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Abstract: Evaluation of renal dysfunction includes estimation of glomerular filtration rate (eGFR) as the 

initial step and subsequent laboratory testing. We hypothesized that combined analysis of serum creat-

inine, myo-inositol, dimethyl sulfone, and valine would allow both assessment of renal dysfunction and 

precise GFR estimation. Bio-banked sera were analyzed using nuclear magnetic resonance spectroscopy 

(NMR). The metabolites were combined into a metabolite constellation (GFRNMR) using n = 95 training 

samples and tested in n = 189 independent samples. Tracer-measured GFR (mGFR) served as a reference. 

GFRNMRwas compared to eGFR based on serum creatinine (eGFRCrea and eGFREKFC), cystatin C (eGFRCys-

C), and their combination (eGFRCrea-Cys-C) when available. The renal biomarkers provided insights into 

individual renal and metabolic dysfunction profiles in selected mGFR-matched patients with otherwise 

homogenous clinical etiology. GFRNMR correlated better with mGFR (Pearson correlation coefficient r = 

0.84 vs. 0.79 and 0.80).Overall percentages of eGFR values within 30% of mGFRfor GFRNMRmatched or 

exceededthose foreGFRCreaand eGFREKFC (81% vs. 64% and 74%), eGFRCys-C (81% vs. 72%), and eGFRCrea-

Cys-C (81% vs. 81%). GFRNMR was independent of patients’ age and sex. The metabolite-based NMR ap-

proach combined metabolic characterization of renal dysfunction with precise GFR estimation in pedi-

atric and adult patients in a single analytical step. 
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1. Introduction 

Although in use for decades, the methods available for estimating glomerular filtration 

rate (eGFR) with endogenous markers still present important drawbacks [1,2] and thus were 

described to be a weak link in renal diagnostics [3]. All endogenous filtration markers also 

have non GFR determinants [1]. Limiting factors include the analytical determination of the 

substance itself [4–6], substances interfering with marker quantification [7], as well as non-

glomerular filtration determinants, such as synthesis, tubular reabsorption, secretion, and ex-

tra-renal elimination. Numerous equations were developed to compensate for these limiting 
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factors [8] and are now an essential part of routine clinical practice, although still having 

weaknesses [1]. It was concluded that a single filtration marker is unlikely to successfully 

overcome the limitations of endogenous metabolites, because of variables affecting the path-

ophysiology of chronic kidney disease (CKD) other than GFR [1,2,4]. Indeed, combining two 

markers like creatinine and cystatin C improved the accuracy of GFR estimation [2]. However, 

the persistence of these limitations prompted Porrini et al. to suggests that the problem perse 

might be associated with the biochemical natureof creatinine and cystatin C as markers of 

renal function, rather than with the mathematical methods used for GFR estimation [8]. In 

addition, Hsu and Bansal suggested that determining actual GFR with utmost accuracy may 

be a less important goal compared to assessing patients’ complex renal dysfunction and com-

plications according to the stage of CKD [9]. 

Therefore, we aimed at a more complex approach that interprets multiple biomarkers 

reflecting both the glomerular filtration rate and CKD-associated renal dysfunction. Such an 

approach requires the quantification of several renal biomarkers with high precision and ac-

curacy. To avoid increasing analytical costs associated with multiple single biomarker assays, 

we applied nuclear magnetic resonance spectroscopy (NMR) as a multiplex analyzer capable 

to precisely quantify multiple unlabeled metabolites in a simultaneous physical measurement 

step [10]. 

Recently, numerous metabolomic screens extensively described a multitude of NMR-

accessible renal biomarkers [11–19]. For a proof of concept, we evaluated the most consistently 

reported biomarkers with respect to their (patho-)physiological relevance for renal function 

and/or renal and extra-renal co-morbidities and selected suitable candidates for a targeted 

analysis. Numerous publications reported an increase of serum myo-inositol levels in CKD 

with a good inverse correlation with GFR [11,16,17,20–24]. Besides being an essential compo-

nent of inositol phosphates, which are important second messengers in the cell and are in-

volved in different signaling pathways, myo-inositol is a uremic toxin. We also chose dime-

thyl sulfone, which is a sulfur-containing substance sensitive to oxidative stress and was 

found to be elevated in CKD patients [12,14,25–31]. In addition, we selected valine whose 

blood levels, unlike most other blood metabolites, correlated positively with eGFR in metab-

olomics screens and numerous publications reported metabolic acidosis to induce degrada-

tion of valine, causing reduced plasma levels of valine in CKD [13,15,17,18,32,33]. 

We hypothesized that NMR-based analysis of myo-inositol as a marker of uremia, dime-

thyl sulfone as a marker of oxidative stress, and valine as an indicator of acid-base metabolism 

in combination with creatinine would provide a ‘metabolite constellation’ that describes the 

complex renal and metabolic dysfunction in CKD. We tested whether this framework would 

allow a precise estimation of glomerular filtration. 

2. Materials and Methods 

2.1. Cohorts and Samples 

For biomarker quantification, bio-banked serum samples from 320 individuals from 

Lyon (France), Gothenburg (Sweden), and Berlin (Germany) [34] were used. All adult indi-

viduals gave informed consent before undergoing GFR measurement. As children were in-

volved in this research activity, their assent and the permission of their parents was obtained. 

Assent was defined as a child’s affirmative agreement to participate in research. A signed 

informed consent form from the child as well as from the parents was obtained. The respective 

institutional review boards covered ethical approval for NMR analysis of the samples in ad-

herence to the Declaration of Helsinki. Descriptive statistics of the study sample are given in 

Table 1. Samples were stored at −80 °C and underwent not more than one freeze-thaw cycle 

before central NMR analysis. Fourteen samples had to be excluded due to missing clinical 
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data. In a further 21 samples, the obtained NMR spectra failed quality control criteria even 

after re-analysis. Outlier analysis showed one sample with extreme discrepancy between the 

creatinine quantified by NMR and the chemically measured value and was excluded. The 

remaining sample set of 284 samples was split in a training set of n = 95 samples for bio-

statistical modeling and an independent test set of n = 189 samples for performance evaluation 

(Supplementary Materials Table S1). 

Table 1. Descriptive statistics of the study sample. 

 Training Set Test Set 

N 95 189 

Age (years, range) 4–76 3–88 

Age (years, mean ± SD) 34 ± 23 a 51 ± 24 a 

Sex (% male) 53 60 

mGFR   

range 5–147 8–178 

mean ± SD 75 ± 35 71 ± 31 

iohexol 54 101 

inulin 22 60 

51Cr-EDTA 19 28 

CKD stage   

1 34 49 

2 27 70 

3 22 57 

4 9 11 

5 3 2 

Storage # time (years, range) 0.4–13.4 0.4–13.3 

Storage # time (mean ± SD) 2.5 ± 3.6 4.2 ± 3.9 

# Storage at −80 °C. a: p-value U test < 0.001. 

2.2. Benchmarking 

Serum creatinine-based and cystatin C-based eGFR served as benchmarks. eGFR equa-

tions were selected according to KDIGO recommendations [35]. Serum creatinine-based eGFR 

(eGFRCrea) was calculated using the CKD-EPI 2009 creatinine equation [36], while for pediatric 

patients, the updated “Bedside” Schwartz formula [37] was used. For an age-independent 

serum creatinine-based eGFR, the European Kidney Function Consortium equation [38] was 

applied (eGFREKFC). The CKD-EPI 2012 cystatin C equation [2] and the cystatin C-based equa-

tion derived from the CKiD cohort [39] were used for calculating eGFR from cystatin C (eG-

FRCys-C) in adults and children, respectively. For the adult subset, the 2012 CKD-EPI creatinine-

cystatin C equation [2] was applied to calculate eGFR from both creatinine and cystatin C 

(eGFRCrea-Cys-C). Patients aged 18 years or older were considered adults. 

