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Background: N6-methyladenosine (m6A) RNA methylation, a pivotal epigenetic modification, has been implicated in the pathogen
esis and progression of diverse diseases. This study sought to elucidate the functional contributions of m6A-related genes to the 
pathogenesis of chronic kidney disease (CKD) using a strategy that integrated machine learning and experimental validation, with the 
goal of identifying robust diagnostic biomarkers and novel molecular subtypes.
Methods: Leveraging publicly available datasets, transcriptomic results of 53 patients with chronic kidney disease (CKD) as well as 
8 healthy control individuals were collected. Differential expression analysis of m6A-related genes was performed, followed by the 
construction and comparison of random forest (RF) and support vector machine (SVM) models to predict CKD risk and identify 
diagnostic biomarkers. The key biomarkers were validated in the CKD model mice established by unilateral ureteral obstruction 
(UUO) using RT-qPCR and immunofluorescence analysis. Immune cell infiltration was assessed via ssGSEA analysis, and molecular 
subtypes were delineated through consensus clustering.
Results: We identified 20 differentially expressed m6A-related genes in CKD. The RF model demonstrated superior performance in 
risk prediction and prioritized five key genes (CBLL1, ELAVL1, RBM15B, YTHDF1, METTL3) for constructing a diagnostic 
nomogram. Experimental validation confirmed the upregulation of CBLL1, ELAVL1, RBM15B, and YTHDF1, and the downregula
tion of METTL3 in CKD mice. Furthermore, we identified two distinct m6A-associated molecular subtypes (Clusters A and B) with 
divergent immune landscapes. Cluster B was characterized by a pro-inflammatory phenotype, featuring elevated Th17 cell infiltration 
and a reduced proportion of Th2 cells.
Conclusion: Beyond advancing the mechanistic understanding of m6A in CKD, this study provides a translatable risk prediction 
model and delineates distinct immune subtypes, offering valuable foundations for future clinical stratification, diagnostic refinement, 
and the development of personalized immunomodulatory therapies.
Keywords: m6A methylation, chronic kidney disease, random forest, nomogram, subgroup

Introduction
Chronic kidney disease (CKD) is characterized by persistent structural and functional impairment of the kidneys resulting 
from diverse etiologies, with a duration exceeding three months. This condition may present with or without reduced 
glomerular filtration rate (GFR), defined as GFR<60 mL/min·1.73m2. Epidemiological studies indicate that the global 
prevalence of CKD (encompassing all stages 1 through 5) ranges between 3% and 18% across different populations.1,2 

Furthermore, early-stage chronic kidney disease (CKD) is often clinically silent, resulting in delayed diagnosis and 

Journal of Inflammation Research 2026:19 553934                                                                1
© 2026 Chen et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php 
and incorporate the Creative Commons Attribution – Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the work 

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Journal of Inflammation Research                                                     

Open Access Full Text Article

https://doi.org/10.2147/JIR.S553934
Received: 31 July 2025
Accepted: 22 January 2026
Published: 2 February 2026

Jo
ur

na
l o

f I
nf

la
m

m
at

io
n 

R
es

ea
rc

h 
do

w
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.d

ov
ep

re
ss

.c
om

/
F

or
 p

er
so

na
l u

se
 o

nl
y.

http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


intervention. This contributes to elevated risks of cardiovascular mortality, immune dysfunction, metabolic disturbances, 
and exacerbated systemic inflammation. Given its substantial global burden, CKD ranks as the 12th leading cause of 
death worldwide.3,4 Nevertheless, current diagnostic approaches for CKD, including invasive renal biopsy, glomerular 
filtration rate (GFR) assessment, and biomarker analysis, which have notable limitations.5,6 Consequently, identifying 
novel biomarkers and improving risk stratification based on disease progression, prevalence, and mortality remains 
critically important.

