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Abstract

Using surgically resected tissue, we identified characteristic metabolites related
to the diagnosis and malignant status of clear cell renal cell carcinoma (ccRCC).
Specifically, we quantified these metabolites in urine samples to evaluate their po-
tential as clinically useful noninvasive biomarkers of ccRCC. Between January 2016
and August 2018, we collected urine samples from 87 patients who had pathologi-
cally diagnosed ccRCC and from 60 controls who were patients with benign urologi-
cal conditions. Metabolite concentrations in urine samples were investigated using
liqguid chromatography-mass spectrometry with an internal standard and adjustment
based on urinary creatinine levels. We analyzed the association between metabo-
lite concentration and predictability of diagnosis and of malignant status by multiple
logistic regression and receiver operating characteristic (ROC) curves to establish
ccRCC predictive models. Of the 47 metabolites identified in our previous study, we
quantified 33 metabolites in the urine samples. Multiple logistic regression analysis
revealed 5 metabolites (.-glutamic acid, lactate, p-sedoheptulose 7-phosphate, 2-hy-
droxyglutarate, and myoinositol) for a diagnostic predictive model and 4 metabolites
(i-kynurenine, -glutamine, fructose 6-phosphate, and butyrylcarnitine) for a predic-
tive model for clinical stage IllI/IV. The sensitivity and specificity of the diagnostic
predictive model were 93.1% and 95.0%, respectively, yielding an area under the
ROC curve (AUC) of 0.966. The sensitivity and specificity of the predictive model
for clinical stage were 88.5% and 75.4%, respectively, with an AUC of 0.837. In con-
clusion, quantitative analysis of urinary metabolites yielded predictive models for
diagnosis and malignant status of ccRCC. Urinary metabolites have the potential to

be clinically useful noninvasive biomarkers of ccRCC to improve patient outcomes.
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1 | INTRODUCTION

In our previous studies, we investigated the metabolites of clear cell
renal cell carcinoma (ccRCC) using tissue samples assessed with our
global metabolomics (G-Met) protocol.>? Pathways associated with
these metabolites (such as glutathione, tryptophan and glycolysis)
were found to be associated with predictions for diagnosis and ma-
lignant status. We also reported that the glycoglycerolipid, carnitine,
and tocopherol pathways had the potential for diagnosis and that
the tricarboxylic acid (TCA) cycle, nucleotide sugar, and inositol
pathways were associated with malignant status.! Therefore, we
expected that these metabolites in urine samples could be useful
noninvasive biomarkers for ccRCC.

Clinically useful biomarkers suitable for renal cell carcinoma
(RCC) have not yet been identified. In recent years, biomarkers of
various diseases have been sought by comprehensively analyzing
metabolites using mass spectrometry. To date, cancer metabo-
lism has been shown to utilize the Warburg effect, and intermedi-
ate metabolites have been shown to be associated with effects on
cellular metabolism, cell proliferation, and immunosuppression.
Accumulation of metabolites associated with cancer progression is
expected to provide a biomarker for potential use in diagnosis and
treatment.®

Several studies have used metabolomics to evaluate urine bio-
markers of RCC.*8 Falegan et al® reported alterations in the levels of
multiple glycolytic and TCA cycle intermediate metabolites in RCC
urine. In 2019, Liu et al* showed that a panel consisting of 9 metabo-
lites distinguished patients with RCC from the healthy controls with
area under the curve (AUC) values of 0.905 for the training dataset
and 0.885 for the validation dataset. These previous reports sug-
gested that models that combined multiple metabolites were likely
to have better clinical utility for prediction than models that em-
ployed a single targeted metabolite.

However, most of the described measurement systems were
semi-quantitative and did not take urine dilution of each sample into
account. In addition, many of these reports failed to examine the im-
pact of matrix effects that might result from the presence of urinary
protein, impurities, and volatilization of urine metabolites.

In the present study, we employed a quantitative measurement
system for urine metabolites with correction using internal stan-
dards and urine creatinine, overcoming the problems of past mea-
surement systems. This work permitted us to generate predictive
models utilizing multiple urine metabolites; these models are ex-
pected to be clinically beneficial for diagnosis and evaluation of the

malignant status of ccRCC.