2.3. mGFR, Serum Creatinine,and Cystatin C Measurements 

The study samples had a mixture of inulin [40], iohexol [41], or 51Cr-EDTA [42] GFR 

measurements as the reference standard. The results were expressed per 1.73 m2-body surface 

according to the Dubois equation: body surface area = height0.725 × weight0.425 × 0.007184. Ap-

plied mGFR methods were reported to have sufficient accuracy compared with the inulin 

method [43]. All creatinine measurements were performed with methods traceable to the Na-

tional Institute of Standards and Technology and were isotope-dilution mass spectrometry 

calibrated [44]. Serum cystatin C measurements of the Berlin cohort were measured at Labor 
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Limbach Heidelberg (Heidelberg, Germany) using the PENIA N Latex® assay on the BN™ II 

System (Siemens Health Care Diagnostics, ex-Dade-Behring, Marburg, Germany). For sam-

ples from Lyon and Gothenborg with sufficient leftover volume, cystatin C was measured 

with the Human Cystatin C ELISA from Biovendor (BioVendor—Laboratornimedicinaa.s., 

Brno, Czech Republic) calibrated to standard reference material ERM-DA471/IFCC at La-

borarztpraxis van de Loo, Schwäbisch Gmünd, Germany. 

2.4. NMR Analysis 

Serum was thawed at room temperature and 630 µL were mixed with 70 µL of Axinon® 

serum additive solution (numares AG, Regensburg, Germany). A total of 600 µL were trans-

ferred to 5-mm NMR tubes. Runs were carried out in batches of up to 93 samples, including 

a calibration sample and two process controls. Samples were pre-heated at 37 °C for 7.5 min 

before NMR measurement in a Bruker Avance III 600 MHz and a 5-mm PATXI probe 

equipped with automatic Z gradients shimming (Bruker Corporation, Billerica, MA, USA). A 

modified version of the CPMG pulse sequence was used as described [45]. The sequence ac-

counts for a rapid and periodic refocusing of the J evolution by coherence transfer. A 90-de-

gree pulse was inserted at the midpoint of a double spin echo, leading to refocusing and con-

sequent quenching of homonuclear J modulation.  -NMR spectra were recorded using a spec-

tral width of 20 ppm, with a recycling delay of 1.5 s, 16 scans, and a fixed receiver gain of 50.4. 

A cycling time d2 of 8 ms was used together with a corresponding T2 filter of 112 ms. The 

mixing time τ between two consecutive spin echoes was 400 µs. NMR data were phase and 

baseline corrected by algorithms developed in-house and using the lactate doublet at 1.32 

ppm as the reference. Spectra underwent automatic processing and quality control as part of 

the magnetic group signaling® technology based on the offset and slope of the baseline in 

selected spectral regions and selected signals, e.g., position, shape, and width. The system 

allows detection and flagging of spectra of insufficient quality and includes a calibration for 

scaling to make spectra comparable across runs and devices. 

2.5. Biomarker Quantification 

For robust quantification, we curve-fitted pseudo-Voigt profiles to creatinine, myo-ino-

sitol, dimethyl sulfone, and valine NMR signals. This method allows determination of the 

goodness of fit by assessing differences between the spectrum and fitted profile, and thus 

indicates when the quantification is unreliable due to interference by other metabolites. For 

analytical validation of biomarker quantification, precision, linearity, and bias were analyzed. 

2.5.1. Precision 

For analytical validation of biomarker quantification, a 50-mL serum pool of 25 pediatric 

outpatients between 8 and 17 years of age with eGFRCrea < 90 mL/min/1.73 m2 at the day of 

serum collection was collected between October 2016 and January 2017 at Hannover Medical 

School (INPREM cohort). Sampling was ethically approved by Hannover Medical School’s 

institutional review board (No. 3396-2016, dated 15 September 2016). Individual serum sam-

ples were stored no longer than 2 h at room temperature before interim storage at −20 °C. 

Long-term storage was at −80 °C. Samples were pooled just before preparation for NMR anal-

ysis. Additional human serum pools were purchased by Bavarian Red Cross (Regensburg, 

Germany) and stored at −20 °C until utilization. Analytical precision was assessed using three 

distinct serum pools: the first two pools consisted of commercially available Bavarian Red 

Cross (adult normal GFR, adult low adult GFR) serum, while the third pool contained pooled 

sera collected from 25 pediatric patients enrolled in the INPREM study (pediatric low GFR, 
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see above for details). Serum pools were measured in five runs with three replicates per meas-

urement on a single NMR device, resulting in 15 NMR measurements for each pool. Within-

run, between-run, and total variation were analyzed using a fully nested model II ANOVA, 

and analytical coefficients of variation (CV) were computed. 

2.5.2. Linearity 

In the linearity study, a working range for each biomarker was determined within which 

the relationship between the observed values and the true concentrations of the metabolite of 

interest is linear. Therefore, a serum pool with high metabolite serum levels (i.e., high pool) 

was prepared by spike-in before preparing linearity samples. A linear dilution in 13 concen-

tration steps down to 0% of the high pool was prepared. For each concentration step, three 

replicates were analyzed. 

2.5.3. Bias 

The bias analysis measured the closeness between NMR-measured metabolite concen-

trations and spike recovery or whenever available clinical chemistry reference values. For di-

methyl sulfone, myo-inositol, and valine, bias was determined by spike recovery experiments. 

To generate the samples, non-modified and dialyzed sera were pooled to generate ‘mini-

pools’. Additives spiked with the respective metabolites were generated for 12 different con-

centration levels. The respective controls consisted of the same mini-pool prepared with ad-

ditives, but without the respective metabolite. In total, 138 mini-pools were used in the spike 

recovery experiment. For creatinine, standard clinical chemistry reference methods were used 

(Creatinine reagent OSR6678 on a Beckman Coulter AU640 analyzer, Beckman Coulter Inc., 

Brea, CA, USA). In total, 120 human serum mini-pools, partly spiked or dialyzed to cover a 

broader concentration range, were measured in duplicates by NMR and by the reference 

method. In total, 115 mini-pools were used in the study. 

