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Background: Renal fibrosis is a crucial pathogenic driver of chronic kidney disease (CKD). However, its heterogeneous limits 
accurate assessment by renal biopsy. The study aimed to identify accurate diagnostic biomarkers and potential therapeutic targets for 
renal fibrosis.
Methods: We analyzed renal fibrosis transcriptomic datasets from the GEO database to identify differentially expressed genes 
(DEGs). Hub genes were selected through the Least Absolute Shrinkage and Selection Operator (LASSO) regression, with their 
association to immune infiltration subsequently analyzed using CIBERSORT. Interpretable machine learning models, specifically 
eXtreme Gradient Boosting (XGBoost) and Deep Neural Network (DNN), were developed for sample classification, with their 
interpretability and key biomarker contribution assessed through Shapley Additive Explanations (SHAP) analysis. The predicted hub 
genes were validated using histological staining, Western blot (WB) experiments, and functional cellular assays in rat renal fibroblast 
cells and mouse renal fibrosis models. Finally, potential therapeutic drugs targeting the hub genes were identified through molecular 
docking.
Results: We identified 26 fibrosis-related genes for renal fibrosis and established their correlations with inflammatory and immune 
infiltration. Machine learning models demonstrated high diagnostic accuracy (XGBoost: 96%; DNN:92%). SHAP analysis highlighted 
AGR2 and DOCK2 as top predictors. Subsequent experimental validation confirmed their significant upregulation and functional 
involvement in fibrotic processes. Molecular docking identified several existing drugs such as Dexamethasone and Ciclosporin as 
potential AGR2-targeting agents.
Conclusion: This study identifies AGR2 and DOCK2 as novel biomarkers and therapeutic targets for renal fibrosis, highlighting their 
dual potential for diagnostic application and targeted therapy development.
Keywords: renal fibrosis, immune microenvironment, myofibroblasts, SHAP, DOCK2, AGR2

Introduction
Chronic kidney disease (CKD) is a progressive condition characterized by decreased kidney function and irreversible 
structural damage, with renal fibrosis being a pivotal pathological driver.1,2 Fibrotic niches describe specialized tissue 
microenvironments that enable the activation of fibroblasts in fibrosis.3,4 In the niches, the fibroblasts are transformed 
into myofibroblasts by expressing α-SMA (alpha-Smooth Muscle Actin), the key process leading to the establishment of 
renal fibrosis.5,6 In recent years, although there has been significant progress in the processes involved in understanding 
the mechanisms of renal fibrosis, treatment for the condition remains grossly inadequate. Consequently, the identification 
of reliable biomarkers for early detection and precise monitoring has become even more critical.
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Renal biopsy continues to be the gold standard for the diagnosis of renal fibrosis.7,8 However, invasive by nature, it only 
measures the pathological changes within the sampled region and cannot provide the complete picture of fibrosis in the entire 
kidney.9–11 That makes the identification of sensitive and low-risk biomarkers for renal fibrosis even more critical.

In recent years, the marriage between high-throughput sequencing and bioinformatics has proven to be an effective 
means for the identification of genes involved in renal fibrosis.12,13 While the complexity and sheer volume of biological 
information these technologies provide pose significant challenges for analysis using conventional means, machine 
learning (ML) has proven itself capable of overcoming these by being able to analyze large datasets, recognize patterns, 
and make accurate predictions.14–16 Despite the potential that ML offers, the “black-box” nature of the majority of ML 
models makes them less interpretable in biological research and has kept them from being widely accepted.17,18 To 
overcome this problem, SHAP have been developed as an effective method for interpreting the predictions made by ML 
models and boosting the transparency and dependability of these predictions. It quantifies the contribution of each gene 
to the model’s output, providing direct biological interpretability. This allows the model’s decisions to be traced back to 
relevant genes, moving beyond a black box.19

In this study, we identified two key genes, DOCK2 and AGR2, which are strongly linked to renal fibrosis through 
transcriptome data analysis and machine learning (ML) approaches. High-accuracy models highlighted their importance, 
and functional experiments confirmed that they critically promote fibrotic activation. These results establish DOCK2 and 
AGR2 as promising diagnostic biomarkers and validated therapeutic targets.

