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Abstract 

Background: Xiaozhengtongluo formula (XZTL) has a positive effect on the treatment of diabetic 

nephropathy (DN), but its mechanism is not fully understood. Therefore, it is important to explore the 

key genes of XZTL in the treatment of DN. 

Methods: Differentially expressed genes (DEGs) between DN and control obtained from GSE96804, 

drug target genes of XZTL, and disease target genes of DN obtained from public databases were 

intersected. Genes of intersection were defined as candidate genes. Next, Mendelian randomization 

(MR) analysis was used to ascertain the causal associations between candidate genes and DN. 

Afterwards, key genes were confirmed through receiver operating characteristic (ROC) curve analysis 

and expression validation. Subsequently, enrichment analysis, molecular regulatory network analysis, 

and molecular docking were conducted. Finally, experimental verification of the expression levels of 

key genes was performed through reverse transcription-quantitative polymerase chain reaction 

(RT-qPCR). 

Results: Altogether, 29 candidate genes were described and subjected to the MR analysis, and three 

key genes (APOD, IGFBP3, LPL) were identified. IGFBP3 was risk factor for DN. LPL and APOD 

were the protective factors of DN. All three key genes were co-enriched in 26 pathways, such as 

oxidative phosphorylation and heme metabolism. Regulatory networks for key genes included that 

MIR497HG regulated IGFBP3 by regulating hsa-miR-19a-3p and NEAT1 regulated LPL by regulating 



hsa-miR-29a-3p. IGFBP3 and LPL were co-regulated by two transcription factors, including SP3 and 

SP1. Then, Molecular docking results showed that APOD bound to baicalein, LPL bound to oleic acid, 

and IGFBP3 bound to quercetin. This suggested that baicalein, oleic acid, and quercetin in XZTL had 

the potential for DN therapy. Following, RT-qPCR results demonstrated aberrant expression of 

IGFBP3, APOD, and LPL in the DN state, and the expression of these three genes was restored to 

normal levels in the XZTL intervention group. 

 

 

Conclusion: In this study, three key genes (APOD, IGFBP3, and LPL) of XZTL in the treatment of 

DN were finally obtained, which provided a reference for the mechanism of XZTL in the treatment of 

DN. 

Keywords: Diabetic nephropathy, Xiaozhengtongluo formula, Network pharmacology, Mendelian 

randomization, Regulatory network 

1. Introduction 

Diabetic nephropathy (DN), one of the most predominant microvascular complications of diabetes 

mellitus (DM), has an incidence of approximately 20% to 40%(B. Li et al., 2023). With the global 

surge in the prevalence of DM, DN has become the leading cause of hospitalization among patients 

with chronic kidney disease (CKD), posing a severe threat to public health(X.-X. Zhang et al., 2020). 

DN progresses insidiously from glomerular hyperfiltration to microalbuminuria, proteinuria and 

progressive renal dysfunction(Reutens & Atkins, 2011). 

Although drugs recommended by the American Diabetes Association (ADA) guidelines, including 

angiotensin-converting enzyme inhibitors (ACEIs), angiotensin Ⅱ receptor blockers (ARBs), 

sodium-glucose cotransporter 2 inhibitors (SGLT2is), and novel non-steroidal selective 

mineralocorticoid receptor antagonists (MRAs), have been successively applied in clinical practice, 

they still fail to effectively halt the progression of DN(Kim et al., 2022). The pathogenesis of DN is 

associated with the synergistic regulation of multiple pathways, such as oxidative stress, podocyte 

injury, and renin-angiotensin-aldosterone system (RAAS) dysregulation, yet the key molecular nodes 

remain not fully elucidated(Dwivedi & Sikarwar, 2025). In recent years, with the continuous 

improvement of clinical research on traditional Chinese medicine (TCM), the role of TCM in the 

prevention and treatment of DN has gradually become a research hotspot(X.-J. Liu et al., 2022). 

According to TCM theory, the major pathological products of DN are the intermingling of phlegm and 

blood stasis. The Xiaozheng Tongluo formula (XZTL) is developed based on this theory, composed 

mainly of Astragali Radix, Atractylodis Macrocephalae Rhizoma, Angelicae Sinensis Radix, 

Chuanxiong Rhizoma, Salviae Miltiorrhizae Radix et Rhizoma, Carthami Flos and Fritillariae 

Thunbergii Bulbus. Modern pharmacological studies demonstrate that active components of these 

medicinal herbs target the core pathogenesis of diabetic nephropathy. Astragalus membranaceus and 

astragaloside attenuate renal oxidative stress via Nrf2, inhibit fibrosis through TGF-β1/Smad2/3, 

reduce proteinuria, and improve renal function(X. Zhang et al., 2024) . Salvia miltiorrhiza extract 

suppresses inflammation and fibrosis by activating PPAR-α/PPAR-γ and downregulating TGF-β1 and 

IL-1β (Hsu et al., 2024) . Ligustilide from Chuanxiong relieves oxidative stress via Nrf2 and inhibits 



inflammation and apoptosis through p38/ERK MAPK (Qi et al., 2024). Angelica polysaccharides 

mitigate mesangial proliferation and inflammation by inhibiting NF-κB and RAGE and upregulating 

BMP-7 to preserve renal function(Sui et al., 2019). These findings indicate that ingredients of XZTL 

act synergistically against diabetic nephropathy through antioxidant, anti-inflammatory, and antifibrotic 

pathways. Although XZTL shows significant clinical efficacy, its precise molecular targets and 

mechanisms remain poorly defined. Therefore, identifying key genes responsible for XZTL-mediated 

renal protection is critically important. 

