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ABSTRACT

The assessment of kidney function within the first year following transplantation is crucial for
predicting long-term graft survival. This study aimed to develop a robust and accurate model
using metabolite profiles to predict early long-term outcomes in patient groups at the highest risk
of early graft loss. A group of 61 kidney transplant recipients underwent thorough monitoring
during a one-year follow-up period, which included a one-week hospital stay and follow-up
assessments at three and six months. Based on their 12-month follow-up serum creatinine levels:
Group 2 had levels exceeding 1.5mg/dl, while Group 1 had levels below 1.5mg/dl. Metabolites
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were detected by mass spectrometer and first pre-processed. Univariate and multivariate statistical
analyses were employed to identify significant differences between the two groups. Nineteen
metabolites were found to differ significantly in the 1° week, and seventeen metabolites in the 3™

longitudinal metabolite
profiling; biomarker;
diagnosis; Long-Term
renal graft survival;

month (adjusted p-value < 0.05, quality control (QC) < 30, a fold change (FC) > 1.1 or a FC < 0.91,
Variable Influence on Projection (VIP) > 1). However, no significant differences were observed in
the 6% month. These distinctive metabolites mainly belonged to lipid, fatty acid, and amino acid
categories. Ten models were constructed using a backward conditional approach, with the best
performance seen in model 5 for Group 2 at the 1st-week mark (AUC 0.900) and model 3 at the
3-month mark (AUC 0.924). In conclusion, the models developed in the early stages may offer
potential benefits in the management of kidney transplant patients.

untargeted metabolomics

1. Introduction effects on the transplanted kidney [4-7]. Serum creatinine
levels and creatinine clearance are valuable markers for
identifying patients the highest risk of graft loss (HREGL)
after transplantation [8]. Standard monitoring methods for
assessing graft dysfunction encompass various approaches,

including clinical evaluation, urine and serum parameters of

Kidney transplantation (KTx) is the preferred option for
many individuals with end-stage kidney disease, as it offers
numerous advantages such as improved quality of life,
decreased mortality risk, and reduced financial burden [1,2].
Effective post-transplant care necessitates vigilant monitor-

ing of allograft dysfunction. Detecting and addressing graft
injury before irreversible harm develops is a crucial goal [3].
Numerous risk factors have been identified that can impact
kidney transplant outcomes. These factors include survival
rejection episodes, nephrotoxic agents, recipient age, donor
age, race, presence of diabetes, delayed graft function, Human
Leukocyte Antigens (HLA) compatibility, Cytomegalovirus
infection, and periods of warm (WIT) and cold ischemia (CIT),
as well as acute graft effects, which refer to the immediate

kidney function, measurement of immunosuppressive drug
levels, and renal allograft biopsy [9,10]. Serum creatinine,
commonly used to assess kidney function, requires cautious
interpretation. Its levels can significantly vary due to factors
like age, gender, muscle mass, metabolism, body weight,
nutrition, and hydration. Moreover, serum creatinine may
not increase until significant kidney damage has occurred,
potentially indicating the presence of renal injury before cre-
atinine levels elevate [11]. In cases where definitive diagnosis
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is required, follow-up biopsies are necessary. However, renal
biopsies present certain drawbacks, including invasiveness,
impracticality in clinical settings, potential risks of bleeding
and elevated blood pressure [12].

Metabolomics, a technique that involves analyzing metab-
olites in various biological matrices like urine, blood, feces,
and tissues, is utilized for biomarker discovery and unraveling
metabolic mechanisms. This field has witnessed remarkable
advancements in bioinformatics and the adoption of
high-throughput technologies, including capillary electropho-
resis mass spectrometry, nuclear magnetic resonance,
ultra-performance liquid chromatography coupled with elec-
trospray ionization/quadrupole-time-of-flight mass spectrom-
etry (UPLC/ESI/QToF-MS), infrared spectroscopy, and gas
chromatography-mass spectrometry [13-15]. MS technology
offers significantly higher selectivity and sensitivity compared
to nuclear magnetic resonance, and it is also a more
cost-effective option [16,17]. Urine is advantageous due to its
noninvasive collection, cost-effectiveness, and lower protein
interference, allowing precise metabolite analysis. Its use for
biomarker research minimizes complications associated with
other sample types [16,18]. After undergoing a kidney trans-
plant, patients will need to take medication and undergo
regular monitoring to minimize the risk of organ rejection.
This lifelong commitment to medication and monitoring is
essential for maintaining the proper functioning of the trans-
planted kidney. The health and functionality of the kidneys
are vital for overall well-being and quality of life [19].

