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This study investigates the role of basement membrane-related genes in kidney fibrosis, a significant 
factor in the progression of chronic kidney disease that can lead to end-stage renal failure. The authors 
aim to develop a predictive model using machine learning techniques due to the limitations of existing 
diagnostic methods, which often lack sensitivity and specificity. Utilizing gene expression data from 
the GEO database, the researchers applied LASSO, Random Forest, and SVM-RFE methods to identify 
five pivotal genes: ARID4B, EOMES, KCNJ3, LIF, and STAT1. These genes were analyzed across training 
and validation datasets, resulting in the development of a Nomogram prediction model. Performance 
metrics, including the area under the ROC curve (AUC), calibration curves, and decision curve analysis, 
indicated excellent predictive capabilities with an AUC of 0.923. Experimental validation through qRT-
PCR in clinical samples and TGF-β-treated HK-2 cells corroborated the expression patterns identified 
in silico, showing upregulation of ARID4B, EOMES, LIF, and STAT1, and downregulation of KCNJ3. The 
findings emphasize the importance of basement membrane-related genes in kidney fibrosis and pave 
the way for enhanced early diagnosis and targeted therapeutic strategies.

Keywords  Basement membrane, Renal fibrosis; machine learning, Predictive models, Gene enrichment 
analysis; Immune cells.

Abbreviations
(AUC)	� Area Under the ROC Curve
(CKD)	� Chronic Kidney Disease
(DCA)	� Decision Curve Analysis
(DEGs)	� Differentially Expressed Basement Membrane-Related Genes
(ESRD)	� End-Stage Renal Disease
(ECM)	� Excessive Extracellular Matrix
(GEO)	� Gene Expression Omnibus
(GSEA)	� Gene Set Enrichment Analysis
(PPI)	� Protein, Protein Interaction 
(RF)	� Random Forest
(SVM-RFE)	� Support Vector Machine Recursive, Feature Elimination
(SLE)	� Systemic Lupus Erythematosus

Kidney fibrosis is a pivotal pathological feature in chronic kidney disease (CKD) progression and a major 
contributor to end-stage renal disease (ESRD)1,2. This process is characterized by the accumulation of 
extracellular matrix (ECM) components and the aberrant activation of fibrosis-related signaling pathways3,4, 
leading to declining renal function. Despite advances in understanding the mechanisms of kidney fibrosis, 
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effective early diagnostic tools remain scarce, hindering timely intervention. Identifying molecular markers that 
can predict disease progression is therefore crucial for preventing further renal damage.

The basement membrane plays a fundamental role in maintaining the structural integrity of renal tissues, 
supporting tubules and glomeruli, and regulating cellular signaling5–9. Alterations in its structure and function 
are frequently observed in kidney fibrosis, suggesting that basement membrane-related genes may be key drivers 
in the fibrotic process10,11. However, the precise mechanisms and potential clinical applications of these genes, 
particularly in early diagnosis and prognosis, remain underexplored.

Advances in bioinformatics and machine learning now enable the identification of potential molecular 
markers through the analysis of high-throughput genomic data12,13. Machine learning algorithms excel at 
handling complex, high-dimensional biological datasets, uncovering hidden disease-related features, and 
offering novel insights for accurate diagnosis and prognosis14,15. Feature selection methods, such as LASSO 
regression, Random Forest (RF), and Support Vector Machine Recursive Feature Elimination (SVM-RFE), can 
effectively isolate disease-associated genes, facilitating the creation of highly accurate diagnostic and predictive 
models.

In this study, we leveraged gene expression profile data and multiple machine learning algorithms to 
investigate the role of basement membrane-related genes in kidney fibrosis, constructing a Nomogram 
prediction model based on five key genes (ARID4B, EOMES, KCNJ3, LIF, and STAT1). Using data from kidney 
fibrosis patients and healthy controls in the GEO database, we identified these key genes via feature selection. 
To further confirm their function, we used qRT-PCR to assess their expression in TGF-β-treated HK-2 cells and 
clinical specimens. Experimental results revealed significant upregulation of ARID4B, EOMES, LIF, and STAT1, 
and downregulation of KCNJ3, consistent with our bioinformatics predictions.

By integrating bioinformatics with experimental validation, this study developed a highly accurate predictive 
model for kidney fibrosis. Our model provides a valuable molecular tool for early diagnosis and offers insights 
into the role of basement membrane-related genes in kidney fibrosis, with implications for future research. 
Additionally, the study identifies potential molecular targets for personalized treatment, underscoring its clinical 
relevance.