2 | MATERIALS AND METHODS
2.1 | Design and study population

This study was approved by the institutional review board at Tohoku

University Hospital, and study participants provided written informed
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consent. Patients who underwent radical nephrectomy or partial ne-
phrectomy for clinical diagnosis of RCC at our institution between
January 2016 and August 2018, and who were diagnosed pathologi-
cally as having ccRCC, were enrolled in this study (ccRCC group). None
of these patients had received any neoadjuvant therapy, such as mo-
lecularly targeted therapy, before surgery. The control urine samples
were obtained from 60 patients who were being treated for benign
urological conditions (control group). The control group included pa-
tients with primary aldosteronism (N = 33), urinary calculi (N = 11),
benign prostatic hyperplasia (N = 8), disorder of urination (N = 5), con-
genital urological disease (N = 2), renal simple cyst (N = 1), and renal
angiomyolipoma (N = 1). All patients in the control group were evalu-
ated for renal lesions by ultrasound examination or computerized to-
mography and were confirmed to have normal urinalyzes.

For both groups, patients who had a history of another malig-
nant tumor within the preceding 5 y and those undergoing dialysis
were excluded from this study. We predicted that urinary metabo-
lites fluctuate after dietary intake. To exclude the effects of diet on
urinary metabolites, urine samples were collected in the early morn-
ing or before a meal. Postoperative urine samples were collected
about 1 wk (range: 6-8 d) after surgery. The collected urine samples
were immediately centrifuged at 1450 g for 10 min at 4°C, and the
resulting supernatants were stored at -80°C until time of analy-
sis. Clinical and pathologic tumor node-metastasis (TNM) staging
was performed according to the 7th edition of the American Joint
Committee on Cancer (AJCC) staging system.” Estimated glomerular
filtration rate (eGFR) was calculated using the Japanese Society of
Nephrology equation: eGFR (mL/min/1.73 m?) = 194 x Cre - 1.094
X age — 0.28,10 where Cre was the serum creatinine concentration (in

units of mg/dL) and age was in years.

2.2 | Chemicals and reagents

Forty-seven metabolites were evaluated in the present study; these
metabolites had been shown previously to be elevated in ccRCC tis-
sue.! Standard substance used for the calibration curves and the
isotope-labeled internal standards for quantitative measurement are
listed in Appendix S1.

2.3 | LC-MS/MS conditions

All liquid chromatography coupled with tandem mass spectrometry
(LC-MS/MS) analyses were performed using a LC-MS-8050 triple-
qguadrupole mass spectrometer coupled with a Nexera X2 UHPLC
system (Shimadzu) and Lab Solutions software (Shimadzu). For ana-
lyzing urinary metabolites, analyses were separated into 4 groups
(designated Groups 1-4) and analyzed with optimized methods to
improve the measurement sensitivity for each metabolite.**

The LC method for each compound and the optimized MS/MS
conditions are summarized in Table S1. For all 4 analytical groups, the

column oven temperature was set at 40°C and electrospray ionization
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mode was chosen as the ion source probe. The conditions of the ion
source probe were set as follows: probe voltage, 4000 V; desolvation
line temperature, 100°C; block heater temperature, 150°C; interface
temperature, 400°C; nebulizing gas flow, 2 L/min; drying gas, 3 L/min;
and heating gas flow, 17 L/min. Column and mobile phases were se-
lected to optimize the sensitivity for each metabolite; those conditions,
along with the preparation of the calibration standards and internal
standards for each group, are listed in Appendix S2 and Table S2.

2.4 | Sample preparation for LC-MS/MS

At the time of analysis, 25 uL of each urine sample was combined
with an equal volume of a given internal standard working solution
1, 2, or 3, along with 200 uL of acetonitrile, and the mixture was vor-
texed for 5 s and centrifuged at 15 000 g at 4°C for 5 min. Aliquots
(120 pL each) of the supernatant were then transferred to separate
1.5-mL microcentrifuge tubes (Fisher Scientific, Cat. No. 509-GRD-
Q) and evaporated under reduced pressure for 1 h.

