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ABSTRACT ARTICLE HISTORY

This study aimed to identify biomarkers for chronic kidney disease (CKD) by studying serum
metabolomics. Serum samples were collected from 194 non-dialysis CKD patients and 317 healthy
controls (HC). Using ultra-high-performance liquid chromatography-tandem mass spectrometry
(UPLC-MS), untargeted metabolomics analysis was conducted. A random forest model was
developed and validated in separate sets of HC and CKD patients. The serum metabolomic profiles
of patients with chronic kidney disease (CKD) exhibited significant differences compared to healthy
controls (HC). A total of 314 metabolites were identified as significantly different, with 179 being
upregulated and 135 being downregulated in CKD patients. KEGG enrichment analysis revealed
several key pathways, including arginine biosynthesis, phenylalanine metabolism, linoleic acid
metabolism, and purine metabolism. The diagnostic efficacy of the classifier was high, with an
area under the curve of 1 in the training and validation sets and 0.9435 in the cross-validation set.
This study provides comprehensive insights into serum metabolism in non-dialysis CKD patients,
highlighting the potential involvement of abnormal biological metabolism in CKD pathogenesis.
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Exploring metabolites may offer new possibilities for the management of CKD.

Introduction

Chronic kidney disease (CKD) is a heterogeneous group of
diseases that irreversibly change the function and structure
of the kidneys [1]. In 2017, the global prevalence of CKD was
9.1%, representing 697.5 million patients, including 132.3 mil-
lion in China [2]. CKD has an insidious onset, and its cause is
complex and uncertain. Age, sex, genetics, autoimmunity,
exposure to heavy metals, smoking, excessive drinking, viral
infections, obesity, hypertension, and diabetes are risk factors
for CKD. Still, prevention strategies based on traditional risk
factors such as hypertension, blood glucose management,
and obesity do not reduce the prevalence of CKD [3].
Glomerular loss and hypertrophy, impaired glomerular filtra-
tion rate, and renal fibrosis are part of the pathophysiological
process of CKD [4], but our understanding of the pathophys-
iology of CKD remains limited.

The loss of kidney function in CKD is progressive and irre-
versible, eventually leading to end-stage renal disease (ESRD),
with many complications, high mortality, and a large eco-
nomic burden. There is a lack of targeted treatment mea-
sures for end-stage renal disease, and the present treatment
strategies mainly rely on renal replacement therapy, includ-
ing dialysis and kidney transplantation. It is estimated that
by 2040, the number of deaths due to CKD may increase to
2.2 million or even 4 million [2].

Currently, urine protein excretion, renal histopathology,
serum creatinine (SCr), and estimated glomerular filtration
rate (eGFR) are commonly used to diagnose CKD, but these
methods have poor sensitivity and have limited value in the
early detection of kidney injury. SCr is used to stage CKD [5],
but it varies with age, race, sex, muscle mass, total body
weight, and nutritional status [6]. The available biomarkers
are limited, and there is an urgent need to find novel
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biomarkers that are more specific and sensitive to enable the
timely and accurate detection of CKD and to find new ther-
apeutic targets [7-9].

The kidneys influence the levels of circulating
low-molecular-weight metabolites through glomerular filtra-
tion, tubular secretion, reabsorption, catabolism, and biosyn-
thesis. Hence, abnormal renal function can affect the levels
of various metabolites in the blood [10]. Metabolomics is the
study of all metabolites in a given system and can be used
to identify the changes that occur in a disease and metabo-
lites that could be used as biomarkers for screening, diagno-
sis, and/or monitoring [11]. Metabolomics, especially the
untargeted type, constitutes one of the most frequently
applied approaches in biological research, and it aims to
measure the comprehensive metabolomic profiles in various
biological samples under both normal physiological as well
as pathophysiological conditions. The metabolomics approach
has been used to study various diseases, including kidney
diseases [12], Marfan syndrome [13], diabetic retinopathy
[14], and diabetic nephropathy [15]. Still, predictive biomark-
ers for the early detection of CKD remain to be identified.

Therefore, this study aimed to examine the serum metab-
olomics of patients with CKD, explore the possible pathogen-
esis of CKD, and seek biomarkers of CKD. The results could
help prevent, detect, and manage CKD.

Materials and methods
Study design and participants

This study was conducted according to the tenets of the
Declaration of Helsinki and the Conference for Coordination of
Clinical Practice. The study was reviewed and approved by the
Institutional Review Board of the First Affiliated Hospital of
Zhengzhou University (# 2021-KY-0655). All participants signed
written informed consent after the study protocol was fully
explained.

Data collection was conducted at the time of specimen col-
lection. The specimens were collected in the Zhengzhou and
Hangzhou areas in 2018 and 2019. The demographic and clin-
ical data of participants were obtained from questionnaires and
hospital electronic medical records of hospitals. Metabolomics
was performed once all specimens were collected.

The diagnosis and staging of all patients with CKD
were based on the criteria described in the KDIGO 2020
clinical practice guideline for evaluating and managing CKD
[16]. The participants were staged according to eGFR (mL/
min/1.73 m2): CKD1 (eGFR =90), CKD2 (eGFR 60-89), CKD3
(eGFR 45-59), CKD4 (eGFR 15-44), and CKD 5 (eGFR <15)
[16]. The Cockcroft-Gault(CG)formula was used to eGFR.

(140 —age) x (wtkg)
72XScr(mg/dl)

The exclusion criteria were (1) <18 or >80years of age, (2)
a CKD-related drug therapy had been initiated, or the candi-
date had undergone hemodialysis, peritoneal dialysis, or kid-
ney transplantation, (3) any serious disease of the digestive
system, blood, or respiratory system or a tumor, or (4) miss-
ing essential clinical information.

eGFR = (15% less in females).