Materials and methods
Data collection and preprocessing
Kidney fibrosis-related gene expression data were retrieved from the Gene Expression Omnibus (GEO) database. 
The training set (GSE76882) comprised 99 control and 175 fibrosis samples, while the validation set (GSE22459) 
included 25 control and 40 fibrosis samples. Data quality was assessed using QC methods to identify outliers 
and batch effects. Take log2 of the expression data and use the limma package for normalization, and average 
the same genes. Low-expression genes were filtered out to reduce noise, ensuring more reliable results for 
downstream analysis. Basement membrane-related genes were obtained from the MSigDB database, and the 
screening criterion was p less than 0.05. Basement membrane-related terms such as “extracellular matrix”, “basal 
lamina”, and “collagen” were used to filter genes. To ensure the relevance of selected genes, we cross-referenced 
the list with known gene signatures and databases to confirm their involvement in basement membrane biology. 
We selected a final set of 374 genes (Supplementary Table S1), which were found to be significantly enriched in 
basement membrane-related functions. Data were transformed using log2 and further processed using quantile 
normalization to ensure uniformity across different samples16.

Differential expression and PPI network analysis
The “limma” R package was employed for differential expression analysis, identifying basement membrane-
related genes that showed significant differences between control and fibrosis samples (p < 0.05). The selected 
differentially expressed genes were used to construct a protein-protein interaction (PPI) network via the 
STRING database (https://string-db.org) to visualize potential interactions between these genes. Furthermore, 
we performed GO annotation and KEGG pathway enrichment analysis using the “clusterProfiler,” “org.Hs.eg.db,” 
and “DOSE” R packages to explore the biological functions of these genes in the context of kidney fibrosis16–18.

Diagnostic marker selection using machine learning
Three machine learning approaches were utilized to identify potential diagnostic markers for kidney fibrosis: 
LASSO logistic regression19, RF, and SVM-RFE20. LASSO was performed using the “glmnet” R package to 
identify key fibrosis-related genes21,22. The RF analysis identified the top 30 significant genes, from which the 
top 10 were selected for further investigation. Subsequently, SVM-RFE was utilized to refine this gene selection 
process. The consensus across the three algorithms was used to select candidate diagnostic markers. These 
markers were validated through qRT-PCR, confirming their expression levels in real-world samples.

Immune cell infiltration and correlation
We used the CIBERSORT algorithm to assess the proportions of 22 immune cell subtypes in each sample23,24. 
Spearman’s rank correlation analysis was subsequently conducted to explore the relationship between gene 
expression and immune cell abundance, shedding light on the role of immune cells in kidney fibrosis. The 
“ggplot2” R package was used to visualize the correlations between genes and immune cells.

GSEA for functional insights
Gene Set Enrichment Analysis (GSEA) was conducted to investigate the biological functions of the candidate 
genes. The gene set “c2.cp.kegg.v7.0.symbols.gmt” from the MSigDB database was used as a reference to identify 
pathway enrichment. GSEA provided deeper insights into the functional roles of the candidate genes in relevant 
biological processes25,26.
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Cell culture and treatment
HK-2 cells were cultured in DMEM/F12 (Gibco, USA) supplemented with 10% FBS and 1% penicillin/
streptomycin at 37 °C in a humidified incubator with 5% CO₂. Upon reaching 80–90% confluence, cells were 
prepared for treatment. To model renal fibrosis, cells were divided into control and TGF-β treatment groups. The 
treatment group received 20 ng/mL TGF-β (Reprotech, USA) for 48 h, while the control group received serum-
free medium. After treatment, cells were harvested for subsequent analysis.