Accumulating evidence demonstrates that epigenetic dysregulation drives chronic kidney disease (CKD) progression 
by altering the expression of genes associated with pathological mechanisms such as inflammation, epithelial- 
mesenchymal transition (EMT), and fibrotic pathways. Furthermore, beyond structural damage, CKD is characterized 
by a state of profound immune dysregulation. Activated T cells release pro-inflammatory cytokines like IFN-γ and TNF- 
α, which drive kidney inflammation and fibrotic remodeling.7 The presence of T-cells within the glomerulus is linked to 
the onset of albuminuria and the progression of renal fibrosis.8 Macrophages also foster renal fibrosis through the release 
of TGF-β and the subsequent accumulation of extracellular matrix.9 Notably, recent studies highlight m6A methylation, 
a dynamic RNA modification, as a key player in CKD pathogenesis through these shared mechanisms.10,11 Immune 
dysfunction not only drives renal fibrosis and accelerates CKD progression but also delineates distinct pathological 
subgroups among patients, thereby revealing dominant pathogenic drivers. Consequently, stratifying patients based on 
their immune profile represents a critical step toward personalized medicine, enabling clinicians to align targeted 
therapeutic interventions with individual disease mechanisms. However, the systematic characterization of m6A’s role 
in shaping the immune landscape of CKD remains largely unexplored, representing a significant knowledge gap.

In patients with end-stage CKD (stage 5), peripheral blood monocytes exhibit significantly reduced global m6A 
abundance alongside elevated expression of the demethylase FTO.12 This enzyme FTO, implicated in renal fibrosis 
regulation, has emerged as a potential biomarker for CKD risk stratification.13 Similarly, METTL3 protein levels show 
a positive correlation with serum creatinine and 24-hour urinary albumin excretion, suggesting its utility as a non- 
invasive indicator for assessing diabetic nephropathy severity.14 Furthermore, renal biopsies from patients with focal 
segmental glomerulosclerosis and diabetic nephropathy reveal upregulated METTL14 expression, supporting the clinical 
value of m6A methylation dynamics and METTL14 quantification as novel biomarkers for podocyte injury.15 

Mechanistically, m6A dynamically controls T-cell differentiation and cytokine production by regulating the stability 
and translation of key immune transcripts. For example, m6A eraser FTO dampens Th17 responses while promoting Treg 
function, whereas reader YTHDF1 enhances IL-17 and TNF-α mRNA translation, suggesting that m6A imbalance could 
directly contribute to the Th17/Treg skewing observed in CKD.16,17 Despite these advances, the diagnostic and predictive 
potential of m6A-related genes in CKD remains underexplored, particularly for disease stratification and targeted 
therapeutic development.

In this study, we systematically identified m6A-related differentially expressed genes (DEGs) between CKD patients 
and healthy controls. To evaluate disease risk and prioritize hub genes, we employed random-forest and support-vector- 
machine algorithms to prioritize clinically relevant m6A features before experimental validation. In addition, the 
biomarkers expression was validated in CKD model mice. Unsupervised consensus clustering further delineated two 
distinct m6A-associated molecular subtypes, elucidating the functional landscape of m6A regulators in CKD 
pathogenesis. Integrated enrichment and immune infiltration analyses uncovered potential mechanistic biomarkers, 
providing novel targets for diagnostic and therapeutic development in CKD.

Methods
Data Sources
Gene Expression Omnibus (GEO, available at http://www.ncbi.nlm.nih.gov/geo/) serves as a publicly accessible geno
mics database designed to store gene expression profiles, original sequences, and platform records. By conducting 
a search using the keyword “chronic kidney disease”, the GSE66494 cohort was identified and subsequently downloaded. 
This particular cohort encompasses microarray analyses derived from kidney biopsy samples collected from 53 patients 
with chronic kidney disease (CKD) as well as 8 healthy control individuals. In addition, the GSE108112 (107 patients 
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and 5 healthy controls) and GSE200818 (188 patients and 5 healthy controls) cohorts were also downloaded and 
analyzed as the validation datasets. The preprocessing steps were as follows: using reference platform files for probe 
to gene annotation, the raw data undergoes log2 conversion, elimination of missing values, and background correction.