To enhance kidney transplant patient outcomes and
enable timely intervention, detecting kidney disease early is
crucial. In this study, 61 kidney transplant recipients were
examined using advanced technology - ultra-high-perfor-
mance liquid chromatography coupled with a benchtop QTof
mass spectrometer. The goal was to find metabolite biomark-
ers indicating early Long-Term Outcomes (LTO) in patients at
high risk of graft loss. Specifically, those with serum creati-
nine levels above 1.5mg/dl after 12months. By creating a
reliable model based on these biomarkers, the study aims to
provide doctors with a vital tool for early prediction and
intervention, potentially improving patient survival.

2. Materials and methods

The Ethics Committee approved the study of Acibadem
Mehmet al.i Aydinlar University (Turkey). Prior to participa-
tion, all individuals provided informed written consent in
accordance with the approved protocol (Approval ID:
2022-02/30). Informed consent was obtained from all sub-
jects involved in the study.

Throughout the one-year follow-up, 61 kidney transplant
recipients were closely monitored. This group consisted of
36 individuals in group 1 and 25 in group 2 during the first
week, 29 in group 1 and 24 in group 2 at the third month,
and 32 in group 1 and 23 in group 2 at the sixth month
for routine post-transplant analysis. This monitoring also
involved a one-week hospital stay and follow-up assessments
at three and six months. Their 12-month follow-up serum

creatinine levels categorized them into two groups: Group
2 had levels exceeding 1.5mg/dl, while Group 1 had levels
below 1.5mg/dl. In our investigation, we did not observe any
occurrences of rejection throughout the one-year follow-up
period. Furthermore, no instances of delayed graft function
were noted among the patients during this same follow-up
duration. It’s crucial to emphasize that all surgical procedures
utilized organs donated by living individuals. Data acquisition
was performed using liquid chromatography-mass spectrom-
etry (LC-MS) with the Xevo G2 XS QTof system. The detected
metabolites were pre-processed and subjected to univariate
and multivariate statistical analyses to uncover significant dif-
ferences between the groups. In our study, analysis of the
24-hour urine volume revealed no statistically significant differ-
ences among the study participants (p> 0.05) (Supplementary
File). Therefore, total urine volume was not used for data
normalisation in the subsequent analyses. Instead, normaliza-
tion of the metabolomic data was carried out using Total lon
Chromatogram (TIC)-based methods For a detailed and com-
prehensive analysis, see the Supplementary File.

3. Results
3.1. Technical reproducibility

Based on the evaluation of QC samples prepared from the
study samples, it is crucial to effectively monitor the perfor-
mance of the system in important analytical parameters such
as retention time, detector response, and mass accuracy to
ensure more reliable results. In our study, the data analysis
demonstrated that the QC samples exhibited a tight cluster-
ing pattern (Figure 1S(A,B)). This observation confirms the
reliability of the metabolomics data and indicates the effec-
tiveness and repeatability of the method used for metabolite
profiling of human urine.

3.2. Group comparison, univariate and multivariate
statistical analysis

This study involved kidney transplant recipients categorized
into two groups based on their serum creatinine levels at the
12th-month post-transplantation. Group 1 comprised patients
with serum creatinine levels below 1.5, while Group 2
included those with levels exceeding 1.5 [8,9]. Metabolite
measurements were conducted on urine samples taken from
all recipients at the 1st week, 3rd month, and 6th month
post-transplant. Comparisons between Group 1 and Group 2
were made to identify potential disparities in urinary metab-
olite profiles linked to kidney function and transplant
outcomes.