Clinical specimens
Kidney biopsy specimens were obtained from patients at the First Affiliated Hospital of Wenzhou Medical 
University. The study included 9 patients diagnosed with renal fibrosis and 5 normal kidney tissue samples 
from patients. All tissue samples were immediately preserved in RNAlater solution and stored at −80 °C until 
RNA extraction. This study was approved by the Ethics Committee of the First Affiliated Hospital of Wenzhou 
Medical University [Approval Number: (2023) No. (106)]. We confirm that this retrospective clinical study was 
performed in accordance with the Declaration of Helsinki, and written informed consent was obtained from all 
participants.

qRT-PCR
Total RNA was isolated from HK-2 cells (a gift from the First Affiliated Hospital of Wenzhou Medical University) 
of both the control and TGF-β-treated groups. The RNA purity and concentration were assessed, ensuring a 
260/280 ratio between 1.8 and 2.0. After extraction, 1  µg of RNA was immediately reverse transcribed into 
cDNA using a reverse transcription kit (Vazyme, Nanjing, China). qRT-PCR was carried out using the SYBR 
Green detection system. The reaction mix consisted of 10 µL SYBR Green Master Mix, 0.5 µL each of forward 
and reverse primers (10 µM), and 2 µL cDNA, with a total volume of 20 µL. The PCR cycle conditions were: 
initial denaturation at 95 °C for 5 min, followed by 40 cycles of 95 °C for 15 s, 60 °C for 30 s, and 72 °C for 
30 s27. Data analysis was conducted using the 2−ΔΔCtmethod, with β-actin serving as the reference gene28. Gene 
expression levels in the TGF-β group were compared to those in the control group to identify genes that showed 
significant differential expression. Primer sequences used in the RT-PCR assay in Supplementary Table S2.

Statistical analyses
Statistical analysis was conducted using R (version 4.0.3) and GraphPad Prism (version 9.0). Quantitative data 
were presented as mean ± SEM, with comparisons between groups evaluated using Student’s t-test (p< 0.05). 
Differential gene expression was analyzed using “limma,” and the Benjamini-Hochberg method was applied to 
control for false discovery rate (FDR), with an adjusted p-value < 0.0526. Correlations between gene expression 
and immune cell proportions were assessed using Spearman’s correlation, with significance defined as r > 0.3 
and p< 0.0529. GSEA was considered significant with p < 0.05 and q < 0.25. Cross-validation was used to evaluate 
machine learning results to prevent overfitting.

Results
Identification and enrichment analysis of basement membrane-related differentially 
expressed genes
We first applied the “limma” R package to identify 209 basement membrane-related genes that were differentially 
expressed between kidney fibrosis and control samples in the GSE76882 dataset (Fig. 1A), and 35 such genes 
in the GSE22459 dataset (Fig. 1B). By taking the intersection of these two sets, we obtained 29 differentially 
expressed basement membrane-related genes (DEGs) (Fig. 1C). To visualize potential interactions between these 
DEGs, a PPI (protein-protein interaction) network was constructed using the STRING online platform ​(​​​h​t​t​p​s​:​/​
/​s​t​r​i​n​g​-​d​b​.​o​r​g​​​​​) (Fig. 1D). Enrichment analysis was then performed to investigate their biological functions. GO 
enrichment analysis showed that the DEGs were significantly involved in molecular functions such as signaling 
receptor activator activity, receptor ligand activity, and cytokine receptor binding. They were also enriched 
in specific cellular components like the sarcolemma, transporter complex, and transmembrane transporter 
complex. In terms of biological processes, these genes were related to mesenchyme development, mesenchymal 
cell differentiation, and epithelial to mesenchymal transition (Fig.  1E). KEGG pathway enrichment analysis 
further revealed that the DEGs were primarily enriched in pathways such as Th17 cell differentiation, cytokine-
cytokine receptor interaction, and the AGE-RAGE signaling pathway in diabetic complications (Fig. 1F).

Identification of diagnostic markers for kidney fibrosis
After identifying the basement membrane genes that are differentially expressed in relation to renal fibrosis 
and understanding their biological roles, we looked into how to use these findings for clinical diagnosis. To 
achieve this, we applied several machine learning algorithms to pinpoint key genes that could act as diagnostic 
biomarkers for renal fibrosis. We employed three machine learning algorithms to identify diagnostic markers 
for kidney fibrosis. The LASSO regression algorithm first identified 17 potential biomarkers (Fig. 2A and B). The 
RF analysis identified the top 30 significant genes, from which the top 10 were selected for further investigation 
(Fig.  2C and D). Additionally, SVM-RFE analysis, conducted on the differentially expressed basement 
membrane-related genes, indicated that 10 genes in total could serve as diagnostic markers (Fig. 2E and F). By 
taking the intersection of the results from all three algorithms, we identified five common biomarkers: ARID4B, 
EOMES, KCNJ3, LIF, and STAT1 (Fig. 2G).