The control group comprised healthy volunteers who vis-
ited the hospital for their annual physical examination. The
inclusion criteria were (1) they match the basic characteristics
of the CKD group, except for CKD, (2) no diseases of the uri-
nary system, blood system, endocrine system, digestive sys-
tem, etc., and (3) a history of regular physical examination at
the hospital.

Specimen collection

The specimens (5mL of venous blood) were collected early
in the morning after an overnight fast (Disposable BD serum
collection tube, no additives). The blood was centrifuged at
3000rpm for 10min, and 500 uL of supernatant was stored at
—80°C for testing.

Metabolite extraction

The metabolites were extracted from 100puL of serum using
400uL of methanol: water (4:1, v/v) with 0.02mg/mL
L-2-chlorophenyl alanine as the internal standard. The mix-
ture was allowed to settle at —10°C and treated in a
high-throughput tissue crusher Wonbio-96c (Shanghai Wanbo
Biotechnology Co., Ltd) at 50Hz for 6 min and then by ultra-
sound at 40kHz for 30min at 5°C. The samples were placed
at —20°C for 30min to allow the proteins to precipitate. After
centrifugation at 13,000 xg at 4°C for 15min, the superna-
tant was carefully transferred to sample vials for UPLC-MS/MS
analysis.

Quality control sample

A pooled quality control (QC) sample was prepared by mix-
ing equal volumes of all specimens. The QC samples were
disposed of and tested in the same manner as the analytical
samples. The QC sample was injected every 10 samples to
monitor the stability of the analysis.

Chromatographic separation of the metabolites

The chromatographic separation of the metabolites was per-
formed on a Thermo UHPLC system equipped with an
ACQUITY UPLC HSS T3 column (100x2.1Tmm id., 1.8um;
Waters, Milford, USA). The samples (2uL) were separated
using the HSS T3 chromatographic column and detected by
mass spectrometry. Mobile phase A consisted of 95% water
+ 5% acetonitrile (containing 0.1% formic acid). Mobile phase
B consisted of 47.5% acetonitrile + 47.5% isopropyl alcohol +
5% water (containing 0.1% formic acid). At 0-3.5min, mobile
phase B increased from 0% to 24.5%, and the flow rate was
0.40mL/min. At 3.5-5min, mobile phase B increased from
245% to 65%, and the flow rate was 0.40mL/min. At
5-5.5min, mobile phase B increased from 65% to 100%, and
the flow rate was 0.40mL/min. At 5.5-7.4min, mobile phase
B was maintained at 100%, and the flow rate increased from
0.40 to 0.60 mL/min. At 7.4-7.6 min, mobile phase B decreased
from 100% to 51.5%, and the flow rate was 0.6 mL/min. At



7.6-7.8min, mobile phase B decreased from 51.5% to 0%,
and the flow rate decreased from 0.6 to 0.5mL/min. At
7.8-9min, 0% of mobile phase B was maintained, and the
flow rate decreased from 0.5 to 0.4mL/min. At 9-10min, 0%
mobile phase B was maintained, and the flow rate was
0.4mL/min. The column temperature was 40°C.

Mass spectrometry

The mass spectrometric data were collected using a Thermo
UHPLC-Q Exactive HF-X Mass Spectrometer equipped with an
electrospray ionization (ESI) source operating in either the
positive or negative ion mode. The positive and negative ion
scanning mode was adopted to collect the sample quality
spectrum signal. The quality scanning range was m/z
70-1050. The parameters were ion spray voltage, positive ion
voltage 3500V, negative ion voltage 2800V, sheath gas 40 psi,
auxiliary heating gas 10psi, ion source heating temperature
400°C, 20-40-60V cyclic collision energy, MS1 resolution
70,000, and MS2 resolution 17,500.

Data analysis and data preprocessing

After the UPLC-MS analysis, the raw data were imported into
Progenesis QI 2.3 (Nonlinear Dynamics, Waters, USA) for peak
detection and alignment. The preprocessing generated a
data matrix that consisted of the retention time (RT), m/z
values, and peak intensity. The data matrix used the 80% rule
to remove the missing value, i.e. the variables with non-zero
values above 80% in at least one group of samples were
retained, and then the vacant value was filled (the minimum
value in the original matrix fills the vacancy value). After fil-
tering, the minimum metabolite values were imputed for
specific samples for which the metabolite levels fell below
the lower limit of quantification, and each metabolic feature
was normalized by sum. As an internal standard for data QC
(reproducibility), the metabolomic features for which the rel-
ative standard deviation (RSD) was QC >30% were discarded.
Following normalization procedures and imputation, statisti-
cal analysis was performed on log-transformed data to iden-
tify the significant differences in metabolite levels between
groups. The mass spectra of these metabolomic features
were identified using the accurate mass, MS/MS fragments
spectra, and isotope ratio difference and by searching in reli-
able biochemical databases such as the Human Metabolome
Database (HMDB) (http://www.hmdb.ca) and the METLIN
database (https://metlin.scripps.edu). The mass tolerance
between the measured m/z values and the exact mass of the
components of interest was +10ppm. For metabolites having
MS/MS confirmation, only the ones with an MS/MS fragments
score of >30 were considered as confidently identified.

