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38 ABSTRACT

39 Urine metabolomic profiling can identify biochemical alterations resulting from various
40 injuries affecting graft outcome after renal transplantation. Here, we aimed to describe in
41 depth the metabolite content of urines of renal transplant patients and to link it with the
42  major injury factors acting at critical stages following transplantation. Morning urine

43 samples were prospectively collected from 38 kidney transplant patients at 7 days (D7),
44 3 months (M3) and 12 months (M12) after transplantation. Twenty-five patients were

45 treated with tacrolimus (Tac) and thirteen patients with ciclosporine (CsA). *H-NMR

46 (proton nuclear magnetic resonance) and gas chromatography-mass spectrometry (GC-
47  MS) were used to examine the overall metabolomic signature of each sample.

48 Multivariate analysis was performed to study changes of the metabolic profile over time
49 and their dependency on the type of calcineurin inhibitor (CNI) administered to patients.
50 Biological pathways affected by transplantation were identified by metabolomics pathway
51 analysis (MetPA) web-tool. The metabolic profile of urine samples clearly varied with

52 time. Markers of medullary injury, tubule cell oxidative metabolism and impaired tubular
53 reabsorption or secretion were present at D7. Differences in metabolic profiles became
54 less marked as time passed on, urine content being quite similar at M3 and M12. The

55 metabolite profile tended to differ between patients receiving Tac and those receiving

56  CsA but no clear discriminating profiles can be found. The combination of *H-NMR and

57  GC-MS for the analysis of urine metabolomic profiles is a very useful method to study

58  patho-physiological alterations in kidney transplant patients over time.
59

60 Keywords: urinary metabolomics, calcineurin inhibitors, renal transplantation,
61  biomarkers, kidney transplant patients.

62
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1-INTRODUCTION

Metabolite profiling is used to investigate changes of many biochemical products or
metabolites in biofluids (1, 2).The metabolome (the sum of all metabolites in an
organism) is a very sensitive measure of an organism’s phenotype because metabolites
are the downstream products of numerous genome-wide or proteome-wide interactions
(3, 4). Urine contains many compounds extracted from the bloodstream or generated by
kidney cells themselves (5). Given the extensive knowledge of the biochemical pathways
of kidney metabolism, analysis of the urine metabolome in kidney transplant recipients
may provide information about the mechanisms involved in graft outcome, including
ischemia-reperfusion injury, allogenic response or immunosuppressant nephrotoxicity (6-
8). Metabolomics has already been applied to animals to study the consequences of
ischemia/reperfusion (I/R) injury (9, 10) or calcineurin inhibitor (CNI)-induced
nephrotoxicity (11-16). However, few studies have been conducted in humans to monitor
graft function after transplantation (17-19) or to study the relationship between the
metabolome and relevant clinical outcomes such as acute rejection (20, 21) or delayed
graft function (22). These, studies have examined the potential of metabolomics as a
source of predictive or prognostic biomarkers to optimize patient management, but none
have attempted to interpret biochemical changes with respect to pathophysiological

mechanisms, and to integrate them over time.

Experimental studies in animals are very useful to explore the biochemical alterations
resulting from a given intervention. For example, some metabolites are produced in
excess following the exposure of the kidneys to ischemia (I) or ischemia followed by
reperfusion (I/R) in animals not receiving any immunosuppressant drug (23). These
metabolites are thought to be produced in response to increased glycolysis (following I
alone) or oxidative stress (following I/R) (10). Similarly, studies investigating changes in
the metabolome of animals (11) or healthy volunteers (14) receiving calcineurin
inhibitors (CNIs) have revealed the pharmaco/toxicological effects of CNIs, with no

interference from ischemia/reperfusion, alloimmune response, or any other confounding
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factor (14-16). Metabolomic alterations are probably very complex in human renal
transplantation, as many mechanisms are likely to coexist and probably show differential

temporal regulation.

We previously used gas chromatography-mass spectrometry (GC-MS) to evaluate the
metabolic profile of urine from patients during the first year after renal transplantation
(22). The aim of this initial work was to assess whether the urinary metabolome varied in
renal transplant patients, and whether a particular fingerprint could be identified and
used as a potential biomarker of early graft function. We showed that metabolomic
fingerprints could indeed differentiate patients according to their early renal function. The
metabolomic profile of urine samples varied over time, but the biological significance of
changes to these metabolites was not investigated due to incomplete compound
identification. Thus, we considered that an in depth-analysis of the urinary content
combining 2 analytical methods would help moving forward, particularly to elucidate the

biochemical pathways that are modulated in kidney grafts.

Although each analytical method for the analysis of the metabolome has clear
advantages, no single metabolomic technique can provide adequate coverage of the
entire human metabolome (24). Differences in terms of sensitivity, separation and/or
extraction efficiency mostly explain the poor overlap of metabolites isolated with each
method (5, 25, 26). In their comprehensive quantitative metabolome-wide
characterization of human urine, Bouatra et al. showed that the combined use of several
metabolomic techniques substantially improves the coverage of the metabolome (5).
From this study, it appears that urine NMR spectra are very information-rich, with
thousands of resolved peaks. GC-MS methods employing polar solvent extraction and
derivatization also achieve broad metabolite coverage. In terms of platform overlap and
compound complementarities, NMR and GC-MS (as a result of 4 different analyses
performed on 2 different GC-MS instruments) were able to identify a common set of 88
metabolites. Of note, NMR was able to detect 121 compounds which remained

undetectable using 4 different GC-MS methods whereas the combined GC-MS methods
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detected 91 compounds undetectable using NMR. Therefore, we applied GC-MS and 1H-
NMR to obtain a comprehensive description of the variation over time of the urinary
metabolome in patients receiving a triple immunosuppressive regimen. We also carried
out a functional analysis of our metabolomic data to identify the specific cellular
processes that are altered, and their predominance at each stage or under a given
treatment (CNI type). The identification of these pathways will facilitate the selection and

prioritization of therapeutic measures in kidney transplant recipients.