Network pharmacology (NP) is a discipline based on systems biology theory, integrating multi-omics 

and bioinformatics(Zhao et al., 2023). It constructs a drug-component-target-disease interaction 

network from a holistic perspective to screen core targets and elucidate regulatory mechanisms, thereby 

providing support for the design of multi-target drugs. Mendelian randomization (MR) is a causal 

inference method that uses genetic variants (single nucleotide polymorphisms, SNPs) as instrumental 

variables, whose reliability relies on three fundamental assumptions: relevance (SNPs are strongly 

associated with exposures), independence (SNPs are independent of confounding factors) and 

exclusion restriction (SNPs affect outcomes only through exposures)(Ference et al., 2021). This 

method can effectively circumvent confounding factors and reverse causality bias. Both approaches 

have been widely applied in DN and related diseases: the pathogenesis of DN involves multiple 

pathways including inflammation, oxidative stress and renal fibrosis, which is highly consistent with 

the NP concept of multi-target and holistic regulation. NP is often used to screen active components of 

TCM herbs (e.g., astragaloside Ⅳ, salvianolic acid B) and compound formula targets for DN treatment, 

as well as to predict core regulatory pathways(Sun et al., 2022). MR is mostly employed to verify the 

causal associations between candidate genes/metabolic indicators and DN, resolve controversies in 

previous studies and fill the gaps in causal inference(W. Zhang et al., 2024). Together, these two 

approaches provide important theoretical and experimental evidence for drug development and 

etiological investigation of DN. 

Based on transcriptomic data from public databases, this study first screened differentially expressed 

genes between DN and control samples via differential expression analysis. Next, drug target-related 

genes were obtained from the chemical components of XZTL, and DN-associated target genes were 

retrieved from public databases. The intersection of the three gene sets yielded candidate targets of 

XZTL for DN treatment. MR analysis was then performed to further screen these candidate targets to 

identify key genes. A series of bioinformatics analyses were subsequently conducted to explore the key 

genes and potential regulatory mechanisms underlying the therapeutic effects of XZTL on DN, aiming 

to provide novel references for the clinical treatment of DN. 

2. Materials and methods 

2.1 Data collection 

GSE96804 and GSE30528 datasets were retrieved in Gene Expression Omnibus (GEO) 

(https://www.ncbi.nlm.nih.gov) database. The GSE96804 dataset was derived from the GPL17586 

platform and included 41 diabetic nephropathy (DN) and 20 control glomerular tissue samples. The 

GSE30528 dataset was derived from the GPL571 platform, including nine DN and 13 control 

glomerular tissue samples. 



The ebi-a-GCST90018612 (DN) was obtained from the Integrative Epidemiology Unit Open 

genome-wide association study (IEU OpenGWAS) database (https://gwas.mrcieu.ac.uk/), including 

132,984 samples of East Asian (220 DN samples and 132,764 control samples) and 12,447,074 

single-nucleotide polymorphisms (SNPs). 

2.2 Component of Xiaozhengtongluo formula (XZTL) 

XZTL was the drug used in the present study, including Astragalus membranaceus (Fisch.) Bge., 

Salvia miltiorrhiza Bge, Atractylodes macrocephala Koidz., Angelica sinensis (Oliv.) Diels, Ligusticum 

chuanxiong Hort., Carthamus tinctorius L., and Fritillaria thunbergii Miq. 

2.3 Identification and functional analyses of differentially expressed genes (DEGs) 

The "limma" (v 3.58.1) (Ritchie et al., 2015) package was applied to acquire differentially expressed 

genes (DEGs) in the comparison between DN and control samples within GSE96804. The threshold 

values were p < 0.05 and |log2 fold change (FC)| > 0.5. A volcano plot was utilized to visually 

represent the DEGs through "ggplot2" (v 3.5.1) (Zheng & Huang, 2024) package, and the top 10 up- 

and down-regulated genes in the DN group, sorted according to Log2(FC), were labeled in the volcano 

plot. Additionally, the "ComplexHeatmap" (v 2.10.8) (Gu et al., 2016)package was used to draw the 

expression heat map of these 20 DEGs. Following, Gene Ontology (GO) and Kyoto Encyclopedia of 

Genes and Genomes (KEGG) enrichment analyses of DEGs were undertaken (p < 0.05) utilizing 

"clusterProfiler" (v 4.10.1)(Wu et al., 2021)package. 

2.4 Acquisition of drug target genes and disease target genes 

The active ingredients of XZTL were retrieved from the Traditional Chinese Medicine Systems 

Pharmacology (TCMSP) database (https://tcmsp.91medicine.cn/#/home). Ingredients with an Oral 

Bioavailability (OB) of 20% or higher and a Drug-Likeness (DL) score of 0.1 or above were selected 

as the efficacious active components of XZTL, and the "related targets" module of TCMSP was utilized 

to search potential targets of efficacious active ingredients. Then, the UniProt database 

(https://www.uniprot.org/uniprot/) was applied to obtain the gene names of these potential targets, 

which served as drug target genes. 

To obtain target genes associated with DN, we searched for disease target genes in GeneCards 

(https://www.genecards.org/) and Therapeutic Target Database (http://db.idrblab.net/ttd/) using the 

keyword "diabetic nephropathy". The genes obtained from the retrieval of the two databases were 

summarized, and the duplicate genes were removed. These genes were recorded as disease target genes 

of DN. 

2.5 Identification and functional analyses of candidate genes 

The overlapping of DEGs, drug target genes, and disease target genes was achieved through the 

"ggvenn" (v 0.1.10)(Zheng et al., 2022) package. These overlapping genes were recorded as candidate 

genes, and a network was constructed according to the correlation among disease, candidate genes, 

efficacious active ingredients, and drugs. Subsequently, GO and KEGG enrichment analyses of 

candidate genes were also undertaken (p < 0.05) utilizing the "clusterProfiler" (v 4.10.1) package. Then, 

in order to explore the relationship among efficacious active components, candidate genes, and 

enriched pathways, the interaction network was constructed by combining efficacious active 

components, candidate genes, and the top five enrichment pathways ranked by count for each category 



of GO. The network was displayed by Cytoscape (v 3.9.1)(Shannon et al., 2003). 