Differential metabolite analysis

The metabolic profiles of the serum samples were compared
between CKD and HC using univariable and multivariable
analyses. Variable distribution was normalized using log
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transformation for all preprocessed data. The Mann-Whitney-
Wilcoxon test with a false discovery rate correction was used
to measure the significance of each metabolite. A multivari-
able statistical analysis was performed using the R software
package (ropls) (version 1.6.2, http://bioconductor.org/
packages/release/bioc/htmL/ropls.html) from Bioconductor.
The principal component analysis (PCA) using an unsuper-
vised method was used to examine the intrinsic variation
within the dataset and obtain an overview of the variation
between groups, and visualize the general clustering, trends,
and outliers. All metabolite variables were scaled to unit vari-
ances before conducting the PCA. A supervised partial least
squares discrimination analysis (PLS-DA) and orthogonal par-
tial least squares discriminate analysis (OPLS-DA) were done
to determine the overall differences in the metabolomic pro-
files of the groups and find the differential metabolites
between groups. Compared with PLS-DA, OPLS-DA can effec-
tively reduce the complexity of a model and enhance the
interpretation ability without compromising the prediction
ability of the model to check the differences between groups
to the greatest extent. In order to prevent model overfitting,
200 permutation tests were used to investigate the fitting
effect of the model. Generally, if the Q2 intercept value was
<0 or the Q2 values were lower on the left side of the per-
mutation test chart than the original point on the right, the
fitness of the model was considered better.

The models were trained on 80% subsets with tenfold
cross-validation repeated three times. The 20% holdout sub-
sets were used to validate the final model. Each training iter-
ation was repeated ten times per model per cause. The
hyperparameters were manually set to favor a more general-
izable model and limit overfitting. Models were assessed
with four evaluation metrics to account for how the skewed
distribution of CKD causes might overestimate model perfor-
mance: receiver-operator area-under-the-curve (ROC-AUC),
precision-recall area-under-the-curve (PR-AUC), F1 score, and
Matthews correlation coefficient (MCC). Significant features
were designated as metabolites included in the top 10%
most-weighted features in =5/10 training iterations.

The potential metabolites between the CKD and HC
groups were identified based on the variable importance in
the projection (VIP) calculated in the OPLS-DA model, and
the metabolites with VIP >1.0 were selected. A panel of
potential metabolites responsible for the differences between
CKD and HC was obtained. Fold change (FC) was calculated
based on mean ratios for CKD/HC. The differential metabo-
lites between CKD and HC were identified using Student’s
t-test with a threshold of p<0.05 in SPSS 22.0 (IBM, Armonk,
NY, USA). Metabolites with multivariable and univariable sta-
tistical significance (VIP > 1 and p<0.05) were considered
potential biomarkers.

Molecular pathway identification

By integrating the relevant information from HMDB, Kyoto
Encyclopedia of Genes and Genomes (KEGG) (http://www.
kegg.com) compound database, and the Lipid Metabolites
and Pathways Strategy (LIPID MAPS) database (http://www.
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lipidmaps.org), the pathway annotation analysis of the dif-
ferential metabolites was performed. The metabolic path-
way map was obtained (except for the metabolites that
were not found). After obtaining the KEGG ontology of the
metabolites, according to the KEGG level (KEGG BRITE)
database, the KEGG results were divided into four levels,
denoted by A, B, C, and D, respectively, and the level was
incremented once. BRITE A contained six branches, includ-
ing cellular processes, environmental information process-
ing, genetic information processing, human diseases,
metabolism, and organismal systems. BRITE B belonged to
a small branch within BRITE A. BRITE C was a specific met-
abolic pathway. BRITE D was a single metabolite. These
metabolites were classified according to the pathways they
were involved in or the functions they performed. The
KEGG pathway topology was mainly based on each cyclic
reaction structure, combined with the relative position of
the biomolecules and a method of evaluating the relative
importance of pathways through weighted scores. In order
to compare the different pathways, the comprehensive
score of each pathway was standardized to 1. The impor-
tance of each metabolite was measured according to its
relative position importance to obtain a weighted score,
which was obtained by calculating the weighted score of
matching metabolites and the cumulative importance score
of the current channel. The higher the score, the greater
the influence of the channel.

Random forest modeling

Random forest modeling was used to determine the best
predictive model for CKD [17].

Predictive value of the biomarkers

In order to identify the biological processes most related to
CKD, a channel enrichment analysis was carried out using
Fisher's exact test. The receiver operating characteristic (ROC)
curve analysis was performed using the survival analysis
module to evaluate the area under the curve (AUC) and to
compare the diagnostic ability of significantly different
metabolites between the two groups.

Statistical analysis

The continuous variables were presented as means * stan-
dard deviations or median (interquartile ranges). The categor-
ical variables were presented as n (%). Differences between
the two groups were detected using Student’s t-test for nor-
mal continuous variables, the Wilcoxon rank-sum test for
non-normal continuous variables, and the chi-square test or
Fisher's exact test for categorical variables. Statistical analyses
were performed using SPSS 21.0 for Windows (IBM, Armonk,
NY, USA). Statistical significance was defined as p<0.05. Data
transformation, normalization, or evaluation of outliers was
not used in the study.

Results
Specimen selection

This study collected 529 serum specimens, but 512 met the
eligibility criteria (194 from patients with CKD and 317 from
healthy controls (HC). The samples from Zhengzhou were
randomly divided into the training and verification sets
(Figure 1). In the training set, the serum metabolomics of 210
HC and 110 CKD patients were determined, the key serum
markers were identified, and a CKD classifier was constructed
using a random forest model. In the validation set, the diag-
nostic efficacy of the CKD classifier was validated in 35 CKD
patients and 107 HC. Finally, the independent diagnostic
power of the CKD classifier was also confirmed in the 49 CKD
patients from Hangzhou. Table 1 presents the characteristics
of the participants.