Differentially Expressed Genes (DEGs) Analysis
We utilized the “limma” package within R software to identify differentially expressed m6A-related genes between CKD 
patients and healthy controls, using a threshold of |log2FC|>1 and false discovery rate (FDR)<0.05 via Benjamini- 
Hochberg method. The m6A-related genes were sourced from previously published studies.18

Construction and Screening of Mechanical Learning Models
The random forest (RF) model was constructed using the “random forest” package in R, selecting m6A-related 
differentially expressed genes (DEGs) as independent variables and CKD patients as dependent variables to forecast 
CKD occurrence.19,20 The support vector machine (SVM), a machine-learning technique rooted in statistical learning 
theory’s structural risk minimization principle and known for minimizing classification errors, was also employed. To 
rigorously evaluate and prevent overfitting, the performance of both the RF and SVM models was assessed using 10-fold 
cross-validation repeated 5 times. Based on residual reverse cumulative distribution maps and residual box plots, the 
models were comprehensively evaluated to pick the optimal one for CKD prediction. Furthermore, to explore the 
potential of m6A-related genes in distinguishing the identified molecular subtypes, a separate random forest model was 
trained to classify samples into m6A-related Cluster A and m6A-related Cluster B.

Construction and Verification of Nomogram
To forecast the status of CKD, a nomogram was created based on the previously selected RF model, with candidate 
differential genes identified using the “rms” package.21 In this nomogram, each influencing factor’s value level was 
assigned a score according to its impact on the outcome variable. The total score was derived by summing these 
individual scores, and the probability of the outcome event was predicted through the functional relationship between the 
total score and occurrence likelihood. The model’s accuracy was assessed via a calibration curve, which evaluated the 
alignment between predicted and observed values.22 The receiver operating characteristic (ROC) curve analysis was used 
to reveal the predictive effect of the signature in three cohorts.

Reagents
The primary antibodies used in the study included: METTL3 (Proteintech, 15073-1-AP), CBLL1 (Proteintech, 21179- 
1-AP), ELAVL1 (Proteintech, 11910-1-AP), YTHDF1 (Proteintech, 17479-1-AP), RBM15B (Proteintech, 22249-1-AP). 
The secondary antibody was Goat Anti-Rabbit IgG H&L Alexa Fluor 594 (Invitrogen, A11012).

Animal Model and Sample Collection
C57BL/6 mice aged 8 weeks with a body weight of approximately 25 g, were provided by Gempharmatech Co., Ltd 
(Nanjing, China), and housed in the SPF grade animal room of the experimental animal center of Guangzhou University 
of Chinese Medicine. The feeding conditions were: temperature (25±0.5) °C, humidity of 50% to 60%, 12 hours of light 
per day, and sufficient water and feed. All animal experiments were approved by the Animal Ethics Committee of 
Guangzhou University of Chinese Medicine, following the Guide for the Care and Use of Laboratory Animals. A total of 
12 mice were randomly assigned to either the sham group (n=6) or the UUO model group (n=6) using a random number 
table As per published studies,23 a CKD model induced by unilateral ureteral obstruction was established. The procedure 
involved anaesthetising mice with isoflurane, incising the skin on their back, exposing the left kidney and ureter, and 
ligating the ureter’s ends with surgical thread before resecting its middle part. The sham group underwent the same 
procedure without ureteral ligation and resection. Immediate euthanasia was performed on mice reaching humane 
endpoints, specifically severe distress, >20% weight loss, or immobility. After the experiment, the mice were anesthe
tized and euthanized, and 1/4 of the kidney tissue was collected for paraffin embedding. The remaining tissues were 
subjected to liquid nitrogen quick freezing to extract RNA for subsequent experimental analysis.
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Hematoxylin and Eosin (HE) Staining and Masson Staining
HE staining was performed according to the steps described in the reagent kit (Solarbio, G1120). The specific staining 
steps were to immerse the tissue slices in hematoxylin dye for 5 minutes, followed by color separation with 75% alcohol 
and immediately staining with eosin dye for 45s. Finally, the slices were sealed and observed for tubular injury under 
a microscope, and representative images were collected. The Masson staining protocol was performed as follows: tissue 
sections were sequentially stained with iron hematoxylin for 5 minutes, ponceau red solution for 10 minutes, and 
differentiated with phosphomolybdic acid for 1–5 minutes, followed by counterstaining with toluidine blue for 1–
5 minutes. After thorough rinsing with 1% glacial acetic acid until no blue dye effluent was observed, the sections were 
air-dried. Finally, the slides were mounted and examined under a microscope to evaluate collagen fiber deposition, with 
representative photomicrographs captured for documentation and analysis.