Materials and Methods
Dataset Acquisition
The gene expression data for renal fibrosis samples and control samples were obtained from the Gene Expression 
Omnibus (GEO) database. To overcome the batch effects and process the data, we applied the Combat algorithm on two 
datasets (GSE76882 and GSE22459) which were generated using expression profiling by the array. There were 124 
control and 175 renal fibrosis samples in the combined dataset. We also analyzed dataset GSE135327 generated by high- 
throughput sequencing with 12 control and 18 renal fibrosis samples.

DEG Analysis
DEGs between control and renal fibrosis samples were identified utilizing the R package “limma”.20 The selection 
criteria were defined as a log fold change (FC) greater than 1 and a false discovery rate (FDR) below 0.05. Consequently, 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were conducted 
using the R packages “clusterProfiler” and “org.Hs.egdb”.21

Identification of Candidate Biomarkers for Renal Fibrosis
The two-step differential analysis was used to find the intersections of genes that were upregulated and those that were 
downregulated. Logistic regression based on the LASSO was employed to identify predictive genes associated with renal 
fibrosis. The optimal regularization parameter (λ) was determined via 10-fold cross-validation. We reported both λ.min 
(yielding the minimum classification error) and λ.1se (representing the most parsimonious model within one standard 
error), and selected λ.min for the final feature selection to enhance the reproducibility and robustness of the model. The 
R package “glmnet” was utilized for this analysis.22 The potential biomarkers associated with renal fibrosis were 
uploaded into the Search Tool for the Retrieval of Interacting Genes (STRING) database to generate the protein- 
protein interaction (PPI) network.

Correlation Analysis of Immune Infiltration and Potential Biomarkers
The CIBERSORT algorithm was applied to acquire the percentage of immune infiltration cells in the renal fibrosis and 
control samples. Specifically, the CIBERSORT algorithm was run using the LM22 leukocyte gene signature matrix as the 
reference, with 1000 permutations (perm = 1000) and quantile normalization enabled (QN = TRUE). The correlation 
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between candidate biomarkers and immune cells was assessed using Spearman rank correlation analysis, and the results 
were visualized with the R package “ggplot2” to facilitate a more intuitive interpretation of their relationship.

The Construction of Two Classification Models for Renal Fibrosis
In the merged dataset for the renal fibrosis classification model, we randomly divided the patients into two groups: 70% 
were assigned to the training group for model development, and the remaining 30% were allocated to the testing group 
for performance evaluation. We built the classification model using two machine learning approaches: DNN and 
XGBoost. To assess the model’s performance, we evaluated it on the test set using multiple metrics, including AUC, 
accuracy, sensitivity, specificity, precision, and F1 score. Finally, we used SHAP values to interpret how the machine 
learning models made their predictions, providing insights into their underlying mechanisms.

Molecular Docking
Gene set analysis was performed using the Drug Signatures Database (DSigDB) to identify drug signatures associated 
with the genes.23 The three-dimensional structures of the target human protein receptors and the identified drug 
compounds were retrieved from the Protein Data Bank (PDB), PubChem and ChemSpider databases, respectively. All 
structures were prepared for docking using standard preprocessing steps (eg, removal of water molecules, addition of 
hydrogens, calculation of charges, and format conversion). Molecular docking simulations were performed using 
AutoDock Vina. The detailed parameters for the docking simulations are provided in the Supplemental Material 1. 
A binding energy (affinity) of less than −7.0 kcal/mol is generally considered indicative of strong binding activity, 
suggesting a stable interaction model. For each compound, the conformation with the most favorable binding affinity was 
selected as the final model for further analysis. Visualization and analysis of the docking results were conducted using 
PyMOL.

Cell Culture
The rat renal fibroblast (NRK-49F) cells were acquired from the National Infrastructure of Cell Line Resource (NICR) 
and grown in DMEM containing 10% fetal bovine serum (FBS) under normal conditions at 37°C with 5% CO2 in 
a humidified incubator. The NRK-49F cells were stimulated with varying concentration of recombinant TGF-β for 48h.