Metabolic profiles and multivariable analysis

UPLC-MS detected 25,291 variables among the 512 partici-
pants, including 14,669 positive and 10,622 negative ion
modes. After preprocessing the original data, a data matrix
containing retention time, mass-nucleus ratio, peak intensity,
chemical formula, and metabolite humber was obtained, in
which 597 positive ion modes and 494 negative ion modes
were identified (Online Supplementary Data S1).

In order to evaluate the systemic changes of the metabo-
lome in CKD and identify biomarkers, PCA, PLS-DA, and
OPLS-DA were performed on the serum metabolites from
CKD patients and HC. The PCA score plots showed that the
metabolic pattern differs for CKD patients and HC. The
PLS-DA and OPLS-DA score plots could be readily divided
into two clusters, indicating that the serum metabolic pat-
tern was significantly altered in the participants with CKD.
The QC samples were intensively distributed with good
repeatability, indicating that the system was stable (Figure 2).
Hence, the PCA score plots showed that the metabolic pat-
tern was different between the CKD and HC groups. In addi-
tion, the PLS-DA and OPLS-DA score plots could be readily
divided into two distinct clusters, indicating that the serum
metabolic pattern was significantly altered in CKD.

Selection of differential metabolites

Using the VIP values (VIP >1) derived from the OPLS-DA and
the P-values (p<0.05), 314 differential metabolites were iden-
tified to be specific for CKD (Online Supplementary Data S2).
The heatmap (Figure S1 and Online Supplementary Data S2)
shows the relative intensities of these identified metabolites.
Through cluster analysis of all the identified metabolites, the
high and low expressions were crossed together. The expres-
sion patterns of 210 HC samples were similar, and the expres-
sion patterns of 110 CKD samples were also similar. The
metabolites whose expression was upregulated in CKD were
downregulated in HC, and those whose expression was
upregulated in HC were down-regulated in CKD (Figure S1
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Collected serum samples
320 HCs from Zhengzhou
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49 CKD from Hangzhou
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Training Set Validation set
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Biomarker selection (VIP>1& 49 CKD from Hangzhou
P<0.05)& model construction
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Figure 1. Study design and participant flowchart. CKD: chronic kidney disease; HCs: healthy controls; UPLC-MS: Ultra-high-performance liquid
chromatography-tandem mass spectrometry; VIP: variable importance in the projection; P: P value; RFC: random Forest classifier model.

Table 1. Clinical characteristics of participants in the discovery and validation set.

Discovery set (n=320) Validation set (n=142)

Clinical indices HC (n=210) CKD (n=110) P HC (n=107) CKD (n=35) P
Age (years) 47 (43,54) 53 (44,63) 0.073 49 (44,55) 46 (41,64) 0.533
Sex (female/male) 143/67 70/40 0.422 42/65 14/21 0.937
WBC (x109/L) 6.01 (5.2,7.1) 6.23 (4.90,8.13) 0.302 6.23+1.61 6.81+2.38 0.669
RBC (x1012/L) 4.85 (4.50,5.15) 3.70 (2.99,4.31) <0.001 4.73+0.40 3.68+0.73 <0.001
Hb (g/L) 151.5 (139.1,159.0) 111 (90.75,132.63) <0.001 146.45+15.22 113.83+£26.02 <0.001
PLT (x109/L) 234.43+52.04 208.31+75.45 <0.001 231.97+57.35 209.91+61.32 0.225
Ca (mmol/L) 2.39 (2.33,2.45) 2.21 (2.08,2.32) <0.001 2.38 (0.12) 2.16 (0.23) <0.001
P (mmol/L) 1.13 (1.02,1.22) 1.26 (1.09,1.72) <0.001 1.2 (0.24) 1.28 (0.37) <0.001
BUN (mmol/L) 4.61 (3.83,5.51) 15.00 (7.40,24.85) <0.001 4.56 (1.61) 12.7 (16.3) <0.001
SCr (umol/L) 69.8+13.22 406.55+123.85 <0.001 67.31+13.06 363.69+133.65 <0.001
UA (umol/L) 317.64+£80.40 406.55+123.85 <0.001 302 (250,360) 346 (284,416) 0.18
FBG (mmol/L) 5.32 (5.04,5.80) 4.74 (432,5.27) <0.001 5.36 (5.09,6.00) 4,63 (4.32,5.05) <0.001
ALB (g/L) 47.67 £2.40 37.69+8.04 <0.001 47.63+2.76 36.98+8.79 <0.001
TC (mmol/L) 4.75+0.86 4.85+1.98 0.481 4.84 (4.15,5.18) 5.09 (4.01,5.83) 0.512
TG (mmol/L) 1.35 (0.94,1.90) 1.43 (1.01,2.16) 0.25 1.40 (0.96,1.82) 1.59 (1.07,2.21) 0.566
LDL (mmol/L) 2.95 (2.41,3.41) 2.92 (2.11,3.76) <0.001 2.95+0.76 3.32+1.45 0.338
24-h UTP (q) ND 1.78 (0.68,4.79) ND 2.86 (0.85,5.33)
CKD clinical stage Stages 1-2 28 (25.45%) 11 (31.43%)

Stages 3-4 33 (30.00%) 12 (34.29%)

Stage 5 49 (44.55%) 12 (34.29%)

Continuous variables were expressed as means+standard deviations or median (interquartile ranges). Categorical variables were expressed as percentages.
Continuous variables were compared using Student s t-test or Wilcoxon rank-sum test, and categorical variables were compared using the chi-square test
or Fisher’s exact test.