2- EXPERIMENTAL SECTION
2.1. Patients and samples

The study was carried out in compliance with the provisions of the Declaration of Helsinki
and the Good Clinical Practice Guidelines. All the patients gave their consent for the
collection and the use of the urinary data which are part of the standard care protocol
approved by the local ethics committee Comité de Protection des Personnes (CPP), CPP
de Tours Ouest-1, registered at the US department of Health and Human Services (HHS)
as an Institutional Review board (IRB) -(IORG0008143 OMB No. 0990-0279). Thirty-
eight patients were included. All patients received a cadaver kidney. The median (range)
cold ischemia duration was 1020 (520-1960) minutes. They received induction therapy
with anti-thymocyte globulin (Thymoglobulin®, Amgen, Lyon, France) or interleukin-2-
receptor antagonist (basiliximab, Simulect®, Novartis, Rueil-Malmaison France) and
maintenance immunosuppression with oral mycophenolate mofetil, a calcineurin inhibitor
(CNI, either cyclosporine (CsA, n=13) or tacrolimus (Tac, n=25)), and prednisone.
Mycophenolate mofetil was given at a dose of 1000 mg twice daily on the day of surgery,
and subsequently adjusted according to clinical and haematological parameters.
Tacrolimus was initiated on day 3 at a dose of 0.1 mg/kg twice daily, targeting a blood
trough concentration of 8-15 ng/mL. Cyclosporine was given at an initial dose of 8 mg
kg~! day™!, if serum creatinine was <250 pumol |71, The dose of cyclosporine was

individually adjusted to reach trough concentrations of 150-250 ng ml™!. Target blood
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concentrations of tacrolimus and cyclosporine were progressively decreased over time.
Prednisone at 1 mg/kg per day for the first 2 weeks was then progressively decreased
and finally withdrawn within the first year after transplantation in low immunological risk
patients. All patients received trimethoprim-sulfamethoxazole for the first three months
post-transplant. CMV prophylaxis with valganciclovir at a dose of 450 mg/day, adjusted
for renal function, was given to all patients for the first three months after
transplantation except for CMV-seronegative patients who received a graft from a CMV-
seronegative donor. Urine samples were collected after an overnight fast in the morning
of the 7" day post-transplantation (D7), then at 3 months (M3) and 12 months (M12) for
routine measurement of proteinuria. The remaining volume was used for the
metabolomic study. A total of 38 urine specimens at D7 (25 Tac, 13 CsA) and 34 at M3
and M12 (22 Tac, 12 CsA) were collected. After centrifugation, urine supernatants were

stored at -20°C.
2.2. Solvents and reagents

All compounds and reagents used were analytical grade. Urease, N,O-Bis(trimethylsilyl)-
trifluoroacetamide (BSTFA) and trimethylchlorosilane (TMCS) were purchased from
SIGMA. Methoxyamine was from SUPELCO and methanol from Merck. Deuterium oxide

(D20; 99.9%D) was purchased from Cortec Net (Paris, France).

2.3. GC-MS. Sample treatment and instrumental conditions

Sample treatment and instrumental conditions for GC-MS analysis were described
previously (22). Briefly, 200uL of urine was pretreated with urease, then mixed with
methanol and evaporated to dryness. The dry extract was derivatized by the addition of
70 pL of a mixture of BSTFA /TMCS (99/1) and 30 pL of acetonitrile for 40 min at 80 °C
in a sand bath. The derivatized mixture was transferred to a silanized insert for GC-MS
analysis. A Shimadzu GC-MS system (Kyoto, Japan) was used. This system is composed
of an AOC-20S auto-sampler, an AOC-20i autoinjector, a gas chromatograph 2010 and a
QP-2010-Plus mass spectrometer. The derivatized samples (3 uL, split ratio=10) were

separated on a capillary GC column (Phenomenex, Zebron ZB-5, 30 mA~0.25 mm i.d.,
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0.25 um film thickness). The oven temperature was set at 80 °C for 6 min, ramped to
300 °C at 5 °C/min and then held for 10 min. Helium was used as the carrier gas and set
at 0.45 mL/min. The injection port, ion source and interface temperatures were 250 °C,
250 °C and 300 °C, respectively. The mass spectra of all GC peaks were generated by
electronic impact (EI) at 70 eV and recorded in a positive total ion monitoring mode

scanning the 50-500m/z range (event time=0.1, scan speed=5000).

2.4. 1H-NMR. Sample treatment and instrumental conditions

Samples were thawed and centrifuged at 3000g for 5 min. A total of 500 pL of urine
supernatant was added to 100 pL of deuterium oxide (D,0) solution. The pH was
adjusted to 7.4 + 0.1 with either NaOH or HCI solution. The samples were then

transferred to 5-mm NMR tubes (CortecNet, Paris, France) for 1H-NMR analysis.

The 1H-NMR spectra were obtained with a Bruker DRX-500 spectrometer (Bruker SADIS,
Wissembourg, France), operating at 11.7 T, with a Broad Band Inverse (BBI) probehead
equipped with a Z gradient coil. NMR measurements were done at 298 °K. Conventional
1H-NMR spectra were recorded with a 90° pulse (p1=10 ps, pl=0 dB) using a pulse-and-
acquire sequence with residual water presaturation (single-frequency irradiation during
the relaxation delay). The 1H spectra were collected with 128 transients (and eight
dummy scans) in 32K data points with a spectral width of 7500 Hz, and a recycling time
of 30 s. Carr-Purcell-Meiboom-Gill (CPMG) spin echo spectra were obtained with 80 ms
total echo times and 32K data points. This spin echo sequence avoids broad short T2

resonance. Sample shimming was performed automatically on the water signal.

2.5. Data alignment and treatment

The gas chromatograms obtained were processed for smoothing, library matching and
area calculation using an identical data processing method created with GC-MS Solution
Postrun Analysis® software (Shimadzu, Japan) (Autoarea mode, maximum peak number
= 300, width time = 2 s, smoothing method = standard). Only peaks with minimum peak
area = 50 000 were selected for further analysis. The area of each peak was calculated

using a unique quantifier ion mass when its relative qualifier ion mass intensity was
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within 20% range of the ratio. To minimize processing errors, each integrated peak was
manually checked for each sample. As recommended for the validation of GC/MS data
acquisition, biological quality control (QC) was performed with principal component
analysis (PCA) to check the validity of the data (27). The quality control (QC) sample was
prepared by pooling equal volumes of urine samples from all patients, from each period
of sampling. This QC sample was submitted to within- and between-day repeatability and
reproducibility analyses. In practice, for each series of GC/MS experiments, a QC sample
was injected on the first position, then every seven samples, and on the last position.
Three series of GC/MS were necessary to analyze all the samples and the experiments
were performed over one week. The QC sample was thus analyzed 15 times (five times
in each of the three chromatographic series). The QC samples were also used to identify
metabolites that should be excluded from data analysis because of high analytical
variability. Metabolites exhibiting a relative standard deviation greater than 30% in QC

samples were excluded in all other samples before multivariate analysis.

The 1H-NMR spectra were processed using XWinNMR version 3.5 software
(BrukerDaltonik, Karlsruhe,Germany). Prior to Fourier transformation (FT), the Free
Induction Decay (FID) were zero-filled to 64K data points which provided sufficient data
points for each resonance, and a line broadening factor of 0.3 Hz was applied. All spectra
were corrected for phase distortion and the baseline was manually corrected for each
spectrum. The 1H NMR spectra were referenced to the creatinine methylene resonance at
0=4.05ppm and automatically reduced to ASCII files using the AMIX software package
(Analysis of MIXture, version 3.1.5, BrukerBiospin, Karslruhe, Germany). Regions
containing water (6 4.70 -5.51 ppm) and urea (8 5.58 - 6 ppm) signals were removed
from each spectrum to eliminate baseline effects of imperfect water saturation. Spectral
intensities were scaled to the total intensity and reduced to equidistant integrated
regions of 0.001 ppm (buckets) over the chemical shift range of 0.7-9.5 ppm. The NMR
spectral datasets were preprocessed using the peak alignment algorithm icoshift (28) to

minimize spectral peak shift due to residual pH differences within samples. The



231
232

233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252

253
254
255
256
257
258

Molecular BioSystems Page 10 of 51

corresponding realigned bucket tables were then exported to the software SIMCA-P+

software (version 12.0, Umetrics, Umea, Sweden) for analysis.

