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a b s t r a c t

Chronic kidney disease (CKD) is an increasingly prevalent medical condition associated with high mortal-

ity and cardiovascular complications. The intricate interplay between kidney dysfunction and subsequent

metabolic disturbances may provide insights into the underlying mechanisms driving CKD onset and pro-

gression. Herein, we proposed a large-scale plasma metabolite identification and quantification system

that combines the strengths of targeted and untargeted metabolomics technologies, i.e., widely-targeted

metabolomics (WT-Met) approach. WT-Met method enables large-scale identification and accurate quan-

tification of thousands of metabolites. We collected plasma samples from 21 healthy controls and 62

CKD patients, categorized into different stages (22 in stages 1–3, 20 in stage 4, and 20 in stage 5). Us-

ing LC-MS-based WT-Met approach, we were able to effectively annotate and quantify a total of 1431

metabolites from the plasma samples. Focusing on the 539 endogenous metabolites, we identified 399

significantly altered metabolites and depicted their changing patterns from healthy controls to end-stage

CKD. Furthermore, we employed machine-learning to identify the optimal combination of metabolites

for predicting different stages of CKD. We generated a multiclass classifier consisting of 7 metabolites

by machine-learning, which exhibited an average AUC of 0.99 for the test set. In general, amino acids,

nucleotides, organic acids, and their metabolites emerged as the most significantly altered metabolites.

However, their patterns of change varied across different stages of CKD. The 7-metabolite panel demon-

strates promising potential as biomarker candidates for CKD. Further exploration of these metabolites can

provide valuable insights into their roles in the etiology and progression of CKD.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Chronic kidney disease (CKD) has a high prevalence in the gen-

eral population and is associated with high mortality and car-

diovascular incidence [1,2]. Accurately assessing the health of the

glomerulus is of utmost importance as it determines the diag-

nosis, management, and prognosis of CKD [3]. Currently, serum
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creatinine-based estimated glomerular filtration rate (eGFRcr) and

urinary albumin/creatinine ratio are the primary indices of CKD,

and have been in use for over 7 decades [4]. However, they are in-

adequate in fully capturing kidney damage due to their weak re-

lationship with tubular atrophy and tubulointerstitial fibrosis on

biopsy. Therefore, a broader assessment of kidney health that goes

beyond the glomerulus is required.

From a biomarker perspective, metabolites, as the products of

metabolism and the final indicators of homeostasis, can provide a

more direct reflection of the physiological state [5–9]. Since most
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Fig. 1. WT-Met approach. (A) Schematic illustration of the study design. (B) The workflow of the WT-Met approach.

metabolites are primarily cleared by glomerular filtration [10], kid-

ney dysfunction can lead to systematic metabolic disturbances that

may contribute to the progression of CKD. Therefore, the identifi-

cation of endogenous metabolite markers with high specificity is

highly desirable. Currently, several promising metabolites associ-

ated with the onset or progression of CKD have been highlighted,

including fibroblast growth factor 23 (FGF23) in urine [11] and

serum pseudouridine, C-mannosyltryptophan, N-acetylalanine, ery-

thronate, myo-inositol, and N-acetylcarnosine [3]. However, there

is heterogeneity across study cohorts and designs, and the major-

ity of studies have been constrained by measuring only a limited

number of metabolites [12].

Mass spectrometry is the most frequently employed platform

for identifying metabolites and endogenous compounds [13–21].

However, high-quality metabolomics research for CKD is lacking

because large-scale identification and quantification of thousands

of metabolites remains challenging [22,23]. Additionally, traditional

medical statistics has limitations in extracting valuable informa-

tion from high-dimensional, multicollinear, and non-independent

metabolomics data. Furthermore, limited studies have focused on

the Asian population, including China, where CKD impacts 10.8% of

the total population with an estimated 119.5 million existing cases

[24].

Targeted metabolomics offers high specificity and sensitiv-

ity, but its coverage is limited to known metabolites and re-

lies on prior knowledge [25,26]. On the other hand, untargeted

metabolomics allows for comprehensive metabolite detection and

the discovery of novel metabolites, but it suffers from low speci-

ficity and sensitivity [27–29]. To address these limitations, we

propose a hypothesis-free, large-scale plasma metabolite identifi-

cation and quantification system that combines the strengths of

targeted and untargeted metabolomics technologies, i.e., widely-

targeted metabolomics (WT-Met) approach. Additionally, machine-

learning algorithms have been employed to select the most valu-

able metabolite biomarker panel to predict different stages of CKD.