The OPLS-DA model was utilized to identify potential bio-
markers distinguishing between groups. OPLS-DA score plots
exhibited clear metabolic profile differences between Group
1 and Group 2 at 1st week, 3rd month, and 6th month time
points. These plots displayed distinct separation, signifying
significant urinary metabolite differences. Notably, the
1st-week model showed R2Y of 098 and Q2 of 0.54,
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Figure 1. The OPLS-DA-generated score plots and volcano plots depict samples from Group 1 (depicted by green circles) and Group 2 (depicted by blue
circles) after kidney transplantation. The analysis contrasts data from the first week (1W) and the third month (3M) following kidney transplantation in the
ESI-positive mode. (A,B) showcases volcano plots for Group 1 and Group 2 during the first week (A) and the third month (B) post-kidney transplantation.
(C,D) demonstrates the outcomes of the OPLS-DA model for Group 1/Group 2 in the first week (C) and Group 1/Group 2 in the third month after kidney
transplantation in ESI-mode (D). in these figures, ‘QC’ denotes the quality control sample, “1 W’ represents the first week, and ‘3 M’ represents the third month.

indicating good fit; likewise, the 3rd-month model demon-
strated R2Y of 0.95 and Q2 of 0.50, denoting reliable separa-
tion (Figure 1(A,B)). These findings imply the potential of the
identified metabolites as biomarker candidates for distin-
guishing between the groups post kidney transplantation. it's
important to note that no significant variations in features
were observed during the 6th month after transplantation.
Furthermore, the developed OPLS-DA model for the 6th
month indicated overfitting, raising concerns about its ability
to accurately capture the dataset’s underlying patterns.

The OPLS-DA models’ predictive ability and variable sig-
nificance were validated using VIP plots (Figure 1(C,D)).
These plots confirmed metabolites with notable abundance
differences between groups, contributing to separation.
Statistical evaluations, including the CV-ANOVA and permu-
tation tests, were conducted. CV-ANOVA produced p-values
of 1.61E-32 (1*t week) and 3.46E-11 (3™ month), indicating
strong predictive power. The permutation test involved 200
permutations, comparing R2 and Q2 values of true models
with those of permuted models. For the 1st-week compari-
son, R2 and Q2 values were superior in true models (0.952
and —0.336). Similarly, for the 3rd-month comparison, true
models outperformed permutations (R2: 0.905, Q2: —0.291).
This highlights the genuine models’ robustness in revealing
significant differences between groups.

3.3. 1t week and 3" month statistics

Serum creatinine levels are crucial markers for identifying a
specific subset of patients within HREG. The discriminative

ability of serum creatinine in distinguishing Group 2 from
Group 1 in HREG was assessed through ROC analysis. In the
1st week post-transplantation, the AUC for serum creatinine
was 0.73 (95% confidence interval: 0.674 to 0.785, p-value:
0.0001, model 1), indicating moderate to good discriminative
power at this time point. Multivariable statistical analyses
revealed significant differences between Group 1 and Group
2 based on serum creatinine levels at various time points. In
the 1st week, 19 metabolites exhibited significant differences,
and in the 3rd month, 17 metabolites were notably different.
These distinctions were based on criteria including (adjusted
p-value < 0.05, quality control (QC) < 30, a fold change (FC)
> 1.1 or a FC < 0.91, VIP) > 1, as detailed in Table S2-S3. The
identified metabolites hold the potential to serve as biomark-
ers for distinguishing the two groups based on serum creat-
inine levels.

The identified metabolites exhibiting significant differ-
ences between Group 1 and Group 2 belong to diverse
classes, including fatty acyls, steroids, glycerolipids, glyc-
erophospholipids, sphingolipids, saccharolipids, amino
acids, prenol lipids, and sophorolipids (Table S2 and S3).
To gauge the discriminatory potential of these metabo-
lites, individual ROC curve analyses were conducted. In
the 1st week post-kidney transplantation, the resulting
AUC values ranged from 0.39 to 0.71, and in the 3rd
month, from 0.32 to 0.76. These AUC values reflect the
metabolites’ ability to differentiate between the two
groups. Notably, there was variability in AUC values, with
some metabolites demonstrating weak to moderate dis-
criminative capability.
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3.4. Combined biomarkers model