2.6. General flow-chart of data and statistical analysis:

Each analytical tool provides a specific data table (matrix) [GC-MS (m/z and retention
times) and 1H-NMR (realigned bucket tables) variables]. After adequate normalization,
(see below), each matrix was independently submitted to multivariate analysis with
SIMCA P+ software (version 13.0, Umetrics, Umea, Sweden). First, unsupervised
principal component analysis (PCA) or supervised partial least square discriminant
analysis (PLS-DA) were applied to each matrix to examine patterns and trends in the
dataset and to detect outliers. Two-or three-dimensional score plots were used to
visualize the distribution of samples. Then, orthogonal projections to latent structures
discriminant analysis (OPLS-DA) were performed to maximize the separation between
classes (in our case, sampling time and CNI type) and to identify the variables
(metabolites obtained by either GC-MS or 1H NMR) accounting for the separation. Unit
variance (UV) and pareto (Par) scaling of the data were used, depending the stage of the
analysis. In the UV process, also known as centering, all metabolites are equally
important and have a comparable scale. This method was used to select the metabolites
from both 1H NMR and GC-MS databases. Pareto scaling is similar to UV but, after mean
centering, each column is divided by the square root of the standard deviation. This
method offers the advantage of increasing the representation of metabolites present at
low concentration (29, 30). It was used for the initial selection of the short-list of 1H NMR

metabolites.

S-plots, contribution plots, and variable importance on projection (VIP) values > 1 were
used to identify the metabolites contributing the most to the separation between classes
(time of sampling or CNI type). An S-plot combines the modeled covariance and the
modeled correlation from the OPLS-DA model in a scatter plot. The axes are plotted from
predictive components p[1] versus pcorr[1], representing the magnitude (modeled

covariance) and reliability (modeled correlation), respectively (Simca-P+ 13, Umetrics

10
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Company). The coefficient plot summarizes the most important variables in the
separation (p(corr)[1] < 0 indicate variables associated with one group and p(corr)[1] >
0 variables associated with the second group). Box-plots were then constructed with
XLSTAT (Adinsoft, 2014) to display the difference in individual metabolite concentrations

between groups.

To determine whether the differences in metabolite profiles between sampling times (D7
vs M3 and D7 vs M12) were influenced by the CNI taken by the patient (Tac or CsA), the
prediction results (i.e. the predicted scores, scores being the new variables created by
weighted linear combinations of the original variables, denoted Yprep) were computed
with each model (models comparing D7 and M3 and D7 and M12, respectively). The Yprep
values for patients of Tac and CsA groups were then compared using Mann-Whitney rank

sum test. P < 0.05 was considered significant.

2.6.1.Models validation

Cross validation and permutation testing, two established methods of internal validation,
were used to confirm models validity (31-33).

OPLS-DA model generation employed a seven-fold cross validation step. This involves
omission of a portion (1/7") of the data from model development, development of
parallel models from the reduced data (6/7™"), prediction of the omitted data from the
different models, and then comparison of the predicted vs actual values, providing an
estimate of overall predictive power. The overall quality of the models was judged by the
cumulative R?, defined as the proportion of variance in the data explained by the model
and indicating goodness of fit and by the cumulative Q?, defined as the proportion of
variance in the data that can be predicted by the model thus informing about
predictability. Values of Q? and R?*> 0.4 are generally considered satisfactory for
biological applications of metabolomics.

Predictive accuracy of the OPLS-DA models was summarized in terms of sensitivity and
specificity using receiver operating characteristics (ROC) curves generated from cross-

validated Y-predicted values (SIMCA-P+ software, Y-predcv, predictive Y). This tool

11



287
288
289
290
291
292
293
294

295

296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313

Molecular BioSystems Page 12 of 51

provides a quantitative measure of the performance of the model. Area under the ROC
curve (AUROC) was calculated using SIMCA.

Permutation tests involve the random assignment of class labels to cases and controls.
Goodness of fit and predictive ability (R?>/Q?) of the original models must be greater than
those of the permuted models, or the regression line of the Q?-points intercept must
cross the vertical axis at, or below zero. A hundred random permutations were performed

to validate the models.

2.6.2. Specific flow-chart for 1H-NMR data

Data from 1H-NMR were processed according to a semi-targeted analysis, involving pre-
selection of a definite number of metabolites, followed by a final analysis with these
metabolites only. First, a matrix containing all the buckets was created and processed
using Simca-P+13. Data were scaled using pareto scaling prior to OPLS-DA. S-plots were
then used to select a range of buckets with a VIP>1. Spectral 'H assignments of these
features were made based on the literature values of chemical shifts in various media
and biofluids. A short-list of metabolites, identified from their spectra, was thus
generated for further multivariate analysis. Before final analysis, each selected
metabolite was quantified. To calculate the relative mean concentrations of the selected
urinary metabolites, the peak areas of the selected NMR signals of the chosen
metabolites were integrated using XWinNMR version 3.5 software (BrukerDaltonik,
Karlsruhe, Germany). The ratios of the peak areas of these selected metabolites to the
methylene creatinine peak (5 4.05 ppm) were then calculated.

The final analysis consisted of an OPLS-DA analysis of the data matrix containing the
quantified metabolites, scaled to unit variance. The metabolites selected from this final
analysis were further submitted to univariate analysis to examine whether they each
contributed individually to the discrimination. SigmaStat 3.1 software (Systat Software,

Inc., California, USA) was used. The Mann-Whitney rank sum test was performed to

12
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compare metabolite concentrations between groups, and p < 0.05 was considered

significant.

2.6.3. Specific flow-chart for GC-MS data
The data were processed with an untargeted analysis, i.e. all chromatographic peaks
were included in the multivariate analysis (22). The intensity of each ion was normalized
with respect to the sum of intensity of all ions detected in chromatograms to reduce both
the concentration differences among samples and experimental and instrumental
variabilities (34). This allowed generating a data matrix that consisted of metabolite
characteristics (retention time and m/z) and the corresponding normalized peak area
(“concentration”). At this step, about 500-1000 features were present in the data set.
Data were scaled to unit variance. OPLS-DA was applied and both coefficients and VIP
values were used to refine the model in a stepwise manner. A coefficient plot was used to
select the metabolites contributing to class separation, i.e. those showing a strong
correlation with the score on the predictive OPLS-DA component and with a confidence
interval not including the value 0. When the optimized model was obtained, the variables
contributing to the separation between groups were extracted from the contribution plots
comparing the relative abundance of each variable in each sample class (i.e. over-
represented or under-represented). Finally, the molecular formula of these variables was
identified. Metabolites from chromatographic peaks were annotated based on their MS
fragment patterns and retention times. The NISTO5 (The National Institute of Standards
and Technology) library was used to identify the possible chemical formula and ionic
structures of the metabolites. The software proposes a list of molecules along with their
percentage of matching with standard compounds, indicating the most probable chemical

structure.