2.6 Data preparation for Mendelian randomization (MR) 

Expression quantitative trait loci (eQTL) data for candidate genes (exposure factors) were obtained 

from the IEU OpenGWAS database. The exposure factors were read by the extract_instruments 

function in “TwoSampleMR” (v 0.6.4) (Hemani et al., 2018) package, and SNPs significantly linked to 

the exposure factors were identified under the condition of p-value less than 5×10-6. SNPs with linkage 

disequilibrium (LD) were further eliminated using r2 < 0.001, kb > 10 kb, clump = TRUE. Exposure 

factors with SNP>3 and F>10 were also removed. Afterward, we excluded SNPs that were significantly 

associated with the outcome, as identified through GWAS data. The final obtained SNPs were used as 

IVs for MR analysis. The occurrence of DN was defined as the outcome. 

2.7 MR analysis 

The effect alleles and their corresponding sizes were standardized using the harmonise_data function 

within the “TwoSampleMR” (v 0.6.4) package. Then, MR analysis was carried out combining five 

algorithms [MR Egger (Xian et al., 2023), Weighted median (Z. Liu et al., 2023), Inverse variance 

weighted (IVW) (Mounier & Kutalik, 2023) , Weighted mode (Xu et al., 2022), Simple mode (Dai et 

al., 2023) ] via the MR function to ascertain the relationship between exposure factors and outcome 

that indicated causation. The results of the IVW algorithm were mainly considered. The observed 

p-value and odds ratio (OR) value for IVW were noted, and p < 0.05 suggested a statistically 

significant causal link between candidate genes and DN. Forest plots, scatter plots, and funnel plots 

were used to further illustrate the MR consequence. Subsequently, to assess the credibility of MR 

findings, sensitivity analyses including heterogeneity test(N. Li et al., 2023) , horizontal pleiotropy 

assessment (Gan et al., 2023), and leave-one-out analysis (LOO)(Dong et al., 2023) were performed. In 

the MR heterogeneity test, the IVW Cochran's Q test yielded a p-value exceeding 0.05, indicating an 

absence of heterogeneity among candidate genes and DN. In the horizontal pleiotropy test, a p-value 

exceeding 0.05 suggested that the SNP did not have horizontal pleiotropy. The results were reliable if 

the overall effect of the LOO analysis did not appear to be significantly biased. Finally, to verify that 

the results of forward analysis were not confounded by reverse causality effects, the Steiger test was 

performed using the criteria for causality determination (TRUE and p < 0.05). The candidate genes that 

passed the Steiger test were selected as candidate key genes and kept for further analysis. 

2.8 Expression verification and receiver operating characteristic (ROC) curve construction 

In GSE96804 and GSE30528, to further evaluate the predictive performance of candidate key genes, 

the candidate key genes were selected to draw the ROC curve, which was performed using the "pROC" 

(v 1.18.5) (Robin et al., 2011) package. Meanwhile, the area under the curve (AUC) was determined. 

Genes with AUC > 0.7 and not equal to one in both datasets were delivered to the Wilcoxon test to 

analyze the expression levels between DN samples and controls in two datasets. Finally, genes with a 

consistent expression trend and significant differential expression (p < 0.05) in the two datasets were 

further defined as key genes. 

2.9 Gene set enrichment analysis (GSEA) 

We selected "h.all.V2023.2.Hs.Symbols.gmt" as the reference gene set and used "psych" (v 2.4.3) (Zein 



& Akhtar, 2025) package to calculate the Spearman correlation coefficient of each key gene and all 

other genes in GSE96804. Then, all genes were sorted in descending order based on the correlation 

coefficients to obtain a list of correlated genes for each key gene. GSEA was performed using the 

"clusterProfiler" package (v 4.10.1) to explore the potential functions of key genes. |Normalized 

enrichment scores (NES)| > 1, false discovery rates (FDR) < 0.05 and p < 0.05 were the thresholds for 

significant enrichment. In order of p value, the top 10 enrichment pathways were selected for display 

using "enrichplot" (v 1.20.3) (J. Liu et al., 2024) package. 

2.10 Chromosomal localization and functional similarity analysis 

To explore the chromosomal localization of key genes, the "RCircos" (v 1.2.2) (H. Zhang et al., 2013) 

package was used for annotation and mapping, showing the distribution of key genes on chromosomes. 

Then, to identify the genes with similar functions to the key genes, the key genes were imported into 

the GeneMANIA (https://genemania.org/) database, and those genes that exhibited similar 

functionalities were identified. 

2.11 Construction of molecular regulatory networks 

To acquire a deeper insight into the molecular regulatory mechanisms underlying key genes, the 

microRNA (miRNA) interacting with the key genes (mRNA) was predicted by DIANA-microT 

(http://diana.imis.athena-innovation.gr/DianaTools/index.php) and miRDB (https://mirdb.org/) 

database. The predicted miRNAs in the two databases were intercrossed using the "ggvenn" (v 0.1.10) 

package. Next, the starBase (https://rnasysu.com/encori/) and miRNet (https://www.mirnet.ca/) 

databases were utilized for predicting the long non-coding RNAs (lncRNAs) that interact with miRNA. 

In combination with the above prediction, Cytoscape (v 3.9.1) was used to establish the molecular 

regulatory network consisting of lncRNA, miRNA, and mRNA. At the same time, we identified the 

potential transcription factors (TFs) associated with the key genes through the miRNet database, and 

Cytoscape (v 3.9.1) was used to visualize the key gene-TF regulatory network. 

2.12 Molecular docking 

In order to verify the degree of binding between the key genes and the efficacious active ingredients of 

the XZTL, molecular docking was performed. Firstly, the efficacious active ingredients corresponding 

to each key gene were sorted (based on OB value), and the top one of the corresponding component of 

each key gene was selected for molecular docking. Then, in the Protein Data Bank (PDB) 

(http://www.rcsb.org) and National Center for Biotechnology Information (NCBI) 

(https://www.ncbi.nlm.nih.gov/pccompound/) database, protein structure data of key genes and 

structure data of efficacious active ingredients were downloaded. Finally, the CB-Dock2 website 

(https://cadd.labshare.cn/cb-dock2/php/blinddock.php) was utilized for molecular docking of the key 

genes and efficacious active ingredients in the network mentioned above. 