Cell Transfection
To knock down AGR2 or DOCK2 expression, NRK-49F cells were transfected with gene-specific or control siRNAs 
using Lipofectamine 2000. After 48 hours, the cells were treated with TGF-β (10 ng/mL) for 24 hours to induce fibrotic 
responses before being harvested for analysis. The sequences of the siRNAs are provided in the Supplemental Table 1.

Animal Models
Male C57BL/6 mice weighing approximately 18–20g (n=6 per group) were anesthetized with isoflurane. The mice to 
undergo surgery were randomly selected and assigned into two groups: the Sham group and the Unilateral Ureteral 
Obstruction (UUO) group, using a random number table The UUO model was established as follows: a small incision 
was made on the left dorsum to expose the kidney and ureter. The left ureter was ligated with 3–0 silk sutures, while the 
sham-operated group underwent the same procedure without ligation. Fourteen days following surgery, the mice were 
euthanized, and the left kidneys were harvested. All subsequent histological analyses and outcome assessments were 
performed by investigators blinded to the group allocation.

Histological Analysis and Immunofluorescence Staining
Renal tissues were fixed in 4% paraformaldehyde, embedded in paraffin, and sectioned to 4μm thickness. HE staining 
was done using histological staining, whereas Masson staining was used to assess collagen deposition and fibrosis. Tissue 
slices were deparaffinized, rehydrated, and antigen retrieved. Sections were blocked and treated with primary antibodies 
overnight at 4°C, followed by fluorescent secondary antibodies and DAPI counterstaining for imaging. The antibodies 
utilized in this study included: α-SMA (1:50, sc-53142, Santa Cruz), DOCK2 (1:50, A3595, Abclonal), AGR2 (1:50, 
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A12411, A7064, Abclonal), Anti-mouse IgG (H+L), F(ab′)2 Fragment (Alexa Fluor® 594 Conjugate) (1:200, 8890S, 
CST), Anti-rabbit IgG (H+L), F(ab′)2 Fragment (Alexa Fluor® 488 Conjugate) (1:200, 4412S, CST).

Western Blot
Protein was extracted from kidney tissue using RIPA lysis buffer, and its concentration was measured using the BCA 
assay. Protein samples were electrophoresed using 10% or 15% SDS-PAGE gels and subsequently transferred onto 
a PVDF membrane. The membrane was blocked with 5% non-fat milk at room temperature for 2 hours, then incubated 
with the primary antibody at 4°C overnight. The dilution ratios of all antibodies are listed below: Fibronectin (1:1000, 
A16678, Abclonal), α-SMA (1:500, ab124964, Abcam), DOCK2 (1:500, A3595, Abclonal; 1:1000, PA5960, Abmart), 
AGR2 (1:1000, A12411, A7064, Abclonal). After thorough washing, the membrane was incubated with HRP-conjugated 
secondary antibody at room temperature for 2 hours. Finally, the membranes were quantitatively analyzed with Image 
J software.

Statistical Analysis
Data are presented as mean ± SEM. Statistical analyses were performed using GraphPad Prism 8.0 software, with 
between-group comparisons assessed by Student’s t-test (for two groups) or one-way ANOVA (for multiple groups). 
A P-value < 0.05 was considered statistically significant.

