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Background

Chronic kidney disease (CKD) and non-alcoholic fatty liver disease (NAFLD) are closely associated. However, membranous nephropathy (MN), one of the causes of CKD, may contribute to NAFLD through abnormalities in lipid metabolism.





Methods

93 patients diagnosed with MN by renal biopsy and admitted to Henan Provincial People’s Hospital between August 2021 and August 2022 were enrolled in this study. Patients were divided into two groups based on the presence or absence of NAFLD. Publicly available datasets related to NAFLD and MN were obtained from the Gene Expression Omnibus (GEO) database. Differentially expressed genes (DEGs) were identified, and weighted gene co-expression network analysis (WGCNA) was conducted to identify module genes. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed. A protein-protein interaction (PPI) network was constructed, and key genes associated with both diseases were identified using Cytoscape software and machine learning algorithms. The correlation between immune cell infiltration and the two diseases was evaluated using the CIBERSORT algorithm. Finally, the key gene expression was validated using external datasets and immunohistochemistry (IHC).





Results

Compared with the non-NAFLD group, patients in the NAFLD group had significantly higher body weight, hemoglobin levels, triglycerides, and complement C3 and C4 levels. Conversely, IgG levels were significantly lower in the NAFLD group. A total of 211 shared DEGs were identified between MN and NAFLD, including 175 upregulated and 36 downregulated genes. Enrichment analysis indicated that these genes were primarily involved in immune and inflammatory responses. PPI network analysis identified seven hub genes: CSF1R, FCGR1G, FCGR3A, VAV1, SPI1, HCK, and CCR1. Among them, CSF1R was identified as the key gene using a machine learning approach.





Conclusion

This study suggests that CSF1R is a shared molecular of MN and NAFLD, which may serve as a potential therapeutic target for patients affected by both diseases.
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1 Introduction

Membranous nephropathy (MN) is a glomerular disease characterized by proteinuria and hypoalbuminemia, often accompanied by hyperlipidemia. The pathology of MN is the deposition of immune complexes in the glomerular basement membrane, leading to its thickening (1). MN is the most common pathological type of nephrotic syndrome (NS) in adults. Patients with MN not only face an increased risk of progression to end-stage renal disease (ESRD) compared to healthy individuals but are also at higher risk for complications such as heart failure, ischemic stroke, and venous thromboembolism (2, 3).

Non-alcoholic fatty liver disease (NAFLD) is becoming more commonplace due to social progress and lifestyle changes, with a current global prevalence rate estimated at 25% (4). NAFLD is characterized by excessive fat accumulation in the liver, excluding other causes of hepatic steatosis such as viral hepatitis, autoimmune hepatitis, and drug-induced liver injury (5). It encompasses a spectrum of conditions including non-alcoholic fatty liver (NAFL), non-alcoholic steatohepatitis (NASH), and NASH-related cirrhosis (6, 7).

Disorders of lipid metabolism are considered a key factor linking MN and NALFD. Due to the damage of the renal filtration barrier, a large amount of protein is lost from the urine. Hypoalbuminemia stimulates the liver to synthesize lipoproteins such as VLDL, IDL and LDL, thereby triggering hyperlipidemia (8). Patients with MN also have a reduction in both hepatic lipase activity, resulting in an increase in the level of free fatty acids (FFAs) in the circulation (9). As a result, the increased uptake of FFA by the liver directly promotes steatosis (10). In addition, patients with MN often present with insulin resistance, which is a central cause of NAFLD (11, 12). In the state of insulin resistance, insulin’s ability to suppress lipolysis in peripheral adipose tissue is impaired, leading to increased levels of FFAs in the circulation and excessive accumulation in the liver (13).

MN is a known cause of chronic kidney disease (CKD), and previous studies have shown that the prevalence of NAFLD increases with the progression of CKD (2, 14). Although multiple studies have reported an association between NAFLD and CKD, direct evidence linking MN to NAFLD is lacking. Furthermore, after adjusting for common risk factors, NS has been identified as a risk factor for NAFLD (15). However, the underlying molecular mechanisms and biological processes that drive this association remain poorly understood.

Therefore, this study aims to explore the shared pathogenic mechanisms between MN and NAFLD using a bioinformatics approach. Notably, this is the first study to identify common molecular pathways and genetic signatures associated with both diseases, which is expected to provide a foundation for improved clinical management of patients affected by both conditions. The workflow of the study is illustrated in Figure 1.
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Figure 1 | Technology roadmap constructed for this study.






2 Materials and methods



2.1 Patients

This study included 93 patients diagnosed with MN who were admitted to the Department of Nephrology of Henan Provincial People’s Hospital between August 2021 and August 2022. The inclusion and exclusion criteria for both MN and NAFLD are described below.



2.1.1 MN

Inclusion criteria: age ≥ 18 years; pathological diagnosis of MN confirmed by renal biopsy; availability of complete clinical data.

Exclusion criteria: Presence of other glomerular diseases, such as IgA nephropathy, diabetic nephropathy, etc.; Secondary MN caused by malignancies, medications or autoimmune diseases; pregnancy or lactation; chronic kidney disease (CKD) stage 5 at the time of first diagnosis, or renal replacement therapy (dialysis or kidney transplantation).




2.1.2 NAFLD

Inclusion criteria: age ≥ 18 years; liver steatosis diagnosed by abdominal ultrasonography.

Exclusion criteria: heavy alcohol consumption (>210 g/week for men and >140 g/week for women); viral hepatitis, liver disease caused by drugs, autoimmune liver disease or other specific diseases known to cause fatty liver.





2.2 Inclusion index

Baseline patient data (gender, age, height, weight, blood pressure, alcohol consumption history), routine blood examinations (hemoglobin[Hb], white blood cells [WBC], platelets [PLT]), biochemical indicators (alanine aminotransferase [ALT], aspartate aminotransferase [AST], albumin [ALB], cholesterol [CHOL], TG, HDL, LDL, blood uric acid [UA], glucose [GLU], blood urea nitrogen [BUN], serum creatinine [Scr], cystatin C [CysC], 24-h urine protein, phospholipase A2 receptor antibody [PLA2R], complement C3, complement C4, immunoglobulin G [IgG], immunoglobulin M[IgM], immunoglobulin A[IgA] and D-Dimer), infectious diseases biomarkers (hepatitis B surface antigen [HBsAg], hepatitis C antibody [anti-HCV]) were collected at the time of first diagnosis of MN. This study was approved by the Medical Ethics Committee of Henan People’s Hospital (approval number: 2020207), and informed consent was obtained from all participants.

A post hoc power analysis was conducted to assess the statistical power of the study based on observed differences in key clinical variables. The analysis revealed that the sample size of 93 patients provided sufficient power (>80%) for detecting clinically significant differences. Specifically, the power exceeded 88% for all major variables, including body weight (power = 88%), triglyceride levels (power = 96%), 24-hour urine protein excretion (power = 98%), C3 levels (power = 88%), and C4 levels (power = 99%). These results confirm that the current sample size was adequate to detect the observed differences with a significant level of 0.05.




2.3 Datasets collection and preprocessing

Gene expression profiles of numerous diseases can be found in the Gene Expression Omnibus (GEO), a publicly available genomics data repository. Using “Membranous nephropathy” and “Nonalcoholic fatty liver disease” as keywords, 6 datasets were downloaded including GSE126848 (16), GSE197307 (17), GSE89632 (18), GSE104948 (19), GSE185051 (20) and GSE200828. Among them, GSE126848 and GSE197307 were used for differential expression analysis, while GSE89632, GSE104948, GSE185051, and GSE200828 served as validation datasets (Table 1).


Table 1 | Datasets used for this study.



Quality control was conducted using the pheatmap package in R to assess the correlation of gene expression among samples (Supplementary Figure 1A, D). Samples with low correlation coefficients were considered outliers and removed. The remaining samples were further assessed using principal component analysis (PCA) to evaluate clustering and detect hidden confounding factors (Supplementary Figure 1B, C, E-F). When a gene mapped to multiple probe IDs, the mean expression levels of the same symbol were considered as the final gene-level expression.