2.13 Reverse transcription-quantitative polymerase chain reaction (RT-qPCR) 

To verify whether the differential expression of key targets in animal tissues following TCM 

intervention for DN was consistent with the bioinformatics results, Sprague-Dawley (SD) rats were 

used to establish a DN model via a high-fat diet combined with intraperitoneal injection of 

streptozotocin (STZ). Renal glomerular tissue samples were collected from 5 rats in each group: the 



normal group (control group), DN group (disease group), and TCM-intervened DN group (Xiaozheng 

Tongluo group). The study was approved by the XXX (Ethical Approval No.: XXX). Quantitative 

real-time polymerase chain reaction (qRT-PCR) was performed to validate the expression levels of key 

targets, and the 2⁻ΔΔCt method was used to calculate the differences in the expression levels of key 

targets among the control, disease, and intervention groups. 

2.14 Statistical analysis 

All analyses were executed utilizing the R programming language (v 4.3.1). The Wilcoxon test was 

applied to compare differences between the two groups, with a statistical significance threshold of p < 

0.05. 

3. Results 

3.1 DEGs were enriched in 1715 GO pathways and 79 KEGG pathways 

A total of 2,693 DEGs between DN and control were obtained, including 1,290 up-regulated genes, 

such as FN1, and 1,403 down-regulated genes, such as HBA1, in the DN group (Figure 1A-B). To 

further understand the potential biological roles and pathways of DEGs, altogether 1386 biological 

processes (BPs), 105 cell components (CCs), 224 molecular functions (MFs), and 79 KEGG pathways 

(p < 0.05) were identified. DEGs were mainly significantly enriched in small molecule catabolic 

process (BP), apical part of cell (CC), sulfur compound binding (MF), and fatty acid degradation 

(KEGG). Only the top five functions ranked by count value were shown in each part of the GO analysis. 

The top five pathways with the lowest p value in KEGG enrichment analysis were labeled (Figure 

1C-D). The full enrichment pathway information was shown in Supplementary Table 1-2. 

3.2 The 29 candidate genes were enriched in 1256 GO pathways and 51 KEGG pathways 

After prediction, 4,388 disease target genes and 488 drug target genes were obtained (Supplementary 

Table 3-4). Altogether 29 intersection genes of 2,693 DEGs, 4,388 disease target genes, and 488 drug 

target genes were defined as candidate genes for subsequent analysis(Figure 2A). Following, to 

understand the molecular functions and pathways of the candidate genes, enrichment analysis was 

conducted on 29 candidate genes. Altogether 1,129 BPs, 41 CCs, 86 MFs, and 51 KEGG pathways (p < 

0.05) were identified. Candidate genes were mainly significantly enriched in response to oxidative 

stress (BP), membrane raft (CC), antioxidant activity (MF), and fluid shear stress and atherosclerosis 

(KEGG) (Figure 2B-C). The full enrichment pathway information was shown in supplementary 

Table 5-6. Networks of diseases, candidate genes, effective active ingredients, and drugs were 

constructed. The network showed that 7 drugs obtained 150 effective active ingredients, such as 

MOL002694, and targeted 29 candidate genes, such as IGFBP3, for DN. PTGS1 was the gene targeted 

by the most effective active ingredients (Figure 2D). The network with efficacious active components, 

candidate genes, and enriched pathways contained 15 pathways, such as growth factor binding, in 



addition to candidate genes and effective active ingredients (Figure 2E). 

3.3 Screening of candidate key genes by MR 

To obtain the candidate key genes, MR was performed on the candidate genes. Through the screening 

of SNPs, the eQTL data of 18 candidate genes were finally screened for subsequent analysis. Results 

based on the IVW algorithm, IGFBP3, APOD, CAV1, and LPL were significantly associated with DN 

(p < 0.05) (Table 1). In the scatter plot, APOD and IGFBP3 showed a positive slope, indicating that 

they were risk factors. CAV1 and LPL showed a negative slope, suggesting that they acted as protective 

factors. In the forest plot, the overall effect of IVW for CAV1 and LPL was less than 0, indicating that 

they were protective factors. The overall effect of IVW for APOD and IGFBP3 was more than 0, 

indicating that they were risk factors. The findings of the forest plot aligned with those of the scatter 

plot (Figure 3A-B). In the funnel plots, the SNPs of the APOD, IGFBP3, and LPL were basically 

distributed symmetrically, which was in accordance with the second law of Mendelian randomization. 

CAV1 had a poor distribution status and was eliminated at this step (Figure 3C). To evaluate the 

strength and reliability of the MR findings, a sensitivity analysis was performed. The results of the 

heterogeneity test indicated that there was no heterogeneity in LPL, IGFBP3, and APOD (p > 0.05) 

(Table 2). The results of the horizontal pleiotropy test showed that there was no horizontal pleiotropy 

in LPL, IGFBP3, and APOD (p > 0.05) (Table 3). The LOO analysis showed that the gradual 

elimination of each SNP resulted in little change in the effect of the remaining SNPs on the outcome 

variables, indicating that the results of the MR analysis for LPL, IGFBP3, and APOD were reliable and 

stable (Figure 3D), and these three genes passed the sensitivity analysis. Then, to verify that the 

analysis results were not affected by reverse causality effects, we performed the Steiger test. The 

Steiger test for these three genes was TRUE (p < 0.05) (Table 4). Therefore, LPL, IGFBP3, and APOD 

were validated by MR and were defined as candidate key genes. 

3.4 LPL, IGFBP3, and APOD were identified as key genes 

In order to evaluate the diagnostic value of candidate key gene therapy for DN, ROC curves were 

drawn in GSE96804 and GSE30528. LPL, IGFBP3, and APOD with AUC values > 0.7 in the two 

datasets indicated that these three genes have the ability to diagnose the occurrence of DN, and they 

were included in subsequent analyses (Figure 4A-B). Meanwhile, LPL, IGFBP3, and APOD were 

significantly differentially expressed (p < 0.05), and the expression trend was consistent between these 

two datasets. APOD and LPL were down-regulated, while IGFPB3 was up-regulated in DN samples 



(Figure 4C). Therefore, LPL, IGFBP3, and APOD were identified as key genes for the diagnosis of 

DN. 