CKD: chronic kidney disease; HC: healthy control; WBC: white blood cells; RBC: red blood cells; Hb: hemoglobin; PLT: platelet; Ca: calcium; BUN: blood Urea
nitrogen; SCr: serum creatinine; UA: uric acid; FBG: fasting blood glucose; ALB: albumin; TC: total cholesterol; TG: triglyceride; LDL: low-density lipoprotein;
24-h UTP: 24-h urine protein quantitation; ND: no detection.
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Figure 2. PCA (a), PLS-DA (b, c), and OPLS-DA (e, f) analysis score plots illustrate the metabolic of CKD and healthy controls. (d) QC samples (purple V)
are intensively distributed. PLS-DA and OPLS-DA analysis score plots for metabolic profiles of CKD (red A) and HC (green +) show clear discrimination
between the two groups. (c, f) Permutation testing was used to assess the reliability of the models. CKD: chronic kidney disease; HC: healthy control; PCA:
principal component analysis; PLS-DA: Partial least squares discrimination analysis; OPLS-DA: orthogonal partial least squares discriminate analysis; QC:

quality control.

and Online Supplementary Data S2). The volcano chart pres-
ents the relative expression of the identified metabolites in
CKD compared with HC. Of these, 179 metabolites were
upregulated, and 135 were downregulated (Figure 3 and
Online Supplementary Data S2). Hence, the results indicate
that the metabolomes of CKD and HC are different.

Metabolic pathway analysis

In order to understand the metabolic pathways and functions
of the above-mentioned differential metabolites, KEGG ID
numbers were obtained for all the metabolites from the rele-
vant databases. A total of 52 metabolites and 56 metabolic
pathways were queried (Online Supplementary Data S3-S4
and Figure S2). In BRITE A, the metabolites annotated for
environmental information processing were inosine, melibiose,
and L-glutamine, for human diseases, were L-glutamine,
LysoPC(22:2(13Z,16Z)), and nicotine, for organismal systems
were bilirubin, L-glutamine, and 14,15-DiHETYE. Fifty-two
metabolites were annotated to metabolism, including
L-glutamine, pyrrole-2-carboxylic acid, and N-formylmethionine.
BRITE B included 21 branches and 37 metabolites annotated
to global and overview maps, including N2-acetyl-L-ornithine,
L-glutamine, and Hippuric acid. Fifteen metabolites were
annotated to amino acid metabolism, including L-glutamine,

pyrrole-2-carboxylic acid, N2-acetyl-L-ornithine, and
N-formylmethionine. Eight metabolites were annotated to
14,15-DIiHETYE, nervonic acid, 9-OxoODE, and 9,10,13-TriHOME.
(Figure S2 and Online Supplementary Data S5).

The six pathways that contained the highest number of
differential metabolites were purine metabolism, caffeine
metabolism, tyrosine metabolism, phenylalanine metabolism,
ABC (ATP-binding cassette) transporters, and amino acid bio-
synthesis (Figure S3). There were four metabolites in the
purine metabolism pathway (inosine, adenosine 3'-mono-
phosphate, L-glutamine, and hypoxanthine), three metabo-
lites in the caffeine metabolism pathway (1-methyluric acid,
theophylline, and caffeine), and three metabolites in the tyro-
sine metabolism pathway (homovanillin, vanillylmandelic
acid, and atrolactic acid) (Figure 4(a)).

The Metabolomics Pathway Analysis (MetPA) and the
KEGG online database were used to explore the most rele-
vant metabolic pathways and functions and reveal the under-
lying mechanisms of CKD at the metabolic level. As shown in
Figure 4(b), 26 metabolic pathways were affected overall. The
impact-value threshold calculated from the pathway topol-
ogy analysis was set at 0.10. The top five pathways in plasma
identified by P-value included (1) one carbon pool by folate,
(2) pentose and glucuronate interconversions, (3) porphyrin
and chlorophyll metabolism, (4) alanine, aspartate, and
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glutamate metabolism, and (5) folate biosynthesis (impact
value >0.1) (Figure 4(b) and Online Supplementary Data S6).

The KEGG pathway enrichment analysis of the differential
metabolites from CKD and HC was performed using Fisher's
exact test. The results showed significant differences in import-
ant pathways, including caffeine metabolism, D-glutamine, and
D-glutamate metabolism, purine metabolism, arginine biosyn-
thesis, phenylalanine metabolism, and linoleic acid metabolism,
with P-values of 0.0023, 0.0105, 0.0240, 0.0302, 0.0321, and
0.0425, respectively (Figure 4(c) and Online Supplementary
Data S7). iPath 3.0 (interactive Pathways Explorer, http://
pathways.embl.de) was used to visualize the metabolic path-
ways in the entire biological system (Figure S4).

Diagnostic potential for CKD based on serum
metabolomics

In the training set, a random forest classifier model between
110 CKD and 210 HC was constructed to evaluate the poten-
tial of biomarkers in diagnosing CKD. Through the five-fold
cross-validation of the random forest model, ten metabolites
were selected as the best markers for CKD, including
9,10,13-TriHOME, (E)-raphanusanin, 9-OxoODE, and MG(0:0/
14:1(9Z)/0:0). The probability of disease (POD) index for the
training set, validation set, and cross-validation set was cal-
culated using these ten best metabolites identified. In the

training set, compared with the HC group, the POD value of
CKD was significantly higher, with an area under the curve
(AUCQ) of 1 (95% confidence interval (Cl): 0.9998-1). The data
showed that the classifier model based on the serum differ-
ential metabolites could effectively distinguish CKD from HC.