At this stage, two separate lists of important metabolites were obtained: one from 1H
NMR and another from GC-MS analyses. Overlap of metabolites between the two lists

was investigated, as those found in both lists would be considered the most relevant.

2.7. Biological integration of the data:

13
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All the metabolites identified from the two individual matrices were analyzed

simultaneously with metabolomics pathway analysis (MetPA) software

(bttp://metpa.metabolomics.ca/MetPA/faces/Home.jsp), a web application designed to

perform pathway analysis and visualization of quantitative metabolomic data (35). This
tool was used to identify pathways that were deregulated in our patients. MetPA is linked

to the KEGG database (http://www.genome.jp/kegg-bin/show pathway?hsa01100) and

metabolic pathways are presented as a network of chemical compounds with metabolites
as nodes and reactions as edges. The current library contains 1173 metabolic pathways
from 15 model organisms, including humans. When using the software, the user is asked
to select the particular organism in which the data were obtained. During analysis, the
effect of the pathway is calculated as the sum of the importance measures of the
matched metabolites normalized by the sum of the importance measures of all
metabolites in each pathway (topological analysis). Pathway enrichment analysis tests
whether a particular group of compounds is represented more than expected by chance
within the list of metabolites provided, i.e. if compounds are enriched compared to
random hits (Fisher’s Exact test). Four compound lists were analyzed. The first one
included all the metabolites found in urines, whatever the sampling time. Subsequent
compound lists corresponded to metabolites over-represented at D7, M3 and M12,

respectively.

If needed, biological information about compounds was also retrieved from the human

metabolome database website (http://www.hmdb.ca) or from the literature.

3- RESULTS

3.1. Patient characteristics

The characteristics of the patients at the time of inclusion and during follow-up are given
in table 1. The same number of patients received anti-lymphocyte globulins and

basiliximab as induction therapy in the Tac group, but basiliximab was the most

14
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frequently used therapy in patients of the CsA group (92%). One patient per group
required dialysis after transplantation because of delayed graft function (DGF) but most
patients had good initial renal function. Renal function improved gradually over time in
both groups. At M3, a higher percentage of patients had recovered good renal function
(eGFR= 60 mL/min/1.73 m2) in the CsA group than in the Tac group (56% vs. 26%,
respectively) but the difference was not significant (p=0.407, Fisher test). At M12, all
patients in the CsA group, but only 31.5% of patients in the Tac group, had recovered

good renal function (p=0.0004).
3.2. Initial exploratory analysis

For both experimental approaches (GC-MS or 1H NMR), the score plots of the PCA
showed that the data were well separated into clusters. The samples from D7 were
separated from those of M12, with those at M3 lying between the two extremes. The
time of sampling explained part of the variability (figure 1a, 1b); 17% (second

component) for 1H-NMR data and 24% (first component) for GC-MS data.

The sampling-time classes were well separated in the 3D plots of the PLS-DA, which also

revealed that the CNI type contributed to intraclass variation (figure 2a, 2b).
3.3. Variation of the metabolic pattern over time
3.3.1. 1H NMR data

The short-list of metabolites, identified from the 1H NMR spectra during the first step of
data processing, included 17 metabolites (Figure 3). Choline, isovaleryl-glycine and lactic
acid were excluded of 1H NMR database because the confidence interval of these three
metabolites included the value 0 on the coefficient plot. After normalizing by creatinine,
only 16 metabolites remained (Table 2). The OPLS-DA models, built with these
metabolites and comparing urines from D7 and M3 and from D7 and M12, showed a
slight separation between D7 and M3 (R*X=0.164 ; Q*=0.146, one component only) and
a larger separation between D7 and M12 (R°X=0.275; Q?=0.565) (figure 4a, 4b).

Interestingly, these plots confirm that samples at each time point were also separated
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according to the type of CNI. The two models showed good ability of classification with
92.6 % of samples correctly classified at D7 and 71.4 % at M3 (model D7 vs M3;
p<0.05) and 88.9 % of samples correctly classified at D7 and 93.1% at M12 (model D7
vs M12; p<0.05). Results of the permutation tests and ROC curves for these models are
presented in supplementary data (supplementary figure 1S and figure 2S).

Pairwise analysis of the contribution plots at each sampling time, i.e. D7 vs M3 and D7 vs
M12, enabled the identification of metabolites contributing to cluster separation (Figure
5). These plots indicate that concentrations of alanine, taurine, dimethylamine,
trimethylamine and trimethylamine N-oxide were higher at D7 than at the two later time
points. Succinic acid was overrepresented at D7 as compared to M12. Concentrations of
acetic acid, acetoacetic acid, citric acid, dihydroxyacetone, tyrosine, hippuric acid, N-
methyl-nicotinamide, Alpha-N-Phenylacetyl-L-Glutamine (PAG) and formic acid were
higher at M3 and M12 than at D7. Concentrations of N-methyl-2-pyridone-5-carboxamide

(2PY) were high at M3 but not at M12.

Univariate analysis showed that the concentration of six of these metabolites (figure 6)

varied significantly over time.
3.3.2. GC-MS data

Chromatograms of 2 different urine samples are shown in figure 7. The analysis of GC-
MS data also revealed a clear separation between D7 and M3 and between D7 and M12,
as well as between CNI types for each sampling time (figure 8a, 8b). The two models
showed good ability of classification with 93.3 % of samples correctly classified at D7 and
89.3 % at M3 (model D7 vs M3; p<0.05) and 96.3 % of samples correctly classified at
D7 and 86.2 % at M12 (model D7 vs M12; p<0.05). Results of the permutation tests and
ROC curves for these models are presented in supplementary data (supplementary figure
3S and figure 4S). Nine metabolites were responsible for group clustering between D7
and M3 and ten between D7 and M12 (Figure 5S). The list of metabolites differentially
represented at each sampling time is presented in table 3 (Table 3). In the absence of an

in-house GC-MS library, only four metabolites were formally identified. All the
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metabolites were tested individually and their concentrations varied significantly over

time (Figure 6S).

3.3.3. Sample normalization

Sample normalization is essential to ensure sufficient homogeneity in metabolite
concentrations among samples for multivariate analysis (34, 36). GC-MS metabolites
were normalized to the total peak area, whereas 1H-NMR metabolite concentrations were
normalized to creatinine concentration as a measure of concentration index of urine
samples. Calibration to creatinine may be inadequate if creatinine production varies over
time or if its excretion is impacted by an external factor such as kidney impairment.
Thus, any time-dependent change in urinary creatinine arising from variation of kidney
function over time can theoretically bias the results. However, interpatient variability of
creatinine concentrations at each sampling period (Table 1) was much more important
than between-period variability (similar median value at D7, M3 or M12), indicating that
differences in urine dilution was much more important to consider than variation of renal

function and of creatinine excretion over time.
3.4. Variation of the metabolite pattern according to the CNI used

For both analytical methods, visual inspection of scatter plots of OPLS-DA scores
obtained at each sampling time appeared to show separation between patients treated
by CsA or by Tac (Figure 9). However, multivariate analysis failed to provide more than
one component and the parameters of the model were poor irrespective of the type of
data, NMR (R?X=0.36, Q?=0.24 at D7; R?X=0.15, Q?=0.018 at M3 and R?X=0.22,
Q%=0.134 at M12) or GC-MS (R?X=0.15, Q*=0.17 at D7; R?X=0.31, Q?=0.21 at M3 and

R?X=0.23, Q*=0.022 at M12).