2.4 Weighted gene co-expression network analysis in NAFLD patients

The WGCNA package in R was used to construct gene co-expression networks and identify gene modules (21). First, the goodSamplesGenes function was used to filter out low-quality genes and samples. The soft threshold was determined using the pickSoftThreshold function, selecting the smallest β where the scale-free topology fit index exceeded 0.85. Subsequently, the blockwiseModules function was utilized to identify the gene module, with minModuleSize set to 30 and MEDissThres set to 0.25. Genes with similar expression profiles were grouped into the same module. Finally, the module eigengenes (ME) were calculated by using the moduleEigengenes function. Correlations between MEs and clinical traits were then evaluated to identify modules most associated with disease. Genes from these trait-associated modules were selected for further analysis based on their module membership (MM) and gene significance (GS).




2.5 Identification of DEGs of MN and NAFLD

DEGs between disease and control groups were identified using the DESeq2 package in R (22). The screening thresholds were set as |log2FoldChange| > 1 and adjusted p-value < 0.05 (Supplementary Table 2). Genes with log2FC > 1 were considered up-regulated, whilst those with log2FC < -1 were considered downregulated. Heatmaps and volcano plots were generated using the pheatmap and ggplot2 packages, respectively (23). To improve robustness, only the overlapping DEGs from both GSE126848 and GSE197307 were retained for downstream analysis. Shared genes were defined as the intersection between DEGs and trait-related module genes identified by WGCNA, determined using the ggvenn package.




2.6 Enrichment analysis of shared genes

Functional enrichment of the shared genes was performed using the clusterProfiler package in R. Both Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were conducted, with a significance threshold set at p < 0.05 (24).




2.7 Protein-protein interaction network establishment and hub-gene identification

Shared genes were submitted to the STRING database (http://string-db.org/) to construct a high-confidence PPI network (minimum required interaction score ≥ 0.700). The network was visualized and analyzed using Cytoscape software (v3.10.2). The cytoHubba plugin (v0.1) was employed to rank nodes based on four algorithms: Radiality, Maximum Neighborhood Component (MNC), Maximal Clique Centrality (MCC), and Degree. Hub genes that were consistently ranked among the top 10 across algorithms were retained.

To further explore the diagnostic potential of these hub genes, a random forest (RF) model was constructed using gene expression data from the NAFLD datasets. The number of trees (ntree) was tuned to achieve the best performance, and the mtry parameter was set to the square root of input features. The final model was used to identify key diagnostic genes with maximum specificity and sensitivity. Model performance was assessed using the area under the receiver operating characteristic (ROC) curve in the training sets and subsequently validated on the test datasets.




2.8 Validation of the key gene

The expression level of the identified key gene was evaluated across four independent validation datasets (GSE89632, GSE104948, GSE185051 and GSE200828). Differences between disease and control samples were visualized using box plots.




2.9 Immune infiltration analysis

To assess the immune microenvironment in both MN and NAFLD, immune cell proportions were estimated using the CIBERSORT algorithm, which deconvolutes bulk expression data into 22 immune cell types. The results were visualized using the ggplot2 package. Pearson correlation analysis was performed to examine the association between the key gene and immune cell infiltration levels, and results were displayed as heatmaps.




2.10 Human biopsy specimens and immunostaining procedures

All patients with MN were confirmed through pathological examination. Healthy kidney tissues adjacent to malignant lesions were obtained during nephrectomy for kidney cancer. Liver tissues were collected from patients undergoing hepatic surgery for conditions such as hepatic hemangiomas or liver cysts. The experimental procedures conducted in this study received approval from the Henan People’s Hospital Ethics Committee (approval number: 2020207). Paraffin-embedded kidney and liver tissues were cut into 5-µm-thick slices. The deparaffinized slices were subjected to antigen retrieval and endogenous peroxidase inactivation. The slides were then blocked with 3% bovine serum albumin (BSA) at room temperature for 30 minutes. According to the manufacturer’s instructions, sections were incubated overnight at 4°C with anti-CSF1R antibodies (Proteintech, Cat# 25949-1-AP, RRID: AB_2880306). After incubation, slices were washed thrice with phosphate-buffered saline (PBS), incubated with the appropriate secondary antibodies (HRP- labeled goat anti-rabbit IgG) (ServiceBio Cat# GB23303, RRID: AB_2811189) at 37 °C for 50 mins. The slides were then washed again with PBS. Color development was performed using 3,3′-diaminobenzidine (DAB) and examined under a light microscope. Then use Lignin to stain for 3 mins.

Tissue sections were deparaffinized and antigen retrieval. After cooling, slides were washed with PBS, and non-specific binding was blocked using 3% BSA for 30 minutes at room temperature. Sections were incubated with anti-CSF1R antibodies (Proteintech, Cat# 25949-1-AP, RRID: AB_2880306) overnight at 4 °C in a humidified chamber, followed by PBS washes and incubation with fluorescent secondary antibodies (ServiceBio Cat# GB21303, RRID: AB_2861435) for 50 minutes at room temperature in the dark. Nuclei were counterstained with DAPI, and autofluorescence was quenched before mounting with anti-fade medium. Fluorescence was visualized using a fluorescence microscope with the following filters: DAPI (Ex 330–380 nm/Em 420 nm, blue) and CY3 (Ex 510–560 nm/Em 590 nm, red).

Quantitative analysis was carried out using ImageJ software by comparing the experimental groups to the control group.




2.11 Single cell sequencing

Due to the absence of human single-cell RNA sequencing (scRNA-seq) data for NAFLD, the mouse dataset GSE129516 was selected for validation. Two human MN datasets, GSE241302 and GSE131685, were also obtained for analysis. All datasets were downloaded from the GEO database and processed using the Seurat R package (25). Cells expressing less than 200 genes and genes expressed in fewer than 3 cells were filtered out. Doublet cells were identified and excluded from all samples. Ambient RNA contamination was estimated and removed. Raw gene expression counts were normalized using the LogNormalize method, scaling each cell’s expression by a factor of 10,000. Subsequently, variance stabilization transformation (VST) was applied to identify the top 2,000 highly variable genes per sample. These genes were then scaled using the ScaleData function. Dimensionality reduction was performed using principal component analysis (PCA) via the RunPCA function. All samples were integrated using the Harmony algorithm to correct for batch effects. For MN datasets (26), the top 11 principal components (PCs) were selected for cell clustering using the FindNeighbors and FindClusters functions. For the NAFLD dataset, the top 10 PCs were used. Uniform Manifold Approximation and Projection (UMAP) was applied for visualization using the RunUMAP function. Cluster-specific marker genes were identified using the FindAllMarkers function, based on the Wilcoxon rank-sum test.




2.12 Statistical analysis

Statistical analyses were performed using SPSS software (version 27.0) and R software (version 4.4.1). For continuous variables, the t-test was used to compare normally distributed data, while the Mann–Whitney U test was applied for non-normally distributed data. Categorical variables were expressed as percentages and compared using Pearson’s Chi-square test or Fisher’s exact test, as appropriate. A two-sided P value of <0.05 was considered statistically significant.





3 Results



3.1 Baseline data

From August 2021 to August 2022, a total of 93 patients diagnosed with MN were enrolled in this study. These patients were divided into two groups based on the presence or absence of NAFLD. A comparison of baseline characteristics between the NAFLD and non-NAFLD groups is presented in Supplementary Table 1. Patients in the NAFLD group had significantly higher body weight (75.02 vs. 66.69 kg, P < 0.001), triglyceride (TG) levels (2.68 vs. 1.95 mmol/L, P = 0.001), and 24-hour urinary protein excretion (6.94 vs. 3.78 g/L, P = 0.002) compared to those in the non-NAFLD group. Complement levels were also significantly elevated in the NAFLD group, with higher C3 (1.32 vs. 1.17 g/L, P < 0.001) and C4 (0.36 vs. 0.29 g/L, P = 0.003). No significant differences were observed between the two groups in terms of sex, age, height, systolic blood pressure (SBP), diastolic blood pressure (DBP), white blood cell count (WBC), hemoglobin (Hb), platelet count (PLT), AST, ALT, albumin (ALB), cholesterol (CHOL), HDL, LDL, blood urea nitrogen (BUN), serum creatinine (Scr), uric acid (UA), glucose (GLU), cystatin C (CysC), anti-PLA2R, IgA, IgM and D-dimer levels.