Results
Differential Expression Gene Analysis
To identify and validate key biomarkers for kidney fibrosis (see the overall analytical workflow in Supplemental 
Figure 1), we collected datasets from the GEO database, where GSE22459 and GSE76882 were sequenced on the 
Affymetrix platform, while GSE135327 was sequenced on the Illumina platform. To maximize data mining and avoid 
bias, we performed differential analysis separately for datasets from the Affymetrix and Illumina platforms. First, we 
merged the GSE22459 and GSE76882 datasets and applied the Combat algorithm to remove batch effects. PCA analysis 
demonstrated that the batch effects between the two datasets had been successfully eliminated (Figure 1A and B). Next, 
we conducted differential expression analysis on the merged dataset and identified 297 DEGs based on the criteria of an 
absolute logFC >1 and an adjusted p-value < 0.05, including 233 upregulated and 64 downregulated genes. A volcano 
plot illustrates the p-values and logFC values of these genes (Figure 1C), at the same time, the heatmap displays the 
distinct expression patterns of these DEGs between kidney fibrosis samples and control samples (Figure 1D). GO and 
KEGG enrichment analyses revealed that these DEGs were predominantly associated with immune and inflammatory 
processes, showing significant enrichment in pathways related to immune cell activation, chemokine signaling, and 
cytokine-receptor interactions (Figure 2A and B). This pervasive immune signature strongly suggests that dysregulation 
of the immune microenvironment is a fundamental driver of renal fibrosis. In the GSE135327 dataset, we identified 5011 
DEGs (894 upregulated and 4117 downregulated). Similarly, the heatmap reveals significant expression differences 
between kidney fibrosis samples and control samples (Figure 3A), and the volcano plot shows these genes (Figure 3B). 
Significantly, compared with the Combat dataset (the merged GSE22459 and GSE76882 datasets), 136 overlapping 
DEGs were identified (128 upregulated and 8 downregulated) (Figure 3C and D). The convergence of these dysregulated 
genes across two distinct sequencing platforms highlights a robust and central transcriptional signature in renal fibrosis.

Screening Key DEGs Using the LASSO Algorithm
The LASSO algorithm was applied to further screen the overlapping DEGs, identifying 26 significant genes (predictive 
genes) (Figure 4A and B). A protein-protein interaction network revealed these genes form a highly interconnected 
subnetwork. Functional analysis indicated that this subnetwork is enriched for key immune cell activities, most notably 
phagocytosis, granule-mediated secretion, and leukocyte proliferation (Figure 4C). Box plots confirmed that all 26 
predictive genes were differentially expressed between kidney fibrosis and control samples in both independent datasets 
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Figure 1 Removal of batch effects and differential analysis in the Combat dataset (Including 175 renal fibrosis samples and 124 healthy control samples): PCA plots before 
(A) and after (B) batch effect removal, and a volcano plot (C) and heatmap (D) illustrating differentially expressed genes. An Adjust p-value < 0.05 was considered 
statistically significant.
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(Figure 4D and E, p < 0.001). Taken together, our analysis identified a tightly co-expressed set of 26 genes from the 
broader fibrosis transcriptome. These genes set represents a core driver and key mediator of pathology in renal fibrosis.

Immune Characteristics in the Samples
We performed deconvolution analysis on the Combat dataset to assess the infiltration levels of 22 immune cell types by using 
the CIBERSORT algorithm. The results revealed that memory B cells, naive CD4(+) T cells, activated memory CD4(+) 
T cells, resting NK cells, activated dendritic cells, and resting mast cells were present at consistently low levels in both sample 
groups. In contrast, plasma cells, M1 macrophages, and gamma delta T cells exhibited significantly higher infiltration levels in 
kidney fibrosis samples compared to control samples. Conversely, resting memory CD4(+) T cells, activated NK cells, 
monocytes, M0 macrophages, and resting mast cells were less abundant in kidney fibrosis samples than in controls 
(Figure 5A). To investigate the relationship between predictive genes and immune cells, a correlation analysis was performed. 
The results revealed that all predictive genes exhibited strong correlations with immune cell infiltration. Specifically, gamma 
delta T cells, M1 macrophages, activated memory CD(4+) T cells, follicular helper T cells, eosinophils, and neutrophils 
exhibited significant positive correlations with the most of predictive genes. In contrast, activated NK cells, resting mast cells, 
resting NK cells, monocytes, resting memory CD4(+) T cells, and regulatory T cells (Tregs) demonstrated significant negative 
correlations with the majority of predictive genes (Figure 5B). Together, these results highlight that M1 macrophages and 
gamma delta T cells are the immune subsets most relevant to fibrosis progression, as they are not only significantly enriched in 
fibrotic kidneys but also show the strongest positive correlations with the predictive fibrosis-related genes.