Immunofluorescence Analysis
Tissue sections were processed for immunofluorescence by first performing standard deparaffinization and antigen 
retrieval procedures. After inactivation of endogenous peroxidase activity, nonspecific binding sites were blocked for 
30 minutes at room temperature. The samples were then sequentially treated with target-specific primary antibodies and 
corresponding fluorescent secondary antibodies. Nuclear counterstaining was achieved using DAPI, with fluorescence 
imaging conducted on a Zeiss Axio Vert A1 microscope (Oberkochen, Germany).

RT-qPCR Analysis
Total RNA was extracted from approximately 25 mg of renal tissue and quantified using an ultra-microvolume UV 
spectrophotometer to assess concentration and quality. Subsequently, 1 μg of RNA was reverse transcribed into cDNA. 
Quantitative real-time PCR was performed using ChamQ Universal SYBR qPCR Master Mix with gene-specific primers 
(Supplementary Table 1) and cDNA template under the following conditions: initial denaturation at 95°C for 30s, 
followed by 40 cycles of 95°C for 15s, 60°C for 15s, and 72°C for 15s, with a final extension at 72°C for 5 min. Gapdh 
was used as the endogenous control, and relative gene expression levels were calculated using the 2−ΔΔCT method.

Consensus Clustering Analysis
Consensus clustering analysis, performed with the “ConsensusClusterPlus” package based on m6A-related gene expres
sion levels, retained CKD samples and divided them into multiple subgroups, with the largest subgroup designated as 
k=9, aiming to uncover the role of m6A-related genes in CKD.24 The analysis was run with the following parameters: 
maximum evaluated cluster number (kmax) = 9, 1000 resampling iterations, a subsampling ratio of 0.8, and using the 
Euclidean distance metric with hierarchical clustering. Principal component analysis (PCA) via the “Rtsne” package 
verified this optimal grouping. t-Distributed Stochastic Neighbor Embedding (t-SNE) was utilized for two-dimensional 
visualization purposes only, to provide an intuitive graphical representation of the subtype distribution. Additionally, the 
“limma” package was used to analyze the differential expression of m6A - related genes across these m6A-associated 
subgroups.

Enrichment Analysis
The “clusterProfiler” software package was used to conduct Gene Ontology (GO) and Kyoto Gene and Genome 
Encyclopedia (KEGG) function enrichment analysis to reveal the potential biological functions of DEGs using the 
“org.Hs.eg.db” annotation database, with statistical significance thresholds set at FDR<0.05.25

Immune Infiltration Analysis
The study employed single sample genomic enrichment analysis (ssGSEA) via the “GSEABase” and “GSVA” packages 
to elucidate the abundance of immune cells in each sample and the correlation between DEGs and immune cells. The 
relative abundance of 28 immune cell types in each sample was quantified using a well-established, published gene 
signature set.26 Correlations between gene expression and immune cell abundance were calculated using Spearman 
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correlation analysis, and an FDR < 0.05 was considered significant.27 The m6A-related score for each CKD patient was 
calculated using the PCA algorithm to quantify the m6A-related subgroup. Briefly, PCA algorithm was applied to the 
expression matrix of the 20 predefined m6A regulators across all samples. The first principal component (PC1), which 
captured the largest variance in the m6A regulator expression profile, was extracted and defined as the m6A-related score 
for each sample. Furthermore, the “ggplot2” and “ggallivian” packages were utilized to visualize the correlation among 
m6A - related clusters, m6A-related gene clusters, and m6A scores.