3.2 Selection of module genes by WGCNA

A weighted gene co-expression network was constructed using the expression data of 17,249 genes from 26 NAFLD patients and 9 healthy controls. A soft-thresholding power of β = 5 was selected to achieve a scale-free topology (Figure 2A). A total of 33 distinct gene modules were identified. Among them, the yellow, brown, red, and salmon modules exhibited the strongest correlations with NAFLD (Figures 2B–C). The relationships between module membership (MM) and gene significance (GS) for these key modules are illustrated in Figures 2D–G.


[image: ]

Figure 2 | Weighted gene co-expression network analysis. (A) Selection of the best soft threshold value. The optimal soft threshold is when the scale-free fit index first approaches the red line (represents 0.85). (B) Similar genes are clustered together in the Cluster dendrogram, with the top of the image representing the clustering dendrogram and the bottom representing the color corresponding to each gene. (C) Heatmap of relationships between module genes and clinical traits. Red, blue and salmon module genes had a high positive correlation with NAFLD. Brown module genes were negatively and strongly correlated with NAFLD. (D–G) Module significance and gene significance of red, blue, salmon and brown module genes were positively correlated.






3.3 Identification of DEGs in MN and NAFLD

In the GSE197307 dataset, a total of 3,252 differentially expressed genes (DEGs) were identified, including 1,580 upregulated and 1,672 downregulated genes. In the NAFLD dataset, 934 genes were significantly upregulated, while 552 genes were significantly downregulated. Volcano plots display the distribution of DEGs using different colors (Figures 3B, D), and the top 50 upregulated and downregulated genes are visualized in heatmaps (Figures 3A, C). Genes with consistent expression trends across both MN and NAFLD datasets were identified, and their intersection is illustrated in Figure 3E.


[image: ]

Figure 3 | Identification of DEGs of MN and NAFLD. (A) Heatmap showing the top 100 DEGs in the MN dataset according to the padj value. (B) Volcano plot of DEGs of MN, including 1580 upregulated genes and 1672 downregulated genes. (C) Heatmap showing the top 100 DEGs in the NAFLD dataset according to the padj value. (D) Volcano plot of DEGs of NAFLD, containing 934 upregulated genes and 552 downregulated genes. (E) Venn plot of common genes. DEGs, differentially expressed genes; MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease; padj: adjusted P value.






3.4 Functional enrichment analysis

To explore the biological functions of the upregulated and downregulated genes, GO and KEGG enrichment analyses were performed. GO analysis categorized gene functions into three domains: biological process (BP), cellular component (CC), and molecular function (MF). The most significantly enriched BP terms included positive regulation of cytokine production, leukocyte activation involved in immune response, cell activation involved in mononuclear cell differentiation, lymphocyte differentiation, and positive regulation of cell activation (Figure 4A). For CC, genes were primarily enriched on the external side of the plasma membrane, tertiary granule, and tertiary granule membrane (Figure 4B). In the MF category, enriched terms included immune receptor activity, inhibitory MHC class I receptor activity, sialic acid binding, and cytokine binding (Figure 4C). KEGG pathway analysis indicated that the shared DEGs were mainly involved in immune-related pathways, such as the B cell receptor signaling pathway, chemokine signaling pathway, and natural killer cell-mediated cytotoxicity (Figure 4D).
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Figure 4 | Functional enrichment analysis of shared genes. (A-C) GO enrichment analysis of shared genes, including biological process (A), cellular component (B) and molecular function (C). (D) KEGG enrichment of shared genes. FoldEnrichment revealed differences between the pathway’s proportions in this dataset and the entire genome. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.






3.5 Establishment of PPI network

To further explore the potential interactions among proteins encoded by the shared DEGs, a protein-protein interaction (PPI) network was constructed using the STRING database, with Homo sapiens set as the species. The resulting network, consisting of 210 nodes and 106 edges (interaction score > 0.7), was visualized using Cytoscape software (Figure 5D). To identify key hub genes, the cytoHubba plugin was employed (27). The top 20 genes from each method were intersected to identify common hub genes (Figure 5B). This analysis yielded seven hub genes: VAV1, CSF1R, FCER1G, FCGR3A, CCR1, HCK, and SPI1. The biological functions of these genes are summarized in Table 2.
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Figure 5 | Gene selection by the PPI network and machine learning. (A) The PPI network of common genes. Different colors represent the connectivity of the gene. The darker the color, the more core the gene is in the network. (B) Venn diagram of the top 20 genes with the highest scores for 4 algorithms. (C) Relationship between the overall error rate and the number of trees. (D) Relative importance of each gene in the Random Forest model. CSF1R had the highest MeanDecreaseGini. PPI, protein-protein interaction.




Table 2 | Proteins encoded by hub genes and their functions.






3.6 Further selection of key genes

To further identify the gene most closely associated with both MN and NAFLD, a random forest (RF) algorithm was applied to the seven hub genes. In this model, gene expression levels served as independent variables, while disease status was used as the dependent variable. Genes were ranked based on the MeanDecreaseGini index to determine their relative importance. The number of trees (ntree) was initially set to 500; as the number of trees increased, the model error stabilized. The optimal parameter was identified as ntree = 2, corresponding to the lowest model error (Figure 5C). The model exhibited strong discriminatory power, with area under the curve (AUC) values exceeding 0.9 in both the training and validation datasets, indicating excellent predictive performance (Supplementary Figure 2). Among the variables evaluated by the RF model, CSF1R demonstrated the highest MeanDecreaseGini value and was therefore identified as the most important gene (Figure 5D). To validate the expression of CSF1R, immunohistochemical staining was performed on liver and kidney biopsy tissues obtained from healthy controls, NAFLD patients, and MN patients (Figure 6). Results showed that CSF1R expression was minimal in healthy individuals, but moderately elevated in the renal vascular endothelium of MN patients and in hepatocytes of NAFLD patients. Similarly, compared with the control group, the disease groups showed an increase in CSF1R fluorescence intensity (Supplementary Figure 3). These findings suggest that immune dysregulation, particularly the upregulation of CSF1R, may underlie the pathophysiological link between MN and NAFLD.
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Figure 6 | Histopathology of tissues from patients with MN, patients with MN and healthy individuals. (A) Kidney biopsies of MN patients and healthy controls. (B) Liver biopsies of NAFLD patients and healthy controls. Scalebars, 100μm. Data were presented as mean ± SEM. MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease; AOD, average optical density, *P < 0.05.






3.7 Infiltration of Immune cells in NAFLD and MN

Based on the findings from enrichment analyses and machine learning, immune dysregulation may serve as a potential link between MN and NAFLD. To further explore this hypothesis, the CIBERSORT algorithm was employed to assess immune cell infiltration in both diseases. The proportions of 22 immune cell subtypes in MN and NAFLD samples are depicted in bar plots (Figure 7B, E). Compared to healthy controls, both disease groups exhibited a significant increase in monocyte infiltration (Figure 7A, D), accompanied by a marked decrease in resting memory CD4+ T cells. To assess the relationship between immune cell composition and CSF1R expression, Pearson correlation analysis was conducted. In MN samples, CSF1R expression showed a strong positive correlation with M2 macrophages and monocytes, and a negative correlation with γδ T cells, plasma cells, and resting dendritic cells (Figure 7C). Similarly, in NAFLD, CSF1R expression was positively associated with γδ T cells, monocytes, and eosinophils, while inversely correlated with resting memory CD4+ T cells and naive B cells (Figure 7F).


[image: ]

Figure 7 | Immune infiltration analysis of MN and NAFLD. (A) Comparison of renal immune infiltration between healthy control and NAFLD patients. (B) Proportional composition of immune cells in each sample of NAFLD. (C) Correlation between CSF1R expression and immune cells in the NAFLD dataset. (D) Comparison of renal immune infiltration between healthy control and MN patients. (E) Proportional composition of immune cells in each sample of MN. (F) Correlation between CSF1R expression and immune cells in the MN dataset. MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease; *P < 0.05; **P < 0.01; ***P < 0.001; ****P<0.0001.