3.5 LPL, IGFBP3, and APOD were co-enriched in 26 pathways 

To investigate the biological roles and pathways linked to the key genes, enrichment analysis was 

conducted (p < 0.05). By GSEA analysis, APOD was significantly associated with 38 pathways, such 

as protein secretion (Figure 5A) (Supplementary Table 7). IGFBP3 was significantly associated with 

37 pathways, such as allograft rejection (Figure 5B) (Supplementary Table 8). LPL was significantly 

associated with 32 pathways, such as adipogenesis (Figure 5C) (Supplementary Table 9). Notably, 

LPL, IGFBP3, and APOD were all enriched in 26 common pathways such as oxidative 

phosphorylation, epithelial-mesenchymal transition, heme metabolism, fatty acid metabolism, and so 

on (Supplementary Table 10). The pathways co-enriched by these key genes deserve further 

exploration. It was very likely that LPL, IGFBP3, and APOD affect DN occurrence through these 

pathways. 

3.6 LPL, IGFBP3, and APOD shared functional similarities with 20 genes 

The results of chromosomal mapping of key genes showed that APOD, IGFBP3, and LPL were 

distributed on chromosomes 3, 7, and 8, respectively (Figure 6A). Then, functional similarity analysis 

was conducted to identify genes with similar functions to key genes. GeneMANIA analysis revealed 20 

genes that interact with LPL, IGFBP3, and APOD, such as KLK3, GPIHBP1, and others. These genes 

played important roles in regulatory pathways and protein interaction networks and may be associated 

with specific biological functions or disease mechanisms (Figure 6B). 

3.7 Regulatory network of LPL, IGFBP3, and APOD was performed 

According to the database prediction, a total of 19 miRNAs were significantly related to LPL and 

IGFBP3, and 21 lncRNAs were related to 9 miRNAs. In the lncRNA-miRNA-mRNA network, 

MIR497HG regulated IGFBP3 by regulating hsa-miR-19a-3p. NEAT1 regulated LPL by regulating 

hsa-miR-29a-3p (Figure 7A). All miRNAs and lncRNAs were shown in Supplementary Table 11. 

The database predicted TF of key genes to obtain the mRNA-TF relationship pair. A total of 15 TFs, 

such as AR and HDAC1, corresponded to IGFBP3, seven TFs, such as NFKB1 and RELA, 

corresponded to LPL, and only NOTCH3 corresponded to APOD. IGFBP3 and LPL were co-regulated 

by two TFs, including SP3 and SP1 (Figure 7B). These regulatory networks for key genes also provide 

a reference for the molecular mechanism of DN occurrence. 

3.8 LPL, IGFBP3, and APOD had good binding ability with active components 

Based on the corresponding relationship between the active ingredients in the previous step and the key 



genes, molecular docking was performed. After screening, each of the three key genes was matched to 

an active ingredient. The findings indicated that the binding energy was -6.1 kcal/mol between APOD 

and baicalein, -6.5 kcal/mol between LPL and oleic acid, as well as -7.5 kcal/mol between IGFBP3 and 

quercetin (Table 5). The figure illustrates the interaction between proteins and small molecules (Figure 

8A-C). This indicated that the active ingredients of the drug had a good binding ability to the key genes, 

and the key genes had the potential to be used as drug therapeutic targets. 

3.9 RT-qPCR validation of APOD, IGFBP3, and LPL 

To verify the differential expression of the core key genes (LPL, IGFBP3, APOD) and the 

interventional effect of the XZTL group, reverse transcription quantitative RT-qPCR was performed to 

detect the relative expression levels of these genes in the control group, DN group, and XZTL group. 

The results showed that compared with the control group, the relative expression levels of LPL (P<0.01) 

and APOD (P<0.05) were significantly downregulated in the DN group, while that of IGFBP3 was 

markedly upregulated (P<0.01). These results were completely consistent with the expression trends 

observed in the GSE96804 and GSE30528 datasets, validating the authenticity of the differential 

expression of the core key genes. Compared with the DN group, the XZTL group exhibited a 

significant regulatory effect on gene expression: the relative expression levels of LPL and APOD were 

notably increased (P<0.01) and were closer to those of the control group, whereas the relative 

expression level of IGFBP3 was significantly decreased (P<0.01). No statistically significant 

differences were observed in the relative expression levels of the three aforementioned genes between 

the XZTL group and the control group (P>0.05). (Figure 9) 

4. Discussion 

DN is a major microvascular complication of diabetes with complex pathogenesis involving genetic 

susceptibility, metabolic disturbance, oxidative stress and inflammation, while accurate diagnostic 

biomarkers and targeted therapies remain lacking clinically (H. Zhang et al., 2025). XZTL is a Chinese 

herbal formula based on the TCM theory of qi-yin deficiency and collateral stasis, which improves 

renal function in DN patients via replenishing qi and nourishing yin, resolving stagnation and 

activating blood circulation, with confirmed efficacy in early DN (F.-L. Wang et al., 2012). Using 

network pharmacology and bioinformatics, we identified LPL, IGFBP3 and APOD as hub genes from 

2693 differentially expressed genes; these genes were enriched in 26 key pathways, including oxidative 



phosphorylation, epithelial-mesenchymal transition, and fatty acid metabolism, contributing to DN 

progression by regulating energy metabolism and renal fibrosis. Mendelian randomization verified that 

downregulated LPL and APOD were protective, while elevated IGFBP3 increased DN risk, 

establishing a causal association. RT-qPCR showed XZTL significantly normalized the abnormal 

expression of these three genes, and molecular docking revealed that its main active components 

(baicalein, quercetin, oleic acid) exhibited strong binding affinity (binding energy < −6 kcal/mol). This 

study elucidates the causal roles of LPL, IGFBP3, and APOD in DN and the mechanism of XZTL, 

providing experimental evidence for diagnostic biomarkers (all AUC > 0.7) and targeted therapeutic 

strategies for DN. 

