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2.2. Data preprocessing and differentially expressed genes (DEGs) screening
[bookmark: _Hlk195474832]All microarray datasets were downloaded in MINiML format, containing platform-specific, sample-level, and series records. The raw expression data were log2-transformed for normalization. Quantile normalization was performed using the normalize.quantiles function from the preprocessCore package in R (version 4.4.2) to ensure consistency across datasets. Probe annotations were mapped to gene symbols based on platform-specific annotation files. Probes corresponding to multiple genes were excluded. Given the potential batch effects arising from different datasets or platform variations within the same dataset, the removeBatchEffect function in the limma package was applied to mitigate these effects [1]. The effectiveness of data preprocessing was assessed through density plots, and Uniform Manifold Approximation and Projection (UMAP) was utilized to visualize sample distribution before and after batch effect correction. Next, differentially expressed genes (DEGs) between the AKI disease group and the control group were screened according to the criteria of adjust-P-Value < 0.05 and |log2 Fold Change| > 1 and the relevant volcano plots were drawn.

2.3. Enrichment analyses
[bookmark: _Hlk195476421]To reveal the biological significance of the AKI-related DEGs, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed using the clusterProfiler R package [2]. The GO analyses included three categories, namely, biological process (BP), cellular component (CC) and molecular function (MF). KEGG analysis was used to explore potential pathways. Afterwards, visualization was performed based on the key parameters in the statistical analysis. Adjusted P < 0.05 was considered significantly enriched.

2.4. Weighted gene co-expression network analysis (WGCNA) in the context of AKI
Weighted gene co-expression network analysis (WGCNA) was conducted using the WGCNA package in R (version 1.70) [3]. Prior to analysis, hierarchical clustering (Hclust function) was performed to identify and exclude outlier samples. The optimal soft-thresholding power (β), ranging from 1 to 20, was determined using the pickSoftThreshold function, following the principle of scale-free topology. Using the selected soft power (β) and Pearson correlation coefficients to construct an adjacency matrix.With β set to 6, the adjacency matrix was transformed into a topological overlap matrix (TOM) to quantify gene connectivity. The TOM-based dissimilarity metric (1-TOM) was computed, and hierarchical clustering was applied to classify genes into co-expression modules. Modules with similar eigengene expression patterns were merged using a cut height of 0.5, yielding a total of eight co-expression modules. In the context of AKI, the soft-thresholding power was set to 2, and other key parameters were: networkType = "unsigned", minModuleSize = 100, mergeCutHeight = 0.50, and deepSplit = 2.

2.5. Protein-protein interaction network and enrichment analysis of core targets
We selected the most correlative and significant module in WGCNA and intersected it with DEGs to obtain the core targets of AKI. Then entered the AKI core targets into the STRING database (http://www.string-db.org/), respectively. By restricting the species to “Homo sapiens”, setting the “Minimum required interaction score” to “Medium Confidence (0.400)”. These parameters ensured our analyze for the active target proteins corresponding to the target genes. The results generated by String were then imported into Cytoscape software (version 3.10.2) [4]. Cytoscape software is an analytical application for visualizing network biology that calculates the parameters of each node in a network graph and visualizes the results. To elucidate the biological significance of core targets in AKI, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed.

2.6. Identification of Hub genes of AKI
We used CytoHubba to identify the Hub genes of AKI, which explore important nodes/hubs and fragile motifs in an interactome network by several topological algorithms including Degree, Edge Percolated Component (EPC), Maximum Neighborhood Component (MNC), Maximal Clique Centrality (MCC), BottleNeck, EcCentricity and centralities based on shortest paths, such as Closeness, Radiality, Betweenness, and Stress. The top 10 targets of each algorithm were used as priority targets for each algorithm. Finally, the priority targets identified by the above ten different algorithms are intersected, and the intersected genes are defined as “Hub genes”. MCODE is a method of clustering a given network based on topology to find densely connected regions. For the Hub genes identified by cytoHubba, we used the MCODE method for further validation to enhance the confidence of the results.

2.7. Single-cell nuclear transcriptomic validation and celltype-specific expression
[bookmark: _Hlk211690604]We examined the expression patterns of hub genes in AKI tissues compared to normal kidney tissues using single-cell nuclear RNA-seq data from Legouis D et al [5]. The raw snRNA-seq data were preprocessed and converted using the Seurat package [6]. Low-quality nuclei were filtered out based on thresholds, excluding those with fewer than 150 detected nFeature_RNA or exceeding four times the absolute median of nFeature_RNA. Data normalization was performed using the NormalizeData function, followed by the identification of highly variable genes (HVGs) through the FindVariableFeatures function. Principal component analysis (PCA) was conducted based on HVGs using the RunPCA function. To address batch effects across samples, we applied the Harmony package [7]. 

Cell clustering was achieved using the FindNeighbors and FindClusters functions. For cell type annotation, we referenced established literature and the CellMarker 2.0 database (http://bio-bigdata.hrbmu.edu.cn/CellMarker) to identify markers specific to human kidney cell types. The expression levels of these genes were visualized and compared across clusters, with enrichment analysis performed to determine their specificity to particular cell types. Genes meeting the criteria of an average Log2 fold change (Log2FC) > 0.5, a false discovery rate (FDR) < 0.05, and an expression proportion (pct.) > 5% were classified as enriched.
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