3.8 Single cell sequencing analysis

In addition to transcriptomics analysis, single cell RNA sequencing was conducted to further validate our findings. After quality control, a total of 40864 integrated kidney cells were divided into 18 clusters. Based on marker genes documented in the literature, these clusters were annotated into 11 cell types, including proximal tubule cells, natural killer T cell (NK/T) cells, parietal epithelial cells, loop of Henle cells, intercalated cells, distal tubule cells, monocytes, distal tubule-immune cells, B cells, endothelial cells and principal cells. As Figure 8A, D showed, UMAP was utilized to visualize the cell cluster. Similarly, 30632 liver cells were divided into 16 clusters, which were further classified into 10 types. Marker genes for each cell type are illustrated in Figure 8C, F.
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Figure 8 | Single cell sequencing analysis for validation. (A) All samples from GSE241302 and GSE131685 were integrated and visualized using UMAP. (B) UMAP visualization of CSF1R expression in healthy individuals and MN patients. (C) Heatmap showed the expression of representative marker genes for each cell type. (D) All samples from GSE129516 were integrated and visualized using UMAP. (E) UMAP visualization of Csf1r expression in healthy individuals and NAFLD mice. (F) Heatmap showed the expression of representative marker genes for each cell type. MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease; UMAP, Uniform Manifold Approximation and Projection.



Box plots (Figure 9) showed that significantly elevated expression of CSF1R in disease groups compared to healthy controls in external validation datasets. Additionally, CSF1R expression was elevated in both MN and NAFLD at the single cell level (Figure 8B, E). Notably, CSF1R was predominantly enriched in the mononuclear phagocyte system, aligning with findings from the immune infiltration analysis. These results suggest that monocytes may play a pivotal role in the pathogenesis of both NAFLD and MN.
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Figure 9 | Boxplots of CSF1R expression in external datasets for validation. (A) Comparison of CSF1R expression between healthy individuals and MN patients in GSE104948. (B) Comparison of CSF1R expression between healthy individuals and MN patients in GSE200828. (C) Comparison of CSF1R expression between healthy individuals and NAFLD patients in GSE GSE89632. (D) Comparison of CSF1R expression between healthy individuals and NAFLD patients in GSE185051. Data were presented as mean ± SEM. MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease; **, P < 0.01; ***, P < 0.001; ****, P <0.0001.







4 Discussion

It is well established that NAFLD and CKD are closely linked, yet the specific CKD subtypes associated with NAFLD remain unclear. NS, particularly MN, is characterized by significant lipid metabolism disorders, which may contribute to NAFLD development (15, 28). In this study, we explored the clinical features and molecular mechanisms of MN patients with NAFLD through the synergistic integration of bioinformatics analysis and machine learning approaches.

Nearly 40% of MN patients in our cohort had NAFLD. These patients exhibited more severe proteinuria, suggesting a worse renal prognosis (29). They also had lower IgG levels, consistent with prior reports (30). However, some studies showed high IgG levels may promote NAFLD development and increase the risk of hepatic decompensation (31, 32). Additionally, we observed altered complement activity, including elevated serum C3 levels, which supports previous findings of complement activation in NAFLD (33, 34). In conclusion, we hypothesized that the occurrence of NAFLD in MN patients may be associated with immune disorders and exacerbate pre-existing diseases.

In addition, lipid metabolism may represent a mechanistic link between MN and NAFLD. Elevated levels of FFAs promote mitochondrial β-oxidation, leading to the overproduction of reactive oxygen species (ROS) and hepatocyte apoptosis (35). Similarly, FFAs impair mitochondrial membrane integrity, releasing ROS and mitochondrial DNA, which trigger pro-inflammatory cytokines such as IL-18 and IL-1β, thereby promoting kidney cellular damage (36). Moreover, the NLRP3 inflammasome has been identified as a lipid-induced inflammatory mechanism. NLRP3 activation facilitates cytokines release and liver inflammation, and similar activation in renal tissues promotes immune responses (36, 37). Transcriptional regulators, particularly SREBP-1c and PPARα/γ, also play crucial roles in both diseases. SREBP-1c, a master regulator of lipogenesis, is persistently activated to promote hepatic lipid accumulation (38). Similarly, SREBP-1c activation leads to podocyte lipid deposition (39). In contrast, PPARα and PPARγ, which facilitate lipid clearance and exert anti-inflammatory effects, are typically downregulated in both diseases (40–43).

From transcriptomic analyses, we obtained 211 genes commonly associated with MN and NAFLD. Enrichment analysis indicated these genes were related to immune cells and cytokines activation. Hub gene screening revealed CSF1R as a key molecule through the random forest algorithm. In addition, immune infiltration revealed that CSF1R was correlated positively with monocytes in both diseases. Finally, scRNA-seq and immunohistochemistry were performed to validate our conclusions.

CSF1R is a receptor for both CSF-1 and IL-34, expressed primarily in macrophages, monocyte, microglia, osteoblasts, and myeloid dendritic cells (44, 45). It plays a key pro-inflammatory role and has been implicated in several kidney diseases, including acute kidney injury (AKI), lupus nephritis (LN), and focal segmental glomerulosclerosis (FSGS) (46–49). A study demonstrated that CSF1R is genetically increased in MN and promotes the expression of various cytokines (50). Multiple cytokines promote mesangial cell proliferation and alter hemodynamics leading to renal injury (51). Furthermore, the number of circulating monocytes has been shown to correlate with the severity of MN (52). Infiltrating monocytes in the kidney can differentiate into macrophages, which not only participate in tissue repair but also contribute to renal fibrosis (52–54). Monocytes may exert their damaging effects on the kidney through their surface receptor CSF1R. Our findings are consistent with previous studies. Therefore, we hypothesize that aberrant expression or functional dysregulation of CSF1R may initiate or exacerbate immune dysfunction in MN.

Our study also found an increase in CSF1R expression among patients with NAFLD. The biological functions of CSF1R are highly dependent on the activation of the CSF1/IL34–CSF1R signaling axis. In the context of NAFLD, this pathway appears to be upregulated, as indicated by elevated serum IL-34 levels and increased expression of the CSF1 gene (55, 56). Moreover, an increased expression of CSF1R was directly observed in the NAFLD animal model (57). CSF1R directly promotes lipid accumulation in hepatocytes via the glycolytic pathway (58). On the other hand, the CSF1/IL34–CSF1R signaling axis activates hepatic macrophages and produces pro-inflammatory cytokines, thereby promoting hepatic fibrosis (59, 60). Overall, CSF1R is a key molecule in the development and progression of NAFLD.

Our study has limitations. Due to its single-center design and relatively small sample size, a multi-center investigation is needed to further validate our findings. The cross-sectional study design made it difficult to infer a causal relationship between MN and NAFLD. Furthermore, animal experiments are needed to explore signaling pathways of CSF1R in both NAFLD and MN in greater detail. Patients with both diseases should be selected for validation, but such datasets are currently unavailable and should be carried out in the future.




5 Conclusion

In conclusion, we identify CSF1R as a shared molecular marker linking MN and NAFLD, implicating dysregulation of the monocytes in their co‐pathogenesis. Clinically, these findings suggest that regular monitoring of hepatic steatosis in MN patients may enable earlier detection of comorbidity. This study proposes a novel perspective that Chinese patients with MN are at increased risk of developing NAFLD, which may in turn exacerbate the progression of MN. Our results suggest that quantifying CSF1R expression may serve as a biomarker for the early and accurate diagnosis of patients with coexisting MN and NAFLD. In the future, targeting CSF1R signaling may represent a promising therapeutic strategy for mitigating both renal and hepatic injury.
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Supplementary Figure 1 | Sample quality assessment to remove outlier samples. (A) Pearson correlation analysis was performed to calculate the correlation of gene expression between each sample of GSE197307. Samples with low correlation were removed as anomalous samples. (B) Visualization of pre-QC samples of GSE197307 using the PCA algorithm showed samples were clustered with each other. (C) Visualization of post-QC samples of GSE197307 using the PCA algorithm showed samples from different groups were separated. (D) Pearson correlation analysis was performed to calculate the correlation of gene expression between each sample of GSE126848. Samples with low correlation were removed as anomalous samples. (E) Visualization of pre-QC samples of GSE126848 using the PCA algorithm showed samples were clustered with each other. (F) Visualization of post-QC samples of GSE126848 using the PCA algorithm showed samples from different groups were separated.