2.6. GFR Modeling  

All statistical analyses were carried out with R software v3.5.1 [46]. In order to find a 

quantitative relation between the biomarkers and mGFR, a linear regression model was set 

up using second-order interactions of the form: 

0
1 1

i i jk j k
i j k j

y x x x   
  

      (1)

where y represents the target value, ix  is the input variables, i   is the corresponding model 

coefficients, β0 is the intercept, anddenotes the error term. The quantified renal biomarker 

levels were transformed to their natural logarithmic value. The cost function within the coef-

ficient estimation determines the way in which values of different ranges are weighted. As all 

metabolites showed range-dependent association with mGFR, fitting of separate local sub-

models for different mGFR ranges was applied. Therefore, the mGFR range was divided into 

two sections, i.e., <90 (‘low GFR’ and >60 mL/min/1.73 m2 ‘high GFR’) with an overlapping 

transition area between 60 and 90 mL/min/1.73 m2. To obtain a result for the NMR-based GFR, 

an interpolation function was applied depending on the distance to the mGFR limits 0 and 

150: 



Diagnostics 2021, 11, 234 6 of 16 
 

 









 




 


 



150

= 150

(150 )
.

(150 ) (150 )

0
low highlow

combined high high

p

high low
p p

low highp p

high high low high

else

y yy

y y y

y y
y y

y y y y




  





 



    


，

，

，
 

(2) 

where 
high
y  and 

low
y  are the prediction values of the lower and the upper submodel, and p 

is a power parameter. A value of p = 4 was used. For modelling, a maximal model size of five 

features (four substances plus one interaction for each local submodel) was allowed. 

2.7. Model Selection 

To find the most suitable regression model, we performed a hundred times repeated five-

fold cross-validation for each substance combination. Model stability was maximized by re-

moving all substance combinations with a coefficient of variation of the cross-validated sub-

stance coefficients above 15% to 20% depending on the applied model approach. The sub-

stance combinations were then selected by their performance on root mean square error 

(RMSE), mean absolute error (MAE), and logarithmic RMSE (RMSLE) in the different mGFR 

ranges. The lower part of the GFR range was best estimated by using log-log-regression, 

whereas the upper part was predicted best with linear regression. 

3. Results 

3.1. Biomarker Quantification 

The development of quantification algorithms together with quality control strategies 

enabled effective quantification of creatinine, myo-inositol, dimethyl sulfone, and valine by 

NMR with limits of quantification of approximately 10–20 µmol/L. Table 2 depicts an over-

view of the analytical validation results obtained for the respective quantifiers. Total analyti-

cal precision (within and between run) for three different serum pools (normal GFR, low adult 

GFR, and low pediatric GFR), linearity, and trueness are covered. Total analytical imprecision 

for all markers was below 15%. Imprecision increased for serum levels at limits of quantifica-

tion of approximately 10 µmol/L. For all metabolites, Pearson correlation was r > 0.99 except 

for dimethyl sulfone with r > 0.98. The analytical performance of the NMR platform allowed 

a sensitive, specific, precise, and accurate measurement of the serum biomarker levels over a 

linear range covering both physiological and pathophysiological concentration ranges. 

Table 2. Analytical performance of biomarker quantification. 

 

Precision Linearity Trueness 

Adult Low Pediatric Low Adult Normal   

Mean 

(µmol/L) 
CV (%) 

Mean 

(µmol/L) 
CV (%) 

Mean 

(µmol/L) 
CV (%) 

Low 

(µmol/L) 

High 

(µmol/L) 
Pearson Correlation 

creatinine 189.1 6.4 108.3 6.2 107.9 7.0 21 928 0.993 

dimethyl sul-

fone 
12.6 13.4 12.2 19.8 8.5 20.7 4 90 0.983 
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myo-inositol 110.5 11.1 78.5 11.2 68.5 14.2 39 441 0.991 

valine 418.0 1.5 310.6 1.9 437.8 3.8 27 1250 0.998 

GFRNMR 43.5 9.5 68.3 6.0 82.4 4.2 n.a. n.a. 0.84 

Precision is determined in three different pooled sera (adult low GFR, pediatric low GFR, and adult normal GFR). For linearity, 

upper and lower limits of the linear range are given. For dimethyl sulfone and myo-inositol, trueness was determined by spike 

recovery. For creatinine and valine, clinical chemistry methods were used. 

3.2. GFR Estimation 

We tested the hypothesis of whether adding myo-inositol, valine, and dimethyl sulfone 

to serum creatinine would allow accurate estimation of mGFR. Serum concentrations of cre-

atinine, myo-inositol, and dimethyl sulfone were negatively correlated, with mGFR with log-

log Pearson correlation coefficients of −0.783, −0.612, and −0.520, respectively. In contrast, se-

rum valine was positively correlated with mGFR. Interestingly, this weak positive correlation 

with mGFR (r = 0.206, 97.5% CI−0.04 to 0.43) increased to r = 0.534 (97.5% CI 0.33 to 0.68), when 

valine was correlated with the residual variance of mGFR that contributions of creatinine and 

myo-inositol alone are unable to cover (Figure 1). 

 

(a) (b) 

Figure 1. Correlation of valine with measured GFR (mGFR). (a) Univariate scatterplot and Pearson correlation coefficient r 

between the logarithmic serum level of valine and logarithmic mGFR. (b) The differences between mGFR and the predicted 

GFR values by the lower submodelylow without valine (consisting only of creatinine in combination with myo-inositol) were 

interpreted as residuals. Each data point is one residual. When serum valine concentrations were plotted against theses resid-

uals, the correlation coefficient significantly increased to r = 0.534(97.5% CI 0.33 to 0.68). Hence, serum valine correlates with 

the residual variance of mGFR that contributions of creatinine and myo-inositol alone are unable to cover. 

Exhaustive searches of all possible combinations of the four metabolites were carried out 

in the training set comprising n = 95 samples using mGFR as the reference. The most suitable 

model took the form: 

ŷlow = e−1.34 × creatinine−0.83 × myo-inositol2.22 × valine0.54 × creatinine−0.57 log(myo-inositol), (3) 

ŷhigh = 285.00 − 38.35 × log(creatinine) − 12.47 × log(dimethyl sulfone), (4) 

with metabolite concentrations in µmol/L. 

Total analytical precision (within and between run) for GFRNMR (normal GFR, low adult 

GFR, and low pediatric GFR) was between 4.2% and 9.5% (Table 2). The performance of 
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GFRNMR in estimating mGFR was assessed in the independent test set (n = 189) and the per-

centage of estimated GFR values within 30%, 15%, and 10% of mGFR values (P30, P15, and P10) 

were calculated (Table 3). 

Table 3. Diagnostic accuracy. GFRNMR compared to eGFRCrea and eGFREKFC against mGFR reference in 

the independent test set of n = 189 patient samples. 

 eGFRCrea eGFREKFC GFRNMR 

RMSE 25.30 19.61 16.51 

Pearson correlation 0.79 (0.73–0.84)  0.80 (0.74–0.84) 0.84 (0.80–0.88) 

P10 0.27 (0.20–0.35) 0.37 (0.29–0.45) 0.35 (0.27–0.43) 

P15 0.40 (0.32–0.49) a 0.50 (0.41–0.58) 0.52 (0.44–0.60) a 

P30 0.64 (0.56–0.72) b 0.74 (0.66–0.81). 0.81 (0.74–0.87) b 

Note: Serum creatinine-based eGFRCrea was calculated using the CKD-EPI 2009 creatinine equation, 

while for pediatric patients, the updated Schwartz Bedside formula was used. Numbers in parentheses 

denote 97.5% confidence intervals, a: p-value McNemar test < 0.05, b: p-value McNemar test < 0.001. 