As shown in Tables S4 and S5, based on the Stepwise
Backward logistic regression analysis, a total of five models
were constructed: three models with clinical variables and
two models without clinical variables both assessed in the 15
week and the 3™ month following kidney transplantation.
The models were built using the potential individual bio-
marker  candidates,  their log-transformed values,
log-transformed ratios, and serum creatinine ratios. The mod-
els without clinical variables focused solely on the metabolo-
mic variables, their transformations, transformation ratios,
and serum creatinine ratios. These models aimed to evaluate
the discriminative power of the selected biomarkers in pre-
dicting the group classification. On the other hand, the mod-
els with clinical variables included not only metabolomic
variables but also additional clinical variables such as gender,
diabetes, HLA mismatch, WIT, CIT, and donor age. By incorpo-
rating clinical variables, these models aimed to assess the
combined effect of both metabolomic and clinical factors in
predicting the group classification. A total of 10 models were
developed, consisting of 5 models constructed in the first
week after transplantation and another 5 models constructed
in the third month after transplantation. These diverse mod-
els encompassed various combinations of variables, enabling
a comprehensive analysis of potential biomarkers and their
interactions with clinical factors. This approach facilitated a
thorough exploration of the complex dynamics between bio-
markers and clinical variables within the specific time frames
considered. Here is a summary of the different models we
constructed: In Model 1, only serum creatinine was entered
as a predictor variable. In Model 2, the same serum creati-
nine variable from Model 1 was retained, and additional
clinic variables (gender, diabetes, HLA mismatch, WIT, CIT,
and donor age) were added to the model. Model 3 intro-
duced potential individual biomarker candidates’ serum cre-
atinine ratios as predictor variables. Model 4 retained these
ratios from Model 3 and added the same additional clinic
variables as in Model 2. Lastly, Model 5 expanded on Model
4 by considering potential individual biomarker candidates,
their log-transformed values, log-transformed ratios, and
additional clinic variables both in the first week and three
months after kidney transplantation.

The Hosmer & Lemeshow (H-L) goodness-of-fit test
assesses the agreement between observed and predicted
outcomes, with lower p-values suggesting a potential lack of
fit. As shown Table S4, In the 1% week after kidney transplan-
tation, in Model 1 and Model 2, the H-L test yielded signifi-
cant p-values of 0.001, indicating a possible lack of fit.
However, Model 3, Model 4, and Model 5 had p-values of
0.116, 0.066, and 0.175, respectively, suggesting a better fit
for these models. The Nagelkerke (pseudo) RA2 values mea-
sure the proportion of variance explained by the models,
with higher values indicating a better fit. In this case, Model
5 had the highest RA2 value of 0.571, followed by Model 4
(0.414), Model 2 (0.328), Model 3 (0.173), and Model 1 (0.099).

These results indicate the goodness-of-fit of the logistic
regression models.

During the 3rd month after kidney transplantation, the
Hosmer & Lemeshow (H-L) goodness-of-fit test results, as
presented in Table S5, indicated that all models demon-
strated considerably high p-values. This suggests that the
models provided a good fit for the data during this
post-transplantation period. The Nagelkerke (pseudo) RA2
values showed that Model 3 had the highest RA2 value of
0.650, indicating that it had the strongest explanatory power
among the models, followed by Model 5 (0.610), Model 4
(0.576), Model 2 (0.5383), and Model 1 (0.347).

In our investigation of the contribution of gender to the
models in the first week after kidney transplantation, we
found consistent results across multiple models. In Models
1,4 and 5, the odds ratios for gender were 0.242, 0244, and
0.412, respectively. (Table S4). These results indicate that
being female is associated with a lower likelihood of being in
Group 2, suggesting that female patients may have a reduced
risk of renal dysfunction compared to male patients. In sum-
mary, our logistic regression analysis consistently suggests
that being female is associated with a reduced risk of renal
dysfunction compared to being male in kidney transplant
patients during the first week after transplantation. This indi-
cates that gender can serve as an important predictive factor
for early LTO in patients at the HREGL after transplantation.
Nevertheless, further validation and investigation are war-
ranted to confirm these findings and delve into the underly-
ing mechanisms contributing to the observed gender-based
differences in outcomes.

In the 1%t week and 3 month after kidney transplanta-
tion, the ROC analysis was conducted to assess the discrimi-
native ability of Group 2 from Group 1 for Model 1, Model 2,
Model 3, Model 4, and Model 5. As shown in Table S6, the
AUC values obtained for each model in the 15t week after
kidney transplantation indicate the discriminative ability of
each model in distinguishing Group 2 from other groups.
Model 5 demonstrates the highest AUC value (0.900), sug-
gesting a good discriminative ability. Model 2 and Model 4
also show moderate discriminative abilities with AUC values
of 0.805 and 0.834, respectively. Model 3 exhibits a slightly
lower discriminative ability with an AUC value of 0.721. See
Figure 2 for the ROC curve for the data presented in Table S6.