Supplementary Figure 2 | Performance evaluation of the model. (A) Confusion matrix of the RF model in the training set. Accuracy: 0.97, precision: 1.00, recall: 0.96, F1 score: 0.98. (B) ROC curve for the training set. The AUC was 0.94 (95% CI: 0.82–1.00). (C) Confusion matrix of the RF model in the test set. Accuracy: 0.92, precision: 0.86, recall: 1.00, F1 score: 0.92. (D) ROC curve for the test set. The AUC was 0.93 (95% CI: 0.79–1.00). RF, Random Forest; ROC, receiver operating characteristic; AUC, area under the curve.

Supplementary Figure 3 | Representative immunofluorescence images of CSF1R (red) of renal and liver biopsies from HC, MN and NAFLD patients. Cell nuclei were counterstained with DAPI (blue). Scalebars, 100μm; MN, membranous nephropathy; NAFLD, non-alcoholic fatty liver disease.




References

1. Ronco, P, Beck, L, Debiec, H, Fervenza, FC, Hou, FF, Jha, V, et al. Membranous nephropathy. Nat Rev Dis Primers. (2021) 7:69. doi: 10.1038/s41572-021-00303-z

2. Go, AS, Tan, TC, Chertow, GM, Ordonez, JD, Fan, D, Law, D, et al. Primary nephrotic syndrome and risks of eskd, cardiovascular events, and death: the kaiser permanente nephrotic syndrome study. J Am Soc Nephrol. (2021) 32:2303–14. doi: 10.1681/asn.2020111583

3. Vestergaard, SV, Birn, H, Jensen, SK, Sørensen, HT, Nitsch, D, and Christiansen, CF. Twenty-four-year trends in incidence and mortality of nephrotic syndrome: A population-based cohort study. Epidemiology. (2023) 34:411–20. doi: 10.1097/ede.0000000000001576

4. Younossi, ZM. Non-alcoholic fatty liver disease – a global public health perspective. J Hepatol. (2019) 70:531–44. doi: 10.1016/j.jhep.2018.10.033

5. Han, SK, Baik, SK, and Kim, MY. Non-alcoholic fatty liver disease: definition and subtypes. Clin Mol Hepatol. (2023) 29:S5–s16. doi: 10.3350/cmh.2022.0424

6. Powell, EE, Wong, VW-S, and Rinella, M. Non-alcoholic fatty liver disease. Lancet. (2021) 397:2212–24. doi: 10.1016/S0140-6736(20)32511-3

7. Huby, T, and Gautier, EL. Immune cell-mediated features of non-alcoholic steatohepatitis. Nat Rev Immunol. (2022) 22:429–43. doi: 10.1038/s41577-021-00639-3

8. Agrawal, S, Zaritsky, JJ, Fornoni, A, and Smoyer, WE. Dyslipidaemia in nephrotic syndrome: mechanisms and treatment. Nat Rev Nephrol. (2018) 14:57–70. doi: 10.1038/nrneph.2017.155

9. Han, S, Vaziri, ND, Gollapudi, P, Kwok, V, and Moradi, H. Hepatic fatty acid and cholesterol metabolism in nephrotic syndrome. Am J Transl Res. (2013) 5:246–53.

10. Ipsen, DH, Lykkesfeldt, J, and Tveden-Nyborg, P. Molecular mechanisms of hepatic lipid accumulation in non-alcoholic fatty liver disease. Cell Mol Life Sci. (2018) 75:3313–27. doi: 10.1007/s00018-018-2860-6

11. Gao, YM, Wang, ZH, Deng, ZL, and Wang, Y. Higher triglyceride-glucose index is associated with severe proteinuria and decreased renal function in patients with primary membranous nephropathy. BMC Nephrol. (2025) 26:114. doi: 10.1186/s12882-025-04022-5

12. Palma, R, Pronio, A, Romeo, M, Scognamiglio, F, Ventriglia, L, Ormando, VM, et al. The role of insulin resistance in fueling nafld pathogenesis: from molecular mechanisms to clinical implications. J Clin Med. (2022) 11:3649. doi: 10.3390/jcm11133649

13. Armandi, A, Rosso, C, Caviglia, GP, and Bugianesi, E. Insulin resistance across the spectrum of nonalcoholic fatty liver disease. Metabolites. (2021) 11:155. doi: 10.3390/metabo11030155

14. Triozzi, JL, Richardson, PA, Gregg, LP, and Navaneethan, SD. Incidence and predictors of non-alcoholic fatty liver disease among patients with chronic kidney disease. Nephrol Dial Transplant. (2021) 36:1546–8. doi: 10.1093/ndt/gfab046

15. Onwuzo, SS, Hitawala, AA, Boustany, A, Kumar, P, Almomani, A, Onwuzo, C, et al. Prevalence of non-alcoholic fatty liver disease in patients with nephrotic syndrome: A population-based study. World J Hepatol. (2023) 15:265–73. doi: 10.4254/wjh.v15.i2.265

16. Suppli, MP, Rigbolt, KTG, Veidal, SS, Heebøll, S, Eriksen, PL, Demant, M, et al. Hepatic transcriptome signatures in patients with varying degrees of nonalcoholic fatty liver disease compared with healthy normal-weight individuals. Am J Physiol Gastrointest Liver Physiol. (2019) 316:G462–g72. doi: 10.1152/ajpgi.00358.2018

17. Sealfon, R, Mariani, L, Avila-Casado, C, Nair, V, Menon, R, Funk, J, et al. Molecular characterization of membranous nephropathy. J Am Soc Nephrol. (2022) 33:1208–21. doi: 10.1681/asn.2021060784

18. Arendt, BM, Comelli, EM, Ma, DW, Lou, W, Teterina, A, Kim, T, et al. Altered hepatic gene expression in nonalcoholic fatty liver disease is associated with lower hepatic N-3 and N-6 polyunsaturated fatty acids. Hepatology. (2015) 61:1565–78. doi: 10.1002/hep.27695

19. Grayson, PC, Eddy, S, Taroni, JN, Lightfoot, YL, Mariani, L, Parikh, H, et al. Metabolic pathways and immunometabolism in rare kidney diseases. Ann Rheum Dis. (2018) 77:1226–33. doi: 10.1136/annrheumdis-2017-212935

20. Yao, K, Tarabra, E, Sia, D, Morotti, R, Fawaz, R, Valentino, P, et al. Transcriptomic profiling of a multiethnic pediatric nafld cohort reveals genes and pathways associated with disease. Hepatol Commun. (2022) 6:1598–610. doi: 10.1002/hep4.1940

21. Langfelder, P, and Horvath, S. Wgcna: an R package for weighted correlation network analysis. BMC Bioinf. (2008) 9:559. doi: 10.1186/1471-2105-9-559

22. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for rna-seq data with deseq2. Genome Biol. (2014) 15:550. doi: 10.1186/s13059-014-0550-8

23. Ginestet, C. Ggplot2: elegant graphics for data analysis. J R Stat Soc Ser A: Stat Soc. (2011) 174:245–6. doi: 10.1111/j.1467-985X.2010.00676_9.x

24. Yu, G, Wang, LG, Han, Y, and He, QY. Clusterprofiler: an R package for comparing biological themes among gene clusters. Omics. (2012) 16:284–7. doi: 10.1089/omi.2011.0118

25. Hao, Y, Stuart, T, Kowalski, MH, Choudhary, S, Hoffman, P, Hartman, A, et al. Dictionary learning for integrative, multimodal and scalable single-cell analysis. Nat Biotechnol. (2024) 42:293–304. doi: 10.1038/s41587-023-01767-y

26. Korsunsky, I, Millard, N, Fan, J, Slowikowski, K, Zhang, F, Wei, K, et al. Fast, sensitive and accurate integration of single-cell data with harmony. Nat Methods. (2019) 16:1289–96. doi: 10.1038/s41592-019-0619-0

27. Chin, C-H, Chen, S-H, Wu, H-H, Ho, C-W, Ko, M-T, and Lin, C-Y. Cytohubba: identifying hub objects and sub-networks from complex interactome. BMC Syst Biol. (2014) 8:S11. doi: 10.1186/1752-0509-8-S4-S11

28. Nickolas, TL, Radhakrishnan, J, and Appel, GB. Hyperlipidemia and thrombotic complications in patients with membranous nephropathy. Semin Nephrol. (2003) 23:406–411. doi: 10.1016/S0270-9295(03)00058-5