Evaluation of the diagnostic performance of five candidate biomarkers for kidney fibrosis
We performed a detailed evaluation of the five candidate genes across both the training and validation cohorts. 
ROC curves were generated for each of the biomarkers, demonstrating that ARID4B, EOMES, KCNJ3, LIF, and 
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STAT1 exhibited robust diagnostic performance. In the training set, the AUC values were 0.668 for ARID4B, 
0.851 for EOMES, 0.792 for KCNJ3, 0.776 for LIF, and 0.827 for STAT1 (Fig. 3A). Similarly, in the validation 
set, the AUC values for ARID4B, EOMES, KCNJ3, LIF, and STAT1 were 0.652, 0.741, 0.696, 0.700, and 0.692, 
respectively (Fig.  3B). These findings indicate that these five genes possess strong diagnostic potential for 
detecting kidney fibrosis.

Fig. 1.  Identification and enrichment analysis of basement membrane-related differentially expressed genes. A 
Heatmap illustrating the expression patterns of DEGs in the GSE76882 dataset, highlighting differential gene 
expression across samples. B Heatmap showcasing the expression of DEGs identified in the GSE22459 dataset. 
C Venn diagram showing the common DEGs between the GSE76882 and GSE22459 datasets, with a focus 
on the 29 genes related to the basement membrane. D PPI network showing interactions among DEGs and 
highlighting key hubs. E GO enrichment analysis of DEGs, covering biological processes, molecular functions, 
and cellular components. F KEGG pathway enrichment analysis highlighting pathways significantly linked to 
the DEGs.
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Expression levels of five candidate biomarkers in kidney fibrosis
We further analyzed the expression patterns of ARID4B, EOMES, KCNJ3, LIF, and STAT1 in both the training 
and validation cohorts. As shown in Fig. 4A, the expression of ARID4B, EOMES, LIF, and STAT1 was significantly 
upregulated in kidney fibrosis compared to the control group, while KCNJ3 was downregulated in the training 

Fig. 2.  Identification of diagnostic markers for kidney fibrosis. A-B LASSO regression results, indicating the 
gene coefficients that contributed most to kidney fibrosis classification. C-D SVM-RFE results, depicting the 
most important gene features. E-F Variable importance plot from Random Forest, showing the top-ranking 
genes. G A Venn diagram illustrates the overlap among three machine learning models.
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Fig. 3.  Evaluation of the diagnostic performance of five candidate biomarkers for kidney fibrosis. A ROC 
curves for the five candidate genes (ARID4B, EOMES, KCNJ3, LIF, and STAT1) in the training set, showing 
their AUC values and contribution to the model. B ROC curves for the validation set, confirming the 
diagnostic value of the genes with high AUC values, proving their effectiveness for kidney fibrosis diagnosis.
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set. This trend was also consistent in the validation set (Fig.  4B). Moreover, qRT-PCR validation confirmed 
that in TGF-β-treated HK-2 cells, the expression of ARID4B, EOMES, LIF, and STAT1 increased, while KCNJ3 
expression decreased, aligning with our bioinformatics findings (Fig. 4C). To validate these findings in clinical 
samples, we performed qRT-PCR analysis using kidney biopsy specimens from patients with renal fibrosis (n = 9) 
and normal kidney tissues (n = 5) collected from the First Affiliated Hospital of Wenzhou Medical University. The 
results showed similar expression patterns, further supporting the potential diagnostic value of these basement 
membrane-related genes in renal fibrosis (Figure S1). These results from clinical specimens further support the 
potential diagnostic value of our identified biomarker panel in renal fibrosis.

Correlation between five candidate biomarkers and immune cells
Renal fibrosis triggers various changes in the proportions and functions of immune cells. To understand the 
involvement of immune cells in this condition, we examined the interactions between five candidate diagnostic 
genes and 22 types of immune cells. ARID4B showed a positive correlation with activated CD4 memory T cells, 
eosinophils, and activated mast cells, while it was negatively correlated with M0 macrophages, resting NK cells, 
and activated NK cells (Fig. 5A). EOMES was positively associated with gamma delta T cells, CD8 T cells, and 
activated CD4 memory T cells, but negatively associated with resting mast cells, activated NK cells, and resting 
CD4 memory T cells (Fig. 5B). KCNJ3 exhibited a positive correlation with activated NK cells, resting mast cells, 
and resting CD4 memory T cells, and a negative correlation with activated CD4 memory T cells, CD8 T cells, 
and follicular helper T cells (Fig. 5C). LIF was positively correlated with activated CD4 memory T cells, follicular 
helper T cells, and eosinophils, and negatively correlated with resting mast cells, activated NK cells, and resting 
CD4 memory T cells (Fig. 5D). STAT1 showed a positive correlation with activated CD4 memory T cells, M1 
macrophages, and gamma delta T cells, and a negative correlation with resting mast cells, resting CD4 memory 
T cells, and M0 macrophages (Fig. 5E).