As shown in Table S7, Based on the provided AUC values,
the best model in the 3™ month after kidney transplantation
is Model 3, which has an AUC = 0.924 (95% Confidence inter-
val 0.851 to 0.968, p-value = 0.0001). This model exhibits the
highest AUC value among all the models, indicating a strong
discriminatory ability in distinguishing between Group 2 and
Group 1 in the 3 month after kidney transplantation. See
Figure 3 for the ROC curve for the data presented in Table S7.

In Model 5, in the first week after kidney transplantation,
the variable with the most significant contribution to the
model was the ratio of HMDB0010365 to HMDB0113193,
with an odd ratio of 3.71 (95% confidence interval: 1.15-
11.90) and a p-value of 0.027 (Table S4). In Model 3, in the
third month after transplantation, the variable with the most
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significant contribution to the model was the ratio of
HMDBO011679 to serum creatinine, with an odd ratio of 5.272
(95% confidence interval: 2.089-13.300) and a p-value of
less than 0.0001 (Table S5). These results indicate that these
specific biomarker ratios have a statistically significant asso-
ciation with the outcome being studied (e.g., graft survival
or kidney function) in the respective time periods. CIT was
excluded from all the models due to a lack of statistical sig-
nificance. It appears that CIT did not demonstrate a signifi-
cant association with the outcome being investigated in any
of the models at either time point.

4. Discussion

Prior studies have highlighted the significance of serum cre-
atinine levels at 6 and 12months and their change in pre-
dicting graft survival and long-term graft survival [9].
However, current monitoring methods for kidney transplants
are limited [11,12]. The primary goal of this study was to
construct a robust and accurate model using metabolite

Figure 2. ROC curves of Model 1. Model 2. Model 3. Model 4 and Model
5 in the 1% week after kidney transplantation.

Figure 3. ROC curves of Model 1, Model 2, Model 3, Model 4, and Model
5 at the 3™ month after kidney transplantation.
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profiles to predict early LTO in patient groups at the HREGL.
The study introduces a novel approach, utilizing non-targeted
LC-MS-MS urine metabolomic analysis, to predict LTO in
these patient groups. This research addresses a critical need
for accurate early prediction methods in kidney transplant
monitoring.

Using a panel of marker candidates instead of a single
marker in a biological system can enhance discrimination
capabilities. This approach captures various facets of the sys-
tem, boosting accuracy, sensitivity, and specificity in diagnos-
tic or predictive models [20]. This study employed logistic
regression to create models incorporating metabolomic and
clinical variables. The study generated 10 models, 5 for the
first week and 5 for the 3rd month post-transplantation. The
most successful models were identified with high AUC values
(0.900 in the 1st week, 0.924 in the 3rd month). These mod-
els offer insights into potential biomarkers for kidney trans-
plantation outcomes, especially in the early stages, aiding
risk assessment and targeted interventions for improved
graft survival. However, no significant differences were
observed in the 6th month. As patients recover from kidney
transplant surgery, their initial metabolic changes, driven by
the stress and adaptation to the new organ, undergo signif-
icant shifts. This dynamic phase of recovery is marked by
notable metabolic perturbations. Yet, as patients stabilize and
experience enhancements in their overall health, these early
metabolic alterations tend to normalize. The body endeavors
to return to a state of homeostasis, a balanced physiological
condition. The successful adaptation and stabilization of kid-
ney function by the 6th month suggest a potential approach
to a metabolic baseline, resulting in a diminished number of
significantly different metabolites.

A higher disparity in HLA between donor and recipient
can increase the risk of the recipient’s immune system attack-
ing the graft [21]. This study revealed that patients with
lower HLA mismatch experienced better kidney function one
year after transplantation, underscoring a significant link
between HLA mismatch and renal outcomes. This aligns with
existing research. Furthermore, studies suggest improved kid-
ney transplant prognosis for patients with preexisting diabe-
tes after one year [22,23]. This study supports this, indicating
a potential positive association between kidney transplanta-
tion and better renal results in diabetic patients. However,
more research is needed for validation and a comprehensive
understanding.