Furthermore, 107 HC samples from Zhengzhou, 35 CKD
samples from Zhengzhou, and 49 CKD samples from
Hangzhou were combined to form a validation set and a
cross-validation set to verify the effectiveness of the serum
metabolomics classifier model for CKD. The data showed that
the POD value of CKD in the two sets was significantly higher
than for HC. In the validation set, the AUC of the POD index
was 1 (95% CI: 1-1). In addition, in the cross-validation set, the
POD index between CKD and HC reached an AUC of 0.9435
(95% Cl: 0.8992-0.9879, p<0.0001). These data confirmed the
diagnostic potential of serum metabolomics for CKD (Figure
5). Serum metabolites can be used as a new diagnostic tool
for CKD, but further research is needed for validation.

Metabolite correlation analysis and classification

Pearson’s correlation analysis was used to analyze the correla-
tion between pairs of metabolites (Figure S5 and Online
Supplementary Data S8). The metabolites were classified
based on their structure and function into nine categories
(Figure S6).
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Figure 4. Results of pathways analysis of differential metabolites. (a) Conta
Each bubble represents a KEGG pathway, the horizontal axis represents the
the vertical axis represents the significance of the enrichment of metabolite

ins statistics of the top 20 pathways with the most different metabolites. (b)
relative importance of the metabolites in the pathway and the impact value;
s involved in the pathway -log2 (P value). The size of the bubble is expressed

by the representation of impact value. The color represents the p-value of pathway enrichment. Pathways were considered significantly enriched if the
impact value >0.1. (c) KEGG pathways enrichment analysis. Each column represents a pathway, and the height of the column represents the enrichment
rate. The calculation formula is as follows: (enrichment ratio=sample number/background number). The color indicates the significance of the enrichment
(P value). p<0.001 is marked as ***, p<0.01 is marked as **, and p<0.05 is marked as *. KEGG: Kyoto Encyclopedia of Genes and Genomes.

Blood urea nitrogen (BUN) had a positive correlation with
avocadienofuran, portulacaxanthin lll, roxithromycin, repaglinide
aromatic amine, and 11-B-Hydroxyandrosterone-3-glucuronide,
while it had a negative correlation with myricanene B 5-[arab-
inosyl-(1->6)-glucoside]. Uric acid (UA) was positively correlated
with avocadienofuran, portulacaxanthin I, repaglinide aro-
matic amine, and 11-B-hydroxyandrosterone-3-glucuronide.
Albumin (ALB) was positively correlated with myricanene B
5-[arabinosyl-(1->6)-glucoside] and negatively correlated with
avocadienofuran, portulacaxanthin 1ll, roxithromycin, and
repaglinide aromatic amine (Figure 6 and Online Supplementary
Data S9).

Metabolomics analysis of different CKD stages

These were 39 CKD stage 1-2 samples (group A), 45 CKD
stage 3-4 samples (group B), and 61 CKD stage 5 samples
(group C). Then, 326 metabolites showed differences among
the three groups (at the same time meeting VIP >1, p<0.05)
(Online Supplementary Data S10). Based on KEGG, 52 metab-
olites, and 56 metabolic pathways were queried (Online

Supplementary Data S11-12). The four pathways that con-
tained the highest number of differential metabolites were
ABC transporters, phenylalanine metabolism, tyrosine metab-
olism, and amino acid biosynthesis. There were six metabo-
lites in the ABC transporters pathway (myo-inositol,
L-glutamine, and melibiose). Phenylacetylglycine, hippuric
acid, and benzoic acid were in the phenylalanine metabolism
pathway (Online Supplementary Data S13). MetPA analysis
indicated that these biomarkers closely correlated with vari-
ous metabolic pathways involved in CKD pathogenesis,
including the arginine biosynthesis pathway, biotin metabo-
lism, inositol phosphate metabolism, and alanine, aspartate,
and glutamate metabolism (Online Supplementary Data S14).
KEGG enrichment analysis showed that 52 pathways were
enriched, out of which six signaling pathways were signifi-
cantly enriched (p<0.05), including arginine biosynthesis
pathway, caffeine metabolism, phenylalanine metabolism,
galactose metabolism, and ABC transporters (Online
Supplementary Data S15). Metabolite classification showed
that 14 metabolites could be divided into 11 categories
(Online Supplementary Data S16).
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The differences between serum metabolic profiles at differ-
ent clinical stages of the disease were examined. With the pro-
gression of CKD, the levels of seven metabolites (including
2-hydroxyestrone-1-S-glutathione,  16-bromo-9E-hexadecenoic
acid, and 3,8-dihydroxy-6-methoxy-7(11)-eremophilen-12,8-olide),
gradually decreased, while the levels of 190 other metabolites
(including nicotine, 3-hydroxycarbamazepine, 2-indolecarboxylic
acid, and 2-carboxy-4-dodecanolide) gradually increased
(Figure 7).

Fourteen clinical indicators (UA, eGFR, erythrocyte sedimen-
tation rate, hypertension, total cholesterol, potassium, red
blood cells (RBC), stage, low-density lipoprotein, point urine
protein, phosphorus, triglycerides, complement 3, and procalci-
tonin) were closely related to the identified metabolites. eGFR
negatively correlated with salicyluric B-D-glucuronide and
8-acetylegelolide. The stage of disease positively correlated
with three metabolites in particular (trans-resveratrol 3,4'-disul-
fate, salicyluric B-D-glucuronide, and 8-acetylegelolide). RBC
was found to negatively correlate with 12 metabolites (includ-
ing cyclocalopin C1, scytalone, 11-B-hydroxyandrosterone-
3-glucuronide, and 2-carboxy-4-dodecanolide). Furthermore,
11-B-hydroxyandrosterone-3-glucuronide and ent-6R-16bOH-1
7-trihydroxy-7-oxo0-6-7-seco-19-6-kauranolide-6-O-glucoside
were positively correlated with the operational taxonomic unit
19 (OTU19) (Akkermansia). 11-B-hydroxyandrosterone-3-glucu-
ronide, trans-resveratrol-3-4-disulfate, and ent-6R-16bOH-1
7-trihydroxy-7-ox0-6-7-seco-19-6-kauranolide-6-O-glucoside
positively correlated with OTU225 (Bacteroides). Cyclocalopin-C1
and 11-B-hydroxyandrosterone-3-glucuronide were negatively
correlated with OTU161 (Veillonella) (Figure 6b and Online
Supplementary Data S17).