Separate aliquots from a given sample were reconstituted with
20 pL of either water (for Group 1) or a 75:25 (v:v) mixture of 20 uL
acetonitrile: water (for Group 2), and 20 pL of each solution then was
injected into the relevant analytical system.

For sample preparation for analytical Group 3, a 200-uL aliquot
of human urine was combined with 25 pL internal standard and 1 mL
acetonitrile was added. The sample was mixed by vortexing for 5 s
and then centrifuged at 15 000 g at 4°C for 5 min. The resulting su-
pernatant was transferred to a new microcentrifuge tube and evapo-
rated under reduced pressure for 1 h. Each aliquot was reconstituted
with 50 pL of water, and 10 pL of the solution then was injected into
the analytical system.?

For sample preparation for analytical Group 4, a 50-uL aliquot of
human urine was combined with 175 L pure water in a microcentrifuge
tube, and 50 pL IS and 225 pl acetonitrile then were added. The sample
was mixed by vortexing for 5 s and then centrifuged at 15 000 g at 4°C
for 5 min. The supernatant was transferred to a new microcentrifuge

tube, and 1 plL then was injected into the analytical system.

2.5 | Urine creatinine assay

Urine creatinine concentrations were measured using an enzymatic
protocol using the CRE-CL commercial kit (Serotec Co., Ltd.) for all
urine samples. Absorbances were read on an Infinite 200 Pro mi-
croplate reader (Tecan). Measured urine metabolite concentrations
(in umol/L) were adjusted for the urine creatinine concentration (in

mmol/L) in the respective sample.

2.6 | Statistical analysis

Numerical data regarding, age, body mass index (BMI), eGFR and

the urine test results are presented as the mean and standard

deviation (SD) and were compared using Student t tests. Categorical
data concerning sex were compared using the Pearson chi-squared
test. Ratios of the level of a particular metabolite in the ccRCC pa-
tients to that seen in the control group are shown as fold change
values. The stepwise method was used to select variables for mul-
tivariate analysis.12 The multicollinearity of the selected variables
was assessed by calculating variance inflation factor (VIF) values.
Multivariate analysis was performed using multiple logistic regres-
sion analysis. Receiver operating characteristic (ROC) curve analysis
was used to evaluate the diagnostic performance of the resulting
regression model based on its AUC, sensitivity, and specificity val-
ues. A two-tailed paired t test was performed on specimens from 20
patients from whom urine samples were obtained before and after
surgery. All analyses were performed using JMP® Prol4 software
(SAS Institute, Inc). Differences between groups were considered

significant for values of P < .05.

3 | RESULTS
3.1 | Patient characteristics

Mean age of the 87 ccRCC patients (71 men, 16 women) was 63.3 y
(range, 28-85 y). Radical nephrectomy was performed in 54 cases and
partial nephrectomy in 33 cases. Clinically diagnosed chronic kidney
disease (CKD) with stage 3 or higher (€GFR, <60 mL/min/1.73 m?)
was observed in 28 patients (32.6%) at the time of RCC diagnosis.
Clinicopathological characteristics are presented in Table 1. The con-
trol group was age- and sex-matched with the ccRCC group; the 2
groups did not differ significantly in Charlson comorbidity index (CClI),
eGFR, or BMI, but the Karnofsky performance scale (PS) of the control
group was significantly higher than that of the ccRCC group (P =.0121).

3.2 | Comparison of urinary metabolite
concentrations between the ccRCC and
control groups

Of 47 targeted metabolites that were to be measured, 33 metabo-
lites were quantitatively measurable in the urine samples (Table S3).
Concentration levels of 14 of 33 metabolites were significantly
higher in the ccRCC group than in the control group (P < .05, Table 2).
A simple linear regression analysis of the 14 metabolites was per-
formed, and AUC, sensitivity, and specificity values were evaluated
for each of these 14 metabolites (Table 3). p-Sedoheptulose 7-phos-
phate showed AUC values of >0.8.