The prediction result analysis revealed that the CNI type did not contribute significantly
to the separation between sampling times, either D7 vs M3 (Figure 10 a,10 b) or D7 vs

M12 (Figure 10 ¢,10 d).

3.5. Biological interpretation of the data
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The 21 metabolites that showed variations in concentration at any time are shown in

table 4. All the metabolites identified either by *H NMR or GC-MS are included, except for
those that could not be formally identified (GC-MS metabolites). As a result of UV scaling
and of intrinsic differences in sensitivity between 1H NMR and GC-MS methods, we found
no overlap in the metabolites detected, at least for those that we were able to identify in

GC-MS.

Figure 11 summarizes the pathway analysis applied to all the metabolites showing
variations in concentration during the first year post-transplantation. This analysis
revealed that synthesis and degradation of ketone bodies, taurine and hypotaurine
metabolism, dimethylamine and methane metabolisms, dicarboxylate metabolism, citrate
cycle and inositol phosphate metabolism were significantly affected. Detailed results of

this analysis are provided in table 5, showing the more significantly enriched pathways.

The same analysis conducted at each sampling time revealed that inositol phosphate
metabolism and taurine and hypotaurine metabolism were the top pathways at D7,
whereas dimethylamine metabolism, pyruvate metabolism and dicarboxylate metabolism
had the highest effect at M3 and M12 (Table 6). Synthesis and degradation of ketone

bodies was the most enriched pathway at M12.

Finally, by combining the results from both contribution plots (individual over-
represented metabolites) and the metabolic pathway analysis, we were able to

summarize the biochemical effect of transplantation at each sampling time (Figure 12).

4- DISCUSSION

Our study shows that the composition of urinary metabolites varies over time during the
first year following renal transplantation. Metabolites also appeared to cluster according
to the type of CNI administered to patients, but we found no significant difference in
metabolite profiles between treatment groups. Combination of results from both

metabolomic analyses (individual over-represented metabolites) and metabolic pathway
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478  analysis provided a general idea about the biochemical variation occurring during the first
479  year following transplantation. According to the MetPA topology of human metabolism,
480 several pathways were differentially impacted over time. For each of these pathways,

481 some of the metabolites were enriched at D7 whereas others were overrepresented at

482  later periods (figure 12).

483 In the early post-transplantation period, i.e. at D7, the main pathways affected were
484  taurine and hypotaurine metabolism (high concentrations of L-alanine and taurine),
485  dimethylamine and methane metabolism (high concentrations of dimethylamine (DMA),
486  trimethylamine (TMA) and trimethylamine N-oxide (TMAOQ)), citrate cycle (low

487 concentrations of citric acid), inositol phosphate metabolism (high concentrations of
488 myoinositol) and glycolysis (high concentrations of D-Glucose). To facilitate the

489 interpretation of these data, we compared our results with those from previous

490 experimental studies exploring the short-term effects of particular injuries on the kidney
491 or urinary metabolome. Ischemia-reperfusion appears to be a key mechanism in kidney
492 injury after transplantation, leading to an abrupt decline of energy supply, and

493 mitochondrial damage (8, 37). When cold ischemia is applied in isolation, there is an
494  increase in concentrations of glycogen, carbohydrate and lactate, an end-product of
495  anaerobic glycolysis (10). Following reperfusion, concentration of urinary allantoin

496 increases, suggesting oxidative stress. Hauet et al. assessed the consequences of

497 ischemia-reperfusion with various preservative solutions following auto-transplantation in
498 pigs. They reported that urinary concentrations of lactic and acetic acid increased and
499  those of citric acid decreased following reperfusion, and attributed these changes to
500 impaired oxidative metabolism in proximal cells (9). We also found that acetic acid

501 concentrations were lower at D7, but we cannot draw any conclusions about lactic acid
502 because this metabolite was excluded from our multivariate analysis as previously

503 mentioned. In our study, the concentration of citric acid was also lower at D7 than at
504 later periods. Consistent with the presence of oxidative stress, taurine, an endogenous

505  antioxidant which limits I/R injury, was present at D7.
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Urine at D7 also contained higher concentrations of DMA, TMA and TMAO than urine at
M3 and M12. These metabolites, synthesized by the medullar cells of the kidney, regulate
osmotic flux across the cell surface membrane (9). They are not normally found in urine
but are released from cells exposed to medullary toxins or to ischemia-reperfusion. The
detection of myoinositol in urine at D7 confirms the presence of medullary injury because
this metabolite plays a crucial role in osmoregulation in cells of the thick ascending limb
of Henle (38). Thus, consistent with animal studies, we show that renal transplantation in

humans is associated with early renal medullary injury.

Collectively, our results indicate that the profile of metabolites found in renal transplant
patients seven days after grafting is very similar to that found in animals subjected to
pure ischemia-reperfusion injury (8). However, the presence of metabolites reflecting
mitochondrial dysfunction (citrate cycle intermediates), but also impaired tubular
secretion (low hippuric acid) or reabsorption (high glucose) is also suggestive of the
toxicodynamic metabolic effects of CNI. Schmitz et al (16) used a syngenic rat transplant
model to study whether CNI worsens the damage caused by ischemia/reperfusion. They
compared the urinary metabolic profiles of rats after ischemia-reperfusion alone or with
short-term co-administration of immunosuppressant drugs. At D7, concentrations of
metabolites related to mitochondrial energy metabolism (succinic acid, citric acid, 2-oxo-
glutarate) and to reactive oxygen species (creatine, taurine) were significantly different
between treated and untreated animals. Furthermore, the combined effects of
immunosuppressant and transplantation led to more proximal tubular injury (high
concentrations of urinary glucose, low concentrations of hippurate) than transplantation
alone. Several studies evaluating the isolated effects of calcineurin inhibitors in animals
or in healthy volunteers reached the same conclusions. All showed that CNI treatment
induced a decrease of citrate cycle metabolites and an increase of glucose, lactate,
creatine, acetic acid and TMA in urine (13-15). Interestingly, these immunosuppressant-
related effects were also present in our patients and overlapped with those related to

ischemia-reperfusion.
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Thus, we conclude that the effects observed in the urine of patients at D7 are consistent
with those of experimental studies, and are the result of both ischemia-reperfusion-injury
and acute CNI toxicity. A combination of metabolites, including markers of medullary
injury (DMA, TMA, TMAO, myoinositol), tubule cell oxidative metabolism (citric acid, oxo-
glutarate, succinic acid, lactic acid, taurine), tubular reabsorption (glucose, amino-acids)
or secretion (hippuric acid), thus reflect the ongoing patho-physiological mechanisms
occurring at the early stage of human renal transplantation. The altered metabolite
profile seen in our patients may be related to global suppression of mitochondrial activity
and to decreased organic anion or cation elimination. The organic anion transporters,
OAT1 and OAT3 and the organic cation transporter, OCT2 are the main polyspecific
transporters expressed in the renal proximal tubule. These transporters are the rate-
limiting step in the renal uptake of various metabolites from blood (39). Thus, it is
possible that reduction in OAT1/3 or OCT2 activity may contribute to the reduced urinary
level of some of the metabolites identified. It has been shown that OATs are down
regulated during reperfusion after ischemic acute kidney injury (40-42). Among

immunosuppressive medications, mycophenolic acid can also inhibit OAT’s function (43).