Statistical Analysis
Spearman correlation analysis was applied to evaluate the correlation coefficient between the expression of m6A-related 
genes and immune infiltrating cells. The Wilcoxon test was conducted to assess differences between m6A-related 
subgroups. A P<0.05 or FDR<0.05 (Benjamini-Hochberg) was regarded as statistically significant. All data analyses 
were performed using R software, version 4.0.1.

Results
Analysis of m6A-Related DEGs
To examine the differential expression patterns of m6A regulatory genes in CKD, we systematically analyzed 20 m6A- 
associated modifiers through comparative statistical analysis. The expression profiling revealed distinct regulatory 
patterns between CKD patients and healthy controls (Figure 1A and B). Specifically, fifteen genes (METTL14, WTAP, 
ZC3H13, RBM15B, CBLL1, YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, FMR1, LRPPRC, RBMX, ELAVL1, 
and FTO) exhibited significant upregulation in the CKD group. Conversely, five genes (METTL3, RBM15, HNRNPC, 
IGFBP1, and IGFBP3) showed marked downregulation compared to healthy individuals.

Construction and Selection of Mechanical Learning Models
To enhance CKD prediction accuracy, we developed and compared two machine learning models: random forest (RF) 
and support vector machines (SVM). Model performance evaluation through residual analysis (box plots and reverse 
cumulative distribution) demonstrated superior predictive capability of the RF model, as evidenced by significantly 
smaller residuals (Figure 2A and B). During model optimization, we established that RF stability was achieved at >500 
decision trees, where the error rate variation plateaued (Figure 2C). Subsequent feature importance analysis identified key 
m6A-related genes (score ≥1.5) for CKD prediction, which were prioritized for nomogram construction (Figure 2D).

Figure 1 Differential expression of m6A-related genes in chronic kidney disease. (A) Boxplot of differences in gene expression of m6A-related genes between CKD patients 
and healthy controls. (B) The heat map of differential expression of 20 m6A-related signature genes between CKD patients and healthy controls. ns, not significant; * 
P <0.05, **P <0.01, *** P <0.001.
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Cluster Analysis
To elucidate the association between m6A regulatory patterns and CKD pathogenesis, we performed consensus clustering 
analysis. The optimal number of stable clusters was determined to be k=2, based on the consensus cumulative 
distribution function (CDF) and the delta area curve, which showed maximal cluster stability and clear distinction, 
effectively stratifying CKD patients into two distinct subgroups (m6A clusters A and B) with maximal separation 
(Figure 3A and B). Principal component analysis (PCA) further validated this classification, demonstrating clear 
segregation between the two clusters (Figure 3C). Notably, differential expression analysis revealed significant variations 
in 50% (10/20) of the examined m6A regulators between clusters (Figure 3D).

Figure 2 Construction and selection of random forest and support vector machine models. (A) Residual Boxplot of random forest and support vector machine models. (B) 
Inverse cumulative distribution of residuals in random forest and support vector machine models. (C) The number of decision trees about error rate in random forest 
model. (D) The importance score map of m6A-related genes.
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Construction and Verification of Nomogram
For enhanced CKD risk visualization, we developed a predictive nomogram incorporating five key m6A regulators 
(Figure 4A). The scoring system demonstrated positive correlations between elevated CBLL1, YTHDF1, and RBM15B 
expression levels and increased CKD risk scores, identifying these as potential risk factors. Conversely, higher ELAVL1 
and METTL3 expression conferred protective effects. Calibration curve analysis confirmed strong agreement between 
nomogram predictions and actual outcomes (Figure 4B), validating the model’s clinical utility. ROC curve demonstrated 
that the prediction signature had good robustness and generalizability, the area under curve (AUC) values in GSE 66494, 
GSE108112 and GSE200818 cohorts were 0.906, 0.809 and 0.811, respectively (Figure 4C).