3.3 | Metabolite stratification of early diagnosis and
clinicopathological factors

For the ccRCC group, we tested for correlation between the 33 me-

tabolites for early diagnosis (control vs cT1a) and clinicopathological
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TABLE 1 Clinicopathological characteristics of 87 patients with
ccRCC and 60 patients comprising the benign control group

Clear cell P
RCC Control value
No. pts 87 60
No. Sex (%) .334
Male 71 (81.6%) 45(75.0%)
Female 16 (18.4%) 15 (25.0%)
Mean + SD age 63.3+11.2 63.4+91 .97
No. Karnofsky PS (%) 0121
100 63 (72.4%) 54 (90%)
90 16 (18.4%) 6 (10%)
<80 8(9.2%) 0
No. Charlson 671
comorbidity index (%)
0 50 (57.5%) 38 (63.3%)
1 23 (26.4%) 10 (16.7%)
2 8(9.2%) 10 (16.7%)
23 6(6.9%) 2 (3.3%)
No. eGFR (%) .209
>60 59 (67.8%) 34 (56.7%)
15-60 26 (29.8%) 21 (34.0%)
<15 2(2.3%) 0
Unknown 0 5(8.3%)
No. BMI (%) .219
<18.5 6(6.9%) 2 (3.3%)
18.5-25 41 (47.1%) 37 (61.7%)
>25 40 (46.0%) 21 (35.0%)

No. Type of surgery

Radical nephrectomy 54 (62.1%)

Partial nephrectomy 33 (37.9%)
No. Clinical T stage (%)

T1 56 (64.4%)

T2 13 (14.9%)

T3 15 (17.2%)

T4 3(3.4%)
No. Clinical N stage (%)

NO 82 (94.3%)

N1 2(2.3%)

N2 3(3.4%)
No. Clinical M stage (%)

MO 76 (87.4%)

M1 11 (12.6%)
No. Clinical stage (%)

| 52 (59.8%)

1] 10 (11.5%)

n 8(9.2%)

v 17 (19.5%)

(Continues)

= 2573
Cancer Science Ryl R

TABLE 1 (Continued)

Clear cell P
RCC Control value

No. Pathological T stage (%)

T1 51 (58.6%)

T2 3(3.4%)

T3 32 (36.8%)
No. Fuhrman grade (%)

Low (G1, G2) 58 (66.7%)

High (G3, G4) 8(9.2%)

Unkown 21 (24.1%)
No. Coagulation necrosis (%)

Presence 24 (27.6%)

Absence 44 (50.6%)

Unkown 19 (21.8%)

Abbreviation: ccRCC, clear cell renal cell carcinoma.

factors by analyzing the following parameters: clinical T stage (cT1
vs cT2-4), pathological T stage (pT1 vs pT3), clinical M stage (cMO
vs cM1), Fuhrman grade (low vs high), and coagulation necrosis
(absence vs presence). The concentrations of 6 metabolites (L-tryp-
tophan, t-kynurenine, L-glutamine, myoinositol, p-sedoheptulose
7-phosphate, and glutathione) were significantly increased in cT1a
compared with the respective concentrations in the control group
(P < .05 for each metabolite); therefore, these metabolites were
inferred to be useful predictors for early diagnosis. Furthermore,
L-kynurenine concentrations were higher in cT2-4 than in cT1
(P = .018). Butyrylcarnitine levels were higher in pT3 than in pT1
(P = .008). 1-Kynurenine levels were higher in cM1 than in cMO
(P =.009). The concentrations of 3 metabolites (-kynurenine, bu-
tyrylcarnitine, and 3-methoxybenzopropanic acid) correlated with
high Fuhrman grade (P < .05, respectively). Glutathione and lactate
concentrations correlated with the presence of coagulation necro-
sis (P < .05 for each metabolite).

3.4 | Construction of ccRCC predictive model

Multiple logistic regression analysis involving 33 metabolites was
subjected to a stepwise variable selection method, and the results
were used to construct a ccRCC diagnostic model. Five metabolites
(lactate, 2-hydroxyglutarate, 1-glutamic acid, myoinositol, and p-se-
doheptulose 7-phosphate) were selected as variables for the diag-
nostic model (Figure 1A). The AUC, sensitivity, and specificity values
of this model were 0.966, 93.1%, and 95.0%, respectively.