In the current study, a total of 83 participants were included,

consisting of 62 patients with CKD and 21 healthy controls. Among

the CKD patients, there were 22 in stage 1–3, 20 in stage 4, and

20 in stage 5. The healthy controls were matched with the CKD

patients in terms of age and sex (Fig. 1A). Table S1 (Supporting

information) presents the demographic characteristics of the par-

ticipants, showing that 55.42% of the participants were male, and

the mean age was 47.000±14.969 years old. There were no signifi-

cant differences in age (P=0.177) or sex (P=0.737) among the four

groups of participants. This study has been approved by the Ethics

Committee of Tongji Hospital, Tongji Medical College, Huazhong

University of Science and Technology (TJ-IRB20230614).

We then conducted a comprehensive analysis of the plasma

metabolome in the 83 participants using the proposed WT-Met

approach. The schematic illustration of the WT-Met approach is

shown in Fig. 1B and the procedure of sample pretreatment is

shown in Fig. S1 (Supporting information). Briefly, we have cur-

rently established a widely-targeted metabolome database consist-

ing of 2800 standard compounds with multiple reaction monitor-

ing (MRM) mass transitions and retention times. In the WT-Met

approach, we initially employed high-resolution mass spectrom-

etry to conduct non-targeted analysis (UPLC-QTOF/MS analysis)

using the pooled sample with data-dependent acquisition (DDA)

mode. The pooled sample prepared by combining equal aliquots

of the supernatants from all 83 samples also served as a refer-

ence for quality control (QC) purposes throughout the analysis. If

we encountered metabolites that were not present in our in-house

widely-targeted metabolome database, we incorporated them into

the database. It was discovered that, in addition to the exist-

ing 2800 MRM mass transitions in the in-house widely-targeted

metabolome database, we have additionally included 315 MRM

mass transitions. As a result, a total of 3115 MRM mass transitions

have been established in the current widely-targeted metabolome

database, comprising 1910 MRM mass transitions monitored in

positive mode and 1205 MRM mass transitions monitored in
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Fig. 2. Significantly altered metabolites across the progression of CKD. (A) False discovery rate (FDR) for analysis of variance among the four groups. (B) Top 10 altered

metabolites in up-regulated, down-regulated, and non-linear groups. (C) Top 30 altered metabolites in up-regulated, down-regulated, and non-linear groups.

negative mode. Subsequently, we utilized triple quadrupole mass

spectrometry to perform the widely-targeted metabolome analy-

sis (UPLC-QQQ-MS/MS analysis). The detailed analytical procedures

can be found in Supporting information.

To identify metabolites, we employed an in-house database and

a comprehensive public metabolome databases. Following data fil-

tering, a total of 1431 compounds were successfully identified

in the QC sample (Supplementary Data 1). The confidence lev-

els for metabolite identification were categorized into three tiers.

The identified metabolites were compared to authentic standards

in terms of MS1, MS2, and retention time, indicating a high level

of confidence (level 1). Metabolites were identified by interpret-

ing their MS1, MS2, and retention time without comparing them

to authentic standards, but with a score above 0.9 in the public

metabolome databases, which suggests a relatively high level of

confidence in their identification (level 2). Metabolites identified

by interpreting their MS1, MS2, and retention times with a score

between 0.5 and 0.9 in the public metabolome databases were
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Fig. 3. Altered groups of metabolites and pathways during CKD progression. (A) Changing tendency of 7 amino acids and their metabolites among the top 30 altered

metabolites. (B) Changing tendency of 6 nucleotide and their metabolites among the top 30 altered metabolites. (C) Changing tendency of 6 organic acids and their derivatives

among the top 30 altered metabolites. (D) Correlation of the top 15 metabolites (5 metabolites in each group). (E) KEGG pathway analysis.

assigned as level 3. Among these 1431 compounds, 401 (28.02%)

were classified as level 1. Additionally, 174 compounds (12.16%)

were classified as level 2 (Table S2 in Supporting information).

The use of both an in-house database and comprehensive public

metabolome databases allowed us to achieve a robust identifica-

tion of metabolites in the plasma samples.

The total ion chromatograms (TICs) of the QC samples exhib-

ited excellent overlap (Fig. S2 in Supporting information) and high

correlation (Fig. S3 in Supporting information) with each other, as

evidenced by the high Pearson coefficients. This observation indi-

cates the high reproducibility of the measurements. Principal Com-

ponent Analysis (PCA) demonstrated that the QC samples consis-

tently clustered near the center of the chart (Fig. S4A in Supporting

information), suggesting a reliable testing process and stable per-

formance of the UPLC-QQQ-MS/MS measurement. Moreover, the

coefficient of variation (CV) values for all the compounds in the

QC sample were found to be less than 30% and 1200 (83.86%)

were found to be less than 20%, further confirming the high re-

producibility of the experimental results (Fig. S4B in Supporting

information). We then removed exogenous compounds, including

toxins, pollutants and drugs, from the dataset. The remaining set

of 539 compounds was predominantly composed of endogenous

metabolites (Supplementary Data 2), with the majority falling into

one of four categories, amino acids and their metabolites (n=130,

24.12%), glycerophospholipids (n=102, 18.92%), fatty acids (n=80,

14.84%), and organic acids and their derivatives (n=76, 14.10%)

(Fig. S5A and Table S3 in Supporting information).