The study revealed significant differences in metabolites
between patient groups, particularly in lipids like glycero-
phospholipids and sphingolipids [24]. The study revealed sig-
nificant differences in metabolites between patient groups,
particularly in lipids like glycerophospholipids and sphingo-
lipids. These lipids are associated with glomerular disease
development, implying their role in kidney-related disorders’
pathogenesis. Phosphatidylcholine, a prevalent glycerophos-
pholipid synthesized via the Kennedy pathway in normal kid-
neys, is vital for renal cell membrane composition. Its
enhanced biosynthesis in response to growth signals sug-
gests its early role in kidney cell responses. Research linking
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phosphatidylcholine to T cell-mediated rejection underscores
its involvement in kidney rejection’s pathophysiology [25].
The study highlighted metabolite HMDB0113193, involved in
phosphatidylcholine biosynthesis, along with abnormal cardi-
olipin levels, as potential indicators for early prediction, espe-
cially in high-risk patient groups. Cardiolipin, a mitochondrial
inner membrane phospholipid, is crucial for diverse cellular
processes. Changes in cardiolipin levels post-kidney trans-
plantation suggest its role in renal function restoration
[26,27]. This research has indicated that the expression
HMDBO0116798, which refers to cardiolipin, decreases from
one week to three months post-transplantation. This sug-
gests that the process of renal function restoration may con-
tribute to changes in cardiolipin levels during the early
stages of kidney transplantation.

Sphingolipids, critical components of cell membranes, play
diverse roles in cellular functions including adhesion, prolifer-
ation, migration, inflammation, and apoptosis [28]. Imbalances
in sphingolipid metabolism, particularly within specific glo-
merular cells like podocytes, have been linked to kidney dis-
ease progression [29]. Such imbalances can disrupt podocyte
function, cause glomerular inflammation, and impair the filtra-
tion barrier. Understanding the role of sphingolipids in kidney
disease pathogenesis can potentially provide insights into
novel therapeutic targets and interventions for the manage-
ment of renal disorders. Our research emphasized the identi-
fication of the glycosphingolipid HMDB0004961, situated
within sphingolipid subclasses, as notably linked to the risk of
kidney dysfunction in recipients of kidney transplants. This
discovery holds significance in foreseeing early, long-term
consequences in patients at the utmost vulnerability of graft
loss post-transplantation.

Previous studies have shown that testosterone and andro-
gens are associated with an increased risk of ischemia-
reperfusion injury [30,31]. Moderate to severe sexual dysfunc-
tion is a common occurrence in the advanced stages of kid-
ney failure. Evidence suggests that reduced levels of circulating
sex steroidal hormones are not only linked to clinical hypogo-
nadism but may also be associated with an increased risk of
premature cardiovascular disease development and graft loss.
These hormones play a significant role in the pathogenesis
and progression of kidney failure, contributing to adverse out-
comes beyond hypogonadism alone [32-35] According to
recent data, physiological levels of sex hormones are typically
restored around six months after a successful kidney trans-
plantation. This restoration occurs as uremia, a condition asso-
ciated with kidney failure, is no longer present [35-38]. Steroid
hormones play a crucial role in regulating various physiologi-
cal functions, including blood salt balance, reproduction, main-
tenance of secondary sexual characteristics, response to stress,
immunomodulation, regulation of stress responses, neuronal
function, modulation of lipid metabolism, and various meta-
bolic processes [39]. Androgens, such as testosterone, andro-
stenedione, and dehydroepiandrosterone sulfate, are major
circulating androgens in the systemic circulation [40].
Additionally, sex steroid hormone concentrations, including
androgens and estrogens, have been linked to renal function
decline and greater evidence of kidney damage. Steroids have

also been studied as part of maintenance therapy for kidney
transplants [41-43]. In our study, we included steroid hor-
mones in our model as a lipid type due to their enhanced
sensitivity and specificity in identifying patients in Group 2.
This garnered significant attention as the study pinpointed
HMDB0000458, HMDB0010365, HMDB0010351, HMIDB0035345,
and HMDB0034205 as significant steroid hormone metabolites
distinguishing groups in the first week after KTx. Findings sug-
gest that HMDBO0010365 and HMDBO0000458 expression
increases from one week to three months post-transplantation,
indicating altered steroid hormone biosynthesis in HREGL
patient groups. These hormones could potentially predict early
LTO. The study underscores the importance of steroid hor-
mones as essential metabolite structures for predicting LTO in
HREGL patients. Moreover, HMDB0060118, identified as a sac-
charolipid, holds potential as a candidate in a metabolic bio-
marker model, suggesting the involvement of saccharolipids
and other lipid types in prognosticating outcomes in high-risk
end-stage renal disease patient groups. This underscores the
importance of contemplating diverse lipid types, encompass-
ing steroid hormones and saccharolipids, as possible biomark-
ers for foreseeing results in such patient cohorts.