GSEA analysis of five candidate diagnostic genes
To explore the potential biological functions of the five candidate diagnostic genes, we performed GSEA. The 
analysis revealed that ARID4B is predominantly involved in ECM receptor interactions, JAK-STAT signaling 
pathways, and natural killer cell-mediated cytotoxicity (Fig. 6A). EOMES is mainly associated with systemic 
lupus erythematosus, hematopoietic cell lineage, and Leishmania infection (Fig. 6B). KCNJ3 is primarily involved 
in peroxisome functions (Fig. 6C). LIF is significantly related to Leishmania infection and NOD-like receptor 
signaling pathways (Fig. 6D). STAT1 is chiefly associated with systemic lupus erythematosus and Leishmania 
infection (Fig. 6E).

Development and validation of the nomogram model
To enhance the accuracy of diagnosing kidney fibrosis, we developed a Nomogram prediction model based 
on five key genes identified in our study (Fig. 7A). This model provides a visual scoring system by integrating 

Fig. 4.  Expression levels of five candidate biomarkers in kidney fibrosis. A Expression levels of ARID4B, 
EOMES, KCNJ3, LIF, and STAT1 in the training set, showing significant differences between fibrosis and non-
fibrosis samples. B Expression levels of these genes in the validation set, confirming consistent fibrosis-related 
patterns. C qRT-PCR validation in HK-2 cells with/without TGF-β treatment, showing increased ARID4B, 
EOMES, LIF, and STAT1, and decreased KCNJ3, consistent with predictions.
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the expression levels of these genes, allowing clinicians to estimate an individual’s risk of developing kidney 
fibrosis more efficiently. It offers personalized diagnostic insights, facilitating quicker decision-making in clinical 
settings. Performance evaluation demonstrated that the model achieved an impressive AUC of 0.923 (Fig. 7B), 
signifying its strong diagnostic capability when using the five-gene combination. In addition, we verified the 
model with an additional external dataset GSE65326 (Figure S2) with an AUC area of 1.00. Furthermore, 

Fig. 5.  Correlation between five candidate biomarkers and immune cells. A-E Correlation analysis between 
ARID4B (A), EOMES (B), KCNJ3 (C), LIF (D), STAT1 (E), and 22 immune cell types, showing distinct 
associations and suggesting roles in immune regulation during kidney fibrosis.
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calibration curves (Fig.  7C) confirmed the model’s excellent fit. To assess the practical utility of the model 
in a clinical context, we conducted decision curve analysis (DCA, Fig.  7D). The DCA results indicated that 
across a broad range of threshold probabilities, the net benefit of the Nomogram significantly exceeded that of 
conventional diagnostic methods, underscoring its clinical advantages. Thus, the Nomogram we developed not 
only offers robust predictive accuracy but also holds significant promise for future clinical application.

Discussion
This study combined machine learning, bioinformatics, and experimental validation to develop a predictive 
model for kidney fibrosis. It identified five key genes (ARID4B, EOMES, KCNJ3, LIF, STAT1) and created a 

Fig. 6.  GSEA analysis of five candidate diagnostic genes. A-E GSEA identified the top six significantly 
enriched signaling pathways for each of the five candidate diagnostic genes: ARID4B (A), EOMES (B), KCNJ3 
(C), LIF (D), and STAT1 (E).
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Nomogram model for fibrosis risk prediction. qRT-PCR on TGF-β-treated HK-2 cells confirmed increased 
expression of ARID4B, EOMES, LIF, and STAT1, while KCNJ3 was downregulated, aligning with bioinformatics 
predictions. These findings emphasize the basement membrane’s role in kidney stability and provide new insights 
into fibrosis progression.