By applying fuzzy c-means clustering analysis, we classified the

539 metabolites into six distinct groups based on their chang-

ing trends during the progression from healthy controls to stage
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Fig. 4. Biomarkers panel selected by machine-learning. (A) Metabolites selection pipeline using machine-learning. (B) Selected 7 metabolites. (C) Confusion matrix of the

7-metabolite biomarker panel by random forest in the test set. (D) Confusion matrix of the 7-metabolite biomarker panel by random forest in the train set.

5 CKD (Fig. S5B in Supporting information). Metabolites in clus-

ter 1, 2, and 5 exhibited a unidirectional changing tendency that

increased or decreased along with the progression of kidney dys-

function. Metabolites in cluster 3 showed an “L” shape, indicating

a decreased concentration if kidney function was impaired and an

increase with the progression of CKD, but levels remained lower

than normal. Metabolites in cluster 4 exhibited a “V” shape, show-

ing a decrease in concentration during the early stages of CKD but

an increase with further progression. Conversely, metabolites in

cluster 6 exhibited a reverse trend, increasing with kidney function

impairment but decreasing slightly with the progression of CKD,

while still remaining higher than normal levels.

Out of the 539 endogenous metabolites, 399 metabolites

(74.03%) exhibited significant differences among the four groups, as

determined by analysis of variance (ANOVA) with a false discovery

rate (FDR) below 0.05 (Fig. 2A). This indicates that there are exten-

sive metabolic changes occurring during the progression of CKD.

After grouping the 539 metabolites, we observed that the levels of

99 metabolites (18.36%) were up-regulated, 63 metabolites (11.69%)

were down-regulated, and the remaining 377 metabolites (69.94%)

showed non-linear changes (Fig. 2B). We also compared and vi-

sually represented the top 10 changed metabolites based on the

between-group variance of their intensity (Fig. 2B). Among the top

10 up-regulated metabolites, 4 belonged to nucleotides and their

metabolites, while 3 belonged to organic acids and their deriva-

tives. Similarly, among the top 10 down-regulated metabolites, 4

belonged to glycerophospholipids and 3 belonged to amino acids

and their metabolites. Furthermore, among the top 10 non-linear

metabolites, 3 belonged to amino acids and their metabolites.

Expanding our analysis to the top 90 changed metabolites (30

in each group), we found that 28 (31.11%) were amino acids and

their metabolites, 16 (17.78%) were organic acids and their deriva-

tives, 14 (15.56%) were glycerophospholipids, and 11 (12.22%) were

nucleotides and their metabolites (Fig. 2C). These results highlight

the diverse array of metabolites that undergo significant changes

during the progression of CKD, with amino acids, organic acids,

glycerophospholipids, and nucleotides being particularly affected.

We next conducted a further analysis of the top changed

metabolites based on their respective classes. Among the top 30

changed metabolites, 7 were found to be amino acids and their

metabolites, with 1 being upregulated and 3 being downregulated

(Fig. 3A). Additionally, 6 metabolites belonged to nucleotides and

their metabolites, with 4 being up-regulated and 1 being down-

regulated (Fig. 3B). Furthermore, 6 metabolites belonged to organic

acids and their derivatives, with 3 being up-regulated and 1 be-

ing down-regulated (Fig. 3C). For correlation analysis of the top

15 changed metabolites (top 5 in each group), we observed that

5-aminoimidazole ribonucleotide, aspartylglutamate, and pyrrolo-
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Fig. 5. Predicting different stages of CKD using different combination of metabolites. (A) ROCs in test set using 7-metabolite panel, top 10 up-regulated metabolites, top 10

down-regulated metabolites, and top 10 non-linear changed metabolites. (B) UMAP for clustering 83 subjects using 7-metabolite panel, top 10 up-regulated metabolites, top

10 down-regulated metabolites, and top 10 non-linear changed metabolites. (C) Scaled log10(Intensity) distribution of the 7 metabolites in four groups.

quinoline quinone had the highest sum of correlation coefficients,

indicating strong relationships among these metabolites (Fig. 3D).

To gain further insights into the metabolic pathways affected

by CKD, we performed KEGG pathway analysis (Fig. 3E). We found

four significantly altered pathways with FDR below 0.05, all of

which were related to amino acid metabolism. These findings shed

light on the specific classes of metabolites that undergo significant

changes in CKD and highlight the altered metabolic pathways as-

sociated with the disease.

