 27 patients with early ADPKD and 30 age-matched volunteers [106].
Plasma levels of both metabolites were increased in patients with early
ADPKD, along with decreased ADMA urinary clearance, suggesting this
process is accompanied by oxidative stress [106].
Urine metabolomics has also been used to monitor renal allograft
function in five Asian transplant recipients whose biopsy specimens
showed slight or moderate ATI or acute tubular necrosis (ATN) [107].
Changes among urine small molecule metabolites were capable to distinguish between ATI and ATN status after transplantation [107].

3.3. Other kidney diseases
Table 5 shows metabolomic studies in patients with primary glomerulonephritis, the most investigated kidney conditions after CKD and
DKD. A panel of five urine metabolites (citric acid, pyruvic acid, fructose, ethanolamine, and cysteine) achieved AUCs ranging from 0.889 to
0.951 to discriminate between three primary pathologically confirmed
glomerulopathies: minimal change disease (MCD), FSGS and membranous glomerulonephritis (MGN) in 90 Asian patients with primary nephrotic syndrome and 12 controls [99]. Although the results were
poorer in the validation set (0.515–0.812), the metabolite combination
including methionine, cysteine, citrulline, and pyruvic acid significantly improved the AUC value (0.843) to discriminate between
MCD and MGN and had a specificity of 94.4% and sensitivity of 61.1%
[99]. Different urine metabolite patterns were also capable to discriminate between FSGS and control, MGN, IgAN or MCD in a study
conducted in 89 primary glomerulopathy patients (FSGS, n = 25; MGN,
n = 24; IgAN, n = 26; MCD, n = 14) and 35 healthy controls [100].
FSGS has also shown different urine metabolite profiles between diabetic and non-diabetic CKD. Sharma et al. used a small cohort of patients (n = 12) with biopsy-proven FSGS refractory to standard immunotherapies to determine whether their metabolomic signature was
specific for DKD or differed from another type of CKD [93]. Several
metabolites demonstrated to be specific for DKD (2-methyl acetoacetate, 3-methyl adipic acid, 3-methyl crotonyl glycine, 3-hydroxy
propionate, tiglylglycine), whereas eight overlapped among DKD and
FSGS-CKD patients (3-hydroxy isovalerate, aconitic acid, citric acid, 2ethyl 3-oh propionate, glycolic acid, homovanillic acid, 3-hydroxy
isobutyrate and uracil) [93]. MGN patients with high urine protein
(> 3.5 g/24 h) have shown urine and serum metabolic variations (26
urine and 9 serum metabolites) originated by a more severe injury of
kidney function and oxidative stress, compared to those patients with
low urine protein concentrations [101]. Impaired filtration function in
high urine protein MGN patients, given by the markedly increased
serum levels of citric acid and four amino acids, and elevated urine
concentration of dicarboxylic acids, phenolic acids, and cholesterol,
suggesting more severe oxidative attacks, are among the specific metabolic profiles shown by these patients [101]. In IgAN patients, variable serum concentration of several metabolites, including lactate,
myo-inositol, aminoacids, lipids, glucose, glutamate, acetate, 3-hydroxybutyrate, and 1-methylhistidine among others have also been proposed as candidate biomarkers for the risk of developing this disease
[102].
The variability of urinary and plasma metabolomes has also been
investigated to identify metabolic signatures in other kidney-related
diseases, such as CKD-mineral and bone disorder (CKD-MBD), ADPKD
and acute transplant injury (ATI), as shown in Table 6.
Serum metabolic profile has shown the potential to be used as a
diagnostic tool for differentiating SLE from healthy controls as well as

3.4. Conclusions
Data from metabolomics GWAS demonstrate that there are differences in individual metabolic profiles in blood and/or urine that may be
linked to underlying genetic variation but we are still not at a point
where an integrated “metabologenomic” profile can be provided for a
person with kidney disease.
Most of the studies of metabolomics in CKD are limited by small
sample sizes and by the potential differences among the populations
evaluated. Many metabolomic profiles have been described, with
multiple metabolites involved and several different panels proposed
with variable accuracy. Despite this, some metabolites such as TMAO,
kynurenine and citrulline stand out as potential biomarkers in CKD.
Many different metabolomics profiles have been described in diabetic patients but only a few metabolites have been found in common
between studies. Acylcarnitines and phospholipids are the most frequently described potential biomarkers, but probably because of the
targeted nature of most of the studies.
The relevance of different metabolomics profiles in primary glomerulonephritis has been less well investigated and most studies are
underpowered in size making it difficult to evaluate fully proposed
metabolic candidates.
4. Concluding remarks
Proteomic and metabolomic studies have tried to fill the gap created
by the critical limitations of the current clinical biomarkers (serum
creatinine and urinary albumin) used to diagnose and stratify CKD. This
gap is especially evident in certain scenarios, such as the early stages of
CKD and diagnosis of CKD in elderly individuals or those with extreme
body mass index values where the current clinical biomarkers have
limited sensitivity and specificity.
The proteomic CKD273 classifier is a biomarker panel with the
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potential to be used in clinical practice. However, all the studies for the
development and evaluation of this urinary peptides-based classifier
have been undertaken by the same research group, led by Harold
Mischak, who founded the company commercialising the biomarker
panel and is also involved in the interventional trial. Therefore, the data
on the CKD273 panel, although derived from many well conducted
studies, including multicentre and longitudinal cohorts, does need
further replication by independent researchers (as advocated by the
FDA).
The role of metabolomic biomarkers in renal diseases remains unclear. Despite the numerous studies attempting to identify reliable
metabolomic biomarkers many are small in scale and undertaken in
different populations with various technologies. Studies in larger populations, sampled adequately to determine the incidence and prevalence of the specific kidney disease, are needed to fully evaluate how
novel metabolomic biomarkers perform as clinical tests in the different
subgroups of patients. The distribution of the patients in the sample
used to develop the biomarker should resemble the actual proportions
in the population of interest, for the generalisation of the biomarker to
be possible. Relatively few metabolomic biomarkers associated with
CKD have had significant replication of the association in alternative
studies thereby limiting the immediate clinical translation of these
findings. Inadequate statistical analyses are compounding this lack of
replication. The appropriate statistical methodologies should be applied, including multiple testing adjustment when necessary, to ensure
the conclusions are reflecting true associations.
Routine clinical use of proteomic and metabolomic biomarkers will
require agreed protocols for the collection and processing of samples as
well as standardisation of the analysis methods. The biomarkers proposed as potential diagnostic tools should be tested against the current
assays of urinary albumin, serum creatinine and serum cystatin C used
in the clinical practice to evaluate whether the novel proteomic and
metabolomic biomarkers do provide improved diagnostic accuracy at
acceptable cost.
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