Compared to the creatinine-based equations, i.e., CKD-EPI for adults and Schwartz Bed-

side for children, GFRNMR showed a Pearson correlation coefficient of r = 0.84 compared to r = 

0.79, and a 35% reduction in the overall root mean square error (RMSE 16.5 vs. 25.3, Figure 

2a,c and Table 3). GFRNMR showed a P30 of 81% (CKD stages 5–3: 72%, CKD 2: 86%, CKD 1: 

88%) compared to 64% (CKD stages 5–3: 46%, CKD 2: 68%, CKD 1: 86%) observed for eGFRCrea. 

For P15 as well as for P10, consistent improvements independent of the CKD stages were ob-

served (Table3).For the creatinine-based European Kidney Function Consortium (eGFREKFC) 

equation, a Pearson correlation coefficient of r = 0.80, an RMSE of 19.6, and a P30 value of 74% 

were observed (Figure 2b and Table 3). 

 

Figure 2. Performance of standard eGFR equations based on serum creatinine in the independent test set compared to the 

performance of the NMR biomarker constellation. For n = 189 patient samples, serum creatinine-based eGFR was calculated 

(a) using the CKD-EPI 2009 creatinine equation for adults and the updated Schwartz Bedside formula for pediatric patients or 

(b) using the EKFC equation. (c) GFRNMR correlated better with mGFR (r = 0.84 vs. 0.79 vs. 0.80) and showed a 35% and 16% 

reduction in RMSE (16.5 vs. 25.3 vs. 19.6) compared to eGFRCrea and eGFREKFC. Overall P30 values were more accurate in GFRNMR 

than in eGFRCrea and eGFREKFC (81% vs. 64% vs. 74%). 
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In the subset of samples for which cystatin C values were available, the biomarker con-

stellation outperformed cystatin C-based equations (CKD-EPI for adults and the CKiD-de-

rived equation for children) with a better correlation with mGFR (r = 0.86 vs. 0.66), and a P30 

value of 81% compared to 72% for eGFRCys-C (Figure 3a,b and Table 4). Moreover, GFRNMR 

showed a similar P30 value in adults compared to the combined CKD-EPI equation, which 

uses both creatinine and cystatin C as variables (81% vs. 81%, Figure 3c,d and Table 4). Con-

sequently, GFRNMR matched or even exceeded the performance of the eGFR equations cur-

rently recommended by KDIGO. 

Table 4. (a) Cystatin-C and (b) combined creatinine and Cystatin-C based GFR estimation. 

(a) eGFRCys-C * GFRNMR (b) eGFRCrea-Cys-C ** GFRNMR 

n 118 118 n 79 79 

RMSE 27.59 17.60 RMSE 14.87 15.32 

Pearson correlation 0.66 (0.54–0.75) 0.86 (0.80–0.90) Pearson correlation 0.86 (0.79–0.91) 0.83 (0.75–0.89) 

P10 0.28 (0.19–0.38) 0.31 (0.22–0.42) P10 0.42 (0.29–0.55) 0.37 (0.25–0.50) 

P15 0.40 (0.30–0.51) 0.52 (0.41–0.62) P15 0.57 (0.44–0.69) 0.58 (0.45–0.71) 

P30 0.72 (0.62–0.81) 0.81 (0.72–0.89) P30 0.81 (0.69–0.90) 0.81 (0.69–0.90) 

Note: * CKD-EPI 2012 cystatin C equation and the cystatin C-based equation derived from the CKiD cohort were used for 

calculating cystatin C-based eGFR (eGFRCys-C) in adults and children. ** The 2012 CKD-EPI creatinine–cystatin C equation 

was applied. Numbers in parentheses denote 97.5% confidence intervals. 

3.3. Subgroup Analysis of GFRNMR According to Sex and Age 

In the test set of n = 189 serum samples, we tested in multivariate variance analysis 

whether the accurate estimation of mGFR using the NMR approach is independent of the age 

and sex of patients. The individual serum levels of creatinine, myo-inositol, valine, and dime-

thyl sulfone were agedependent with p-values < 0.0001, but independent of patients’ sex (p = 

0.685, 0.548, 0.270, and 0.243, respectively). However, when the individual biomarkers were 

considered as a metabolite constellation, an agedependency was no longer observed. GFRNMR 

was a highly significant predictor of mGFR and neither age nor sex significantly improved 

the mGFR estimation (Table 5). 

Table 5. ANOVA results for the model mGFR = GFRNMR + Age + Sex for the test set. 

 Df Sum Sq Mean Sq f Value p Value 

GFRNMR 1 126,206 126,206 464 <0.0001 

Age 1 518 518 1.90 0.17 

Sex 1 400 400 1.47 0.23 

Residuals 185 50,298 272   

Note: Df indicates degrees of freedom, Sum Sq indicates sum of squares, Mean Sq indicates Mean 

Squares. 

3.4. Molecular Phenotyping by Matched Sample Sets 

Biomarker profiling was applied to two sets of three age- and mGFR-matched male pa-

tients from the test set with CKD stage 2 (mGFR of 62 mL/min/1.73 m2 (set 1) or 78 

mL/min/1.73 m2 (set 2)) during end-stage liver disease (Figure 4). This procedure aimed at 

testing the hypothesis of whether the chosen four biomarkers may provide further insight 

into CKD pathophysiology in these patients by characterizing renal and metabolic dysfunc-

tion. In order to compare the obtained metabolite profiles, measured biomarker concentra-

tions were transformed into z-scores to enable a direct comparison of the observed fold-

changes from one marker to the other. The obtained z-scores were plotted in a chart with one 
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axis for creatinine (as a primary marker of filtration), a second for dimethyl sulfone (as a 

marker of oxidative stress), a third axis for myo-inositol (as a uremic toxin), and a fourth axis 

for valine (as a marker of acid-base metabolism, Figure 4). 

 

Figure 3. (a) For n = 118 out of the n= 189 test set samples, serum cystatin C data was available. For those, 

the CKD-EPI 2012 cystatin C equation and the cystatin C-based equation derived from the CKiD cohort 

were used for calculating cystatin C-based eGFR (eGFRCys-C) in adults and children, respectively. (b) 

GFRNMR correlated better with mGFR (Pearson correlation coefficient r = 0.86 vs. 0.66) and P30 values 

tended to be more accurate in GFRNMR than in eGFRCys-C (81% vs. 72%). (c) For the adult subset of the test 

cohort with both serum creatinine and cystatin C values available (n = 79 of n = 189), the 2012 CKD-EPI 

creatinine–cystatin C equation was applied to calculate eGFR from both creatinine and cystatin C (eG-

FRCrea-Cys-C). (d) The Pearson correlation coefficient for GFRNMR was r = 0.83 vs. 0.86 eGFRCrea-Cys-C. P30 

values were 81% vs. 81% for GFRNMR and in eGFRCreaCys C, respectively. 