Kidney Fibrosis Classification Models
Previous findings confirmed that the predictive genes play a critical role in kidney fibrosis and are strongly associated 
with immune processes. To facilitate the translation of these findings into clinical research, the Combat dataset was 
randomly divided into a training set and a validation set at a 7:3 ratio. Based on the predictive genes, two classification 
models were developed to distinguish kidney fibrosis samples from control samples. Notably, the DNN model achieved 

Figure 2 Enrichment analysis of DEGs in the Combat datase (Including 175 renal fibrosis samples and 124 healthy control samplest): (A) Bubble chart of GO enrichment 
analysis (B) Bubble chart of KEGG enrichment analysis.
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a classification accuracy of 92% on the validation set (Figure 6A), while the XGBoost model demonstrated an even 
higher accuracy of 96% (Figure 6B). Furthermore, other performance metrics of both models were highly satisfactory 
(Table 1), demonstrating the robust diagnostic potential of the 26-gene signature. To investigate the contribution of 
predictive genes to the performance of the two machine learning models, SHAP values were employed to enhance model 
interpretability and indirectly evaluate the importance of each predictive gene. The SHAP summary plots visualize the 
impact of individual predictive genes on the outputs of the DNN model (Figure 6C) and the XGBoost model (Figure 6D), 

Figure 3 Differential analysis of the GSE135327 dataset (Including 18 renal fibrosis samples and 12 healthy control samples): (A) Heatmap and (B) volcano plot showing 
DEGs; (C) downregulated and (D) upregulated overlapping genes between DEGs in the GSE135327 and Combat datasets. An Adjust p-value < 0.05 was considered 
statistically significant.
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respectively. Through integrative analysis of the DEGs identified by both classification models and existing literature 
evidence, DOCK2 and AGR2 were selected for further experimental validation, representing the translation of our 
computational findings into functional validation.

Figure 4 Identification of key DEGs using the LASSO algorithm: (A and B) Selection process of the LASSO algorithm; (C) PPI network of predictive genes ; (D)Expression 
levels of predictive genes in the Combat dataset ; (E)Expression levels of predictive genes in the GSE135327 dataset. Statistical significance: *** p < 0.001.
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Expression of Hub Biomarkers in Rat Renal Fibroblast Cells
TGF-β can induce the activation of fibroblasts into myofibroblasts, which are characterized by the expression of α-SMA 
and the production of abundant ECM.24,25 To investigate the expression of hub biomarkers during fibroblast activation, 
the NRK-49F cells were treated with different concentrations of TGF-β. The double immunofluorescence staining 
revealed co-localization of AGR2 and the myofibroblast marker α-SMA, indicating that AGR2 is closely associated 
with fibroblast activation (Figure 7A). Unfortunately, the co-localization of DOCK2 with α-SMA could not be assessed 
due to the unavailability of a suitable antibody for immunofluorescence. The Western blot showed an increased 
expression of AGR2, DOCK2, Fibronectin and Collagen Ι in a concentration-dependent manner (Figure 7B). This result 
provides direct evidence that both AGR2 and DOCK2 are upregulated during the critical transition of fibroblasts to 
myofibroblasts.

Expression of Hub Biomarkers in a Murine Model of Renal Fibrosis
To determine whether hub biomarkers are induced in renal fibrosis, we established the UUO model, a widely utilized 
experimental model for renal fibrosis research.26 HE staining demonstrated that the renal structure of UUO model mice 
exhibited tubular atrophy and interstitial widening. Similarly, Masson staining revealed a significant accumulation of blue 
collagen fibers in the renal interstitium of UUO model mice, confirming the presence of fibrosis (Figure 8A). To 
determine whether hub biomarkers activation occurs in renal myofibroblasts, we performed dual immunofluorescence 
staining to assess the co-expression of AGR2 and DOCK2 with α-SMA (a marker of myofibroblasts). The results 
demonstrated that DOCK2 (Figure 8B) showed limited colocalization with α-SMA positive regions, whereas AGR2 
(Figure 8C) exhibited strong colocalization. Furthermore, the Western blot analysis demonstrated that the expression of 
DOCK2 and AGR2 was significantly upregulated in UUO model mice (Figure 8D). Hence, our experimental results 
confirmed that AGR2 and DOCK2 are upregulated in renal fibrosis. Significantly, the strong co-localization of AGR2 
with α-SMA+ myofibroblasts suggests a direct role in these fibrogenic effector cells. In contrast, the limited co- 
localization of DOCK2 implies that its pro-fibrotic function may involve a more complex or indirect mechanism. This 
disparity prompted us to directly test their functional necessity.