4.1 Screening Logic and Reliability Validation of Core Key Genes 

First, transcriptome data analysis was performed in this study to identify 2693 differentially expressed 

genes (DEGs) between the DN and control groups. These DEGs were significantly enriched in 

biological pathways, including small molecule catabolism and fatty acid degradation, which were 

highly consistent with the core pathological features of metabolic disturbance and dysregulated lipid 

metabolism in DN. Furthermore, a cross-analysis of the intersection of DEGs, disease target genes, and 

drug target genes was conducted to pinpoint 29 candidate genes. Notably, these candidate genes were 

enriched in the oxidative stress response pathway and the pathway of fluid shear stress and 

atherosclerosis, both of which represent critical pathological processes underlying the initiation and 

progression of DN(Ma et al., 2021), thus verifying the functional relevance and disease specificity of 

the identified candidate genes. 

4.2 Correlation of Biological Functions of Core Key Genes with the Pathogenesis of Diabetic 

Nephropathy 

4.2.1 IGFBP3: A Risk Factor for DN Onset and Its Regulatory Pathways 

IGFBP3, the most abundant IGFBP family member, regulates IGF-1 activity via binding/half-life 

modulation (mediating proliferation, apoptosis, metabolism) and modulates fibrosis/inflammation 

independently of IGF-1. The IGF-IGFBP axis is critical in DN(Oh, 2012). Here, IGFBP3 was 

significantly upregulated in DN samples, and MR analysis confirmed it as a DN risk factor. Enrichment 

analysis linked IGFBP3 to allograft rejection and oxidative phosphorylation; disrupted oxidative 



phosphorylation-induced mitochondrial dysfunction exacerbates oxidative stress-mediated renal injury, 

a key mechanism of IGFBP3-driven DN (Higgins & Coughlan, 2014). Regulatory network analysis 

showed IGFBP3 is regulated by the MIR497HG/hsa-miR-19a-3p axis and targeted by transcription 

factors (AR, HDAC1, SP3, SP1), with dysregulation of these regulators (e.g., upregulated HDAC1 

(Noh et al., 2009), downregulated miR-19a-3p (Zhou et al., 2018)) synergistically promoting IGFBP3 

overexpression. RT-qPCR validated IGFBP3 upregulation in DN models, and XZTL intervention 

significantly normalized its expression, highlighting IGFBP3 as a promising therapeutic target of 

XZTL with clinical translational value. 

4.2.2 APOD and LPL: Regulatory Roles in the Homeostasis of Lipid Metabolism 

Apo-D, encoded by the APOD gene and belonging to the lipocalin superfamily, participates in lipid 

transport and cholesterol homeostasis as an HDL component interacting with LCAT(Flores et al., 2019). 

APOD serves as a biomarker for acute renal transplant rejection (Dlouha et al., 2021), and our MR 

analysis identified it as a risk factor for DN, despite its downregulation in DN samples. We propose 

that genetically higher APOD expression may increase DN susceptibility (Rossi et al., 2015), while its 

post-disease reduction represents secondary or compensatory changes. Reduced APOD expression 

disrupts lipid metabolism, promotes renal lipid deposition, inflammation, and fibrosis (Han et al., 2024), 

aggravating renal injury. Regulatory network analysis showed APOD is exclusively regulated by 

transcription factor NOTCH3. XZTL significantly upregulated APOD, suggesting restoration of lipid 

homeostasis as one mechanism underlying its renoprotective effects in DN, although the causal role 

and stage-specific function of APOD in DN require further validation. 

The LPL gene encodes lipoprotein lipase (LPL), an enzyme expressed in the heart, muscle and adipose 

tissues(Knapp et al., 2023). LPL exerts dual functions as a triglyceride hydrolase and a ligand/bridging 

factor, and is essential for receptor-mediated lipoprotein uptake. As a rate-limiting enzyme in lipid 

metabolism, it primarily catalyzes the hydrolysis of triglycerides in the core of chylomicrons and 

very-low-density lipoproteins (VLDL) into free fatty acids and monoglycerides(Talmud et al., 1998). 

The LPL gene has multiple polymorphisms that are closely associated with the development of 

dyslipidemias including hyperlipidemia and hypertriglyceridemia. Severe LPL gene mutations can 

cause lipoprotein lipase deficiency, thereby leading to type I hyperlipoproteinemia(Ng et al., 2006). 

Reduced LPL activity has been observed in patients with DN. Our study identified LPL as a protective 



factor for DN, with significantly decreased expression in DN samples—consistent with previous 

reports of reduced LPL activity in DN patients (Kashiwazaki et al., 1998). Downregulated LPL 

increases plasma triglyceride levels, exacerbates renal lipid deposition, oxidative stress, and fibrosis 

(Pei et al., 2020), which was confirmed by RT-qPCR in DN models. Enrichment analysis linked LPL to 

adipogenesis and, together with IGFBP3 and APOD, to pathways including oxidative phosphorylation 

and fatty acid metabolism. Regulatory network analysis showed LPL is regulated by the 

NEAT1/hsa-miR-29a-3p axis and targeted by transcription factors (NFKB1, RELA, SP3, SP1); notably, 

SP3 and SP1 co-regulate both LPL and IGFBP3, suggesting synergistic transcriptional regulation. 

XZTL significantly upregulated LPL expression, indicating its renoprotective effects may involve 

restoring LPL-mediated lipid metabolism. Collectively, these three hub genes likely contribute to DN 

progression via coordinated regulation of lipid and energy metabolism, and XZTL’s simultaneous 

normalization of their aberrant expression provides a molecular basis for its multi-targeted therapeutic 

mechanism in DN. 

4.3 Clinical Translational Value and Drug Targeting Potential of Core Key Genes 

The constructed drug-active component-core gene network reveals the multi-target mechanism of 

XZTL against diabetic nephropathy (DN). Network analysis showed that seven herbs act on 29 

candidate genes including IGFBP3, APOD, and LPL via 150 bioactive ingredients, embodying the 

multi-component, multi-target, multi-pathway synergy of traditional Chinese medicine formulas. 