  



Diagnostics 2021, 11, 234 11 of 16 
 

 

 

(a) (b) 

Figure 4. Charts of two sets of three age-, sex-, and measured GFR-matched male patients with end-stage liver disease with 

CKD stage 2. (a) Mean mGFR were 62 mL/min/1.73 m2 (set 1) and (b) 78 mL/min/1.73 m2 (set 2), respectively. Measured bi-

omarker concentrations were transformed into z-scores indicating the plus and minus standard deviation of substance con-

centrations from the mean of the total cohort. The obtained z-scores were plotted in a chart with one axis for creatinine (as a 

primary marker of filtration), a second for dimethyl sulfone (as a marker of oxidative stress), a third axis for myo-inositol (as 

a marker of uremia), and a fourth axis for valine (as a marker of acid-base metabolism). 

The obtained biomarker constellations for the three patients with measured GFR of 62 

mL/min/1.73 m2 (set 1, Figure4a) differed significantly, although patients were matched for 

etiology, age, and measured GFR. Patients depicted in red and blue showed above average z-

scores for creatinine and valine, while the patient depicted in green had below average z-

scores for creatinine, dimethyl sulfone, myo-inositol, and valine. This observation would be 

in line with the conclusion that the patient depicted in green had only minimal levels of oxi-

dative stress, whereas patients in red and blue showed average or increased levels.  

The three matched patients with measured GFR of 78 mL/min/1.73 m2 (set 2) had very 

similar and average levels of oxidative stress (Figure 4b). The patient depicted in blue showed 

a higher level of valine when compared to the other two matched patients depicted in green 

and red, suggesting an absence of metabolic acidosis. In addition, his lower level of myo-

inositol argued against the presence of uremia. None of the three patients showed increased 

levels of oxidative stress indicated by dimethyl sulfone.  

These observations suggest that the set of renal biomarkers bears the potential for mo-

lecular phenotyping, providing further insights into individual renal and metabolic dysfunc-

tion profiles. 

4. Discussion 

The presented proof of concept shows that the uremic toxin myo-inositol, valine as an 

indicator of acid-base metabolism, and dimethyl sulfone as a marker of oxidative stress in 

combination with serum creatinine reflect the glomerular filtration rate as well as CKD-

associated renal dysfunction. The novel approach matched or even exceeded the accuracy of 

eGFR equations currently recommended by KDIGO. In addition, the framework of the four 

metabolites bears the potential for individualized metabolic phenotyping of CKD patients, 

providing additional insights into the underlying renal disease and (extra-) renal co-morbid-

ities. 
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A crucial question with respect to the presented approach of four biomarkers refers to 

the explanation of why myo-inositol, valine, and dimethyl sulfone effectively complemented 

serum creatinine in such a way that a sex-independent GFR estimation over a large range of 

age becomes possible. As tubular excretion of serum creatinine is counterbalanced by tubular 

re-absorption, estimation of glomerular renal function should also consider tubular dysfunc-

tion, which may lead to interstitial fibrosis and induces tubulo-glomerular cross talk [47]. In 

renal dysfunction, the tubular cells develop several disturbances of metabolism and molecu-

lar transport as well as of inflammatory reactions detectable in blood circulation that are re-

flected only partially by serum creatinine [28,48]. Accordingly, tubular clearances of secretory 

solutes were suggested to provide complementary information about kidney health beyond 

measurements of glomerular function alone [49]. Thus, the pathogenesis of renal dysfunction 

can be considered a complex multi-factorial series of molecular events associated with altera-

tions of various disease pathways.  

Keeping creatinine as a marker may be criticized because eGFRCrea is influenced by age, 

sex, muscle mass, and other patient factors [1]. For example, current eGFR equations often 

correct for differences in serum creatinine generation among males and females by ‘dividing’ 

serum creatinine by the mean or median serum creatinine for males and females [36]. Our 

concept does not ‘correct’ for sexdifferences. However, the three markers as a whole turned 

out to be a sufficient set of markers to complement serum creatinine for accurate GFR estima-

tion and outbalanced its deficiencies for admittedly hitherto unknown reasons. The observed 

values for P30 and P15 of 0.81 and 0.52, respectively, even fulfill the criteria for sufficient preci-

sion as proposed by Soveri et al. [43], i.e., P30 ≥ 0.80 and P15 ≥ 0.50. Therefore, the complex 

interplay of the four metabolites, complementing each other in way of mitigating individual 

weaknesses and potentiating their contribution to overall clinical value, defines a kind of ‘me-

tabolite constellation’. Like individual stars in a star constellation contribute to this constella-

tion’s overall appearance, the concept of the metabolite constellation expands the previous 

approach suggested by Levey and co-workers to combine metabolites into a panel to more 

closely correlate with mGFR [19,50], by additionally reflecting CKD-associated renal dysfunc-

tion and co-morbidities. 

If using GFR alone, different CKD stages are diagnosed in isolation from associated extra 

renal and metabolic comorbidities (KDIGO guidelines, https://kdigo.org/guidelines, and 

[51]). Our proof of concept expands this mono-causal approach by interpreting GFR in the 

context of CKD-associated metabolic co-morbidities. In future, this might offer several ad-

vantages compared to standard GFR methods. Firstly, such a test would provide further in-

sights into underlying renal co-morbidities in individual patients even in homogenous clinical 

etiologies. To fully exploit such a kind of phenotyping approach, the understanding of the 

effects of biological variation and extra-renal comorbidity on the biomarkers may benefit from 

hemodynamic or metabolic stimulation tests. These might reveal secondary renal and extra-

renal functional responses to a decrease of GFR under variable life conditions. In addition, the 

current literature-based assignment of the biomarkers to renal and extra-renal pathophysiol-

ogy needs experimental proof. 

The new concept might push the current limits of accuracy for GFR estimation largely by 

adding further biomarkers to the metabolite constellation. However, significantly enlarged 

samples sets are needed to implement and to test such expansions due to an increasing risk 

of overfitting associated with every new term added to the regression equation. Finally, the 

novel concept bears the potential of accurate estimation of GFR in pediatric, adolescent, adult, 

and geriatric patients irrespective of the patient’s sex, which would enable GFR monitoring 

from the age of three years into late adulthood. 

Our concept is associated with several strengths and weaknesses. The total number of 

patient samples of both the training and test cohort would certainly benefit from additional 
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samples. Besides increasing statistical power, validation of the concept in further cohorts, in-

cluding African-American and Asian ethnic groups, as well as patients with, e.g., type 2 dia-

betes mellitus under metformin treatment, nephrotic syndrome, or various tubulopathies, 

would allow a comprehensive evaluation of the potential clinical utility of the method. In 

addition, our training cohort consisted of a sample set with a heterogeneous reference stand-

ard with a mixture of inulin, 51Cr-EDTA, or iohexol renal clearances. As even inulin clearance 

is associated with a coefficient variation of 7% for repeated measurements [52], imprecision 

might increase even more when renal clearances of 51Cr-EDTA or iothalamate and plasma 

clearances of 51Cr-EDTA or iohexolare applied for measuring GFR [43]. Hence, the errors of 

inulin and other exogenous clearance markers are often underestimated when they are used 

as referenced standards for establishing new eGFR equations [9]. Although we could not de-

termine any dependency of the GFRNMR results from the applied reference method in post-

hoc analysis, we cannot exclude the possibility of a reference or selection bias. 