Using the same process, another predictive model was gener-
ated to predict clinical stage IllI/IV. Four metabolites (-kynurenine,
-glutamine, fructose 6-phosphate, and butyrylcarnitine) were se-
lected as variables for the predictive model of clinical stage IlI/IV.
The AUC, sensitivity, and specificity values of this predictive model
were 0.837, 88.5%, and 75.4%, respectively (Figure 1B).
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TABLE 2 Urinary metabolites whose concentrations were significantly higher in the ccRCC group than in the control group
ccRCC Control
Mean [umol/L/u-Cre Mean [umol/L/u-Cre Fold change (ccRCC/
Metabolite (mmol/L)] SD (mmol/L)] SD control) P value
GSH 0.829 1.423 0.383 0.513 2.16 .022
Lactate 75.868 216.226 26.818 25.148 2.83 .083
2-Hydroxyglutarate 357.708 282.563 179.212 116.500 2.00 <.0001
Succinic acid 0.148 0.222 0.050 0.069 2.95 .001
Phosphorylcholine 0.509 0.446 0.345 0.316 1.47 .015
L-Glutamine 1268.288 2287.576 612.262 321.841 2.07 .029
D-Fructose 6-phosphate 0.402 0.594 0.207 0.317 1.94 .022
Myoinositol 23.728 35.035 6.183 5.706 3.84 <.0001
«-D-Glucose 1-phosphate 0.423 0.656 0.167 0.256 2.53 .005
p-Sedoheptulose 30.579 53.053 4.001 18.699 7.64 <.0001
7-phosphate
t-Tryptophan 0.618 0.754 0.337 0.285 1.83 .008
L-Kynurenine 0.100 0.090 0.042 0.026 2.38 <.0001
Picolinic acid 0.034 0.029 0.017 0.019 2.08 <.0001
Nicotinic acid 0.005 0.005 0.003 0.004 1.63 .014

Abbreviations: ccRCC, clear cell renal cell carcinoma; GSH, glutathione reduced form; u-Cre, urinary creatinine.

3.5 | Comparison of urinary metabolite
concentrations before and after surgery for ccRCC

To confirm whether the 5 metabolites selected in the predictive diag-
nostic model for ccRCC before surgery indeed were decreased after
surgery, we compared urine metabolite concentrations between
samples collected before and after surgery in each of 20 patients
(patient characteristics are presented in Table S4). The changed
concentration levels of 5 selected metabolites were presented in

Table S5. Four of the 5 selected urine metabolites exhibited signifi-
cant decreases in concentration postoperatively; the sole exception
was myoinositol (Figure 2).

4 | DISCUSSION

Our study of available urinary biomarkers for ccRCC indicated that p-
sedoheptulose 7-phosphate, lactate, 2-hydroxyglutarate, L-glutamic

TABLE 3 Asimple linear regression analysis of 14 metabolites with elevated concentrations in the ccRCC group

Mean [umol/L/u-

Metabolite Cre (mmol/L)] SD
pD-Sedoheptulose 7-phosphate 30.579 53.05
Lactate 75.868 216.23
Myoinositol 23.728 35.04
L-Kynurenine 0.100 0.09
Picolinic acid 0.034 0.03
Succinic acid 0.148 0.22
2-Hydroxyglutarate 357.708 282.56
Nicotinic acid 0.005 0.005
GSH 0.829 1.42
L-Tryptophan 0.618 0.75
Phosphorylcholine 0.509 0.45
a-D-Glucose 1-phosphate 0.423 0.66
p-Fructose 6-phosphate 0.402 0.59
-Glutamine 1268.288 2287.6

Sensitivity Specificity Cut off [umol/L/u-
AUC (%) (%) Cre (mmol/L)]
0.848 74.71 81.7 2.2454
0.781 77.01 75.0 27991
0.780 66.7 81.7 8.78
0.740 64.4 80.0 0.056
0.720 85.1 53.3 0.011
0.715 52.9 83.3 0.10
0.690 46.0 95.0 324.08
0.680 88.5 45.0 0.001
0.680 85.06 51.6 0.122
0.660 51.7 80.0 0.472
0.650 75.9 50.0 0.23
0.640 57.5 44.4 0.17
0.638 64.4 61.7 0.16
0.454 40.2 988 1076.49