Through gene enrichment and PPI network analyses, our study unveiled the potential roles of the five selected 
genes in renal fibrosis. ARID4B, a gene typically known for its role in chromatin remodeling and transcriptional 
regulation, is well-studied in cancer, where it controls cell proliferation and the cell cycle30–32. However, its role 
in fibrosis remains unclear. In renal fibrosis, changes in chromatin and transcription may be pivotal, and our 
finding of ARID4B’s enrichment in the ECM receptor interaction pathway suggests that it could be involved in 
ECM accumulation, a key factor in fibrosis progression. This points to a novel function of ARID4B in the fibrotic 
process. EOMES, known for its role in T cell differentiation and regulation of CD8 + T cells and NK cells33–36, was 
linked to systemic lupus erythematosus (SLE) and immune regulation in our study. This aligns with the known 
role of EOMES in autoimmune and inflammatory diseases, such as lupus nephritis. In the context of renal 
fibrosis, EOMES might regulate immune cell recruitment to the kidney, particularly T cells and NK cells, thereby 
exacerbating chronic inflammation and promoting fibrosis. KCNJ3, a potassium channel gene involved in ion 
transport and peroxisomal function37,38, has not been well-explored in fibrosis. However, altered ion transport can 
impact cellular metabolism and stress responses, which may indirectly promote fibrosis. By modulating cellular 
homeostasis and oxidative stress responses, KCNJ3 could indirectly impact the fibrotic process, particularly 
in the context of renal tubule damage and repair. This offers a new perspective on the connection between ion 
transport dysfunction and fibrosis, especially in the kidney. LIF is well-established for its role in inflammation and 
tissue repair39–41. Our analysis found LIF associated with the NOD-like receptor signaling pathway, reaffirming 
its involvement in immune regulation and inflammation-central processes in fibrosis development. LIF’s pro-

Fig. 7.  Development and validation of the nomogram model. A Nomogram model for predicting kidney 
fibrosis risk using ARID4B, EOMES, KCNJ3, LIF, and STAT1. B ROC curve of the five-gene signature, showing 
high diagnostic performance. C Calibration curve indicating the accuracy of predicted vs. observed kidney 
fibrosis probabilities. D DCA assessing the clinical utility and net benefit of the nomogram.
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inflammatory properties may also contribute to ECM deposition and the recruitment of inflammatory cells to 
the site of injury, supporting its role in the progression of kidney fibrosis. These findings further support the 
view that LIF is linked to fibrosis in various tissues, including the kidney. STAT1, a major transcription factor in 
immune and inflammatory responses, has been shown to play a role in kidney inflammation42,43. The increased 
expression of STAT1 in our study is consistent with previous findings that indicate its role in promoting fibrosis 
through chronic inflammation. STAT1’s involvement in the JAK-STAT signaling pathway also underscores its 
key role in fibrosis. STAT1 activates pro-inflammatory cytokines, driving immune cell infiltration and persistent 
inflammation in the kidney. This inflammation creates a microenvironment that favors fibrosis, particularly by 
enhancing the production of ECM proteins and activating fibroblasts. Thus, STAT1’s role in fibrosis is likely 
mediated through its effects on immune cell activation and chronic inflammation. In conclusion, our study 
provides new mechanistic insights into renal fibrosis by integrating these genes into a predictive machine 
learning model. While genes such as EOMES, STAT1, and LIF have been previously associated with fibrosis 
and inflammation, our inclusion of ARID4B and KCNJ3 brings attention to underexplored pathways in fibrosis, 
particularly the regulation of immune responses and cellular stress.

This study has several important limitations. First, while we used comprehensive public databases, the results 
need further clinical validation in diverse patient groups to confirm their broader applicability. While qRT-PCR 
showed consistent gene expression changes, these findings suggest correlations, not direct causal relationships, 
with renal fibrosis. The molecular mechanisms behind these associations still need further research. To improve 
diagnostic accuracy, future research should combine multiple methods, like advanced imaging and biochemical 
profiles. This approach could provide a clearer understanding of how gene expression affects disease progression. 
Finally, factors such as patient age, comorbidities, medications, and environment could influence gene expression 
and disease outcomes. These variables should be considered in future clinical studies to strengthen the findings 
across different patient groups.

In conclusion, this study combines multiple analytical techniques to explore the role of basement membrane 
genes in kidney fibrosis and develops a highly accurate predictive model. This model provides support for early 
diagnosis and paves the way for precision treatment in the future.

Data availability
The data sets used and analyzed in this study have been annotated in the manuscript.
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