Finally, random forest classifier models were constructed to
differentiate between CKD-A and CKD-B, CKD-A and CKD-C,
and CKD-B and CKD-C. Indole-3-carboxylic acid and
(3-arylcarbonyl)-alanine were selected as the optimal marker
set between CKD-A and CKD-B. The POD index achieved an
AUC value of 0.9595 (95% Cl: 0.8990-1) for CKD-A vs. CKD-B
(p<0.0001). Semilepidinoside B, uridine, N-(1-deoxy-1-fructosyl)-
valine, and nepsilon-acetyl-L-lysine were selected as the opti-
mal marker set between CKD-A and CKD-C. The POD index
achieved an AUC value of 1 (95% Cl: 1-1) for CKD-A vs.
CKD-C (p<0.0001). Asarylaldehyde, hydantoin-5-propionic acid,
1-methylinosine, and N6-acetyl-LL-2,6-diaminoheptanedioate
were selected as the optimal marker set between CKD-B and
CKD-C. The POD index achieved an AUC value of 0.9273 (95%
Cl: 0.8564-0.9982) for CKD-B vs. CKD-C (p<0.01). These results
indicate that these metabolites could be biomarkers for CKD
staging.

Discussion

CKD is one of the most concerning public health issues
worldwide. The early detection of kidney disease, careful
monitoring of kidney function, and timely response to treat-
ment interventions are essential for the timely diagnosis and
prevention of the progression and complications of CKD. The
present study comprehensively clarified the serum metabolo-
mics characteristics of patients with CKD using a large study
sample from China. Functional and classification analyses of
the differential metabolites were performed, and the correla-
tions between metabolites, the intestinal microbiota, and
clinical indicators were examined. A CKD diagnostic model
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was also successfully established, and the model achieved
external validation.

The present study showed that the serum metabolomics of
patients with CKD was significantly different from that of
healthy controls. A total of 314 metabolites with significant dif-
ferences were identified and were related to multiple metabolic
pathways and disorders. Using relevant databases, 52 highly
relevant metabolites were found, participating in 56 metabolic
pathways. The CKD serum metabolomics differences were
reflected in various biological pathways such as caffeine metab-
olism, arginine biosynthesis, purine metabolism, D-glutamine,
and D-glutamate metabolism. A previous study highlighted
several metabolites that could be used for kidney diseases [12].
Xu et al. [15] identified several lipids dans could be used as
biomarkers for diabetic nephropathy. Still, the metabolomics
approach is subjected to the analytical method used to exam-
ine the metabolites, and different studies that used different
analytic methods should not be directly compared.

Among the identified metabolites, many have been con-
firmed to be involved in the development of CKD. Oxidative
stress and inflammation are important features of CKD and
its complications (such as cardiovascular disease, hyperten-
sion, and anemia), as well as the main mediators of its occur-
rence and progression [18, 19]. Some of the metabolites have
been confirmed to be uremic toxins, and many of them are
believed to play a role in the progression of CKD and cardio-
vascular diseases (CVD), such as indoxyl sulfate (IS) [20],
3-methylamine oxide (TMAO) [21], p-cresyl sulfate (PCS) [22],
indole-3-acetic acid (IAA) [23], and hippuric acid. CVD is the
leading cause of morbidity and mortality in patients with
CKD or end-stage renal disease. PCS, IS, and IAA have been
confirmed to induce endothelial dysfunction, oxidative stress,
activation of signaling pathways (e.g. aromatic hydrocarbon
receptor (AhR), nuclear factor kappa B (NF-kB), and
mitogen-activated protein kinase (MAPK) pathways), and the
formation of endothelial microparticles that further promote
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the occurrence of CVD [24]. PCS can also contribute to kid-
ney injury and fibrosis by inducing epithelial-to-mesenchy-
mal transition and the expression of inflammatory factors
[25]. IS accumulates in CKD and can lead to pathological
fibrosis, thereby promoting the development and progres-
sion of CKD [26,27]. A study demonstrated that hippuric acid
could increase oxidative stress by decreasing the expression
of Nrf2 (nuclear factor erythroid 2 related factors) and its
downstream antioxidant enzymes to promote the progres-
sion of renal fibrosis [28-33]. Hence, multiple metabolites can
induce the development of CKD through oxidative stress and
chronic inflammation, while 5-methoxytryptophan (5-MTP)
and rhein can effectively control the inflammatory response,
reduce tissue damage, and reduce fibrosis. 5-MTP is a rela-
tively new endothelial factor with vascular protection and
anti-inflammatory effects [34, 35]. In the development of
CKD, the reduction of tryptophan raw materials and the
destruction of endothelial cells by LPS and inflammatory
mediators can all lead to the reduction of 5-MTP production
[36, 37]. Rhein can inhibit kidney inflammation by reducing
the level of reactive oxygen species and inhibiting oxidative
stress pathways, thereby protecting the kidneys [38].
Therefore, the weakened anti-inflammatory effect could lead
to the decline of the kidney’s ability to resist oxidative stress
and fibrosis, which leads to the occurrence of CKD.