Abbreviations: ccRCC, clear cell renal cell carcinoma; GSH, glutathione reduced form; u-Cre, urinary creatinine.
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(A) Predictive model for diagnostic of ccRCC
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(B) Predictive model for clinical stage II/IVof ccRCC

1.00
0.50

0.80
9.70 e rif 0.70
=z 0| Sensitivity:93.1% g o
B o foak: o z @ o =
g o=| Specificity: 95.0% g o Sensitivity: 88.5%
@ 040 @ & s .
s .| AUC:0.966 w, B Specificity: 75.4%
e 0.30
0.20 020 AUC: 0.837
e 0.10
0.00
0.00 0.20 0.40 0.60 0.80 1.00 0.00
0.00 0.20 0.40 0.60 0.80 1.00
1-Spedificity 1-Specificity
Coefficient  SE P-value  VIF Coefficient SE P-value VIF
Model <0.0001 Model 0.026
(intercept) 0.2981567 0.058203 (intercept) 02131053 0.094006
X1:Lactic acid -1.76E-04 0.000242  0.4678 1,2977979 X1:L-Kynurenine 0.7586607  0.541631 0.1651 1.1237427
%2:2-Hydroxyglutarate 00006135 0000169  0.0004 1.344508 X2:L-Glutamine -0.000046  2.03E-05 0.0261 1.0216503
X3:L-Glutamic acid 0.00296809 2.10E-03 0.1616 1.0412489 X3:Fructose 6-phosphate -0.159229 0.077224 0.0424  1.0009343
X4:Myoinositol 0.0041572 0001292  0.0016 1.0553329 X4:Isobutyrylcamitine 629E-01 _ 3.13E-01 0.048  1.1210991
XaL-Seadhephicae;7: 0.002544 0000831  0.0026 1.0612978
phosphate

Predictive model

P= 1/[1+exp-(0.298-0.000176X1+0.0006135X2+0.0029609%3+0.0041572X4+0.002544X5)]

Predictive model
P=1/[1+exp-(0.2131053+0.7586607069X1-0.000045946X2-0.159229356X3+0.6286156012X%4)]

FIGURE 1 Clear cell renal cell carcinoma (ccRCC) predictive model for diagnosis and clinical stage I11/IV constructed by multiple logistic
analysis. A, The black line on the graph is the receiver operating characteristics (ROC) curve for cancer diagnosis. The area under the curve
(AUC), sensitivity, and specificity values obtained by multiple logistic regression analysis were 0.966, 93.1%, and 95.0%, respectively. The
coefficients, P values, and variance inflation factor (VIF) values for each variable are shown in the table below the graph. The prediction
formula is shown below the table. B, The black line is the ROC curve for clinical stage IllI/1V on the graph. The AUC, sensitivity, and
specificity values obtained by multiple logistic regression analysis were 0.837, 88.5%, and 75.4%, respectively. The coefficients, P values,
and VIF values for each variable are shown in the table below the graph. The predictive formula is shown below the table
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FIGURE 2 Changes inthe concentrations of urinary metabolites before and after surgery in urine samples from 20 patients with clear
cell renal cell carcinoma (ccRCC). A two-tailed paired t test was performed on samples from 20 patients from whom urine samples were
obtained both before and after surgery (range: 6-8 d) for ccRCC. Each graph shows the concentration changes in the 5 metabolites that
were selected as variables for the diagnostic model. Significant (P < .05 each) postoperative decreases in metabolite concentrations were
observed for 4 metabolites; the exception was myoinositol
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acid, and myoinositol could be incorporated into a diagnostic model.
We also found that .-kynurenine, L-glutamine, fructose 6-phosphate,
and butyrylcarnitine could be incorporated into a predictive model
of clinical stage Ill/IV. In a previous G-Met study using tissue sam-
ples, we broadly identified multiple metabolites that predicted the
diagnosis and malignant status of ccRCC; that work also described
the development of a system for quantitative measurement of these
metabolites using LC-MS.! Consequently, we were able to estab-
lish a precise ccRCC predictive model using internal standards and
normalizing values based on urine creatinine; this model was con-
structed by combining measurements for multiple metabolites.