Our results obtained for eGFR equations considering cystatin C might have been influ-

enced by both the prolonged storage times of our bio-banked samples and the use of different 

ELISA assays for cystatin C quantification. Although sample storage was at −80 °C and the 

applied assays were calibrated to standard reference material, future work should consider 

an optimized design. Finally, we established the method on serum samples of at least a 630-

µL volume, and its transferability to lower volumes or blood plasma cannot be considered as 

simply given. However, this may be less a limitation on its ability to perform in clinical routine 

than its application in clinical research with bio-banked serum samples. 

Concerning the strengths of our concept, we employed a technically advanced and stand-

ardized analytical platform with proven compatibility for daily diagnostic routine application 

and worldwide availability [53]. Moreover, we demonstrated its sufficient analytical repro-

ducibility for simultaneous quantification of multiple metabolites with known and unknown 

correlations with renal dysfunctions. This finding effectively translates the requirements for 

the application of NMR in clinical routine settings proposed by Markley et al. [53]. Hence, in 

public health systems under a constantly increasing financial burden, our concept might help 

to control the incremental costs associated with the step-by-step quantification of single bi-

omarkers as constituents of multi-biomarker panels [54] that have been increasingly proposed 

in recent years [1]. Finally, we demonstrated the accurate estimation of GFR in a multi-center 

cohort with the gold standard of renal clearance methods as a reference. The observed accu-

racy matched or even exceeded the one of serum creatinine, serum cystatin C, or their combi-

nation in patients with various nephrological conditions. 

In conclusion, we developed and tested a metabolite-based serum test for accurate esti-

mation of GFR in pediatric, adult, and geriatric patients, obviating the need for invasive tracer 

application and bearing the potential of metabolic phenotyping of CKD patients. 

5. Patents 

Tobias Steinle, Jana Fruth, and Eric Schiffer have a patent application DE-216820.2 pend-

ing. 

Supplementary Materials: The following are available online at www.mdpi.com/2075-4418/11/2/234/s1, 

Table S1: Provides mGFR, GFRNMR, eGFRCrea, age, sex, and whether used in training or test set for all 284 

serum samples. 

Author Contributions: J.E. and E.S. designed the study. L.D., S.H. (Sverker Hansson) and L.P. bio-

banked serum samples, collected and verified clinical data. T.S. and J.F. analyzed NMR and clinical data, 

respectively. J.F. provided figures. J.E., S.H. (Sebastian Höckner), and E.S. drafted and revised the man-

uscript. All authors have read and agreed to the published version of the manuscript. 



Diagnostics 2021, 11, 234 14 of 16 
 

 

Funding: This research received no external funding. 

Institutional Review Board Statement: The study was conducted according to the guidelines of the 

Declaration of Helsinki, and approved by the Institutional Review Board of Hannover Medical School 

(Protocol code 3396-2016, dated 15 September 2016). 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study. 

Data Availability Statement: Additional data are provided in the supplement. 

Acknowledgments: The authors would like to thank Natalie Ebert and Elke Schaeffner (Institute for 

Public Health, University Medicine Charité, Berlin, Germany) for generously providing serum samples 

and critically reviewing the manuscript and two anonymous reviewers for their suggestions and com-

ments. 

Conflicts of Interest: Tobias Steinle, Jana Fruth, Sebastian Höckner and Eric Schiffer report personal 

fees from numares AG, outside the submitted work. numares AG is a diagnostics company and focuses 

on the discovery, development and commercialization of diagnostic tests by metabolite constellations. 

Jochen Ehrich serves as a scientific advisor for numares AG and receives financial compensation. All 

other authors have declared that no conflict of interest exists. 

References 

1. Steubl, D.; Inker, L.A. How best to estimate glomerular filtration rate? Novel filtration markers and their application. Curr. Opin. 

Nephrol. Hypertens. 2018, 27, 398–405, doi:10.1097/MNH.0000000000000444. 

2. Inker, L.A.; Schmid, C.H.; Tighiouart, H.; Eckfeldt, J.H.; Feldman, H.I.; Greene, T.; Kusek, J.W.; Manzi, J.; Van Lente, F.; Zhang, Y.L.; 

et al. Estimating glomerular filtration rate from serum creatinine and cystatin C. N. Engl. J. Med. 2012, 367, 20–29, 

doi:10.1056/NEJMoa1114248. 

3. Chesney, R.W. The future of pediatric nephrology. Pediatric Nephrol. 2005, 20, 867–871, doi:10.1007/s00467-005-1902-0. 

4. Seegmiller, J.C.; Eckfeldt, J.H.; Lieske, J.C. Challenges in Measuring Glomerular Filtration Rate: A Clinical Laboratory Perspective. 

Adv. Chronic Kidney Dis. 2018, 25, 84–92, doi:10.1053/j.ackd.2017.10.006. 

5. Guignard, J.-P. Postnatal Development of Glomerular Filtration Rate in Neonates. In Fetal and Neonatal Physiology, 3rd ed.; Elsevier: 

Amsterdam, The Netherlands, 2003; Volume 2, pp. 1256–1266. 

6. Glassock, R.J.; Warnock, D.G.; Delanaye, P. The global burden of chronic kidney disease: Estimates, variability and pitfalls. Nat. Rev. 

Nephrol. 2017, 13, 104–114, doi:10.1038/nrneph.2016.163. 

7. Topf, J.M.; Inker, L.A. Measurement of glomerular filtration rate. In Nephrology Secrets, 4th ed.; Elsevier: Amsterdam, The 

Netherlands, 2018; pp. 22–29, 10.1016/B978-0-323-47871-7.00012-5. 

8. Porrini, E.; Ruggenenti, P.; Luis-Lima, S.; Carrara, F.; Jimenez, A.; de Vries, A.P.J.; Torres, A.; Gaspari, F.; Remuzzi, G. Estimated 

GFR: Time for a critical appraisal. Nat. Rev. Nephrol. 2019, 15, 177–190, doi:10.1038/s41581-018-0080-9. 

9. Hsu, C.Y.; Bansal, N. Measured GFR as “gold standard”—All that glitters is not gold? Clin. J. Am. Soc. Nephrol. 2011, 6, 1813–1814, 

doi:10.2215/CJN.06040611. 

10. Banas, M.; Neumann, S.; Eiglsperger, J.; Schiffer, E.; Putz, F.J.; Reichelt-Wurm, S.; Kramer, B.K.; Pagel, P.; Banas, B. Identification of 

a urine metabolite constellation characteristic for kidney allograft rejection. Metabolomics 2018, 14, 116, doi:10.1007/s11306-018-1419-

8. 

11. Sekula, P.; Goek, O.N.; Quaye, L.; Barrios, C.; Levey, A.S.; Romisch-Margl, W.; Menni, C.; Yet, I.; Gieger, C.; Inker, L.A.; et al. A 

Metabolome-Wide Association Study of Kidney Function and Disease in the General Population. J. Am. Soc. Nephrol. 2016, 27, 1175–

1188, doi:10.1681/ASN.2014111099. 

12. Luck, M.; Bertho, G.; Bateson, M.; Karras, A.; Yartseva, A.; Thervet, E.; Damon, C.; Pallet, N. Rule-Mining for the Early Prediction 

of Chronic Kidney Disease Based on Metabolomics and Multi-Source Data. PLoS ONE 2016, 11, e0166905, 

doi:10.1371/journal.pone.0166905. 