Molecular docking verified strong binding affinities with binding energies < −6 kcal/mol: 

quercetin-IGFBP3 (−7.5 kcal/mol), baicalein-APOD (−6.1 kcal/mol), and oleic acid-LPL (−6.5 

kcal/mol). Quercetin, a flavonoid with known lipid-regulating, antioxidant, and renoprotective 

activities(Chen et al., 2022) , may attenuate oxidative phosphorylation disorder and renal fibrosis by 

inhibiting IGFBP3 overexpression. Baicalein, a major antioxidant, anti-inflammatory, and antifibrotic 

component (W. Wang et al., 2015), may protect the kidney via targeting APOD to modulate lipid 

metabolism and oxidative stress. Oleic acid improves lipid profiles and lowers triglycerides 

(Listenberger et al., 2003), and may enhance LPL-mediated lipid clearance to reduce renal lipid 

accumulation. Notably, IGFBP3, APOD, and LPL are co-enriched in oxidative phosphorylation, fatty 

acid metabolism, and epithelial-mesenchymal transition, suggesting XZTL acts through coordinated 

regulation of these pathways. Quercetin inhibits IGFBP3 to restore oxidative phosphorylation, while 



oleic acid activates LPL and baicalein regulates APOD to rebalance lipid metabolism, jointly reducing 

renal oxidative stress, lipid deposition, and fibrosis. This multi-component, multi-target, multi-pathway 

synergy highlights the advantage of XZTL and provides a scientific basis for its clinical application in 

DN. 

In addition, the ROC curve analysis showed that the AUC values of the three core genes all exceeded 

0.7, with their expression levels significantly altered in DN samples, indicating their potential as novel 

biomarkers for DN diagnosis. Compared with traditional indicators such as the urinary 

albumin-to-creatinine ratio (UACR), genetic biomarkers offer higher specificity and sensitivity,and the 

combined detection of the three genes may further improve diagnostic efficacy, thus providing a novel 

technical approach for the early screening and disease monitoring of DN. 

4.4 Study Limitations and Future Perspectives 

This study has certain limitations. First, CAV1 was excluded from Mendelian randomization (MR) 

analysis due to poor single nucleotide polymorphism (SNP) distribution, which may have led to the 

omission of potential key genes. In future research, expanding the sample size or using multicenter data 

for further validation is warranted. Second, the construction of the molecular regulatory network was 

based on database predictions, and the specific regulatory mechanisms underlying some predicted 

regulatory relationships need to be elucidated by subsequent cellular and animal experiments. Third, 

this study did not explore the specific regulatory patterns of the core gene co-enriched pathways (e.g., 

oxidative phosphorylation, epithelial-mesenchymal transition), and future studies can clarify the 

molecular mechanisms by which core genes regulate DN progression through these pathways using 

techniques such as gene silencing and overexpression. 

Despite the aforementioned limitations, this study identified LPL, IGFBP3 and APOD as the core key 

genes of DN through multi-dimensional analyses, and clarified their diagnostic value, regulatory 

networks and drug targeting potential, thereby providing novel insights into the mechanistic 

investigation and clinical translation of DN. Building on the findings of this study, future research can 

focus on the development of novel drugs targeting these core genes or the construction of a multi-gene 

combined diagnostic model, which will offer more robust support for the precise prevention and 

treatment of DN. 
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Figure 1. Identification and functional enrichment analysis of DEGs in DN 

(A-B) Volcano plot and/or expression distribution of differentially expressed genes (DEGs) between 

DN and control groups. A total of 2,693 DEGs were identified, including 1,290 upregulated genes (e.g., 

FN1) and 1,403 downregulated genes (e.g., HBA1) in the DN group. 

(C-D) GO and KEGG enrichment analyses of DEGs. A total of 1386 BPs, 105 CCs, 224 MFs, and 79 

KEGG pathways were significantly enriched (p < 0.05). DEGs were mainly enriched in small molecule 

catabolic process (BP), apical part of cell (CC), sulfur compound binding (MF), and fatty acid 

degradation (KEGG). The top five terms by count (GO) and top five pathways by p-value (KEGG) are 

displayed. 

Figure 2. Screening and functional analysis of candidate genes for DN 

(A) Venn diagram showing 29 candidate genes obtained from the intersection of 2,693 DEGs, 4,388 

disease target genes, and 488 drug target genes. 

(B-C) GO and KEGG enrichment analyses of 29 candidate genes (p < 0.05). Candidate genes were 

mainly enriched in response to oxidative stress (BP), membrane raft (CC), antioxidant activity (MF), 

and fluid shear stress and atherosclerosis (KEGG). 

(D) Disease-candidate gene-active ingredient-drug network. Seven drugs yielded 150 effective active 

ingredients (e.g., MOL002694) that targeted 29 candidate genes (e.g., IGFBP3) in DN. PTGS1 was 

targeted by the most active ingredients.(E) Active ingredient-candidate gene-enriched pathway network, 

including 15 pathways (e.g., growth factor binding), candidate genes, and effective active ingredients. 

Figure 3. Mendelian randomization (MR) analysis of candidate genes 

(A-B) Scatter plots and forest plots of MR analysis based on the IVW algorithm. IGFBP3 and APOD 

were risk factors for DN (positive slope, IVW effect > 0), while CAV1 and LPL were protective factors 

(negative slope, IVW effect < 0). 

(C) Funnel plots for MR sensitivity analysis. SNPs of APOD, IGFBP3, and LPL were symmetrically 

distributed, whereas CAV1 showed poor symmetry and was excluded. 

(D) Leave-one-out (LOO) analysis confirmed the stability and reliability of MR results for LPL, 

IGFBP3, and APOD. 



Figure 4. Diagnostic value and expression of key genes in DN 

(A-B) ROC curve analysis of candidate key genes in GSE96804 and GSE30528 datasets. LPL, 

IGFBP3, and APOD showed AUC > 0.7 in both datasets, indicating favorable diagnostic performance 

for DN. 

(C) Expression levels of LPL, IGFBP3, and APOD in DN samples. APOD and LPL were significantly 

down-regulated, while IGFBP3 was significantly up-regulated (p < 0.05), with consistent trends in both 

datasets. 

Figure 5. GSEA enrichment analysis of key genes in DN 

(A-C) GSEA results showing top enriched pathways for APOD, IGFBP3, and LPL, respectively. 