Figure 5 Immune characteristics of samples in the Combat dataset: (A) Comparison of the abundance of 22 immune cell types between kidney fibrosis and control samples; 
(B) Heatmap illustrating the correlations between predictive genes and the 22 immune cell types. Statistical significance: * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure 6 Kidney fibrosis classification models: ROC curves for the DNN model (A) and XGBoost model (B); SHAP summary plots for the DNN model (C) and XGBoost 
model (D).
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Functional Validation of AGR2 and DOCK2 in Fibroblast Activation
To further investigate the functional roles of AGR2 and DOCK2 in renal fibrosis, we performed rescue experiments in 
NRK-49F cells. Following transfection with AGR2 or DOCK2 specific siRNAs and subsequent TGF-β stimulation, we 
assessed myofibroblast differentiation and extracellular matrix production. Immunofluorescence staining revealed 
a marked reduction in the expression level of α-SMA upon knockdown of either gene compared to control cells 
(Figure 9A). Consistently, Western blot analysis confirmed that the TGF-β induced protein expression of Fibronectin 

Table 1 Performance Metrics of the DNN and XGBoost Models

AUC Accuracy Sensitivity Specificity Precision F1

DNN 0.92 0.81 0.83 0.83 0.88 0.84
XGBoost 0.96 0.85 0.92 0.78 0.83 0.87

Figure 7 Effects of TGF-β on the expression of AGR2 and fibrosis markers in NRK-49F cells (A) Immunofluorescence staining of AGR2 (green) and α-SMA (red) in NRK- 
49F cells with or without TGF-β1 treatment. (Magnification: 200×. Scale bar: 100 µM, n=5) (B) Western blot analysis of fibrosis markers and AGR2 expression in NRK-49F 
cells under different concentrations of TGF-β treatment. The data are presented as the mean±SEM, n=5 **P<0.01, *P<0.05 vs TGF-β (0ng/mL).
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Figure 8 Expression of Hub Biomarkers in the Mouse UUO Model. (A) Representative micrographs of HE saining and Masson’s trichrome staining in sham and UUO group. 
Magnification:200×. Scale bar: 100 µM, n=5. (B and C) Representative micrographs of immunofluorescence of hub biomarkers and α-SMA in sham and UUO group. 
Magnification: 600×. Scale bar: 25 µM, n=5. (D) Western blot analysis of hub biomarkers and fibrosis markers expression in sham and UUO group. The data are presented as 
the mean±SEM, n=5 **P<0.01, *P<0.05 vs Sham group.
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Figure 9 Functional validation of AGR2 and DOCK2 in renal fibroblast activation. (A) Immunofluorescence staining of α-SMA in NRK-49F cells following gene knockdown 
and TGF-β treatment. Magnification: 200×. Scale bar: 100 µM, n=5. (B) Western blot analysis of Fibronectin and Collagen I expression in NRK-49F cells following gene 
knockdown and TGF-β treatment. The data are presented as the mean±SEM, n=5 **P<0.01, *P<0.05 vs Control group.
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and Collagen I was significantly attenuated following AGR2 or DOCK2 knockdown (Figure 9B). These data demonstrate 
that both AGR2 and DOCK2 are functionally essential for driving key pro-fibrotic responses in renal fibroblasts.