Our study revealed notable alterations in fatty acids and
amino acids expression, affecting the group at risk of early
graft loss. Specifically, changes in amino acids like
HMDBO0012266, HMDB0029138, and HMDB0029452, along
with lipids, were identified. Previous research linked lysine
synthesis disruptions to acute rejection and post-transplant
diabetes [44,45]. HMDBO0012266, an intermediate in lysine
synthesis [46], showed increased levels in Group 2 compared
to Group 1, potentially predicting early graft loss risk. Fatty
acid metabolism disturbances have implications in conditions
like chronic kidney disease and transplantation, causing
mitochondrial dysfunction and cellular damage [47-49].
Long-chain acyl-CoA, involved in fatty acid metabolism,
membrane modifications, and physiological processes, is
linked to these disturbances [50]. Our findings emphasize
HMDB0062229 and HMDB0012266's importance as early
graft loss risk biomarkers within the first week after kidney
transplantation. These metabolites from fatty acid and amino
acid classes offer insights into early graft adaptation’s meta-
bolic changes and could potentially predict poor outcomes
in at-risk patients.

The study faces limitations, notably the relatively small
sample size. In order to establish the predictive efficacy for
long-term patient outcomes at HREGL, it is imperative to
carry out a focused LC-MS approach within a more exten-
sive longitudinal investigation. Expanding this research is
vital for enhancing the clinical utility of these biomarkers
in the management of kidney transplant patients, providing
more dependable insights, and ultimately improving patient
outcomes. Another constraint in our study arises from the
potential introduction of variability into the metabolomic
data due to the absence of standardized dietary conditions
or fasting requirements during sample collection, which
could affect the precision and comprehensibility of our
results. Additionally, while our study sought to elucidate
metabolomic profiles primarily from a human perspective, it's



essential to acknowledge the challenges in precisely attrib-
uting metabolites to human or microbial origins. The current
methodologies, though advanced, might not entirely differ-
entiate between the two sources. Our samples were predom-
inantly from human subjects, and the study didn’t explicitly
explore microbial contributions. Further investigations are
warranted to determine the origin of these metabolites,
whether human or microbial. In the study, TIC-based normal-
ization was opted for because of its recognized advantages,
especially in the context of the untargeted metabolomics [57,
52]. This approach offers a global normalization strategy that
considers the overall composition of metabolites in a sample.
Notably, our investigation found no significant statistical dif-
ferences in 24-hour urine volumes among the subjects stud-
ied. It is important to recognize that our deliberate choice of
TIC normalization over expressing metabolite concentrations
in terms of daily excretion amounts via multiplication with
urine volume may be perceived as a limitation. While we
acknowledge the value of expressing metabolite concentra-
tions in relation to urine volume, our study prioritized the
advantages offered by TIC normalization. This decision should
be considered in the context of the specific goals and char-
acteristics of our untargeted metabolomics analysis. Future
studies may explore the comparative implications of differ-
ent normalization methods, taking into account both the
advantages and limitations of each approach. Additionally,
the absence of significant statistical differences in urine vol-
umes in our study enhances the robustness of our chosen
normalization strategy within the scope of our investigation.

5. Conclusions

In summary, we formulated ten models using a backward
conditional approach with model 5 performing best for
Group 2 in the first week (AUC 0.900) and model 3 excelling
at the 3rd month (AUC 0.924). These outcomes underscore
the potential of our models to predict early LTO in individuals
at risk of early graft loss. This insight holds promise for refin-
ing strategies and interventions to enhance the success of
kidney transplant recipients. The incorporation of these bio-
markers into predictive models can improve risk assessment
and guide interventions, particularly in high-risk patients.
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