In vitro Experimental Validation
To verify the correlation of key m6A-related genes and CKD, we established an in vitro CKD model via UOO. The HE 
staining results of the kidneys showed that compared with the sham surgery group, the glomeruli in the model group were 
significantly atrophied and hardened, and the renal tubules were significantly dilated, accompanied by necrosis and 

Figure 3 The results of cluster analysis. (A) CKD patients were divided into two m6A-related subtypes by consensus clustering method. (B) The cumulative distribution 
function (CDF) curve results show that if k=2, the CDF value was the lowest and the clustering effect is the best. (C) PCA analysis showed that the two groups were 
distributed in two different directions, indicating that the two m6A related subtypes were clearly distinguished. Blue circle represents the samples in m6A-related cluster A, 
red circle represents the samples in m6A-related cluster B. (D) Boxplots showed expression of m6A-related genes in two m6A-related clusters. ns, not significant; * P <0.05, 
**P <0.01, *** P <0.001.
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shedding of renal tubular epithelial cells. The Masson results showed that compared with the sham surgery group, the 
model group experienced fibrosis, and the degree of fibrosis was aggravated, which was close to the pathological 
manifestations of CKD (Figure 5A). Consistent with the results predicted by bioinformatics analysis, immunofluores
cence results and RT-PCR results confirmed that the expression of CBLL1, ELAVL1, RBM15B, and YTHDF1 was 
increased, while the expression of METTL3 was decreased in CKD model mice (Figure 5B and C).

Immune Cell Infiltration Analysis
To investigate the immunoregulatory role of m6A modification in CKD, we performed comprehensive immune 
correlation analyses using ssGSEA. Heatmap visualization demonstrated distinct immune-m6A interaction patterns, 
revealing strong positive correlations between multiple m6A regulators and T2 helper cells and immature B cells, and 
significant negative associations with T17 helper cells (Figure 6A). Comparative analysis of immune infiltration 
between m6A clusters showed cluster B exhibited elevated CD56 dim NK cells, monocytes and T17 cells, while 
cluster A was enriched in immature B cells, Tregs and T2 cells (Figure 6B). Furthermore, four key m6A regulators 
(CBLL1, ELAVL1, YTHDF1 and RBM15B) showed significant discriminative power for immune cell composition 
(Figure 6C–F).

Figure 4 Construction and validation of nomogram. (A) Norman map was constructed to predict the status of CKD based on the expression levels of five important m6A- 
related characteristic genes. (B) Construction of calibration curve. (C) The ROC curves were used to evaluate the accuracy of prediction signature in GSE 66494, 
GSE108112 and GSE200818 cohorts.
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Identification of m6A-Related Gene Clusters
To elucidate the biological significance of m6A clusters, we identified 572 DEGs between clusters A and B (Figure 7A). 
Pathway analysis revealed these DEGs were significantly enriched in multiple metabolism pathway (Figure 7B). 
Functional annotation demonstrated three key characteristics including biological processes (BP) enrichment in meta
bolic regulation, cellular component (CC) localization to apical cellular structures, and molecular function (MF) 
predominance in transmembrane transport activity (Figure 7C). The cluster-specific expression patterns of these DEGs 
were confirmed through consensus clustering (Figure 7D) and heatmap visualization (Figure 7E).

Role of m6A Related Subgroups in CKD
Our analysis identified differential expression patterns in 14 out of 20 m6A regulatory genes between the two clusters 
(Figure 8A). Subsequent immune characterization using ssGSEA revealed cluster-specific immune cell infiltration 
profiles (Figure 8B). Principal component analysis-derived m6A scores showed a notable increase in cluster B, although 
this difference did not reach statistical significance when comparing the two clusters (Figure 8C and D). To comprehen
sively illustrate these relationships, we generated a Sankey diagram mapping the associations between m6A subtypes and 
their respective scores (Figure 8E).

Figure 5 The results of in vitro experiment validation. (A) HE and Masson staining. (B) RT-PCR analysis of CBLL1, ELAVL1, RBM15B YTHDF1, METTL3 expression levels 
(n=3). (C) CBLL1, ELAVL1, RBM15B YTHDF1, METTL3 expression was detected via immunofluorescent. * P <0.05, **P <0.01.