Screening Potential Therapeutic Drugs
To identify potential therapeutic drugs for kidney fibrosis, drug-gene association datasets were retrieved from the 
DsigDB database, and a drug enrichment analysis was performed (Supplemental Table 2). This analysis identified 
drugs significantly associated with the predictive genes. Furthermore, an extensive literature review revealed that two 
predictive genes, AGR2 and DOCK2, play critical roles in the progression of fibrosis.27,28 However, the drug enrichment 
analysis did not identify any drugs associated with DOCK2, whereas AGR2 was linked to four drugs: Dexamethasone, 
Dobutamine, Ciclosporin, and Fenoterol. To computationally evaluate their potential binding interactions with the target 
protein, molecular docking simulations were conducted for these drugs against AGR2. The computational predictions 
revealed that Dexamethasone formed five hydrogen bonds with the amino acid residues of the AGR2 protein, with bond 
lengths of 2.0 Å, 2.1 Å, 2.7 Å, 2.8 Å, and 3.1 Å, and a predicted binding energy of −9.3 kcal/mol (Figure 10). 
Dobutamine established two hydrogen bonds with AGR2 protein residues, both with bond lengths of 2.5 Å, and 
a predicted binding energy of −7.1 kcal/mol. Fenoterol formed two hydrogen bonds with AGR2 protein residues, with 
bond lengths of 2.2 Å and 2.3 Å, and a predicted binding energy of −7.9 kcal/mol. Ciclosporin formed a single hydrogen 
bond with AGR2 protein residues, with a bond length of 2.5 Å and a predicted binding energy of −8.1 kcal/mol. These 
findings suggest that AGR2 exhibits strong binding affinity for these four drugs. Of particular interest is the high-affinity 
binding of Dexamethasone and Ciclosporin, as it suggests AGR2 could be a novel intracellular target mediating the anti- 
fibrotic effects of these clinically relevant compounds.

Discussion
Renal fibrosis lesions are unevenly distributed within the renal parenchyma, and this “patchy distribution” characteristic 
poses significant limitations for renal biopsy as a diagnostic tool.8 This highlights the urgent need for specific and 

Figure 10 Visualization of the optimal molecular docking models.
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sensitive biomarkers to improve the diagnosis and management of renal fibrosis. In this study, we utilized advanced 
bioinformatics and machine learning approaches to identify key biomarkers associated with renal fibrosis. By integrating 
transcriptomic datasets and applying interpretable machine learning models (with SHAP analysis), we identified two hub 
genes, AGR2 and DOCK2, that demonstrated strong associations with renal fibrosis and were validated through in vitro 
and in vivo experiments. Additionally, through computational molecular docking screening, four small-molecule 
compounds were identified as potential therapeutic agents for renal fibrosis, based on their predicted ability to bind 
AGR2 and downregulate its expression. Our study uniquely combines the discovery of a biomarker signature with model 
interpretability, providing not only predictive power but also mechanistic insights into renal fibrosis.

In contrast to prior studies that identified targets from overlapping DEGs in limited datasets,29–31 our study integrated 
the Combat dataset (GSE22459 and GSE7682) with GSE135327, which enhances the robustness of the identified 
overlapping DEGs. Critically, the application of interpretable machine learning and SHAP value analysis allowed us 
to move beyond simple association; it quantified the specific contribution of AGR2 and DOCK2 to the model’s 
diagnostic decision, thereby establishing them as high-confidence, explainable drivers of disease.

DOCK2, which is a member of the DOCK-A subfamily, is an atypical activator of Rac and is expressed highly in 
lymphocytes and macrophages.32,33 Growing evidence suggests it drives fibrosis in lung and liver by promoting 
mesenchymal transitions and myofibroblasts activation.27,34–36 Our study extends this paradigm to renal fibrosis. We 
first found that DOCK2 is robustly upregulated in vivo UUO model and in TGF-β stimulated renal fibroblasts. Despite its 
clear upregulation and essential pro-fibrotic function, dual immunofluorescence in UUO kidneys revealed only limited 
co-localization of DOCK2 with α-SMA+ myofibroblasts. These results suggested that DOCK2 may not predominantly 
exert its pro-fibrotic effect from within the differentiated myofibroblasts themselves. In addition to its potential role in 
fibroblast activation, DOCK2 likely drives renal fibrosis by modulating the pro-fibrotic immune microenvironment.37 It is 
a key regulator of diverse immune processes, including lymphocyte activation,38–41 macrophage polarization,42 adhesion 
molecule secretion,43,44 plasma cell differentiation45 and NK cell cytotoxicity.46,47 Notably, its role in driving pro- 
inflammatory M1 macrophage polarization is strongly implicated in fibrosis.36,42 Our bioinformatics analyses (GO/ 
KEGG, PPI, CIBERSORT) consistently highlighted this immune-regulatory function, particularly in macrophage and 
CD4+ T cell activation. Therefore, DOCK2 may exacerbate fibrosis through its known role in promoting pro- 
inflammatory M1 macrophage polarization. This could foster an injurious microenvironment that sustains myofibroblast 
activation-a process potentially amplified by mechanisms such as macrophage-to-myofibroblast transition (MMT).48,49