Five metabolites (including p-sedoheptulose 7-phosphate, lac-
tate, 2-hydroxyglutarate, -glutamic acid, and myoinositol) were
selected for our predictive diagnostic model. Four metabolites (in-
cluding t-kynurenine, L-glutamine, fructose 6-phosphate, and buty-
rylcarnitine) were selected for our predictive model of clinical stage
III/IV. These selected metabolites represent intermediates of the
glycolysis, TCA cycle, tryptophan, and carnitine pathways, as indi-
cated in the metabolomics map provided in Figure 3. p-Sedohep-
tulose 7-phosphate is produced via the fructose 6-phosphate and
pentose phosphate pathways.'® Accumulation of p-sedoheptulose
7-phosphate appears to reflect the upregulation of glycolysis, but
the role of this metabolite in cancer metabolism has not been re-
ported. In previous RCC urine metabolite studies, lactate levels were
found to be significantly elevated in patients with RCC compared
with those in healthy controls, suggesting that RCC shifts metabolic
flux from the TCA cycle to active glycolysis and the use of glucose
for lactate fermentation.®** The elevation of 2-hydroxyglutarate
levels, which also was noted in a previous RCC tissue study, may
reflect the reduction of a-ketoglutarate to 2-hydroxyg|utarate.15
Glutamine is an alternative source of energy for living cells and is

(A) Glycolysis

converted (via a-ketoglutarate) to glutamic acid as part of the TCA
cycle, thereby contributing to energy and biomass production.
Myoinositol is generated as part of the inositol pathway, which is in-
volved in the control of a wide range of cellular processes; elevation
of myoinositol concentrations also was reported in a previous RCC
urine metabolomics study.s’17 In the present study, the concentra-
tions of these 4 metabolites were significantly decreased after sur-
gery, and alteration of the levels of these molecules was inferred to
reflect therapeutic effect. However, in 2 cases, myoinositol concen-
trations increased postoperatively. Although neither of these cases
(which presented as pT1) has exhibited recurrence during the sub-
sequent observation period, we propose that both patients should
be followed closely, given our model's suggestion that myoinositol
is a predictive factor related to malignant potential. Alterations in
the levels of these 5 metabolites also have been reported in other
cancers; their usefulness in ccRCC-specific prediction models will
require future validation studies including various other cancers.

In the present study, predictive models of clinical stage llI/IV in-
dicated elevated levels of -kynurenine and butyrylcarnitine in pa-
tients with RCC. These metabolites belong to the tryptophan and
carnitine pathways, respectively. The expression of kynurenine in
RCC tissue previously has been shown to indicate poor prognostic
outcome.*® Carnitine is known to derive from increased glycolysis,
and has been shown (in a previous urine metabolomics study) to ac-
cumulate to increased levels in high-grade RCC.” Fructose 6-phos-
phate levels reflect increased glycolysis; metabolic processing of this
compound may require increased energy at higher clinical stages.

Metabolomics has been evaluated in several diseases to iden-
tify new biomarkers and therapeutic targets in drug discovery.'?2
Metabolomics also increasingly is being used in cancer research
for prediction of disease progression and recurrence. Previously
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FIGURE 3 Positional relationships of the selected metabolites used for the diagnostic model and for the predictive model of clinical
stage I1I/1V are shown on the metabolic pathways. The diagnostic model included 5 metabolites: myoinositol, b-sedoheptulose 7-phosphate,
and lactate are derived from glycolysis; glutamic acid is incorporated via the tricarboxylic acid (TCA) cycle; and 2-HG is an intermediate
metabolite of the TCA cycle. For the predictive model of clinical stage IlI/1V, F6P belongs to glycolysis; glutamine is incorporated via the
TCA cycle; i-kynurenine is metabolized from tryptophan; and butyrylcarnitine is metabolized from the carnitine pathway. G1P, glucose
1-phosphate; G6P, glucose 6-phosphate; F6P, fructose 6-phosphate; 2-HG, 2-hydroxyglutarate
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reported candidate protein markers have included carbonic anhy-
drase IX (CA-1X), tumor necrosis factor receptor-associated fac-
tor-1 (TRAF-1), serum amyloid A (SAA), kidney injury molecule-1
(KIM-1), aquaporin-1 (AQP-1), and perilipin-2 (PLIN2); however,
these markers were defined primarily in the context of advanced
RCC.?226 Other candidate protein markers, including von Hippel-
Lindau (VHL), BRCA1-associated protein 1 (BAP1), PBRM1, and nu-
clear factor (NF), have been detected from circulating tumor DNA
(ctDNA).?” However, it remains unclear whether these markers,
which change dynamically with therapeutic effects, will be useful
as biomarkers that can provide stable quantitative measurements in
clinical practice.