29. Shiiki, H, Saito, T, Nishitani, Y, Mitarai, T, Yorioka, N, Yoshimura, A, et al. Prognosis and risk factors for idiopathic membranous nephropathy with nephrotic syndrome in Japan. Kidney Int. (2004) 65:1400–7. doi: 10.1111/j.1523-1755.2004.00518.x

30. Sun, SM, Wang, YY, Zhang, Q, Liu, L, Meng, G, Yao, ZX, et al. Serum levels of immunoglobulins in an adult population and their relationship with nonalcoholic fatty liver disease. J Dig Dis. (2018) 19:498–507. doi: 10.1111/1751-2980.12646

31. De Roza, MA, Lamba, M, Goh, GB, Lum, JH, Cheah, MC, and Ngu, JHJ. Immunoglobulin G in non-alcoholic steatohepatitis predicts clinical outcome: A prospective multi-centre cohort study. World J Gastroenterol. (2021) 27:7563–71. doi: 10.3748/wjg.v27.i43.7563

32. Osman, HA, Tag-Adeen, M, Abdelaal, UM, Elgezawy, E, Nasif, KA, and Nafady, A. Different aspects of immunological profile in patients with non-alcoholic fatty liver disease. Acta Gastroenterol Belg. (2024) 87:274–81. doi: 10.51821/87.2.12205

33. Xu, C, Chen, Y, Xu, L, Miao, M, Li, Y, and Yu, C. Serum complement C3 levels are associated with nonalcoholic fatty liver disease independently of metabolic features in Chinese population. Sci Rep. (2016) 6:23279. doi: 10.1038/srep23279

34. Rensen, SS, Slaats, Y, Driessen, A, Peutz-Kootstra, CJ, Nijhuis, J, Steffensen, R, et al. Activation of the complement system in human nonalcoholic fatty liver disease. Hepatology. (2009) 50:1809–17. doi: 10.1002/hep.23228

35. Begriche, K, Massart, J, Robin, M-A, Bonnet, F, and Fromenty, B. Mitochondrial adaptations and dysfunctions in nonalcoholic fatty liver disease. Hepatology. (2013) 58:1497–1507. doi: 10.1002/hep.26226

36. Luo, Z, Chen, Z, Hu, J, and Ding, G. Interplay of lipid metabolism and inflammation in podocyte injury. Metabolism. (2024) 150:155718. doi: 10.1016/j.metabol.2023.155718

37. Wree, A, Eguchi, A, McGeough, MD, Pena, CA, Johnson, CD, Canbay, A, et al. Nlrp3 inflammasome activation results in hepatocyte pyroptosis, liver inflammation, and fibrosis in mice. Hepatology. (2014) 59:898–910. doi: 10.1002/hep.26592

38. Ju, U-I, Jeong, D-W, Seo, J, Park, JB, Park, J-W, Suh, K-S, et al. Neddylation of sterol regulatory element-binding protein 1c is a potential therapeutic target for nonalcoholic fatty liver treatment. Cell Death Dis. (2020) 11:283. doi: 10.1038/s41419-020-2472-6

39. Ishigaki, N, Yamamoto, T, Shimizu, Y, Kobayashi, K, Yatoh, S, Sone, H, et al. Involvement of glomerular srebp-1c in diabetic nephropathy. Biochem Biophys Res Commun. (2007) 364:502–8. doi: 10.1016/j.bbrc.2007.10.038

40. Pawlak, M, Lefebvre, P, and Staels, B. Molecular mechanism of pparα Action and its impact on lipid metabolism, inflammation and fibrosis in non-alcoholic fatty liver disease. J Hepatol. (2015) 62:720–33. doi: 10.1016/j.jhep.2014.10.039

41. Chen, H, Tan, H, Wan, J, Zeng, Y, Wang, J, Wang, H, et al. Ppar-Γ Signaling in nonalcoholic fatty liver disease: pathogenesis and therapeutic targets. Pharmacol Ther. (2023) 245:108391. doi: 10.1016/j.pharmthera.2023.108391

42. Gao, J, and Gu, Z. The role of peroxisome proliferator-activated receptors in kidney diseases. Front Pharmacol. (2022) 13:832732. doi: 10.3389/fphar.2022.832732

43. Masenga, SK, Desta, S, Hatcher, M, Kirabo, A, and Lee, DL. How ppar-alpha mediated inflammation may affect the pathophysiology of chronic kidney disease. Curr Res Physiol. (2025) 8:100133. doi: 10.1016/j.crphys.2024.100133

44. Wen, J, Wang, S, Guo, R, and Liu, D. Csf1r inhibitors are emerging immunotherapeutic drugs for cancer treatment. Eur J Medicinal Chem. (2023) 245:114884. doi: 10.1016/j.ejmech.2022.114884

45. El-Gamal, MI, Al-Ameen, SK, Al-Koumi, DM, Hamad, MG, Jalal, NA, and Oh, C-H. Recent advances of colony-stimulating factor-1 receptor (Csf-1r) kinase and its inhibitors. J Medicinal Chem. (2018) 61:5450–66. doi: 10.1021/acs.jmedchem.7b00873

46. Muñoz-Garcia, J, Cochonneau, D, Télétchéa, S, Moranton, E, Lanoe, D, Brion, R, et al. The twin cytokines interleukin-34 and csf-1: masterful conductors of macrophage homeostasis. Theranostics. (2021) 11:1568–93. doi: 10.7150/thno.50683

47. Wang, Y, Chang, J, Yao, B, Niu, A, Kelly, E, Breeggemann, MC, et al. Proximal tubule-derived colony stimulating factor-1 mediates polarization of renal macrophages and dendritic cells, and recovery in acute kidney injury. Kidney Int. (2015) 88:1274–82. doi: 10.1038/ki.2015.295

48. Chalmers, SA, Wen, J, Shum, J, Doerner, J, Herlitz, L, and Putterman, C. Csf-1r inhibition attenuates renal and neuropsychiatric disease in murine lupus. Clin Immunol. (2017) 185:100–8. doi: 10.1016/j.clim.2016.08.019

49. Cruzado, JM, Manonelles, A, Rayego, S, Doladé, N, Amaya-Garrido, A, Valera, C, et al. Colony stimulating factor-1 receptor drives glomerular parietal epithelial cell activation in focal segmental glomerulosclerosis. Kidney Int. (2024) 106:67–84. doi: 10.1016/j.kint.2024.02.010

50. Zhang, P, Geng, Y, Tang, J, Cao, Z, Xiang, X, Yang, K, et al. Identification of biomarkers related to immune and inflammation in membranous nephropathy: comprehensive bioinformatic analysis and validation. Front Immunol. (2023) 14:1252347. doi: 10.3389/fimmu.2023.1252347

51. Vianna, HR, Soares, CM, Tavares, MS, Teixeira, MM, and Silva, AC. Inflammation in chronic kidney disease: the role of cytokines. J Bras Nefrol. (2011) 33:351–64. doi: 10.1590/s0101-28002011000300012

52. Hou, J, Zhang, M, Ding, Y, Wang, X, Li, T, Gao, P, et al. Circulating cd14(+)Cd163(+)Cd206(+) M2 monocytes are increased in patients with early stage of idiopathic membranous nephropathy. Mediators Inflammation. (2018) 2018:5270657. doi: 10.1155/2018/5270657

53. Alexopoulos, E, Seron, D, Hartley, RB, Nolasco, F, and Cameron, JS. Immune mechanisms in idiopathic membranous nephropathy: the role of the interstitial infiltrates. Am J Kidney Dis. (1989) 13:404–12. doi: 10.1016/s0272-6386(89)80024-1

54. Zhang, AH, Dai, GX, Zhang, QD, Huang, HD, and Liu, WH. The value of peripheral blood cell ratios in primary membranous nephropathy: A single center retrospective study. J Inflammation Res. (2023) 16:1017–25. doi: 10.2147/jir.S404591

55. Shoji, H, Yoshio, S, Mano, Y, Kumagai, E, Sugiyama, M, Korenaga, M, et al. Interleukin-34 as a fibroblast-derived marker of liver fibrosis in patients with non-alcoholic fatty liver disease. Sci Rep. (2016) 6:28814. doi: 10.1038/srep28814

56. Cayón, A, Crespo, J, Guerra, AR, and Pons-Romero, F. Gene expression in obese patients with non-alcoholic steatohepatitis. Rev Esp Enferm Dig. (2008) 100:212–8. doi: 10.4321/s1130-01082008000400004