Our study did not identify any metabolites not previously found in studies of selective I/R
or CNI-induced injuries; therefore, we have no evidence to suggest that metabolomic
alterations arose from alloimmune responses or any of other damage occurring in the

immediate post-transplant period.

Our study also provides information about how metabolomic alterations change over
time, as revealed by both pathway analysis (Figure 12) and variation in the concentration
of individual metabolites (figures 6 and figure 6S). The effect of transplantation on the
citrate cycle varied over time (concentrations of succinic acid decreased at M12, whereas
those of citric acid and cis-aconitic acid increased), revealing improvement of
mitochondrial function. Similarly, effects related to medullary injury also changed with

time, as evidenced by the shift from DMA, TMA and TMAO toward other metabolites of
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this pathway, dihydroxyacetone and formic acid. Transport function of the proximal
tubule also improved as shown by the decrease of glucose and the appearance of
hippuric acid in urine over time. Interestingly, concentrations of metabolites of the
ketone bodies pathway (3-hydroxybutyric acid and acetoacetic acid) increased in urine
from the 3™ month post-transplantation. The ketone content of urine is usually very low.
However, if carbohydrates cannot be used for energy, the body utilizes fat, and ketones
are formed as a by-product. The presence of ketones in the urine of our patients may
reflect poor control of their initial diabetes or could be an early sign of new onset
diabetes after transplantation (NODAT). We were not able to verify this hypothesis in our
cohort because NODAT was not systematically retrieved in the database and it mostly

occurs after M12.

Urine at M3 and M12 also contained metabolites related to nicotinamide metabolism (N-
methyl-2-pyridone-5-carboxamide (2PY), N-methylnicotinamide). These metabolites,
derived from the breakdown of NAD*, are found in the urine of healthy individuals as a
result of their renal elimination. Thus, their presence in the urines at M3 and M12
indicates that they were better excreted than at the earlier period (D7). Renal function of
our patients improved at M3 and M12 as compared to D7 (Table 1). Furthermore, as N-
methylnicotinamide is an endogenous substrate for the organic cation transporters (45,
46), one can hypothesize that down-regulation of renal transporters observed in the
early period in response to ischemia-reperfusion has resolved at later ones. The presence
of these metabolites in urine may also originate from the inhibition of IMPDH (inosine
monophosphate deshydrogenase) by mycophenolic acid (MPA), which was administered
as the third immunosuppressive agent in our patients. IMPDH (IMP:NAD*
oxidoreductase) catalyzes the NAD"-dependent oxidation of IMP to xanthosine
monophosphate (47). Inhibition of IMPDH by MPA could cause accumulation of its
substrates, IMP and NADY, thus explaining the high level of niconinamide metabolites in
urine. However, NAD*/NADH are central for energy metabolism and several factors may

affect their abundance.
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Our study provides insight into the time-dependent consequences of transplantation but
sheds no light on the controversial issue of differential nephrotoxic effects of CsA and
tacrolimus. Although OPLS-DA revealed slight differences at each sampling time between
the urine of patients treated with Tac or CsA, the metabolite profiles, summarized by the
Yerep, Were not significantly different. Thus, we did not identify a set of metabolites
indicative of CNI-specific effects. Only one study in rats has compared the urinary
metabolomic profile between the two drugs (48). At the doses tested, changes after
tacrolimus were less pronounced than those observed after treatment with cyclosporine.
Both drugs affected the same biochemical pathways (citric acid cycle and hippuric acid),
and only the magnitude of the effect on these pathways differed. However, in the only
study in humans to compare the two drugs, patients receiving tacrolimus exhibited
several specific changes that were not observed in those receiving cyclosporine.
However, this study reports metabolomic data in serum, which prevents comparison with

our results (12).

In conclusion, we provide for the first time longitudinal metabolomic data in renal
transplant patients. Although the factors contributing to graft outcome are
interdependent, the main mechanisms contributing to graft injury can be individually
distinguished. Thus, experimental results obtained in animals are transposable to
humans. Our data pave the way for the widespread implementation of pharmaco-
metabolomic studies that will improve our understanding of the effects of drugs and
facilitate the testing of new therapeutic strategies preventing kidney damage after

transplantation.
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Figure legends:
Figure 1: Score plot of PCA analysis of 1H NMR (1a) and GC-MS (1b) data. Urine was

collected at D7 (Green), at M3 (Gray) and at M12 (Red). R?Ycum and Q?cum were
calculated from the two first components in PCA (1a:R*X=0.427; Q*=-0.0669 and 1b:

R?X=0.374; Q*=0.31).

Figure 2: 3D Score plot of PLS-DA analysis of 1H NMR (2a) and GC-MS (2b) data of urine
from patients treated with CsA (circles) or Tac (triangles) at the three sampling times,
i.e. D7 (Green), M3 (Gray) and M12 (Red). R2Ycum and Q2cum were calculated

(2a:R?X=0.275; Q*=0.057 and 2b:R?X=0.321; Q?=0.308).

Figure 3: 1H NMR spectrum of a urine sample showing dimethylamine (DMA),
trimethylamine (TMA), trimethylamine N-oxide (TMAO), alpha-N-Phenylacetyl-L-
Glutamine (PAG), N-methyl-2-pyridone-5-carboxamide (2PY) and N-methylnicotinamide

(NMNA).

Figure 4: Score plots of pairwise comparison by OPLS-DA of 1H NMR data of (a) urine at
D7 (Green dots) vs urine at M3 (Gray dots) (R*X=0.164; Q*=0.146) and of (b) urine at

D7 (Green dots) vs urine at M12 (Red dots) (R2X=0.275; Q*=0.565)

Patients treated with CsA are indicated with dotted circles whereas those treated with Tac

are indicated with continuous circles.