APOD was significantly associated with 38 pathways (e.g., protein secretion); IGFBP3 with 37 

pathways (e.g., allograft rejection); LPL with 32 pathways (e.g., adipogenesis). All three genes were 

co-enriched in 26 common pathways including oxidative phosphorylation, epithelial-mesenchymal 

transition, heme metabolism, and fatty acid metabolism. 

Figure 6. Chromosomal localization and functional interaction of key genes 

(A) Chromosomal mapping of key genes. APOD, IGFBP3, and LPL were located on chromosomes 3, 7, 

and 8, respectively. 

(B) GeneMANIA functional interaction network showing 20 genes interacting with LPL, IGFBP3, and 

APOD (e.g., KLK3, GPIHBP1). 

Figure 7. Regulatory networks of key genes in DN 

(A) lncRNA-miRNA-mRNA regulatory network. A total of 19 miRNAs were associated with LPL and 

IGFBP3, and 21 lncRNAs were linked to 9 miRNAs. MIR497HG regulated IGFBP3 via 

hsa-miR-19a-3p; NEAT1 regulated LPL via hsa-miR-29a-3p. 

(B) mRNA-transcription factor (TF) network. Fifteen TFs (e.g., AR, HDAC1) targeted IGFBP3; seven 

TFs (e.g., NFKB1, RELA) targeted LPL; only NOTCH3 targeted APOD. IGFBP3 and LPL were 

co-regulated by SP3 and SP1. 



Figure 8. Molecular docking of key genes with active ingredients 

(A-C) Molecular docking diagrams showing the binding modes and interactions between key genes and 

corresponding active ingredients. Binding energies were −6.1 kcal/mol (APOD-baicalein), −6.5 

kcal/mol (LPL-oleic acid), and −7.5 kcal/mol (IGFBP3-quercetin), indicating strong binding affinity. 

 

Figure 9. Compared with the DN group, the XZTL group exhibited a significant regulatory effect 

on gene expression 

 

The relative expression levels of LPL and APOD were notably increased (P<0.01) and were closer to 

those of the control group, whereas the relative expression level of IGFBP3 was significantly decreased 

(P<0.01). No statistically significant differences were observed in the relative expression levels of the 

three aforementioned genes between the XZTL group and the control group (P>0.05).  

 

 

 

 

 

 

 

 

 

Table 1. MR analysis results of candidate genes associated with DN (IVW algorithm) 



Mendelian randomization (MR) analysis results of candidate genes associated with DN based on the 

IVW algorithm. eQTL data of 18 candidate genes were screened, and IGFBP3, APOD, CAV1, and 

LPL were significantly associated with DN (p < 0.05). 

Table 2. Heterogeneity test results of MR analysis for key genes 

Heterogeneity test results of MR analysis for key genes. The p-values of heterogeneity test for LPL, 

IGFBP3, and APOD were all > 0.05, indicating no significant heterogeneity. 

Table 3. Horizontal pleiotropy test results of MR analysis for key genes 

Horizontal pleiotropy test results of MR analysis for key genes. The p-values of horizontal pleiotropy 

test for LPL, IGFBP3, and APOD were all > 0.05, indicating no significant horizontal pleiotropy. 

Table 4. Steiger test results of key genes 

Steiger test results of key genes. The Steiger test results for LPL, IGFBP3, and APOD were all TRUE 

(p ), verifying that the analysis results were not affected by reverse causality. 

Table 5. Molecular docking results of key genes with active ingredients 

Molecular docking results of key genes with active ingredients. The binding energies and interactions 

between APOD and baicalein, LPL and oleic acid, IGFBP3 and quercetin are shown. The binding 

energies were −6.1 kcal/mol, −6.5 kcal/mol, and −7.5 kcal/mol, respectively, indicating strong binding 

affinity. 

Supplementary Table 1. Full GO enrichment information of DEGs 

Full GO enrichment information of differentially expressed genes (DEGs), including 1386 biological 

processes (BPs), 105 cellular components (CCs), and 224 molecular functions (MFs) (p ). 

Supplementary Table 2. Full KEGG pathway enrichment information of DEGs 



Full KEGG pathway enrichment information of differentially expressed genes (DEGs), with a total of 

79 significantly enriched pathways (p ). 

Supplementary Table 3. Predicted disease target genes 

List of predicted disease target genes, including a total of 4388 disease target genes. 

Supplementary Table 4. Predicted drug target genes 

List of predicted drug target genes, including a total of 488 drug target genes. 

Supplementary Table 5. Full GO enrichment information of candidate genes 

Full GO enrichment information of candidate genes, including 1129 biological processes (BPs), 41 

cellular components (CCs), and 86 molecular functions (MFs) (p 0.05). 

Supplementary Table 6. Full KEGG pathway enrichment information of candidate genes 

Full KEGG pathway enrichment information of candidate genes, with a total of 51 significantly 

enriched pathways (p 5). 

Supplementary Table 7. GSEA enrichment pathways of APOD 

GSEA enrichment pathway information of APOD, including 38 significantly associated pathways (e.g., 

protein secretion pathway). 

Supplementary Table 8. GSEA enrichment pathways of IGFBP3 

GSEA enrichment pathway information of IGFBP3, including 37 significantly associated pathways 

(e.g., allograft rejection pathway). 

Supplementary Table 9. GSEA enrichment pathways of LPL 

GSEA enrichment pathway information of LPL, including 32 significantly associated pathways (e.g., 

adipogenesis pathway). 



Supplementary Table 10. Common GSEA enrichment pathways of LPL, IGFBP3, and APOD 

Common GSEA enrichment pathway information of LPL, IGFBP3, and APOD, including 26 common 

pathways (e.g., oxidative phosphorylation, epithelial-mesenchymal transition, heme metabolism, fatty 

acid metabolism, etc.). 

Supplementary Table 11. miRNAs and lncRNAs in the lncRNA-miRNA-mRNA regulatory 

network 

Complete list of microRNAs (miRNAs) and long non-coding RNAs (lncRNAs) in the 

lncRNA-miRNA-mRNA regulatory network, including 19 miRNAs and 21 lncRNAs. 
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