Machine-learning technique was utilized to determine the most

effective combination of metabolites for predicting different stages

of CKD (Fig. 4A). The process involved feature selection through a

random forest model to identify the most important metabolites

from the initial pool of 539 endogenous metabolites, resulting in

an optimal panel of 7 metabolites (Fig. 4B). Subsequently, various

machine-learning models, including random forest, logistic regres-

sion, linear support vector machine (SVM), kernel SVM, and multi-

ple perception machine, were employed to fit the dataset (n=83)

comprising of the 7 metabolites. Grid search and 5-fold cross val-

idation were performed for each model to determine the best pa-

rameters. Based on high accuracy and average f1 scores in both

the training and testing sets (Table S4 in Supporting information),

the random forest model was chosen as the final model. The im-

plemented optimal model effectively predicts the stages of CKD in

both the test set (Fig. 4C) and the training set (Fig. 4D).

To validate the performance of the selected biomarker panel,

we compared it with three other combinations of metabolites, the

top 10 up-regulated metabolites, top 10 down-regulated metabo-

lites, and the top 10 metabolites with non-linear changes. We fitted

each combination of metabolites using the random forest model

and plotted the receiver operating characteristic (ROC) curves in

the test set. The area under the ROC curves (AUC) was calculated

for each metabolite combination (Fig. 5A). In the 7-metabolite

model, AUC scores for each group range from 0.98 to 1.0 and the

micro-average and macro-average AUC scores are 0.99, present-

ing the highest performance over the other three combinations

of metabolites. We also utilized Uniform Manifold Approximation

Projection (UMAP) analysis to validate the ability of each metabo-

lite combination to cluster the subjects (Fig. 5B). Both supervised

and unsupervised machine-learning techniques confirmed that the

7-metabolite panel exhibited the highest performance (Fig. 5B). Fig.

5C shows the levels change of these 7 metabolites across different

stages of CKD. These findings highlight the potential significance

of these metabolites and their involvement in metabolic pathways
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and cellular processes related to kidney impairment in CKD. Col-

lectively, these results demonstrate the robustness and accuracy of

the 7-metabolite panel in predicting different stages of CKD.

Among the 7 metabolites identified, 5-aminoimidazole ribonu-

cleotide emerged as the most significant feature. This com-

pound, an intermediate in purine nucleotide biosynthesis and

a substrate for various proteins, exhibited a decreasing trend

from normal function to end-stage renal disease. Additionally, 5′-
methylthioadenosine, another nucleotide metabolite included in

the selected panel, is a byproduct of polyamine biosynthesis and is

exclusively metabolized by 5′-methylthioadenosine phosphorylase.

We noted an increasing accumulation of 5′-methylthioadenosine,

which may potentially inhibit the enzymatic activity of pro-

tein arginine methyltransferase PRMT5 [30]. Sciadonic acid, a

non-methylene-interrupted polyunsaturated long-chain fatty acid,

has been recognized as a potent inhibitor of arachidonic acid

metabolism by cyclooxygenase in human platelets [31]. Allysine,

a lysine derivative, results from lysyl oxidase enzyme activity in

the extracellular matrix and plays a crucial role in the cross-link

formation that stabilizes collagen and elastin. Disruption in this

process contributes to the pathology of fibrotic and metastatic

diseases [32]. 5-Methoxyindoleacetate, a metabolite of tryptophan

formed through oxidative deamination, has been identified as a

biomarker for predicting the efficacy of tacrolimus in renal trans-

plant patients [33]. Deoxyribose 1-phosphate, known for its proan-

giogenic properties, participates in the biosynthesis and degra-

dation pathways of several nucleoside analogues [34]. Lastly, 2-

hydroxyethanesulfonate, which may be linked to gut microbiota,

has been associated with an increased risk of developing type 2

diabetes [35,36]. Collectively, these findings underscore the impor-

tance of these metabolites in metabolic pathways and cellular pro-

cesses that are relevant to kidney dysfunction in CKD.

In summary, we have introduced a highly effective and sensitive

WT-Met technology. This approach offers comprehensive, sensitive,

and accurate detection and quantification of metabolites, providing

a deeper understanding of the metabolic changes associated with

diseases. With WT-Met, we are able to identify and quantify 1431

compounds from plasma samples. Focusing on the 539 endogenous

metabolites, we employed machine-learning algorithm to identify

7 metabolites that could accurately differentiate patients in differ-

ent stages of CKD. The identification of 7 metabolites as poten-

tial diagnostic biomarkers and therapeutic targets holds promise

for improving CKD management. Further extensive validation in di-

verse populations with larger sample sizes is necessary before it

can be recommended for clinical use. Additionally, it is important

to thoroughly investigate the specific mechanisms underlying the

alterations of these metabolites during CKD progression. Overall,

our study serves as a starting point for further understanding the

physiological roles and metabolic networks involving these impli-

cated metabolites.
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