Figure 5: Contribution plots of 1H NMR data showing the major metabolites accounting
for the separation between (a) urine at D7 (green) and at M3 (gray) and (b) urine at D7
(green) and at M12 (red); positive values show the metabolites that are highly abundant
at M3 (5a) and M12 (5b) whereas negative values show those that are highly abundant
at D7 (5a and 5b). Alpha-N-Phenylacetyl-L-Glutamine (PAG), N-methyl-2-pyridone-5-
carboxamide (2PY), Trimethylamine (TMA), N-methylnicotinamide (NMNA),

Dimethylamine (DMA) and Trimethylamine N-oxide (TMAO).

Figure 6: Box-plots of individual metabolite/Cr ratios (1H NMR data) at the three

sampling times (D7, M3 and M12).
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Figure 7: Chromatograms of 2 different urine samples. Metabolites in urine appear as
chromatographic peaks, characterized by their intensity (Y axis) and retention time (X
axis). The overlay view enables visualization of differences in the urinary content for each

metabolite.

Figure 8: Score plots of pairwise comparison by OPLS-DA of GC-MS data of (a) urine at
D7 (Green dots) vs urine at M3 (Gray dots) (R*X=0.54; Q*=0.59) and of (b) urine at D7
(Green dots) vs urine at M12 (Red dots) (R*X=0.64; Q*=0.624). Patients treated with
CsA are indicated by dotted circles whereas those treated with Tac are indicated by

continuous circles.

Figure 9: Pairwise comparison by OPLS-DA of urine from patients treated with CsA (black
dots) or Tac (red dots) analyzed by 'H NMR at the three sampling times. (a) Comparison
at D7 (R°X=0.36; Q°=0.24), (b) Comparison at M3 (R°X=0.15; Q°=0.018) and (c)
Comparison at M12 (R*X=0.13; Q?=0.22).And those analyzed by GC-MS at the three
sampling times. (d) Comparison at D7 (R?X=0.15; Q?=0.17), (e) Comparison at M3

(R2X=0.31; %*=0.21) and (f) comparison at M12 (R*X=0.23; Q?=0.022).

Figure 10: Box-plots of Y values for Tac and CsA groups, computed with the model
comparing D7 and M3 (10-a 1H NMR data; p value=0.501; 10-b GC-MS data; p
value=0.979),and those computed with the model comparing D7 and M12 (10-c '*H NMR

data; p value=0.299;10-d GC-MS data; p value=0.276).

Figure 11: Summary of the pathway analysis with MetPA when all the metabolites (*H
NMR and CG-MS), at each sampling time (D7, M3 and M12) were considered. The area of
the bubbles is proportional to the effect of each pathway, with color denoting the
significance from highest in red to lowest in white. (a) Synthesis and degradation of
ketone bodies, (b) Taurine and hypotaurine metabolism, (c) Dimethylamine and methane

metabolisms, (d) Dicarboxylate metabolism, (e) Citrate cycle, (f) Pyruvate metabolism.
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Figure 12: Summary of the variation in metabolite concentration over time after kidney
transplantation. Metabolites are listed in rows and biochemical pathways in columns.

Color key indicates high concentrations of the metabolite at a given sampling time.
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Table I: Patient characteristics

Characteristics Tac group CsA group
Baseline characteristics of all patients
Males/females 15/10 7/6
Age median (range), years 59 (16- 74) 50 (20- 67)
Weight median (range), kg 73 (40 - 105) 75 (59 - 111)

Characteristics of patients analyzed at D7
Creatininemia median (range), pmol/L
Creatininuria median (range), mmol/L
Proteinuria median (range), g/L

Characteristics of patients analyzed at M3
Creatininemia median (range), umol/L
Creatininuria median (range), mmol/L
Proteinuria median (range), g/L
eGFR median (range), mL/min/1.73 m2

Characteristics of patients analyzed at M12
Creatininemia median (range), pmol/L
Creatininuria median (range), mmol/L
Proteinuria median (range), g/L
eGFR median (range), mL/min/1.73 m2

195 (92 - 1490)
4.44 (1.02-9.04)
0.51 (0.09-1.98)

137 (78 - 369)
3.48 (0.95-11.76)
0.09 (0-0.32)
54 (17.5 - 105)

129 (89 - 356)
5.19 (1.43-11.61)
0.11 (0-0.53)
48 (14.7 - 115)

146 ( 80 - 464)
4.69 (1.42-7.32)
0.39 (0.12-1.24)

133 (77 - 206)
4.15 (2.73-6.34)
0.07 (0-1.68)
55 (48.3 - 106)

109 (82 - 171)
5.5 (1.54-10.56)
0.06 (0-0.52)
70 (63 - 118)

Tac :Tacrolimus, CsA :Cyclosporine
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Table 2: Metabolites that were identified in urines of patients By 1H NMR

Compound chemical shift (ppm)
L-Alanine 1.48 (d)

Acetic acid 1.93 (s)
Acetoacetic acid 2.34 (s)
Succinic acid 2.42 (s)

Citric acid 2.63 (d), 2.69 (d)
Dimethylamine 2.72 (s)
Trimethylamine 2.86 (s)
Taurine 3.25 (t), 3.41 (1)
Trimethylamine N-oxide 3.27 (s)
Dihydroxyacetone 4.45 (s)
Tyrosine 6.87 (d), 7.13 (d)
Alpha-N-Phenylacetyl-L-Glutamine 7.35-7.46 (tt)
Hippuric acid 7.54 (m), 7.63 (m), 7.83 (m)
N-methyl-2-pyridone-5-carboxamide (2PY) 8.27 (s), 8.33 (d)
Formic acid 8.46 (s)
N-methylnicotinamide 8.84 (1), 9.1 (s)

ppm : One part per million (ppm)
(s): singlet, (d):doublet, (t): triplet , (m):multiplet
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Table 3: Metabolites differing between D7 and M3 or M12 in urines of patients treated with Tac or CsA

Model Feature VIP Retention time (min) p Content variance Proposed identification Percentage match (%)
D7 vs M3
M217T1046 1,211 17,43 <0.0001 f D7 Myo-inositol 89%
M42T443 1,095 7,38 <0.0001 f D7 Characterized by the ions 57,100,70,144,188,203
M254T678 1,04 11,3 0,001 f M3 Characterized by the ions 254;284;299
M282T838 1,028 13,96 0 f D7 ?
M157T946 0,996 15,76 0 f D7 D-Glucose 91%
M199T1565 0,921 26,08 0,004 f D7 ?
M160T925 0,914 15,4 0 f D7 D-Glucose (?) 84%
M189T823 0,877 13,71 0,001 f D7 Sugar ?
M235T592 0,861 9,86 0,01 f M3 3-Hydroxybutyric acid 92%
D7 vs M12
M246T847 1,076 14,12 <0.0001 f M12 Ribonic acid 85%
M285T827 1,063 13,78 <0.0001 f M12 Cis aconitic acid 86%
M231T736 1,04 12,26 <0.0001 f M12 ? 82%
M254T678 1,02 11,3 <0.0001 f M12 Characterized by the ions 254;284;299
M233T592 1,008 9,86 <0.0001 f M12 3-Hydroxybutyric acid 92%
M42T443 1,005 7,38 <0.0001 f D7 Characterized by the ions 57,100,144,188,203
M237T845 0,982 14,08 <0.0001 f M12 Sugar(Pentose?) 91%
M247T668 0,937 11,13 <0.001 f M12 ?
M117T809 0,928 13,48 0 f M12 Sugar (Hexose?) 83%
M103T946 0,916 15,76 <0.0001 f D7 D-Glucose 91%

VIP :Variable importance on projection

p :p value

D7: The 7th day post-transplantation, M3: 3 months after transplantation,

34
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Table 4: Metabolites that were differentially expressed over time in urines of patients.