Urine samples are ideal for biomarker research because such
specimens can be collected noninvasively; additionally, given that
renal epithelial tumors are in contact with the urinary space, urine is
well suited for a metabolomics approach.?®?? However, there could
be some disadvantages for metabolomics analyses of urine samples.
Indeed, major inconsistencies in the outcomes of metabolomics in
urine have been observed among various studies; these inconsisten-
cies presumably reflect differences in sample collection, handling,
and manipulation, as well as in the analytical platforms used.?®

The advantages of our quantitative measurement system include
the use of an internal standard and correction for dilution based on
urinecreatinineconcentrations. Althoughtherehavebeenseveralpre-
vious reports of urinary metabolites as potential biomarkers in RCC,
most of those measurement systems employed semi-quantitative
analysis without the use of internal standards and did not take the
urinary matrix effect into account.”®83%32 The matrix effect is a
phenomenon whereby metabolite levels fluctuate as a result of the
influence of urinary protein, impurities, and volatilization; the use of
internal standards is expected to correct for the effect of the matrix
on metabolite concentrations.!

Urine creatinine has been used previously as a standard sub-
stance to correct for urine dilution.®>3* Yoric et al®® reported on
the standardization of quantitative measurement of urinary metab-
olites via UHPLC-RTOF-MS; measurement of the levels of urinary
creatinine and osmolality allowed those researchers to correct for
variations in the levels of metabolites and was essential for analyz-
ing urinary metabolites in cases with CKD. In our study, participants
with CKD stage 3 or higher represented 32.1% of the ccRCC group
and 35.0% of the control group. Thus, correction on the basis of
urine creatinine concentration is considered crucial for analysis of
urine metabolites in a real-world study.

The use of a single metabolite as a biomarker for ccRCC was not
expected to suffice, given the observation (in our previous study and
in other reports on urinary metabolites)*® that the heterogeneity
of ccRCC is thought to be affected by multiple metabolic pathways.
Therefore, to improve the predictive ability for diagnosis and ma-
lignant status, we combined key urinary metabolites to construct a
predictive model using a stepwise method to perform multiple logis-
tic regression analysis.

In the context of the constructed predictive model, the multi-

collinearity of the metabolites could not be confirmed because their
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VIF values were small. Therefore, the increased concentrations of
these metabolites in the urine of patients with ccRCC may represent
independent events. Thus, our predictive models for diagnosis of
ccRCC via urine samples are expected to represent a new modality
for ccRCC screening, permitting noninvasive sampling. Our predic-
tive model of clinical stage 11I/IV RCC may improve clinical practice
by enabling decision-making for pharmaceutical treatment.

This study has several limitations. A stepwise feature selection
in multiple logistic regression analysis can lead to overly optimistic
figures of merit. Our result has limited evaluation due to the lack of
validation by another cohort. Notably, there may have been sam-
ple collection bias. Urine samples in the control group represented
patients with benign disorders or endocrine diseases; the effect of
these diseases on urinary metabolites remains unclear. Additionally,
the measurement procedure was conducted retrospectively.
Furthermore, our predictive models were not specific to ccRCC.
Future validation studies in other cancers may improve the usability
of our models.

In conclusion, we used our system for accurate quantitative mea-
surement of urinary metabolites to establish predictive models for
diagnosis and malignant status of ccRCC; the resulting model exhib-
ited high sensitivity and specificity. Further validation studies will be
needed to overcome the limitations of our procedure. Nonetheless,
our predictive models incorporating the levels of urinary metabolites
may identify clinically useful noninvasive biomarkers that lead to im-
proved outcomes for ccRCC patients.
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