57. Hong, W, Zhang, T, Yan, J, Yu, J, He, B, Wu, L, et al. Bioinformatics analysis of an animal model of diet-induced nonalcoholic fatty liver disease with rapid progression. Exp Biol Med (Maywood). (2022) 247:263–75. doi: 10.1177/15353702211055099

58. Fu, Y, Li, X, Zeng, Y, Zhang, A, and Qiu, S. Arctiin attenuated nash by inhibiting glycolysis and inflammation via fgfr2/csf1r signaling. Eur J Pharmacol. (2025) 996:177424. doi: 10.1016/j.ejphar.2025.177424

59. Tian, Y, Ni, Y, Zhang, T, Cao, Y, Zhou, M, and Zhao, C. Targeting hepatic macrophages for non-alcoholic fatty liver disease therapy. Front Cell Dev Biol. (2024) 12:1444198. doi: 10.3389/fcell.2024.1444198

60. Alabdulaali, B, Al-Rashed, F, Al-Onaizi, M, Kandari, A, Razafiarison, J, Tonui, D, et al. Macrophages and the development and progression of non-alcoholic fatty liver disease. Front Immunol. (2023) 14:1195699. doi: 10.3389/fimmu.2023.1195699

61. Tybulewicz, VLJ. Vav-family proteins in T-cell signalling. Curr Opin Immunol. (2005) 17:267–74. doi: 10.1016/j.coi.2005.04.003

62. Buechler, MB, Fu, W, and Turley, SJ. Fibroblast-macrophage reciprocal interactions in health, fibrosis, and cancer. Immunity. (2021) 54:903–15. doi: 10.1016/j.immuni.2021.04.021

63. Ernst, M, Inglese, M, Scholz, GM, Harder, KW, Clay, FJ, Bozinovski, S, et al. Constitutive activation of the src family kinase hck results in spontaneous pulmonary inflammation and an enhanced innate immune response. J Exp Med. (2002) 196:589–604. doi: 10.1084/jem.20020873

64. Zhang, X, Cai, J, Song, F, and Yang, Z. Prognostic and immunological role of fcer1g in pan-cancer. Pathol - Res Pract. (2022) 240:154174. doi: 10.1016/j.prp.2022.154174

65. Li, L, Huang, Z, Du, K, Liu, X, Li, C, Wang, D, et al. Integrative pan-cancer analysis confirmed that fcgr3a is a candidate biomarker associated with tumor immunity. Front Pharmacol. (2022) 13:900699. doi: 10.3389/fphar.2022.900699

66. Deng, G, Wang, P, Su, R, Sun, X, Wu, Z, Huang, Z, et al. Spi1(+)Cd68(+) macrophages as a biomarker for gastric cancer metastasis: A rationale for combined antiangiogenic and immunotherapy strategies. J Immunother Cancer. (2024) 12:e009983. doi: 10.1136/jitc-2024-009983

67. Li, G, Lu, Z, and Chen, Z. Identification of common signature genes and pathways underlying the pathogenesis association between nonalcoholic fatty liver disease and heart failure. Front Immunol. (2024) 15:1424308. doi: 10.3389/fimmu.2024.1424308




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2025 Fan, Li, Lu and Cao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-16-1564288-g005.jpg
Error

0.00 005 0.10 0.15 0.20 0.25

SMADS.

LTBP4

PCDH12

dat_rm

FYB1

100 200 300

trees

400 500

MCC

Degree Radiality
1
0
o 0
1
o
7
o 0
0
MNC
1
dat_rm
CSF1R o
VAV1 o
FCER1G
SPI1 o
FCGR3A | o
HCK o
CCR1 o

MeanDecreaseGini






OEBPS/Images/fimmu-16-1564288-g003.jpg
TTTTTT1]

] TR

ot
N EEEEES S EEEEESEC SECE SE
=E
I -
i i mE - -
= 5
i =
=
= —
T 1
— =
= S =
T — T
=
ssetorsor cserzseis
140
asersror pe—
10 s

e

e
|

group roup
oo 2 o
ety

0

60

~log10 (P.adjust )

Up:1580

Down: 1672
.
* .
.
.
.
[}

2
o
Y B ] 3 s
log2 ( FoldChange )
Up:934
Down:552
70
100 .
®
3 B
T .
(3 .
o .
g
5 e
©
2 -
B o
5 5 4 2 6 i i & &

log2 ( FoldChange )

© pown





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of key genes in membranous nephropathy and non-alcoholic fatty liver disease by bioinformatics and machine learning

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients

          

            		

              2.1.1 MN

            



            		

              2.1.2 NAFLD

            



          



          



          		

            2.2 Inclusion index

          



          		

            2.3 Datasets collection and preprocessing

          



          		

            2.4 Weighted gene co-expression network analysis in NAFLD patients

          



          		

            2.5 Identification of DEGs of MN and NAFLD

          



          		

            2.6 Enrichment analysis of shared genes

          



          		

            2.7 Protein-protein interaction network establishment and hub-gene identification

          



          		

            2.8 Validation of the key gene

          



          		

            2.9 Immune infiltration analysis

          



          		

            2.10 Human biopsy specimens and immunostaining procedures

          



          		

            2.11 Single cell sequencing

          



          		

            2.12 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Baseline data

          



          		

            3.2 Selection of module genes by WGCNA

          



          		

            3.3 Identification of DEGs in MN and NAFLD

          



          		

            3.4 Functional enrichment analysis

          



          		

            3.5 Establishment of PPI network

          



          		

            3.6 Further selection of key genes

          



          		

            3.7 Infiltration of Immune cells in NAFLD and MN

          



          		

            3.8 Single cell sequencing analysis

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-16-1564288-g007.jpg
Cell composition

Cell composition

Group ES control B8 NAFLD

05

04

°
©

o
9

01

.4

@ &
-
&F
N,

Group B control B MN

06

cell proportion

050

000

cell proportion

| mﬂw Tl U“ r’r' m
L1 1 |

100

000

[ Bcets nave

W 5 cets memory

1 Plasmaceis

W censcos

T 7 oot % e

[ 7 cots O memory rosting
T colls CD4 memory actvated

[ Teelts regulatory (Tregs)

I et somma et

 NKcellsrestog

W e cens actvated

Wl vorooyes

W Mocrophages o

[ Mocrophages 1

Wl vocrophages M2
Dendtc cets resting
Denditc cets actioted
Mast cells resting

Wl vostcotss actvates

1 Eosinophits

~ Neutrophis

Il 5ot nane
W 5 cots memary
1 Pasmacols
W rcenscos
1 Teets CO4 nave
T cells CO4 memory resting
T cells CO2 memary actvated
T cells follcular helper
Bl oot reguitory (roge)
W 7 cots gamma dota
™ M cetsrostog
W < cens sctvates
Monocytes
Macrophages MO

Macrophages 1

I Macrophages M2
Dendiitc cols resting
Oenditc cels activated
Mast cels resting

Wl Vst cets actwated

1 cosnopnis
T Neutophis

]

T cells regulatory (Tregs)
T cells gamma delta

T cells follicular helper

T cells CD8

T cells CD4 naive

T cells CD4 memory resting
T cells CD4 memory activated
Plasma cells

NK cells resting

NK cells activated
Neutrophils

Monocytes

Mast cells resting

Mast cells activated
Macrophages M2
Macrophages M1
Macrophages MO
Eosinophils

Dendritic cells resting
Dendritic cells activated
B cells naive

B cells memory

<
&

T cells regulatory (Tregs)
T cells gamma delta

T cells follicular helper

T cells CD8

T cells CD4 naive

T cells CD4 memory resting
T cells CD4 memory activated
Plasma cells

NK cells resting

NK cells activated
Neutrophils

Monocytes

Mast cells resting

Mast cells activated
Macrophages M2
Macrophages M1
Macrophages MO
Eosinophils

Dendritic cells resting
Dendritic cells activated
B cells naive

B cells memory

£
o4

* p<0.05
** p<0.01
*** p<0.001

correlation

B o4
M -o02
00

B o2

* p<0.05
**p<0.01
*** p<0.00

correlation
[ -02s
0.00
B o2
W oso





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Gene  Protein

VAV1

CSFIR

HCK

FCERIG

FCGR3A

SPI1

CCR1

Vav guanine nucleotide
exchange factor 1

Colony stimulating factor
1 receptor

HCK proto-oncogene

Fe epsilon receptor Ig

Fc gamma receptor 1lla

Spi-1 Proto-Oncogene

CC chemokine receptor 1

Function

A signaling molecules is involved in activating the Rho GTPase family, T cell receptor signaling (including Calcium flux, EARK
signaling pathway, and Dynamin2) and regulating the cytoskeleton (61)