At the same time, serum metabolites can serve as potential
therapeutic targets for CKD. 5-MTP can potentially be a drug
for treating kidney diseases caused by ischemia-reperfusion
injury [39]. IS can effectively induce the expression of cyto-
chrome P450 family 1 subfamily B member 1 (CYP1B1) via the
AHR pathway, and in vitro and in vivo studies have shown that
CYP1B1 knockdown or inhibition with 2,4,3",5'-tetra methoxy
stilbene (TMS) may reverse cardiac hypertrophy induced by IS,
which may be a potential therapeutic target for CVD among
patients with CKD [40]. Kelch-like ECH-associated protein 1
(Keap1) is the main Nrf2 repressor protein. The small molecule
Nrf2 activator bardoxolone methyl targeting Keap1 is benefi-
cial in all kidney diseases [39]. Keap1-Nrf2 protein-protein
interaction inhibitor CPUY 192002, pyrrolidine dithiocarbamate,
and Celastrol can effectively inhibit the chronic inflammation
of CKD [41, 42]. lodomethylcholine (IMC) can significantly
reduce multiple markers of renal injury (plasma creatinine,
cystatin C, and TMAO) and attenuate the development of CKD
and cardiac hypertrophy [21]. Hyperphosphatemia is a central
risk factor of CKD-associated mineral and bone disorder
(CKD-MBD), which is one of the complications during CKD and
usually leads to CVD. Niacin and its compounds can reduce
serum phosphate levels by inhibiting intestinal phosphate
transport [43, 44]. Hence, metabolites can improve kidney
damage and fibrosis by inhibiting chronic inflammation and
oxidative stress and reducing metabolite levels. Nevertheless,
clinical trials are needed to determine their effectiveness,
safety, and tolerability.

The random forest model identified 10 optimal metabolic
markers that can be used to distinguish patients with CKD
from healthy individuals. Among them, bilirubin has been
confirmed to reduce oxidative stress and improve renal

tubular damage and interstitial fibrosis. The serum bilirubin
levels in patients with CKD are significantly lower than in
healthy people [45]. It is worth noting that the present study
also identified metabolites that can be used to stage CKD.
Indeed, the serum levels of seven metabolites were found to
decrease with the progress of CKD, while the levels of four
accumulated with disease progression. Among them, methyl
guanidine and myo-inositol showed a significant positive cor-
relation with creatinine [46, 47], TMAO showed a negative
correlation with eGFR [3], and the levels of indole-3-acetic
acid (IAA) were found to be much higher in the more
advanced stages of CKD [23]. Of note, the prediction models
for CKD and CKD staging all had AUCs >0.95, indicating a
very high predictive value for CKD and CKD staging. These
performances are higher than the model by Xu et al. [15]
(based only on lipid metabolites) that showed an AUC of
0.77 and 66% sensitivity, and 77% specificity. Still, additional
studies are necessary for model validation.

The gut microbiota is important in health and disease [48,
49]. The gut microbiome can be used to diagnose CKD early
[50]. Multiple studies showed that the gut microbiome affects
the blood metabolome in CKD cases [51, 52], and some ure-
mic toxins have been derived from the intestinal microbial
metabolism of dietary amino acids. Tryptophan is an essen-
tial aromatic amino acid, considered important among many
metabolites in the crosstalk between gut microbiota and the
host [53, 54]. The host and gut microbiota produce large
amounts of uremic toxins derived from tryptophan metabo-
lism, which are associated with renal fibrosis. For example,
Lactobacillus, Bacteroides, Bifidobacterium, Peptostreptococcus,
Rumenococcus, Clostridium rumen, and Clostridium can metab-
olize tryptophan into indole and indole derivatives, such as
tryptamine, 1AA, and indole-3-propionic acid (IPA) [55, 56].
Peptostreptococcus spp can convert tryptophan into IPA in the
gut [55]. Tryptophan is metabolized by bacterial tryptophan
enzymes to produce the precursor indoles, and the latter can
be converted to IS [57]. Tryptophan metabolites accumulate
in the blood and participate in renal fibrosis [58]. The aro-
matic amino acid tyrosine is transformed into phenol,
p-cresol, and other phenolic compounds through the fer-
mentation of bacteria such as Bacteroides, Bifidobacterium,
Clostridium, Enterobacteriaceae, and Enterococcus. P-cresol can
be converted into PCS, and the latter can promote the prog-
ress of CKD [25]. Probiotics and AST-120 (an oral spherical
activated carbon) can reduce the production of uremic toxins
by regulating intestinal microecology and adsorbing the pre-
cursors of PCS in the intestine, respectively, thereby delaying
the progress of CKD [59, 60]. Sonnenburg et al. used
antibiotics in combination with the recolonization of
tryptophanase-deficient strains to reduce the amount of
indole produced in the intestine, thereby reducing the levels
of circulating IS [61]. Studies have found that isoquercitrin
(ISO) can inhibit the production of indole mediated by the
gut microbiota to reduce the IS concentration and delay the
progression of CKD [62]. Therefore, delaying or curing dis-
eases by regulating the intestinal microbiota can become an
important breakthrough.



This study had limitations. Only one analysis method was
used, which can limit the variety and number of identified
metabolites. Second, no HCs were enrolled from Hangzhou,
and these patients could only serve for external validation.
Considering the large number of patients with CKD, the sam-
ple size was small, and the results must be validated in larger
studies. Finally, only serum metabolomics was analyzed.
Future studies should also examine urinary and fecal
metabolomics.

In conclusion, this study identified serum metabolomic
characteristics of patients with CKD. The characteristics of
serum metabolism at different CKD clinical stages were ana-
lyzed. Nevertheless, the analysis of serum metabolomics pro-
vides reliable information that lays the ground for further
research on the occurrence and progression of CKD.
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