13. Duranton, F.; Lundin, U.; Gayrard, N.; Mischak, H.; Aparicio, M.; Mourad, G.; Daures, J.P.; Weinberger, K.M.; Argiles, A. Plasma 

and urinary amino acid metabolomic profiling in patients with different levels of kidney function. Clin. J. Am. Soc. Nephrol. 2014, 9, 

37–45, doi:10.2215/CJN.06000613. 

14. Mutsaers, H.A.; Engelke, U.F.; Wilmer, M.J.; Wetzels, J.F.; Wevers, R.A.; van den Heuvel, L.P.; Hoenderop, J.G.; Masereeuw, R. 

Optimized metabolomic approach to identify uremic solutes in plasma of stage 3-4 chronic kidney disease patients. PLoS ONE 2013, 

8, e71199, doi:10.1371/journal.pone.0071199. 

15. Hao, X.; Liu, X.; Wang, W.; Ren, H.; Xie, J.; Shen, P.; Lin, D.; Chen, N. Distinct metabolic profile of primary focal segmental 

glomerulosclerosis revealed by NMR-based metabolomics. PLoS ONE 2013, 8, e78531, doi:10.1371/journal.pone.0078531. 



Diagnostics 2021, 11, 234 15 of 16 
 

 

16. Sui, W.; Li, L.; Che, W.; Guimai, Z.; Chen, J.; Li, W.; Dai, Y. A proton nuclear magnetic resonance-based metabonomics study of 

metabolic profiling in immunoglobulin a nephropathy. Clinics 2012, 67, 363–373, doi:10.6061/clinics/2012(04)10. 

17. Qi, S.; Ouyang, X.; Wang, L.; Peng, W.; Wen, J.; Dai, Y. A pilot metabolic profiling study in serum of patients with chronic kidney 

disease based on (1) H-NMR-spectroscopy. Clin. Transl. Sci. 2012, 5, 379–385, doi:10.1111/j.1752-8062.2012.00437.x. 

18. Mao, Y.Y.; Bai, J.Q.; Chen, J.H.; Shou, Z.F.; He, Q.; Wu, J.Y.; Chen, Y.; Cheng, Y.Y. A pilot study of GC/MS-based serum metabolic 

profiling of acute rejection in renal transplantation. Transpl. Immunol. 2008, 19, 74–80, doi:10.1016/j.trim.2008.01.006. 

19. Coresh, J.; Inker, L.A.; Sang, Y.; Chen, J.; Shafi, T.; Post, W.S.; Shlipak, M.G.; Ford, L.; Goodman, K.; Perichon, R.; et al. Metabolomic 

profiling to improve glomerular filtration rate estimation: A proof-of-concept study. Nephrol. Dial. Transplant. 2019, 34, 825–833, 

doi:10.1093/ndt/gfy094. 

20. Niwa, T.; Yamamoto, N.; Maeda, K.; Yamada, K.; Ohki, T.; Mori, M. Gas chromatographic—Mass spectrometric analysis of polyols 

in urine and serum of uremic patients. Identification of new deoxyalditols and inositol isomers. J. Chromatogr. 1983, 277, 25–39. 

21. Inamoto, Y.; Hiraga, Y.; Hanai, T.; Kinosita, T. The development of a sensitive myo-inositol analyser using a liquid chromatograph 

with a post-label fluorescence detector. Biomed. Chromatogr. 1995, 9, 146–149, doi:10.1002/bmc.1130090307. 

22. Michaelis, T.; Videen, J.S.; Linsey, M.S.; Ross, B.D. Dialysis and transplantation affect cerebral abnormalities of end-stage renal 

disease. J. Magn. Reson. Imaging 1996, 6, 341–347. 

23. Choi, J.Y.; Yoon, Y.J.; Choi, H.J.; Park, S.H.; Kim, C.D.; Kim, I.S.; Kwon, T.H.; Do, J.Y.; Kim, S.H.; Ryu, D.H.; et al. Dialysis modality-

dependent changes in serum metabolites: Accumulation of inosine and hypoxanthine in patients on haemodialysis. Nephrol. Dial. 

Transplant. 2011, 26, 1304–1313, doi:10.1093/ndt/gfq554. 

24. Al-Ani, B.; Fitzpatrick, M.; Al-Nuaimi, H.; Coughlan, A.M.; Hickey, F.B.; Pusey, C.D.; Savage, C.; Benton, C.M.; O’Brien, E.C.; 

O’Toole, D.; et al. Changes in urinary metabolomic profile during relapsing renal vasculitis. Sci. Rep. 2016, 6, 38074, 

doi:10.1038/srep38074. 

25. Galle, J. Oxidative stress in chronic renal failure. Nephrol. Dial. Transplant. 2001, 16, 2135–2137. 

26. Tsuruta, Y.; Ito, Y.; Harada, K.I.; Narita, Y.; Ohbayashi, T.A.; Azekura, H.; Fukagawa, M.; Narita, M.; Maeda, K. Measurements of 

blood DMSO and DMSO2 in a healthy person and a hemodialysis patient. Clin. Exp. Nephrol. 2001, 5, 158–162. 

27. Locatelli, F.; Canaud, B.; Eckardt, K.U.; Stenvinkel, P.; Wanner, C.; Zoccali, C. Oxidative stress in end-stage renal disease: An 

emerging threat to patient outcome. Nephrol. Dial. Transplant. 2003, 18, 1272–1280. 

28. Vanholder, R.; De Smet, R.; Glorieux, G.; Argiles, A.; Baurmeister, U.; Brunet, P.; Clark, W.; Cohen, G.; De Deyn, P.P.; Deppisch, R.; 

et al. Review on uremic toxins: Classification, concentration, and interindividual variability. Kidney Int. 2003, 63, 1934–1943, 

doi:10.1046/j.1523-1755.2003.00924.x. 

29. Rysz, J.; Kasielski, M.; Apanasiewicz, J.; Krol, M.; Woznicki, A.; Luciak, M.; Nowak, D. Increased hydrogen peroxide in the exhaled 

breath of uraemic patients unaffected by haemodialysis. Nephrol. Dial. Transplant. 2004, 19, 158–163. 

30. Juttner, B.; Gehrmann, A.; Breitmeier, D.; Jaeger, K.; Weissig, A.; Bornscheuer, A.; Piepenbrock, S.; Scheinichen, D. Renal 

transplantation normalized hydrogen peroxide production of neutrophils within the first day. Am. J. Nephrol. 2008, 28, 531–538, 

doi:10.1159/000114097. 

31. Al Khodor, S.; Shatat, I.F. Gut microbiome and kidney disease: A bidirectional relationship. Pediatric Nephrol. 2017, 32, 921–931, 

doi:10.1007/s00467-016-3392-7. 

32. Kraut, J.A.; Kurtz, I. Metabolic acidosis of CKD: Diagnosis, clinical characteristics, and treatment. Am. J. Kidney Dis. 2005, 45, 978–

993. 

33. Kumar, M.A.; Bitla, A.R.; Raju, K.V.; Manohar, S.M.; Kumar, V.S.; Narasimha, S.R. Branched chain amino acid profile in early chronic 

kidney disease. Saudi J. Kidney Dis. Transplant. 2012, 23, 1202–1207, doi:10.4103/1319-2442.103560. 