A cell-surface receptor playing an important role in the survival, proliferation and differentiation of macrophages and
monocytes (62)

A tyrosine-protein kinase which is involved in extracellular signals transmission, cell migration, cell differentiation and cell
proliferation (63)

A component of the Fc portion of immunoglobulin E receptor playing an important role in mediating allergic inflammatory
signaling in mast cells (64)

A component of the Fc portion of immunoglobulin G receptor, which is involved in antibody-dependent cell-mediated
cytotoxicity (ADCC) and antibody-dependent cell phagocytosis (ADCP) (65)

A member of the transcription factor family Ets, which is involved in myeloid and B cells differentiation (66)

A chemokine receptor that plays a critical role in the recruitment and activation of macrophages and monocytes at sites of
inflammation (67)





OEBPS/Images/fimmu-16-1564288-g009.jpg
KKK X

-]

© < N
uoissaidxe Y| 4S9 aAneey

e Q 0 Qe
) ) N N
uolssaldxe Y| 4SD aAneey

MN

Healthy

uoissaldxa Y| 4SD aAe9y

* %

w S 0 S
< < e ™
- - - -

uoissalidxa Y| 4S9 anie|oy

N «— O O oo M~ o
- - -

12,5

Healthy NAFLD

Healthy NAFLD





OEBPS/Images/fimmu-16-1564288-g004.jpg
A B

O —— —— ——— S—— |
ol i it T —
oo i il e Nl e
6.2 35
- RS — ss
6.0 Z
DT N SRR —— o
20
interleukin-6 production s extrinsic component of plasma membrane 15
regulation of interleukin-8 production endocytic vesicle
positive regulation of leukocyte activation secretory granule lumen
immune response-regulating cell surface receptor
Signaling pathway cytoplasmic vesicle lumen
0 § 10 15 20 0 5 10 15
Gene Number Gene Number
C | D S 7
SR — — R— ° .
inhibitory MHC class | receptor activity: - Chemokine signaling pathway . ' 28
20
97e| mforming QR facor bt ecsglor - ~log10(p.adjust) Natural kiler cell mediated cytotoxicity °
35 I 15
TP Hlate ictivity Efferocytosis *
areasereguscr sy [N | M., : »
IPPRES | ———— |} e i and e R
S—
20
MHC class | receptor activity- Staphylococcus aureus infection{ @ o5
@6
cytokine binding Fc gamma R-mediated phagocytosis{ ~ ® o7
@®:
mechanosensitive monoatomic ion channel activity- AGE-RAGE signaling pathway in diabetic complications{ ~ ®
MHC protein binding HIF-1 signaling pathway .
0 - 10 4 6 8 10

Gene Number Gene Number





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-16-1564288-g002.jpg
ScaleFreeTopologyModelF, signedR2

Gene significance

Gene significance

02 o4 08 08

00

08

06

04

02

00

08

06

04

02

00

Scaleindependence Mean connectivity

78010 12 18
)

Mean Connectivity
1000 1500 2000 2500 3000 3500

3
.

500

s
78910 12 14 16 18 20|

o

T T T T T T T T
5 w0 15 2 5 w0 15 2

‘SoftThveshold(power) Soft Treshald (power)

Module membership vs. gene significance
cor=0.65, p<1e-200

Module Membership in biue module

Module membership vs. gene significance
cor=0.82, p=5.4e~132

03 04 05 06 07 08 09

Module Membership in red module

Helgnt

10

09

o8

o7

08

05

04

03

et s

Gene significance

Gene significance

06 07 08 09 10

04 05

03

02 04 06 08

00

Cluster Dendrogram

Module membership vs. gene significance
.95, 200

T T T T T
04 05 08 07 08

Module Membership in brown module

Module membership vs. gene significance

03

04 05 06 o7 08

Module Membershio in salmon module

09

Module-trait relationships

MEfloralwhite e
MEsteelblue e
MEbisque4 !

MEblack|
MEmidnightblue
MEdarkred|
MEcyan
MEdarkturquoise
MEsaddlebrown
MElightcyan
MEdarkgreen
MEgreenyellow
MEroyalblue|
MEgreen
MEivory

MEskyblue3
MElightgreen

MElightcyan1
MElightsteelblue1
MEdarkorange
MEbrown
MEmagenta|
MEplum1
MEmediumpurple3

MEbrown4|
MEpurple
MEdarkgrey ||
MEwhite
MEdarkmagental
MEturquoise
MEyellow
MEdarkolivegreen 02 [
MEsienna3 o s
MElightyellow ey o5
MEyellowgreen o o5
MEdarkslateblue o o
MEgrey60 o ke
MEpaleturquoise o 5
MEIanl oo o
MEorange o oo
MEpink [ —
MEplum2 o5 )
MEorangered4 [l B e
MEthistie2 ok oo
MEdarkorange2 e ke
MEred
MEsalmon
MEviolet
MEblue|
MEskyblue 066 T
MEgrey b7 o
(p‘\\@ (?eP

05






OEBPS/Images/fimmu.2025.1564288_cover.jpg
& frontiers | Frontiers in Immunology

Identification of key genes in membranous
nephropathy and non-alcoholic fatty liver
disease by bioinformatics and machine
learning





OEBPS/Images/fimmu-16-1564288-g001.jpg
Identification of key genes in membranous nephropathy and non-alcoholic fatty liver
disease by bioinformatics and machine learning

Immune infiltration
analysis with the
CIBERSORT method

MN patients MN and NAFLD datasets

diagnosed by from GEO database
renal biopsy

GO
enrichment

Differential gene expression
analysis

KEGG

NAFLD Non-NAFLD s
enrichment

group group

PPI network and
machine learning to
further screen for key
genes

Collect general information,
laboratory test results, imaging
informatics

Validation

Statistical

analysis

External bulk- Single cell RNA Immunohistoche

RNA datasets analysis mistry





OEBPS/Images/fimmu-16-1564288-g006.jpg
A v
e
ew
; =T
.
¢
R g
f
.
g
.
i
ol
QL
S ina ey
PR )
Sy
e
- !

HC Liver

.
Nle
o 3y
.
A
ce
~

100um

MN Kidney

-100pm

NAFLD Liver

- = 100um

AOD of CSF1R

AOD of CSF1R

0.03

0.02

0.01

0.00
HC MN

0.05

0.04

0.03

0.02

0.01

0.00
HC NAFLD





OEBPS/Images/fimmu-16-1564288-g008.jpg
10

10

proximal tubule cells

N .
':M cells
-
P

tabule cells

principal cells

10

cholangiocytes

hepaggs(ell
dividing cells
endothelial cells
T T ] T
-10 -5 5 10

Healthy

healthy

MN

NAFLD

¥14S0

41480

war fro e
PO I L

' qu'm ;'.ui

Haekts, it iEs Dt tneeninnithe

3
fati

) va%x}x

n I L
oo
L (AR ¢

i o

\ Fm
il U EEL

Identty

@ ol i cote
* kopot bt

o puietalepihelel e

T ot
cutted ot
peipa e
xpsmotolcetn
datainrie ot

* commectrg s oot
. B

e s e

Identity

endothesal cells
Toels

Bolls

Kugter cells
dendiite cels
hepatocytes
dvidng cells
cholangacytes
hepatc stellate cels
plasma B cells

Expression






OEBPS/Images/table1.jpg
Datasets Platforms Disease = Samples Group

GSE126848 GPL18573 NAFLD 15 patients and | Discovery
14 controls

GSE197307 GPL18573 MN 62 patients and | Discovery
8 controls

GSE89632 GPL14951 NAFLD 19 patients and = Validation
24 controls

GSE185051 GPL24676 NAFLD 52 patients and = Validation
5 controls

GSE200828 GPL19983 MN 51 patients and = Validation
6 controls

GSE104948 GPL24120, MN 21 patients and Validation

GPL22945

21 controls