Compound Analytical Method Overrepresented at time "T" Main pathway description*
Acetic acid 1H NMR M3 and M12 Taurine and hypotaurine metabolism
Acetoacetic acid 1H NMR M3 and M12 Synthesis and degradation of ketone bodies
L-Alanine 1H NMR D7 Taurine and hypotaurine metabolism

Citric acid 1H NMR M3 and M12 Citrate cycle (TCA)

cis-Aconitic acid GC-MS M12 Citrate cycle (TCA)

Dihydroxyacetone 1H NMR M3 and M12 Dimethylamine metabolism
3-Hydroxybutyric acid GC-MS M3 and M12 Synthesis and degradation of ketone bodies
Dimethylamine 1H NMR D7 Dimethylamine metabolism

Myoinositol GC-MS D7 Galactose metabolism/ Inositol phosphate metabolism
Formic acid 1H NMR M3 and M12 Dimethylamine metabolism

D-Glucose GC-MS D7 Glycolyse

Hippuric acid 1H NMR M3 and M12 Phenylalanine metabolism
N-methylnicotinamide 1H NMR M3 and M12 Nicotinamide metabolism
Alpha-N-Phenylacetyl-L-Glutamine 1H NMR M3 and M12 Phenylalanine metabolism
N-methyl-2-pyridone-5-carboxamide (2PY) 1H NMR M3 Nicotinamide metabolism

Ribonic acid GC-MS M12 Pentoses metabolism

Succinic acid 1H NMR M3 Citrate cycle (TCA)

Taurine 1H NMR D7 Taurine and hypotaurine metabolism
Trimethylamine 1H NMR D7 Dimethylamine metabolism

Trimethylamine N-oxide 1H NMR D7 Dimethylamine metabolism

Tyrosine 1H NMR M3 and M12 Phenylalanine metabolism

* according to MetPA web-based tool. The more relevant is indicated in case the metabolite also hits in a secondary pathway

D7: The 7th day post-transplantation,M3: 3 months after transplantation,M12: 12 months after transplantation
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Table 5 : Results from pathway analysis with MetPA, restricted to those with more than one hit or with impact > 0.1

Pathway Total Expected Hits Raw p - LN(p) Holm-Bonferoni p FDR Impact
Dimethylamine and methane metabolisms 34 0,30 5 7,18E-06 11,84 5,75E-04 5,75E-04 0,16
Phenylalanine metabolism 45 0,39 4 5,06E-04 7,59 4,00E-02 1,52E-02 0,03
Citrate cycle (TCA) 20 0,17 3 5,94E-04 7,43 4,63E-02 1,52E-02 0,13
Dicarboxylate metabolism 50 0,44 4 7,60E-04 7,18 5,86E-02 1,52E-02 0,15
Synthesis and degradation of ketone bodies 6 0,05 2 1,07E-03 6,84 8,09E-02 1,70E-02 0,70
Butanoate metabolism 40 0,35 3 4,60E-03 5,38 3,40E-01 5,25E-02 0,06
Taurine and hypotaurine metabolism 20 0,17 2 1,25E-02 4,38 9,15E-01 1,25E-01 0,33
Tyrosine metabolism 76 0,66 3 2,67E-02 3,62 1,00E+00 2,23E-01 0,05
Pyruvate metabolism 32 0,28 2 3,07E-02 3,48 1,00E+00 2,23E-01 0,10
Propanoate metabolism 35 0,31 2 3,63E-02 3,32 1,00E+00 2,42E-01 0,03
Inositol Phosphate metabolism 39 0,34 1 2,91E-01 1,23 1,00E+00 9,53E-01 0,14

Total :is the total number of compounds in the pathway

Hits :is the actually matched number from the user uploaded data

Raw p: is the original p value calculated from the enrichment analysis

Holm p: is the p value adjusted by Holm-Bonferroni method
FDR p :is the p value adjusted using False Discovery Rate

Impact :is the pathway impact value calculated from pathway topology analysis
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Table 6 : Results from pathway analysis with MetPA when analyzing separately the metabolites at each sampling time, restricted to those significantly
over-represented or with impact > 0.1

Pathway Total Expected Hits Raw p - LN(p) Holm-Bonferroni p FDR Impact
Impacted at D7

Dimethylamine and methane metabolism 34 0,10 3 8,68E-05 9,35 6,94E-03 6,94E-03 0,00
Taurine and hypotaurine metabolism 20 0,06 2 1,35E-03 6,61 1,06E-01 5,38E-02 0,36
Galactose metabolism 41 0,12 2 5,63E-03 5,18 1,45E-01 2,25E-01 0,00
Inositol phosphate metabolism 39 0,11 1 1,08E-01 2,23 1,00E+00 9,95E-01 0,14
Impacted at M3

Phenylalanine metabolism 45 0,15 3 3,20E-04 8,05 2,56E-02 2,56E-02 0,03
Pyruvate metabolism 32 0,11 2 4,56E-03 5,39 3,60E-01 1,37E-01 0,10
Dimethylamine and methane metabolism 34 0,10 2 5,14E-03 5,27 4,01E-01 1,37E-01 0,16
Dicarboxylate metabolism 50 0,17 2 1,09E-02 4,52 8,31E-01 1,75E-01 0,14
Impacted at M12

Phenylalanine metabolism 45 0,15 3 9,08E-04 7,00 7,62E-02 4,95E-02 0,03
Dicarboxylate metabolism 50 0,17 3 1,24E-03 6,69 9,78E-02 4,95E-02 0,15
Citrate cycle (TCA) 20 0,09 2 3,45E-03 5,67 2,69E-01 9,20E-02 0,12
Pyruvate metabolism 32 0,15 2 8,74E-03 4,74 6,30E-01 1,57E-01 0,10
Dimethylamine and methane metabolism 34 0,16 2 9,84E-03 4,62 7,48E-01 1,57E-01 0,16
Synthesis and degradation of ketone bodies 6 0,03 1 2,71E-02 3,61 1,00E+00 3,10E-01 0,70

D7: The 7th day post-transplantation,M3: 3 months after transplantation,M12: 12 months after transplantation
Total :is the total number of compounds in the pathway

Hits :is the actually matched number from the user uploaded data

Raw p: is the original p value calculated from the enrichment analysis

Holm p: is the p value adjusted by Holm-Bonferroni method

FDR p :is the p value adjusted using False Discovery Rate

Impact :is the pathway impact value calculated from pathway topology analysis
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