Journal of Inflammation Research 2026:19                                                                                          https://doi.org/10.2147/JIR.S553934                                                                                                                                                                                                                                                                                                                                                                                                       9

Chen et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Discussion
Early detection and intervention in chronic kidney disease (CKD) are crucial for improving clinical outcomes. Recent 
advances in high-throughput sequencing, machine learning algorithms, and bioinformatics approaches have revolutio
nized disease prediction methodologies, enabling the development of non-invasive diagnostic biomarkers. These 
technological breakthroughs offer unprecedented opportunities for timely risk assessment and precision medicine in 
CKD management.28 While m6A-mediated regulation of transcription and immunity is well-documented in cancer 
and,29,30 its impact on the immune microenvironment of CKD remains largely uncharted. This study employed machine 
learning to reveal the role of m6A in CKD, aiming to delineate m6A-related signatures and characterize distinct immune 
subtypes.

In this investigation, we analyzed the GSE66494 cohort from GEO, identifying 20 m6A-related differentially 
expressed genes (DEGs) distinguishing CKD patients from healthy controls. Machine learning approaches were 
employed to prioritize key candidate genes, with random forest analysis demonstrating superior diagnostic and predictive 
performance for CKD. The candidate genes expression was detected in CKD model mices. We subsequently developed 
a predictive nomogram incorporating five m6A regulators to assess individual CKD risk. Furthermore, consensus 
clustering revealed two distinct m6A modification subtypes among CKD patients, which exhibited differential immune 
infiltration patterns. The m6A-related signature can be developed into non-invasive diagnostic tools for CKD patients, 
while immune subtypes stratify patients for targeted immunotherapy, and key regulatory factors may also become new 
therapeutic targets. The m6A-related risk score can be combined with traditional clinical parameters to create 
a composite stratification tool that identifies high-risk patients for more in-depth monitoring or tailored treatment 
interventions. To advance this process, we need to conduct predictive validation in large prospective cohorts, develop 
clinically feasible detection methods, and conduct functional in vivo studies to determine causal relationships and 
evaluate target therapy potential.

The m6A methylation process involves three functional enzyme groups: writers (methyltransferases), erasers 
(demethylases), and readers (methylation recognition proteins).31 As a key reader protein, YTHDF1 mediates transcrip
tional regulation by binding methylated RNA sites.32 Our findings corroborate previous reports of YTHDF1 upregulation 
in CKD, where it promotes renal fibrosis through YAP-mediated positive feedback mechanisms.33 In this study, we found 
that YTHDF1 expression in kidney tissue of CKD patients was significantly increased compared with healthy controls, 
and the results of the nomogram confirmed that YTHDF1 was a risk factor in CKD, which was consistent with the 

Figure 6 Analysis of immune cell infiltration. (A) Heat map of correlation between the expression level of m6A-related genes and immune cell infiltration. (B) Analysis of 
the difference in immune cell content in two m6A related subtypes. Box plot showed the difference of immune cell content in different expression groups of CBLL1 (C), 
ELAVL1 (D), YTHDF1 (E), RBM15B (F). ns, not significant; * P <0.05, **P <0.01, *** P <0.001.
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reported results. METTL3 is an RNA methyltransferase that transfers methyl to RNA by forming the m6A methyl
transferase complex.34 Previous studies have shown that METTL3 positively regulates MALAT1 through m6A mod
ification, which may promote renal fibrosis through MALAT1/miR-145/FAK pathway.35 METTL3-mediated m6A 
modification can promoted the maturation of miR-21-5p by promoting the recognition and processing of pri-miR-21. 
Mature miR-21-5p promotes inflammation by activating the SPRY1/ERK/NF-κB signaling pathway and ultimately 
promoted renal fibrosis.36 In addition, the protein expression levels of METTL3 were positively correlated with serum 
creatinine and 24-hour urinary albumin excretion, suggesting that it can be used as a non-invasive indicator of clinical 
diabetic nephropathy severity.14