34. Schaeffner, E.S.; van der Giet, M.; Gaedeke, J.; Tolle, M.; Ebert, N.; Kuhlmann, M.K.; Martus, P. The Berlin initiative study: The 

methodology of exploring kidney function in the elderly by combining a longitudinal and cross-sectional approach. Eur. J. Epidemiol. 

2010, 25, 203–210, doi:10.1007/s10654-010-9424-x. 

35. Levin, A.S.; Bilous, R.W; Coresh, J. Chapter 1: Definition and classification of CKD. Kidney Int. Suppl. 2013, 3, 19–62, 

doi:10.1038/kisup.2012.64. 

36. Levey, A.S.; Stevens, L.A.; Schmid, C.H.; Zhang, Y.L.; Castro, A.F., III; Feldman, H.I.; Kusek, J.W.; Eggers, P.; Van Lente, F.; Greene, 

T.; et al. A new equation to estimate glomerular filtration rate. Ann. Intern. Med. 2009, 150, 604–612. 

37. Schwartz, G.J.; Munoz, A.; Schneider, M.F.; Mak, R.H.; Kaskel, F.; Warady, B.A.; Furth, S.L. New equations to estimate GFR in 

children with CKD. J. Am. Soc. Nephrol. 2009, 20, 629–637, doi:10.1681/ASN.2008030287. 

38. Pottel, H.; Bjork, J.; Courbebaisse, M.; Couzi, L.; Ebert, N.; Eriksen, B.O.; Dalton, R.N.; Dubourg, L.; Gaillard, F.; Garrouste, C.; et al. 

Development and Validation of a Modified Full Age Spectrum Creatinine-Based Equation to Estimate Glomerular Filtration Rate : 

A Cross-sectional Analysis of Pooled Data. Ann. Intern. Med. 2020, doi:10.7326/M20-4366. 

39. Schwartz, G.J.; Schneider, M.F.; Maier, P.S.; Moxey-Mims, M.; Dharnidharka, V.R.; Warady, B.A.; Furth, S.L.; Munoz, A. Improved 

equations estimating GFR in children with chronic kidney disease using an immunonephelometric determination of cystatin C. 

Kidney Int. 2012, 82, 445–453, doi:10.1038/ki.2012.169. 



Diagnostics 2021, 11, 234 16 of 16 
 

 

40. da Silva Selistre, L.; Rech, D.L.; de Souza, V.; Iwaz, J.; Lemoine, S.; Dubourg, L. Diagnostic Performance of Creatinine-Based 

Equations for Estimating Glomerular Filtration Rate in Adults 65 Years and Older. JAMA Intern. Med. 2019, 179, 796–804, 

doi:10.1001/jamainternmed.2019.0223. 

41. Ebert, N.; Loesment, A.; Martus, P.; Jakob, O.; Gaedeke, J.; Kuhlmann, M.; Bartel, J.; Schuchardt, M.; Tolle, M.; Huang, T.; et al. 

Iohexol plasma clearance measurement in older adults with chronic kidney disease-sampling time matters. Nephrol. Dial. Transplant. 

2015, 30, 1307–1314, doi:10.1093/ndt/gfv116. 

42. Grewal, G.S.; Blake, G.M. Reference data for 51Cr-EDTA measurements of the glomerular filtration rate derived from live kidney 

donors. Nucl. Med. Commun. 2005, 26, 61–65, doi:10.1097/00006231-200501000-00010. 

43. Soveri, I.; Berg, U.B.; Bjork, J.; Elinder, C.G.; Grubb, A.; Mejare, I.; Sterner, G.; Back, S.E.; Group, S.G.R. Measuring GFR: A systematic 

review. Am. J. Kidney Dis. 2014, 64, 411–424, doi:10.1053/j.ajkd.2014.04.010. 

44. Thienpont, L.M.; Van Landuyt, K.G.; Stockl, D.; De Leenheer, A.P. Candidate reference method for determining serum creatinine 

by isocratic HPLC: Validation with isotope dilution gas chromatography-mass spectrometry and application for accuracy 

assessment of routine test kits. Clin. Chem. 1995, 41, 995–1003. 

45. Aguilar, J.A.; Nilsson, M.; Bodenhausen, G.; Morris, G.A. Spin echo NMR spectra without J modulation. Chem. Commun. 2012, 48, 

811–813, doi:10.1039/c1cc16699a. 

46. R Core Team. R Foundation for Statistical Computing R: A Language and Environment for Statistical Computing. 2017. Available 

online: https://R-project.org (v3.5.1). 

47. Mackensen-Haen, S.; Bader, R.; Grund, K.E.; Bohle, A. Correlations between renal cortical interstitial fibrosis, atrophy of the 

proximal tubules and impairment of the glomerular filtration rate. Clin. Nephrol. 1981, 15, 167–171. 

48. Snauwaert, E.; Van Biesen, W.; Raes, A.; Holvoet, E.; Glorieux, G.; Van Hoeck, K.; Van Dyck, M.; Godefroid, N.; Vanholder, R.; Roels, 

S.; et al. Accumulation of uraemic toxins is reflected only partially by estimated GFR in paediatric patients with chronic kidney 

disease. Pediatric Nephrol. 2018, 33, 315–323, doi:10.1007/s00467-017-3802-5. 

49. Chen, Y.; Zelnick, L.R.; Wang, K.; Hoofnagle, A.N.; Becker, J.O.; Hsu, C.Y.; Feldman, H.I.; Mehta, R.C.; Lash, J.P.; Waikar, S.S.; et al. 

Kidney Clearance of Secretory Solutes Is Associated with Progression of CKD: The CRIC Study. J. Am. Soc. Nephrol. 2020, 

doi:10.1681/ASN.2019080811. 

50. Freed, T.A.; Coresh, J.; Inker, L.A.; Toal, D.R.; Perichon, R.; Chen, J.; Goodman, K.D.; Zhang, Q.; Conner, J.K.; Hauser, D.M.; et al. 

Validation of a Metabolite Panel for a More Accurate Estimation of Glomerular Filtration Rate Using Quantitative LC-MS/MS. Clin. 

Chem. 2019, 65, 406–418, doi:10.1373/clinchem.2018.288092. 

51. Mendu, M.L.; Lundquist, A.; Aizer, A.A.; Leaf, D.E.; Robinson, E.; Steele, D.J.; Waikar, S.S. The usefulness of diagnostic testing in 

the initial evaluation of chronic kidney disease. JAMA Intern. Med. 2015, 175, 853–856, doi:10.1001/jamainternmed.2015.17. 

52. Davies, D.F.; Shock, N.W. The variability of measurement of insulin and diodrast tests of kidney function. J. Clin. Investig. 1950, 29, 

491–495, doi:10.1172/JCI102285. 

53. Markley, J.L.; Bruschweiler, R.; Edison, A.S.; Eghbalnia, H.R.; Powers, R.; Raftery, D.; Wishart, D.S. The future of NMR-based 

metabolomics. Curr. Opin. Biotechnol. 2017, 43, 34–40, doi:10.1016/j.copbio.2016.08.001. 

54. Weir, M.R. Improving the estimating equation for GFR—A clinical perspective. N. Engl. J. Med. 2012, 367, 75–76, 

doi:10.1056/NEJMe1204489. 