AGR2, a member of the protein disulfide isomerase family, is an ER resident protein critical for mitigating ER 
stress.50,51 Chronic ER stress is a well-documented driver of fibrotic pathologies.52–58 Within this context, AGR2 has 
been implicated in promoting myofibroblast activation and enhancing migratory capacity.28,59 To define its role in renal 
fibrosis, we first demonstrated that AGR2 is significantly upregulated in TGF-β induced fibroblasts and the UUO model, 
with prominent co-localization with α-SMA, further supporting its involvement in myofibroblast differentiation during 
renal fibrosis. Critically, siRNA-mediated knockdown of AGR2 potently suppressed the TGF-β induced expression of 
key fibrotic markers, confirming that AGR2 plays a causal role in mediating the fibrotic cascade. This functional 
indispensability establishes AGR2 as an active driver of the fibrotic process. We propose that AGR2 induction alleviates 
the ER stress caused by excessive matrix synthesis, thereby enabling the sustained activation and survival of fibroblasts. 
In addition to the role in promoting fibroblast activation, AGR2 may also exacerbate renal fibrosis through modulation of 
the inflammatory microenvironment. This notion is supported not only by its documented association with cytokine 
signaling and immune regulation in other contexts,50,60,61 but also by our bioinformatics analyses, which indicated an 
association between AGR2 and immune-regulatory processes. Based on these findings, we hypothesize that AGR2 
contributes to renal fibrosis via a dual mechanism: directly by mitigating ER stress to sustain myofibroblast activation; 
and indirectly by regulating inflammatory crosstalk among fibroblasts, immune cells, and tubular epithelial cells to 
promote a pro-fibrotic niche.

However, this study has several limitations. First, the analysis relies on public transcriptomic datasets, which are 
constrained by relatively small sample sizes and static sampling, limiting their ability to fully capture disease hetero
geneity and dynamic gene expression changes during fibrosis progression. Second, while our bioinformatics-based 
approach identified promising AGR2-binding compounds, it did not yield candidates for DOCK2. Most critically, 
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regarding the drug discovery aspect, the molecular docking results are preliminary computational predictions. Their 
therapeutic potential requires validation through subsequent in vitro and in vivo pharmacological studies. In parallel, 
molecular dynamics simulations could be employed as a supplementary approach to optimize the preliminary computa
tional predictions.

In addition to these methodological limitations, further clinical translation faces two challenges: the need for external 
validation to overcome dataset heterogeneity, and the requirement to connect biomarker levels with patient outcomes. 
Therefore, future work should employ single-cell sequencing to define the cellular roles of AGR2/DOCK2, and 
rigorously validate these biomarkers in independent patient groups to establish their reliability and clinical relevance.

Conclusion
This study establishes an interpretable machine-learning framework that identifies and validates AGR2 and DOCK2 as 
central drivers of renal fibrosis. Beyond being functionally essential, their distinct localization within fibrotic kidneys 
suggests different pro-fibrotic mechanisms. The high diagnostic accuracy of models based on these biomarkers under
scores their clinical potential. Furthermore, the computational identification of AGR2-targeting compounds offers a novel 
therapeutic hypothesis. Our work demonstrates that integrating explainable AI with experimental validation can uncover 
not only biomarkers but also mechanistic insights and therapeutic leads for renal fibrosis.
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