Figure 7 Identification of m6A-related gene clusters. (A) Venn diagram showed the number of differentially expressed genes between m6A-related clusters A and B. (B) 
Bubble map of KEGG enrichment analysis of differentially expressed genes. (C) Bubble map of GO enrichment analysis of differentially expressed genes. (D) CKD patients 
were divided into two m6A-related gene clusters by consensus clustering method. (E) The heat map showed the differentially expressed genes between m6A-related gene 
clusters A and B.
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In addition to removing metabolic waste, toxins, and drugs from the body, the kidneys remove circulating cytokines 
and bacterial toxins, such as lipopolysaccharides (LPS), and constantly sample proteins in the blood, contributing to 
immune system homeostasis. The removal of cytokines from the blood limits inflammation, and the removal of bacterial 
components reduces the activation of pattern recognition receptors (PRRs) on immune cells.37,38 The kidney is also very 
vulnerable to immune-mediated diseases, and the loss of immune homeostasis can adversely affect the kidney directly or 
indirectly, leading to the loss of renal function.39 In vitro studies have suggested that T cell proliferation is reduced in 
uremic environments.40 Due to decreased thymus output and increased apoptosis, naive T cells were significantly reduced 
in CKD patients, but the number of effector memory cells remained normal.41,42 Similarly, the number of naive and 
memory B cells is significantly reduced in CKD patients due to increased apoptosis.43,44 In this study, CKD patients were 
divided into two different m6A-related subtypes by using consensus clustering method, and the two m6A-related clusters 
were equally effective in classifying CKD patients into two types (m6A-related gene clusters), indicating that m6A- 
related genes could effectively stratified CKD patients. Both m6A-related clusters and m6A-related gene clusters can 
significantly distinguish different immune cell infiltration states in CKD patients, suggesting that m6A-related genes play 
an important role in immune cells in CKD patients, and providing some potential directions for future prediction of 
clinical diagnosis and treatment in CKD patients. It is worth noting that although our bioinformatics analysis and 
validation results preliminarily confirm that these m6A regulatory factors are closely related to specific immune cells and 
CKD pathology, the clear causal relationship has not been further confirmed. The exact mechanism pathways, such as 
whether changes in m6A drive immune dysregulation and accelerate CKD, or whether CKD induces inflammatory 

Figure 8 The role of m6A-related subgroups in CKD. (A) Boxplot showed the differentially expressed m6A-related genes between m6A-related gene clusters A and B. (B) 
Analysis of immune cell content difference between m6A-related gene cluster A and B. (C and D) The m6A-related score in m6A-related cluster and m6A-related gene 
cluster. (E) Sankey diagram visualizes the relationship between m6A-related cluster, m6A-related gene cluster and m6A-related assessment grouping. ns, not significant; * 
P <0.05, **P <0.01, *** P <0.001.
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feedback to alter the m6A epigenetic transcriptome, still need to be fully elucidated and represent a key direction for 
future functional researches.

Despite providing novel insights, our study has several limitations worth considering. Firstly, in vivo experimental 
validation is conducted with a limited sample size, which is sufficient to detect significant molecular changes. However, 
caution should be exercised when inferring results, and confirmation should be conducted in larger animal samples. 
Secondly, our bioinformatics findings are based on a public dataset. Although we conducted two external validations 
using the GSE108112 and GSE200818 cohorts to support the generalizability of our risk signature, it is necessary to 
conduct more robust validation of the entire risk prediction signature in large, prospective, and multicenter clinical 
cohorts with long-term follow-up data before clinical translation. In addition, many proteins in the kidneys can be 
noninvasively detected in urine and in subsequent studies, we hope to examine the protein levels of the key genes being 
studied.

Conclusion
In summary, we systematically identified m6A-related DEGs in CKD and, for the first time, applied machine learning 
methods to rank feature genes to construct the nomogram with high predictive ability and robustness. In addition, our 
work uniquely identified m6A related molecular subtypes associated with different immune dysregulation patterns, 
providing a new paradigm for immune based patient stratification in CKD. Our research findings provide a multifaceted 
clinical translational application strategy, offering a non-invasive diagnostic tool through m6A-related signature, enabling 
patient stratification for personalized therapy through immune subtypes, and presenting key regulators as novel ther
apeutic targets for CKD immunopathology.
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